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Sleep Analysis Through Electroencephalogram Cyclic
Alternating Pattern A Phase Detection

Abstract

Sleep deprivation leads to a raise in mortality and other unwanted con-
sequences, as such, the diagnosis of sleep conditions is crucial for medicine.
Sleep is a complex physiological process which is subdivided into different
stages of deepness. A more detailed analysis of sleep reveals that events may
occur that indicate an abrupt change in the brain electrical activity. Cyclic
alternating pattern is a repetitive pattern associated with sleep instability
that can be detected by analysing bodily signals. This can contribute to the
detection of sleep disorders such as obstructive sleep apnea, using the cyclic
alternating pattern as an indicator of such conditions. These cycles tend to
be hard and slow to manually identify due to the fact that extensive analysis
of long recordings of physiological signals by professionals is required. So,
the automatic detection of such patterns is necessary. This can be achieved
using Machine Learning algorithms such as neural networks that use pa-
tient data to train a model that can later recognize patterns within the sleep
structure. In this work features extracted from the patient electroencephalo-
graphic signal are used by the classifier to learn how to identify the cycles.
The classification results were improved by making use of methodologies such
as feature selection and model tuning. The final solution presents very good
results, obtaining an accuracy of 73%, a sensitivity of 77% and a specificity
of 74%.

Keywords: Machine Learning; Neural Networks; Sleep Analysis; CAP
cycle; EEG
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Sleep Analysis Through Electroencephalogram Cyclic
Alternating Pattern A Phase Detection

Resumo

A privacao do sono leva a um aumento da mortalidade e as outras situa-
¢oes indesejadas, logo, o diagnostico de condi¢oes médicas relacionadas com
o sono ¢ crucial para a medicina. O sono é um processo fisiolégico complexo
que é subdividido em diferentes fases de profundidade. Uma anélise mais de-
talhada do sono revela que podem ocorrer eventos que indicam uma mudanca
repentina na atividade elétrica cerebral. O padrao alternante ciclico é um
padrao repetitivo associado a instabilidade do sono e que pode ser detetado
através da anélise de sinais fisiologicos. Esta analise pode contribuir para
a detecao das doencas do sono como a apneia obstrutiva, usando o padrao
alternante ciclico como um indicador das mesmas. Estes ciclos tendem a ser
dificeis e lentos de identificar manualmente devido ao fato de que é necessaria
uma analise de longos registos de sinais fisioldgicos por parte de profissionais.
Portanto, a detegao automaética destes padroes é necessaria. Isto pode ser
feito utilizando algoritmos de aprendizagem automatica como as redes neu-
ronais, que, utilizando dados de pacientes para treinar um modelo, poderao
reconhecer os padroes dentro da estrutura do sono. Neste trabalho, foram
extraidas features do sinal eletroencefalografico de cada paciente para serem
utilizadas pelo classificador com o objetivo de identificar estes ciclos. Os
resultados da classificagao foram melhorados utilizado metodologias como a
selecao de features e a otimizacao do modelo. A solugao final apresentou
muito bons resultados conseguindo obter uma exatidao de 73%, uma sensi-
bilidade de 77% e uma especificidade de 74%.

Palavras-chave: Machine Learning; Redes Neuronais; Analise do sono;
ciclo CAP; EEG
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Chapter 1

Introduction

This chapter contains the motivation for this study, the objectives to be
accomplished with this work, and an introduction to the main topics that
are going to be discussed throughout the work.

1.1 Objectives and Motivation

It is observable a tendency of increase in the use of Artificial Intelligence (AI)
tools to solve problems in multiple areas such as medicine. As such, this work
intends to support the detection of an event in the brain electrical activity
related to sleep instability, continuing the work of the Bio-inspired Expert
Systems and Applications Laboratory. The event is known as the Cyclic
Alternating Pattern (CAP) and it can be detected by assembling an auto-
matic detection algorithm that can be later applied to a real world scenario.
This model would be beneficial for the detection of sleep related disorders
as well as aiding the estimation of sleep related metrics and sleep quality.
The system can be implemented by making use of Machine Learning (ML)
algorithms such as Artificial Neural Networks (ANNs), where patient data
is used to train a model that can learn to identify patterns and distinguish
between different classes of samples. This project is also focused on testing
and exploring the steps necessary for achieving CAP classification, proposing
a solution for the automatic analysis. This includes not only the proposed
features and how they are calculated, but also the model parameters and
structure. To improve results, feature selection techniques and model tun-
ing procedures were examined to provide the best model possible within the
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constraints. Other processes such as data set balancing and scaling were
assessed through the analysis of multiple methodologies to find which one is
most fit for the task.

An inspection on the state-of-the-art work was also elaborated to analyse
different approaches that have been already tested, checking each solution in
regards to their methods, results, and other technicalities. This analysis is
also important to find spots where improvements can be made.

Overall, the proposed solution is going to provide insights into the prob-
lem of automatic A-phase classification and provide new paths for future
research on the area.

The following section is going to summarize the background knowledge
on the area of study and functions as an introduction to main topics of the
work.

1.2 The Role and Importance of Sleep

Sleep is important for the state of mind and body, comprising about one
third of the human lifespan. It is commonly agreed that the quality of sleep
of each individual is a crucial factor for an overall good quality of life [1].
It has been shown that sleep may have implications on the encoding and
consolidation of memories and that sleep deprivation may cause people to
have significantly lower performance in tests involving memory, especially
those that involve the encoding of emotional content [2|. Sleep deprivation
may also lead to long-term repercussions such as increased mortality as a
consequence of an elevated probability of heart failure, obesity, stroke, and
other related conditions [3]. Sleep quality seems to also mediate the rela-
tionship between socio-economic status and better physical health [4]. It is
estimated that an increase in the amount of sleep hours on the population of
the United States would cause an economic gain between 299.4$ billion and
433.8% billion in 2020 [5]. Under the same circumstances, Japan, Germany,
the UK and Canada would experience an economic gain of, respectively,
$93.6 billion to $145.9 billion, $62.3 billion to $40.9 billion, $46.4 billion to
$53.8 billion and $13.9 billion to $21.9 billion [5]. In the case of children and
adolescents, there is also a correlation between school performance and sleep
quality, insufficient sleep and sleepiness [6].

There are also a multitude of sleep related disorders and conditions such as
insomnia, Obstructive Sleep Apnea (OSA), Restless Legs Syndrome (RLS),

2



1.3. THE STRUCTURE OF SLEEP

somnambulism, bruxism, sleep terror, and others [3]. Insomnia is a condition
where patients show difficulty initiating or maintaining sleep, and it has been
demonstrated that it negatively affects the workspace productivity and public
safety [7]. OSA is characterized most notably by choking episodes during
sleep which can lead to sleep fragmentation and other complications [§].
Apnea Hypopnea Index (AHI) is the number of apneas and hyponeas that
occur per hour of sleep and is used to classify the severity of the condition [9].
RLS is a movement related disorder and its symptoms include unpleasant
sensations on the areas between the knees and ankles that cause patients
to have an urge to move their lower limbs [10]. Patients that suffer from
bruxism tend to grind their teeth during sleep which could lead to other
dental related complications [11]. Most of the effects of poor sleep quality
can be observed as changes in the rhythm of the brain activity and thus can
be diagnosed through metrics that involve the capturing of these signals.

Electroencephalography (EEG) is a non-invasive option with a high tem-
poral resolution for the evaluation of multiple neurological problems includ-
ing sleep related disorders [12]. Electrodes are positioned in specific locations
along the scalp according to the International 10-20 system to capture the
electrical brain activity as shown in Figure 1.1. This system describes a set
of positions where electrodes should be placed and serves as a standard for
EEG analysis [13]. Neurological oscillations can be observed through EEG
that are used to characterize sleep and give us a clear understanding of how
sleep functions and how it is structured [14].

1.3 The Structure of Sleep

Methodologies that try to use the analysis of sleep through EEG can be split
into two distinct fields, one concerning the Sleep Macrostructure and another
the Sleep Microstructure.

The Sleep Macrostructure is composed of phases that are long in duration
and occur in repeated sequences, each phase corresponding to a different level
of sleep deepness. Wave frequency and amplitude are the main descriptors
of the sleep stages. Therefore several standardized bands of waves have
been described to analyse the sleep segmented structure: delta waves (0.5-4
Hz), theta waves (4-8 Hz), alpha waves (8-12 Hz), sigma waves (12-15 Hz),
and beta waves (15-30 Hz). The sleep stages correspond to stages of wake,

3



CHAPTER 1. INTRODUCTION

) @
Yeeee
®@@@@?@000@
OO 06 OO 6 EEY
»© 6O OOOOO6 @ ¢

HEEOLEORE
.@0 © 0.'
@-@-&

INION

Figure 1.1: International 10-20 System for EEG. Retrieved from [15]

Rapid Eye Movement (REM) and Non-Rapid Eye Movement (N-REM), this
last one being further subdivided into three different stages based on the
frequency and type of signal present during the stage (N1,N2, and N3). REM
sleep is characterized by desynchronised low amplitude brain activity and
shows similarities to wakefulness [16], it gains its name due to the frequent
eye movements detected with Electrooculography (EOG). EOG consists in
measuring the electrical activity of the muscles close to the eyes therefore,
measuring the eye movements. Dreaming typically takes place during REM
sleep, although it can appear during N-REM sleep [17].

In N-REM sleep, N1 generally arises in the beginning of sleep and shows
theta activity, then in the N2 stage consciousness starts to drop and sleep
spindles plus k-complexes start to appear, finally N3 stage shows high volt-
age, slow waves [18]. In some studies, the N3 stage can be sometimes sub-
divided into N3 and N4 stages. An hypnogram is a graph that shows the
sleep stages throughout a sleep period and can be retrieved from EEG, EOG

4
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or Electromyography (EMG) through visual inspection [19]. EMG involves
recording the electrical activity of the skeletal muscles. Figure 1.2 shows an
example of an hypnogram.

Hypnogram
REM \ \

N-REM 4 :

N-REM 3 JP

N-REM 2

Sleep Stage

N-REM 1 :

| | | |
Wake ) 2 A 6 8 10

Hours of Sleep

Figure 1.2: Hypnogram showing the sleep stages throughout sleep time. In-
dividual data from [20] was used.

Sleep Microstructure is composed of shorter events with an average du-
ration lower than 30 seconds, this includes vertex sharp transients, sleep
spindles, k-complexes, k-alphas, Intermittent alpha, delta bursts, polyphasic
bursts and other events that clearly indicate a change from the background
brain electrical activity [20].

1.4 CAP Cycle

The CAP is a periodic event registered on the EEG signal that can frequently
occur during N-REM sleep and more rarely during REM sleep, and it may be
a manifestation of instability [21]. CAP Cycles are classified based on acti-
vation phases(A phases) where repetitive EEG patterns that stand out from
the background activity occur, and B phases corresponding to the quiescent
rhythm between two A phases.
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There are three varieties of A phases, A1 where slower rhythms with high
amplitude are most frequent, A3 are mostly composed of faster low ampli-
tude waves while A2 contains a mix of slower and faster waves. The A and
B phases together make up a cycle. Figure 1.3 shows an EEG sample con-
taining an A phase and an adjacent B phase both constituting a CAP cycle.
For a CAP to happen, an A phase and a subsequent B phase must have a
duration between 2 and 60 seconds each. If two A phases are separated by a
period lower than 2 seconds, the two A phases are joined together. A CAP
sequence is an array of two or more consecutive CAP Cycles.A Non-CAP
arises when an A-phase in not followed by another A-phase for more than
60 seconds, when this happens, the aforementioned A phase is not counted
as part of the CAP sequence [20]. CAP rate is the ratio between the total
CAP time and the total N-REM sleep time and higher values of CAP rate
are associated with lower sleep quality [21].

T *J;' ~
i;“gﬁ[ '1'1’ | | | l‘ U ol L,I} IH'i.
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Soa ', |

Time (s)

Figure 1.3: EEG sample containing a CAP cycle. As seen, abrupt changes
in amplitude occur during the A phases. Retrieved from [22]

The visual detection of CAP cycles is a long and tiring process of looking
for patterns on the patient’s sleep EEG signal and this is generally done by
trained physicians. Sleep sessions tend to be long in duration and, therefore,
the analysis of the corresponding EEG recordings is slow and prone to er-
rors. Another relevant aspect is the inter-scorer agreement for the same EEG

6
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WORK STRUCTURE

results which ranges between 69% and 77.5%. To address this limitations,
automatic scoring algorithms are necessary [23].

1.5 Work Structure

This work is divided in five chapters:

1.

Introduction: Presents the main topics discussed throughout the en-
tire work and gives an introduction to the key components of sleep
analysis. Also contains the proposed objectives and the work struc-
ture.

. Related Work: Explores the state-of-the-work done on the area of

study by viewing what kind of approaches where already tested and
whether they succeeded or not. Also presents what contributions are
going to be attained by this work.

. Methodology: Constitutes a detailed description of the main steps

necessary for the implementation of the proposed system.

. Results and Discussion: Contains a summary and discussion of the

results obtained by the proposed system .

Conclusion and Future Work: Encompasses a conclusion to the
work and proposes some future work.
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1.6 Key Remarks

As referred in the state of the art, sleep deprivation has a negative impact in
not only the physical and psychological health of humans but also influences
the economical status of individuals and the school performance of children.

These repercussions are caused by the advent of sleep disorders and so
the diagnosis of such conditions is a crucial part of medicine. Techniques
that capture physiological signals from the brain electrical activity, such as
EEG, are used to diagnose the conditions. CAP is a pattern captured on the
EEG which is connected to sleep instability. This cyclic event is scored by
professionals, but the manual analysis is slow and prone to errors. Therefore,
automatic methods are necessary, advocating the need for this work. The
implementation of this work is publicly available on a github repository [24].



Chapter 2

State-of-the-Art

This chapter contains an analysis of the work done on the area of study. A
table summarizing all the studies and their results is presented at the end of
the chapter.

2.1 Prior Work

Several solutions have been proposed and implemented in the state of the art
taking into account the analysis of sleep through CAP to help solving the
problem of automatically diagnosing sleep disorders and poor sleep quality.
Some approaches use ML algorithms to classify CAP, while others use more
traditional methods that do not require the training of a model based on
data.

A normalized mean amplitude measurement with thresholds for classi-
fication was presented by Barcaro et al. [25]. Eight normal patients with
ages between 25 and 32 were examined. Mean amplitude was calculated
for the different frequency ranges and compared to the background activity
through a normalization process. Four EEG traces where used for the au-
tomatic analysis. The proposed descriptors provided good detection of sleep
macrostructure and microstructure phenomena. A similar approach was also
suggested by Navona et al. [26] where eight EEG traces were used to calculate
five similar amplitude and frequency based descriptors. Sleep sessions were
carried out with ten healthy individuals. The method achieved a accuracy of
77%, a specificity of 90%, and a sensitivity of 84%. These statistical metrics
were calculated using Rosa et al. definition [27].

9
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Karimzadeh et al. [28] tried to directly distinguish the CAP from the back-
ground activity using entropy and complexity based features with three clas-
sifiers, Linear Discriminant Analysis (LDA), Support Vector Machine (SVM),
and K-Nearest Neighbours (kNN). Sleep recordings from four healthy sub-
jects and four subjects with sleep-disordered breathing were used. Feature
selection was employed using Sequential Forward Selection (SFS) and Kol-
gomorov, Shannon, and Sample entropy were selected. The SVM classifier
provided the best results with an accuracy of 76%. It was concluded that
entropy based features are suitable for CAP detection since they provide a
measure of irregularity when transitions from non-CAP to CAP occur.

An initial study by Mariani et al. [29] tried to compute five band descrip-
tors, Hjorth activity in low and high delta bands, and differential variance in
the EEG signal to make thresholds for classification and evaluate the signif-
icance of these descriptors. The study used medical data from eight healthy
people. All features were then remapped to principal components using Prin-
cipal Component Analysis (PCA). The classifier obtained a mean accuracy
of 73.98% using only the first principal component. A subsequent work by
Mariani el at. [30] tested the same features on a linear discriminant classifier,
a SVM, adaptive boosting, and a supervised ANN. The study was conducted
with data from eight healthy individuals. The linear discriminant classifier
provided the highest accuracy. A third study by Mariani et al. [31] first iso-
lated the N-REM sleep part of the EEG signal through means of a neural
network and then used a segmentation step preceding the feature calculation
to maintain similar spectral characteristics within each calculation window.
Five spectral band descriptors, Hjorth activity, and a variance descriptor were
used for the CAP classification on a linear discriminant function. EEG data
from 16 healthy subjects was used. Variable length windows outperformed
the traditional fixed length windows probably due to the intrinsic properties
of CAP A-phases. Machado et al. [32] focused on the usage of the Teager
Energy Operator (TEO) which was calculated for each frequency band and
compared with Macro-Micro Structure Descriptor (MMSD) a normalized fre-
quency change descriptor. Data from 30 subjects with nocturnal frontal lobe
epilepsy used to carry out the study. TEO is a measure of instantaneous
energy. These features were then applied to a threshold computation model
and TEO managed to obtain better the best results than MMSD. TEO cal-
culated over the delta band achieved a sensitivity of 80.31% and a specificity
of 82.93% on Al classification.

Largo et al. [33] applied a discrete wavelet transform to the EEG signal

10
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to determine the frequency band features as an alternative to the classical
Fourier analysis. Data from six patients was employed. The detection algo-
rithm used moving averages and thresholds to classify A-phases. A Genetic
Algorithm (GA) was used to tune parameters necessary for the detection
system. Wavelet based descriptors managed to achieve good discrimination.

Mendez et al. [34] evaluated a kNN approach with entropy, spectral, and
other types of features to discriminate A phase types with the aim of assessing
the feasibility of these methods for this type of classification. The method
was tested on five healthy adult subjects. The authors noticed that the A
phase classification algorithm achieved a separability similar to the inter-
scorer agreement.

Ferri et al. [35] compared a human supervised computer-assisted detection
of CAP against the visual detection approach. For that, 11 normal sleep
recordings from four different raters was used. The system prompted the user
to select threshold configurations until a satisfactory automatic detection was
achieved. The study concluded that CAP rate could be estimated using the
system with some supervision and correction.

Mendonga et al. [36] analysed a set of nine different classifiers using av-
erage power, standard deviation, Shannon entropy, log-energy entropy, auto-
covariance, TEO and five band descriptors as features. Recordings from 14
subjects were tested, four of which having sleep-disordered breathing and one
with bruxism. A Feed Forward Neural Network (FFNN) obtained the best re-
sults with an average accuracy of 79%), and Logistic Regression (LR) attained
similar results with a simpler implementation. PCA was also employed as an
alternative to feature selection but attained weaker results. Power Spectral
Density (PSD) on the beta band, Shannon entropy and TEO were selected as
the most relevant features by means of SF'S on the FFNN classifier. PSD is a
measure of power present at different frequencies and can be used to measure
frequency information. A second study by Mendonga et al. [37] directly fed
a processed version of the EEG signal to three classifiers: a one dimensional
Convolutional Neural Network (CNN), a Long Short-Term Memory (LSTM)
and a Gated Recurrent Unit (GRU). These classifiers were trained using data
from 19 individuals, four of them diagnosed with sleep breathing disorder.
The LSTM achieved the best results with an Area Under the Curve (AUC)
value of 0.752 for CAP phase estimation. This classifier was then utilized on
a home monitoring device that employed EEG sensors to detect CAP.

Niknazar et al. [38] implemented a threshold using Root Mean Square
(RMS) of the amplitude to identify the start of an A-phase, then the Statis-
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tical Behaviour of Local Extrema (SBLE) method was used to confirm the
A-phase and encounter its end. The method was employed on polysomno-
graphic data from five healthy subjects. SBLE involves finding the local
extremes of the signal and uncovering the trends presented by those data
points. The proposed method managed to achieve good classification with
an accuracy of 81%. It required a relatively low amount of computational
resources.

Mostafa et al. [39] used a combination of a deep auto encoder and a
shallow neural network to classify CAP cycles without the need to handcraft
features. 14 subjects were tested, four having sleep-disordered breathing and
one having bruxism. The deep auto encoder was used to label A-phases
from the EEG data, while the shallow neural network had the task of finding
CAP cycles from the A-phase labels. Without creating features, the system
obtained decent results with an accuracy of 67%.

12
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2.2 Key Remarks

All of the presented studies provide an insight into the problem at hand by
testing approaches that can lead to a solution. As seen, numerical properties
can be directly extracted from the EEG signal to help in the classification
of CAP. All of the proposed features contribute to their respective detection
algorithms. Entropy and complexity related features provide a measure of
irregularity. Likewise, TEO contributes as a feature for providing a metric
for energy. Finally, frequency and amplitude based features are essential for
the problem since CAP phases are defined based on frequency and amplitude
information.

Featureless methods provided relatively good results but did not man-
age to surpass or reach the feature based methods in terms of sensitivity,
specificity, and accuracy. Also, these methods utilize more sophisticated and
complex classifiers to compensate for the lack of features.

Five of the 15 presented works mentioned using data from patients with
some sleep disorder. Since the classification of CAP is used to diagnose sleep
conditions, it would be advisable to test the solution on real patients.

In summary, all the solutions provide good results, meaning that CAP
classification is achievable using computerized methods. Table 2.1 encapsu-
lates all of the essential information from each individual work, this includes
the number of subjects, the method employed, and the accuracy, sensitivity,
and specificity values.

13
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Table 2.1: Studies analysed in the state of the art.

Work H Subjects Method Acc(%) Sen(%) Spe(%)

Frequency features

[25] 8 with  thresholds for - - -
classification
Entropy features fed in

28] 8 3 classifiers ) ) )
TEO with thresholds

[32] 30 for classification ) ) )

133] 6 Wayvelet based features i i i
with thresholds

[40] Wavelet based features

) with thresholds ) ) )

135] 1 Con'lputer assisted de- i i i
tection

139] 14 EEG' directly fed on a 67 55 69
classifier
Features with thresh-

[29] 8 olds for classification £ 52 76
EEG directly fed to

[37] 19 three classifiers 76 & 77
Frequency features

[26] 10 with  thresholds for 7 84 90
classification

136] 1 Multlple .features on 79 76 20
nine classifiers
threshold RMS and

[38] 5 SLBE 81 76 81

134] 5 kNN with entropy and 29 37 74
spectral features

130] 3 Eeatures fed in 3 clas- 35 73 87
sifiers
Linear discriminant

[31] 16 function with segmen- 86 67 90
tation step
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Chapter 3

Materials

This chapter presents the data set used for the classification algorithm as well
as the extracted features. Also, the data related processes that are necessary
for the work are presented in this chapter.

3.1 Database

Data are necessary to train the classifier and for that a public database by
Terzano et al. [20], considered as a reference for CAP analysis, containing
samples of EEG from one single channel during sleep sections for multiple
patients was used. For this work, data from 15 healthy individuals and four
patients diagnosed with sleep disordered breathing were put to use for the
development process. Each collection of samples for every patient has a dif-
ferent sampling frequency (100, 128, 200, 256 or 512 Hz) but the A-phase
classification labels are organized such that one label is associated with each
second of brain activity. A re-sampled version of the data set where all pa-
tients have the same sampling frequency (100 Hz) was also used. In total,
the data set contains 562311 samples, of which 13.7% are A-phase samples.
Sessions with patients have a duration ranging approximately between six
and ten hours. Data from the different sleep stages was captured, therefore,
hypnograms for each patient are also available. Table 3.1 roughly summarizes
the contents of the database by providing the number of samples, percentage
of A-phase samples, sampling frequency, and variance of the amplitude value
applied over the whole signal for each patient. Figure 3.1 presents a his-
togram containing the number of each type of sample on the whole database.

15



CHAPTER 3. MATERIALS

Table 3.1: Table containing data related to each patient set of samples

Patient Num Samples % of A samples Sampling Freq Var. Amplitude

1 34410 11.9% 512 Hz 392.5
2 30000 10.4% 512 Hz 326.8
3 30000 7.8% 512 Hz 580.3
4 30330 7.4% 100 Hz 425.3
) 30240 13.1% 512 Hz 538.3
6 31200 13.7% 128 Hz 325.1
7 29520 9.0% 128 Hz 883.7
8 30000 10.9% 100 Hz 0.0

9 30840 6.8% 128 Hz 674.6
10 25800 10.6% 512 Hz 1707.2
11 31590 9.8% 512 Hz 743.0
12 29100 12.7% 200 Hz 702.5
13 29040 12.0% 200 Hz 436.4
14 29310 12.8% 200 Hz 480.7
15 30770 13.9% 100 Hz 253.9
16 23131 8.3% 256 Hz 13.0

17 30450 26.3% 256 Hz 18.2

18 23760 31.8% 512 Hz 22.3

19 32820 32.2% 256 Hz 20.8

3.1.1 Data set balancing

One of the problems that plagues learning as a whole is learning from im-
balanced data. Most learning algorithms, including neural networks, assume
that the number of samples between classes is balanced but on many oc-
casions this is not the case [41|. The algorithms often tend to give focus
to the majority class as it is more well defined. A study by Poolsawad et
al. [42] showed that balancing techniques improved classification in terms of
recall and precision in five different classifiers, including Multilayer Percep-
tron (MLP), SVM, and Decision Tree (DT). The current selected data set
has two or four different classes depending on whether is intended to classify
the different A-phase sub-types or to detect A-phases or not-A phase epochs.
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The second option was followed in this work. It is important to bear in mind
that the A-phase classes are a minority when compared to the majority not-
A phase class. This is to be expected since the occurrence of an A-phase is
a sporadic event. This issue can be solved by making usage of re-sampling
methods or cost-sensitive learning.

Re-sampling methodologies tackle the problem by removing or adding
samples to balance all classes. Under-sampling, for example, consists in
reducing the number of samples of the majority classes. A simple imple-
mentation of this would be random under-sampling, which randomly deletes
samples from the majority classes [43|. Removing samples that are close to
the decision boundary is a technique that also provides good results. Tomek
links are pairs of samples from two opposing classes that are closest to each
other in terms of euclidean distance, removing the sample from the majority
class would allow for a better classification [44].

There is also the option of over-sampling which tries to increase the size
of the minority classes by creating synthetic samples or by repeating existing
samples [43]. Synthetic Minority Over-sampling Technique (SMOTE), for
instance, creates synthetic samples by doing linear interpolation between
data points of the minority classes [45]. For this to happen, a random point
from the minority class is picked and its nearest neighbour is found, then, a
new synthetic point is generated by interpolating the two points. The nearest
neighbour is found by finding the closest point in terms of euclidean distance,
then, a random number between zero and one is generated to interpolate
the two points. Figure 3.2 presents a visual demonstration of how SMOTE
functions.

On the other hand, cost-sensitive learning does not try to change the data
set itself but rather tries to change the way the algorithm learns by adding
different cost values for each class during the learning process [46]. This is
done by directly adding these cost values to the error function before updating
the networks weights. This works not only as a balancing technique but also
as a mean to increase the importance of a specific class if desired [46]. The
cost values used for cost sensitive learning can be calculated using equation
3.1, where ny.q is the total number of samples, n. is the number of samples
for class ¢ and C' is the number of classes.

weight, = nwtca,l (3.1)
Ne
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Figure 3.1: Histogram showing the number of samples in each of the CAP
labels for the whole data set. The red bars indicate the amount of samples
in three subtypes of A phases.
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Figure 3.2: A visual representation of how SMOTE generates synthetic sam-
ples. In this example, from the five existing points in the feature space six
new points were created.
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If not carefully considered, some of these techniques might lead to a bad
performing model. For instance, random oversampling has the chance of in-
creasing the likelihood of overfitting happening due to the repetition of sam-
ples. Furthermore, random undersampling may discard potentially useful
data from the majority classes [43|. For its simplicity, cost sensitive learning
was the balancing technique employed in this work since it has the advantage
of not requiring the alteration of the original distribution of the data.

3.2 Features

3.2.1 Feature Extraction and Calculation

Features or descriptors are numeric properties that have to be directly ex-
tracted from the available data in order to be used by the classification algo-
rithm. Although the learning algorithm could learn directly from the EEG
values, it would be advisable to use features that are somewhat more closely
related to classification problem. So, based on the literature and problem
knowledge, a set of features was extracted to be used for A-phase classifica-
tion. These features are listed together with a description, a mathematical
formula for its calculation, and the MATLAB code required to compute the
feature:

e Mean Amplitude Value: Average value of the amplitude calculated
over the EEG window. Also known as the first statistical momemtum

[47]:
N
X == X; 3.2
n; (3:2)
inputs i(i,1) = mean(signal);

e Variance of the Amplitude Value: Variance of the amplitude value
calculated over the EEG window. Can been interpreted as the average
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square distance between each observation and the mean. Also known
as the second statistical momentum [47]:

Var(X) = ! D (X - X)? (3.3)

n—1

inputs i(i,2) = var(signal);

e Skewness of the Amplitude Value: Skewness value computed on
the EEG window. It is a measure of asymmetry in the distribution of
the amplitude values. Also known as the third statistical momentum
[48]:

Skew(X) = —=2 (3.4)

inputs i(i,3) = skewness(signal);

e Kurtosis of the Amplitude Value: Kurtosis value computed on the
EEG window. It describes the flatness of the distribution curve. Also
known as the fourth statistical momentum [48]:

% Z?:l(Xi - 22)4
(7 i (X — X)2)?

Kurt(X) = (3.5)

inputs i(i,4) = kurtosis(signal);

e Amplitude Variation: Calculated for each epoch using the following
equation where W, is the window of EEG values for the specified epoch:

Ave = max(We) + max(We_a) — maz(W,_1) (3.6)
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FEATURES

inputs_i(i,5) = max(signal)+(prev2EpochMax—prevEpochMax)
prev2EpochMax = prevEpochMax;
prevEpochMax = max(signal);

Standard Deviation of Amplitude Value: Standard deviation
value of the amplitude calculated over the EEG window. Same as
the square root of the variance [47]:

ox = /Var(X) (3.7)

inputs i(i,6) = std(signal);

Amplitude Range Difference: Maximum amplitude value subtracted
by the minimum amplitude value on the EEG window [47]:

Ard(X) = max(X) — min(X) (3.8)

inputs i(i,7) = max(signal) — min(signal);

Shannon, Log Energy, Renyi and Tsallis Entropy: Entropy is
a measure of disorder or randomness in data. Entropy can be thus
calculated in multiple forms. Shannon and log energy entropies are
calculated as stated in equations 3.9 and 3.10 in MATLAB’s imple-
mentation of the wentropy function [49]. Renyi and tsallis entropy
are generalized entropy functions which can be calculated as stated in
equations 3.11 and 3.12 [50,51].

Shannon(X) = — Z X?log(X?) (3.9)
i=1
Logenergy(X) = Zlog(Xf) (3.10)
i=1
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1 n
Renyi(X) = lo N 3.11
yi(X) = — g(;pz) (3.11)
Tsallis(X) = L(1 — ipq) (3.12)
¢—1 i=1 Z
inputs _i(i,8) = wentropy(signal, shannon’);
inputs _i(i,9) = wentropy(signal ,’log_energy’);
inputs _i(i,10) = renyi entropy lIps(signal ’);
inputs _i(i,11) = tsallis_entropy lps(signal ’);

e Autocovariance: Covariance between the signal and multiple time
shifted versions of the same signal. Equation 3.13 shows how to calcu-
late covariance between X and Y. Since the autocovariance function
returns various values for different time delays, the mean of the absolute
values is used as feature [47,52]:

> i (X = X)(Yi - Y)

Cov(X,Y) = N

(3.13)

inputs i(i,12) = mean(abs(xcov(signal)));

e Autocorrelation: Same as autocovariance but by calculating the cor-
relation between the signal and time shifted versions of the same signal.
Equation 3.14 shows how to calculate the correlation coefficient between
Y and X. So the autocorrelation is calculated as follows [47,52]:

X,Y
Corr(X,Y) = Cov(X,Y) (3.14)
Ox0y
inputs i(i,13) = mean(abs(xcorr(signal)));

22



3.2. FEATURES

e TEO: Instantaneous energy measure which is calculated as stated in
equation 3.15. Since TEO returns a value for each time instant, the
mean of these values is used as a feature [53]:

Teo(t) = (X:)* + X; 1 X1 (3.15)

teager = zeros(1l,size(signal 1)—2);
for j = 1:1:(size(signal 1)—2)
teager(j) = signal(j+1)xsignal(j+1) + signal(j)*signal(j+2);
end
inputs _i(i,14) = mean(teager);

e PSD on the Delta, Theta, Alpha, Sigma, Beta 1, and Beta 2
Bands: A measure of power present in each of the frequency bands.
PSD was calculated for the delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-12
Hz), sigma (12-15 Hz), beta 1 (15-24 Hz), and beta 2 (24-30 Hz) bands.
Both Welch’s Overlapped Segment Averaging Spectral Estimation and
wavelet decomposition were used to estimate PSD.

Welch’s method calculates the periodogram for multiple overlapping
segments of the time series and averages the values to obtain an esti-
mate for the PSD. Since the method returns the PSD for each frequency,
the area between the two frequency boundaries of the band is used as
the feature.

%calculating a few parameters

nfft = floor (signalSize/divideNfft);
noverlap = floor (nfft /2);

fs = samplingFreq;

%obtaining the PSD graph

[pxx,f|] = pwelch(signal ,hanning(nfft)
,noverlap , nfft , fs);

pxx2 = 10xlogl0 (pxxx*fs/nfft);

%obtaining band frequencies indexes on the graph
auxUnit = samplingFreq/(2*xnoverlap );
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baseFrequencies = [0.5,4,8,12,15,24,30];
freqMatrix = floor (baseFrequencies/auxUnit );
freqMatrix = auxUnitxfreqMatrix;

DeltaBaseFreq = find (f = freqMatrix (1));
ThetaBaseFreq = find (f =— freqMatrix (2));
AlphaBaseFreq = find (f = freqMatrix (3));
SigmaBaseFreq = find (f = freqMatrix (4));
BetalBaseFreq = find (f — freqMatrix (5));
Beta2BaseFreq = find (f = freqMatrix (6));
Beta2MaxFreq = find (f = freqMatrix (7));

Z%obtaining PSD for each frequency band
inputs i(i,15) = trapz(pxx2(DeltaBaseFreq
:(ThetaBaseFreq —1)));

inputs i(i,16) = trapz(pxx2(ThetaBaseFreq
:(AlphaBaseFreq —1)));

inputs i(i,17) = trapz(pxx2(AlphaBaseFreq
:(SigmaBaseFreq—1)));

inputs i(i,18) = trapz(pxx2(SigmaBaseFreq
:(BetalBaseFreq —1)));

inputs _i(i,19) = trapz(pxx2(BetalBaseFreq
:(Beta2BaseFreq —1)));

inputs _i(i,20) = trapz(pxx2(Beta2BaseFreq
:Beta2MaxFreq ) );

Wavelet decomposition decomposes the signal into approximation and
details coefficient arrays using low-pass and high-pass filters. The ap-
proximation coefficients contain the low frequency information of the
original signal, while the details coefficients hold the high frequency
data. As seen on figure 3.3, the low amplitude high frequency com-
ponent is filtered on the approximation coefficients while the high am-
plitude low amplitude component is filtered on the details coefficient.
These coefficients can be further decomposed using the same procedure
to create new frequency data with smaller ranges. The original signal
can be reconstructed by employing the inverse wavelet transform on
the coefficients. To estimate the PSD value for a specific frequency
band, wavelet decomposition was conducted in multiple levels until
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the desired frequency bands are achieved, then, the signal needs to be
reconstructed using the coefficients than contain the frequency infor-
mation for that band. With the reconstructed signal, power can be
estimated using equation 3.16 where X is the reconstructed signal and
n is the number of amplitude samples in that signal.
n 2
PSD(X) = M

n

(3.16)

There were also included other 72 features which were obtained by directly
applying the first, second, third, and fourth statistical momentum’s (mean,
variance, skewness, and kurtosis), and the Shannon, log energy, Tsallis and
Renyi entropies to nine of the wavelet decomposition coefficient arrays. The
frequency range captured by each set of coefficients is presented in table
3.2. These features were calculated using a resampled version of the same
data set where all patients have a 100Hz sampling rate. This facilitated the
calculations.

Table 3.2: Wavelet decomposition coefficients used for the calculation of the
additional features.

Designation | Frequency Range

cl 0 to 50 Hz
c3 0 to 25 Hz
c4 25 to 50 Hz
ch 0 to 12.5 Hz
cb 12.5 to 25 Hz
c9 0 to 6.25 Hz
cl0 6.25 to 12.5 Hz
cl3 0 to 3.125 Hz
cl4 3.125 to 6.25 Hz

All of the features were calculated directly from the EEG data by apply-
ing operations to each of the label’s corresponding windows of values, in other
words, one value per epoch (or second). The EEG values were standardized
for each patient separately before running the feature calculation step due
to the different amplitude characteristics of the different EEG signals. Over-
lapping of three time epochs was also employed to provide more contextual
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Figure 3.3: Decomposing a signal into the approximation and details coeffi-
cients.
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information for the feature calculation. Figure 3.4 illustrates how calculation
windows look. The middle area corresponds to the epoch’s set of values and
the areas to the sides are the overlapping values(3 time epochs behind and
3 time epochs forward). Feature values for time epoch number 6 would be
calculated using time epochs 3 to 9. Each feature with the exception of the
Amplitude Variation is calculated using this overlapping technique.

EEG Signal
T T T T
20 overlap epoch overlap *
o b L I
1}, ! | | | =
< I l :
E | I | }
2 0 . | i
g : ! |
< | | |
L o N
| L] |
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Time

Figure 3.4: EEG signal for patient number 8 showing an example of the
calculation window necessary to obtain the features for epoch number 5.

All features were computed using a MATLAB script that gathers each
feature value for each window of EEG values. Most of the necessary functions
were already available on MATLAB, but some had to be either implemented
or calculated using custom packages.

%for each sample

for i = 1:1:sampleNum
%obtain the EEG indexes for the sample
upperIndexes = min(|i+calculationRanges;zeros(1,15)+sampleNum]|);
lowerIndexes = max(|i—calculationRanges —1;zeros(1,15)]);
upperBounds = upperlndexesxsampleSize;
lowerBounds = lowerIndexesxsampleSize + 1;
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%compute the feature
signal = eegSensor (lowerBounds (1):upperBounds(1));
inputs _i(i,1) = mean(signal);%mean

end

3.2.2 Feature and Data Scaling

Since features have different distributions, they may also have different ef-
fects on the way the ML algorithm behaves. Also, different patients seem
to show different EEG characteristics in terms of amplitude which can be
observed in the variance of the amplitudes in Table 3.1. To prevent fea-
tures or patients from having a bigger or lower influence than others on the
learning process, scaling is necessary. Scaling has been shown to be benefi-
cial on neural network training in terms of Mean Squared Error (MSE) [54].
There are two main approaches to this problem. Min-max normalization,
which involves re-scaling the distribution so that it ends up ranging between
two values, usually zero and one, and Z-score standardization, where data is
scaled so that it ends up with a mean of zero and a standard deviation of
one [55]. Equation 3.17 represents the calculations necessary to normalize the
X wvariable according to the Min-max normalization process and Equation
3.18 shows how to do Z-score standardization, where ox is the standard de-
viation of the X variable and X is the average value for the same variable [55].

X — min(X)
Xscae = ; 3.17
“I T maz(X) — min(X) (8.17)
X-X
Xscaled = (318)
ox

In this work, Z-score standardization was chosen for feature scaling since
it is less prone to problems arising from outliers [56]. It has also been demon-
strated that a similar metric called statistical standardization provided bet-
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ter results than Min-max normalization in neural networks [54]. With this
in mind, each feature was individually scaled and feature data from each
patient were separately standardized. Data scaling was also applied to the
EEG amplitude values for each patient before running the feature calculation
process. Figure 3.5 shows how scaling preserves the overall shape of the data
while changing its range of values.
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Figure 3.5: Shannon Entropy and TEO before and after applying feature

scaling using

Z-score standardization.
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3.3 Key Remarks

A data set with medical information from 19 individuals was used for the
classification algorithm. This data includes EEG samples from sleep sessions
with an average duration between six and ten hours. Four of the 19 studied
patients are diagnosed with a sleep breathing disorder.

From the EEG signals, a total of 98 features were extracted. Complex-
ity features such as Shannon entropy were included, as well as statistical,
amplitude, frequency and energy related features. These features were stan-
dardized before putting them to use in the learning algorithm due to the
different EEG characteristics displayed by different patients and the magni-
tude of different features.
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Methods

This chapter describes the classification algorithm and explains a few of the
processes necessary to improve its results. This includes model tuning and
feature selection.

4.1 A-phase Classification Algorithm

The A-phase classification algorithm could be implemented using various
methods. Traditional methods to implement the recognition algorithm that
do not require the use of Al are hard to create due to the complex nature
of sleep EEG analysis. ML is a subarea of Al where algorithms learn to
do tasks by training on data or by training on an environment. As such,
these algorithms are extremely versatile and can be used to solve a variety of
problems. ML can be further subdivided into supervised and unsupervised
learning. Supervised learning takes into account the real output values for the
model and together with the predicted outputs calculates an error function
which is used change to the model in order to become adapted to the task.
Supervised learning includes algorithms such as ANNs, LR, SVMs and kNN
[57,58].

Unsupervised learning does not take any real output values into account
and only uses the input data to improve the model performance. Unsu-
pervised learning includes clustering algorithms such as K-Means Clustering
(kMC) and dimensionality reduction techniques such as PCA [57,58].
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4.1.1 The Proposed Algorithm

A classification FFNN was proposed to implement the automatic A-phase
detection algorithm. A FFNN is a structure containing layers of multiple
interconnected neurons and behaves similarly to biological neural networks
[59]. It is composed by an input layer, an output layer, and one or more
hidden layers. The input neurons pass the feature values to the first hidden
layer while the outputs correspond to the variables or classes for prediction.
Figure 4.1 shows a simple representation of a FFNN.

Hidden
Layer

Input

Feature 1

Feature 2

Feature N

Figure 4.1: Representation of a FFNN with one hidden layer.

Each neuron does a weighted sum on the values outputted by the neurons
on the previous layer, then passes the result through an activation function
and finally transfers those values to the next layer [59]. Some of the most
commonly used activation functions are the sigmoid, hyperbolic tangent, Rec-
tified Linear Unit (ReLU), identity and softmax functions which are partly
represented in figure 4.2. Equations 4.1, 4.2, 4.3 and 4.4 present the math-
ematical formulas for the sigmoid, hyperbolic tangent, ReLU and softmax
functions respectively [57]. The sigmoid and hyperbolic tangent functions
are frequently used as the activation function in the hidden layers neurons in
networks with a low amount of hidden layers, otherwise, relu and its variants
are preferred. This is due to the vanishing gradient problem. In regression,
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the identity function is often utilized in the neurons on the output layer,
while the softmax function is mostly used in classification problems since it
outputs probability values for a sample belonging to a specific class [58|.
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Figure 4.2: Sigmoid, Hyperbolic Tangent and ReLLU Activation functions.
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Equation 4.5 shows the calculations made by each neuron where ¢ is the
activation function, w; is the weight for input ¢, b is the bias, x; is the input
i and n is the number of inputs [59].

y=9¢(b+ Z w;T;) (4.5)

The weights and biases necessary for the weighted sums are changed dur-
ing the training process in order to achieve the most accurate predictions
on the output layer. However, neural networks can be trained using various
algorithms. The one being used in this implementation is the backpropa-
gation learning algorithm which uses a cost function also known as loss or
performance, and tries to change the weights and biases so that the function
is minimized [59]. A flow chart of the backpropagation algorithm is presents
in figure 4.4. The cost function value represents the error exhibited by the
model. A commonly used cost function is the MSE, its value is calculated as
stated in equation 4.6, where t; is the target value(label) for sample i, p; is
the prediction(output) for sample ¢ and n is the total number of samples [57].

Z?:1 (ti — pi>2

n

E = (4.6)

Another possible cost function is the cross-entropy function which, for a
single sample, can be calculated using equation 4.7 where . is the target
value for class ¢, p. is the prediction for sample class ¢ and n is the total
number of classes [58].

E=-) tc.log(p.) (4.7)

The weights and biases are updated at each epoch taking into account
gradient values which are backpropagated using the chain rule. Therefore,
if the value of output o; is directly dependent on the value of weight w;;,
then the gradient value can be obtained as stated in Equation 4.8. Multiple
training algorithms use different formulas to update the weights, the simplest
of which is the Gradient Descent (GD) algorithm.

8wij n 802- awij

(4.8)
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Neural networks with back propagation work as a supervised learning
tool, meaning that they take into account the labels that are associated to
each sample of input data for learning. Regression and classification prob-
lems can be both addressed using neural networks in tasks where ambiguity
or complexity hinder the development of a precise algorithm using other
conventional techniques [60]. Regression problems involve the prediction of
continuous variables and classification involves the discrimination of samples
according to a discrete set of classes [58]. Figure 4.3 shows a simple represen-
tation of a neural network being used in this work. W represents the weights
and b represents the biases. The activation function on the hidden layer is
the hyperbolic tangent and the softmax function in the output layer.

Hidden Output
Input Output
19 2
150 2
Figure 4.3: An example of a classification neural network with 19 inputs, two
outputs and 150 hidden layer neurons. Made using MATLAB.

The training process of a neural network finishes when a certain stopping
condition is met. This stopping condition could be a maximum number of
training iterations or epochs, a minimum gradient value, a maximum training
time or others.

4.1.2 Training Algorithms

Multiple training algorithms can be used to train the neural network. The
ones evaluated in this work are described in the following text.

e Gradient Descent Algorithms: This algorithm updates the net-
works weights according to a value called the learning rate and to the
partial derivative of the cost function in relation to each weight, also
known as the gradient [61]. Equation 4.9 shows how weight w;; is up-
dated according to GD, where « is the learning rate and F is the cost
function.
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Figure 4.4: Flow chart of the backpropagation algorithm.
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oF
8wij

t+1
ij

wit = wj; — o (t) (4.9)

A variation of GD known as Gradient Descent with Momentum (GDM)
adds a term related to momentum:

t+1 _ ¢
i Wiy — (a

b (t) + mAw,;) (4.10)

w
8wij

Resilient Backpropagation (Rprop): This algorithm takes only
into account the sign and its changes for each gradient value. If the gra-
dient maintains its sign, the update-value(A;;) increases by n*, while if
the gradient changes sign, A;; decreases by n~. Weight w;; is updated
by incrementing A;; in the direction opposite to the gradient. A;; is
initialized at A value and cannot be bigger than A,,,, or smaller than
Ayin. This algorithm is described by equations 4.11, 4.12 and 4.13. [62]

AT = min(n* Al Apaz) (4.11)
AZTI = max(n_Aﬁj, Apin) (4.12)
E
wit = —sign( (t))-Aij (4.13)
J 8’Ujij /

Quasi Newton Backpropagation: This optimization algorithm is
similar to Newton’s method but is used when the matrix of first or
second derivatives is not available or too expensive to calculate [63].
Newton’s method is used to find the zeros or minima of a function using
the first and second derivatives of that function. For a single variable
function, the zeros and minima of the function can be found using an
iterative process described by equations 4.14 and 4.15 respectively.

Tpil = Tp — 7 (4.14)

Tptl = Tp — () (4.15)

Quasi-newton methods replace the first or second derivative exact cal-
culations with approximations that can be given by multiple update
formulas.
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e Steepest Descent: Similar to GD but instead of decrementing weights
by aa%i_(t), the steepest descent algorithm tries to find the minima
along the direction pointed by the gradient. This minima is settled as
the new approximation for the solution and the process is iteratively
repeated until the solution has been found [64].

e Conjugate Gradient: The conjugate gradient method is used to find
the local minima of a function. It updates the network weights accord-
ing to conjugate vectors. Vectors v and u are conjugate if:

v Au =0 (4.16)

A is the matrix of second derivatives for the cost function. The method
assigns the initial vector as the negative gradient, then it calculates
an « value which corresponds to the step size in the vector direction.
Weights are then updated and a new vector that is conjugate to this
initial vector needs to be found by using 5. The process is repeated by
finding new conjugate vectors at each iteration by recalculating the a
and the 3 values until the solution has been found [65].

All the described algorithms have their advantages and disadvantages.
Depending on the problem at hand, one might be preferred over another.

4.1.3 MATLAB Implementation

The network was implemented using MATLARB’s patternet function. This
function receives the network structure as an argument. For example, if a
network with two hidden layers of size 10 each was required, the following
line of code would be used:

net patternnet ([10 10]);

This will initialize a neural network to be used for classification problems.
Therefore, the activation function on the output layer is the softmax function.
The network training algorithm, cost function, and activation functions can
be then selected using:
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net .
net .
net .
net .

trainFen="trainrp ';%training algorithm
performFcn="crossentropy ';%cost function
layers{1}.transferFcn = ’tansig’;%activation
layers{2}.transferFcn = ’tansig’;%activation

Various training algorithms are already implemented on MATLAB. Table
4.1 presents the main implemented algorithms.

Table 4.1: Table to test captions and labels

H Description
trainlm Levenberg-Marquardt
trainbfg BFGS Quasi-Newton
trainrp Resilient Backpropagation
trainscg Scaled Conjugate Gradient
traincgb Conjugate Gradient with Powell /Beale Restarts
traincgf Fletcher-Powell Conjugate Gradient
traincgp Polak-Ribiére Conjugate Gradient
trainoss One Step Secant
traingdx || Gradient descent with momentum and adaptive learning rate

Afterwards, the training parameters of the network can be defined in
the trainParam variable. So, the minimum gradient value, the optimization
goal, the maximum number of training epochs, the maximum number of
failed validation checks, and the maximum training time can be defined as

follows:

net .
net
net .
net .
net .

trainParam

trainParam

.min_grad= 1.0000e—07;
.trainParam.
.epochs = 5000;
trainParam .
trainParam .

goal = 0;

max_fail = 10;
time = 8640;

After the network has been fully configured it can be trained using the
train function. This function takes in the configured network, the network
inputs, and the network targets as arguments. It returns the trained network
and a variable called the training record(tr):
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[net, tr] = train(net,inputs,targets);

To train the model using the Graphics Processing Unit (GPU), the inputs
and targets must be first stored in the GPU’s memory and the train function
must be then run with the useGPU option set to yes:

inputsg = gpuArray(inputs);
targetsg = gpuArray(targets);
[net, tr| = train(net,inputsg,targetsg , 'useGPU’, 'yes’);

The inputs matrix rows correspond to the features while the targets ma-
trix rows correspond to the classes. The columns of both variables correspond
to the samples and both matrices must have an equal amount of samples.
The training record contains information about the training process such as
the performance value at each epoch, the amount of time passed between
each epoch and other related data.

The network predicted outputs can be obtained using the sim function:
outputs = sim(net,inputs);

These outputs can be then used to calculate the network performance and
plot the confusion matrix and the Receiver Operating Curve (ROC) chart.
The training record variable can be used to draw the performance plot and
the train state plot:

performance = perform(net ,targets ,outputs);
plotconfusion (targets ,outputs);

plotroc (targets ,outputs);

plotperform (tr);

plottrainstate (tr);

The sensitivity, specificity, and accuracy of the model on the test set
can be obtained using the confusion matrix. First, the number of True Posi-
tives (TPs), True Negatives (TNs), False Positives (FPs) and False Negatives
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(FNs) is calculated for each class of samples and then each of the aforemen-
tioned parameters are determined by applying their respective formulas:

%obtain the confusion matriz
[T,em,”,7| = confusion(targets (:,tr.testInd),
outputs (:,tr.testInd));
cm = cm’;
%obtain the TPs for each class
for k = 1:1:size(cm,1)

tp(k) = em(k,k);
end
%obtain the TNs for each class
for k = 1:1:size(cm,1)

() = (1
aux (k1) — [

k) = sum(sum(aux));
end
%obtain the FPs for each class
for k = 1:1:size(cm,1)

aux = cm(k,:);

aux (k) — [];

fp (k) = sum(aux);
end
%obtain the FNs for each class
for k = 1:1:size(cm,1)

aux = cm(:,k);

aux (k) — []:

fn(k) = sum(aux);
end

%compute the measures

sensitivity = tp./(tp+fn);
specificity = tn./(tn+fp);
accuracy = (tp+tn)./(tp+tn+fp+fn);
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The AUC of the model for the test set can be computed from the ROC
chart by means of integration:

[tpr,fpr, ] = roc(targets (:,tr.testInd),
outputs (:,tr.testInd));

auc = trapz(fpr{1,2},tpr{1,2});

Hardware

The model training could be run in the Central Processing Unit (CPU) or the
GPU. In general, the GPU is the best option for training a neural network
as they are faster at making the calculations necessary for the process. The
disadvantage of using a GPU is that the amount of Video Random Access
Memory (VRAM) available to store the model data is often smaller than
the Random Access Memory (RAM) available to the CPU. This means that
models can be more complex on the CPU without it running out of RAM.
Because of this, and due to the fact that one of the available computers does
not have a dedicated GPU, the CPU was responsible for training the net-
works in this project.

4.1.4 Weight Initialization

The initialization of weights and biases for the neural network can influence
the final results after training, so it can have negative consequences if done
wrongly [66]. The first and most simple problem is that if weights are ini-
tialized at the same values, all neurons in the network would end up learning
the same tasks and this is not desirable. Also depending on the activation
function, if weights are set to very high values, it could cause the neuron to
die altogether because of vanishing gradients. Vanishing gradients happen
when the activation function of a specific neuron reaches a point in which
the gradient is so small that progress becomes halted [67].

One method proposes that the weights and biases are initialized by gener-
ating random values between =22 and %4 in an uniform distribution, where

N
N is the number of neurons of the previous layer [68]. Xavier Initializa-
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tion, first proposed by Glorot et al. [69], suggests that weights are initialized
by taking random numbers from an uniform distribution with the following

limits:
U[—\/%, \/%] (4.17)

A version of the same procedure using a normally distributed numbers
can be also achieved by setting the mean value of the distribution to zero

and the standard deviation to @/%:

N[0, 1/ ~] (4.18)

He Initialization, proposed by He et al. [70], presents a very similar ap-
proach but the standard deviation of the normal distribution is changed to:

o=/~ (4.19)

Using normal distributions to generate weights can also be generalized
for any activation function ¢ differentiable at zero using equation 4.20 |71].

1
als \/ N(@ ()21 + 50

] (4.20)

In this work, various methods were used to initialize the weights of the
neural network. In the hidden layers, the formula presented on equation
4.20 was used to compute the weights, while in the output layer Xavier
initialization was used. This is because the neurons in the hidden layers are
going to contain either a hyperbolic tangent or a sigmoid activation function,
therefore, the method allows for versatility when switching between these
functions in the processes such as the tuning of the model. As for the output
layer, Xavier initialization was chosen due to it performing better than others
methods on tests made on the implemented system.
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4.1.5 Training Process
Data Division Techniques

The presented data had to be divided into training, test, and validation sets
before running the training process. The training set is used to train the
model, the test set is used to measure how well the model behaves on data
that has never seen before, and the validation set is used for tuning the
learning parameters and early stopping.

The usual approach is to divide the data such that 70% of the samples
are assigned for training, 15% for test, and 15% for validation. All patient
data could be joined and then samples could be randomly picked to obtain
sets that fit these percentages, but mixing all patient data would inhibit the
ability to check on whether or not the model can generalize for patients it
has not seen before, since different patients show different characteristics in
the EEG signals. So, the alternative solution would be to use k-fold cross
validation, where initially the data set is divided into k sets named folds
and then each one of the folds is used to test the model with the remaining
folds being used for training and validation purposes |72]. For example, if
5-fold cross-validation was employed, the data set would be divided into five
folds, then each fold would be used as the test set with the rest assigned for
training while also picking a few separate patients for validation. Since there
are 19 patients in total, four of the folds would have four patients each and
one would have three patients, this is so that patient samples are kept in
separate folds.

As a specific case, LOO Cross Validation occurs when the number of folds
equals the number of patients, this is useful to check how much the results are
differing between patients and to verify which patients are harder to classify.
As the number of folds is increased, the size of the training set increases as
well and the higher the amount of tests required. So, usually, LOO is much
slower to run than 2-Fold Cross Validation.

After all the separate tests are run, the results can be summed up by
calculating the average. For visualization purposes, the data division process
using k-fold cross validation is represented in figure 4.5.

Data Division Implementation

To define the training, validation, and test sets on MATLAB the variable
divideParam is used. If the training set contains samples 1 to 700, the vali-
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Randomized Patient Data:
5116117 4 (11110 3 |12 6 | 8 |15 2 |13[18| 1 |17(14|19| 7

Folds:
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Sets to train:

o Test Train

Train Test Train

Train o Test | Train

Train o Test

Figure 4.5: Diagram explaining how the data set is divided using 5-fold cross
validation and used to train the model to retrieve results.
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dation set contains samples 701 to 850 and the test set contains samples 851
to 1000, then the sample indexes for each set should be provided as follows:

net . divideFcn="divideind ’;

net .divideParam . trainInd =1:700;
net .divideParam . vallnd=701:850;
net .divideParam . testInd =851:1000;

For the final model, each configuration is tested multiple times and the
results are summarized by applying mean, standard deviation, minimum, and
maximum operations over all the scores that are gathered. The mean score
will provide an understanding of how well the model is behaving, while the
standard deviation will demonstrate the amount of variation in the results.
The maximum and minimum score are used to collect the best and worst
models. Confusion matrix, ROC chart, train state plot, and performance
plot were saved for the best and worst performing neural network along with
other relevant data.

4.2 Tuning the Model

There are multiple parameters that need to be tuned or selected in order
to obtain the best classification possible. This is generally done by running
multiple instances of the same model with different values for each variable
that needs tuning or by simply applying problem knowledge. These param-
eters could include:

Training algorithm and its parameters.

Number of neurons in each hidden layer.

Number of hidden layers.

Cost function.

Activation functions.

Regularization parameters.
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o Maximum failed validation checks number.
e Minimum gradient value.

e Maximum number of training epochs.

4.2.1 Weak Models

If precautions are not taken during the training phase, the ML model can
overfit or underfit to the training data. Overfitting happens when the model
is too adapted to the training set and thus cannot generalize to classify new
data. This occurs as a result of the model fitting the noise and errors in the
training data. It also happens as a consequence of the model being more
complex than necessary for the task at hand [73]. Underfitting, in contrast,
happens when the model is not capable of fitting the data to an acceptable
degree [74]. The compromise between overfitting and underfitting is often
called as the bias-variance trade-off. A few methodologies can be used to
prevent overfitting:

e Early Stopping: Technique that forces the model to stop training
when a certain number of validation checks without improvements oc-
cur. Hence, the validation set is evaluated using the loss function at
each epoch to check if the error increased or decreased, if the error
does not decrease for a certain amount of sequential epochs the train-
ing process is stopped, thus avoiding overfitting [75]. This also reduces
the amount of time necessary for training. The technique is regulated
by the maximum failed validation checks number.

¢ Regularization: Method that changes the learning process to include
a metric directly related to the magnitude of the network weights. This
helps keeping the weights at low values which avoids model complexity
and overfitting [76]. There are two main types of regularization tech-
niques, L1 and L2 regularization. With regularization in place, the loss
function is now calculated using equations 4.21 or 4.22 for L1 or L2
regularization respectively, where F is the original loss value, A is the
regularization rate and w; is weight 1.
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loss;y = E + )\Z |[w;| (4.21)
i=1

losspg = E 4+ A Z w? (4.22)
i=1

MATLAB uses an altered version of L2 regularization in which the
loss function is calculated as stated in equation 4.23, where v is the
performance ratio [77].

loss = (1 —~)E+ ”wa? (4.23)

i=1

The performance ratio can be set in MATLAB using:

net . performParam.regularization = 0.01;

Both early stopping and regularization were tested on the model. For
the initial feature selection and other procedures, the performance ratio was
initially set to zero, meaning that none of the cost function value is influenced
by the sum of neural network weights.

In order to prevent underfitting the selected features need to be relevant
to the problem, that is, they need to have predictive power. Also, the neu-
ral network needs to be capable enough to learn how to classify samples.
Therefore, it needs to have a certain minimum amount of neurons in the hid-
den layers. So, both feature selection and model tuning can help preventing
underfitting.

4.2.2 Model Tuning Planing

Before starting the tuning process, the cost function, the maximum failed
validation checks number, the minimum gradient value, and the maximum
number of training epochs were set to fixed values to reduce the number of
tuning variables and thus cut the amount of parameter combinations which
would in turn lower the amount of time necessary for tuning the model. The
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cost function was set to cross-entropy since it is the most recommended for
classification problems, the maximum failed validation checks number was set
to 10, the minimum gradient value was set to its default value on MATLAB,
and the maximum number of training epochs was set to 5000. Therefore, the
rest of the model parameters need to be tuned and for that a set of possible
values needs to be first settled for each parameter:

e Training algorithm:

— Resilient backpropagation

— Scaled conjugate gradient backpropagation

— BFGS quasi-Newton backpropagation

— Conjugate gradient backpropagation with Powell-Beale restarts
— Conjugate gradient backpropagation with Fletcher-Reeves updates
— Conjugate gradient backpropagation with Polak-Ribiére updates

Gradient descent with momentum and adaptive learning rate back-
propagation

— One-step secant backpropagation

e Number of neurons in the hidden layer: 10, 30, 50, 70, 90, 110, 130,
150, 170, 190, 210, 230, 250, 270, 290 or 310.

e Number of hidden layers: 1 or 2.
e Activation function:

— Hyperbolic tangent
— Sigmoid

e Performance ratio: 0, 0.01, 0.04 or 0.07.

The included training algorithms are the most common algorithms imple-
mented on MATLAB. Exactly eight algorithms were selected to fully occupy
three bits of data. The Levenberg Marquardt (LM) algorithm was not ex-
amined as it is a second order algorithm which requires the calculation of
the Hessian matrix. This process is significantly computationally demanding
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and time consuming, making the use of this algorithm not suitable for this
work where a large number of simulations were performed. The number of
neurons were selected based on steps of 20 from 10 to 310, this will result
in 16 possible values which takes precisely four bits of data to represent. In
terms of layers, the network can either have one or two layers since these are
the most common amounts for shallow configurations. The same rationale
was applied to the possible activation functions. The performance ratio was
maintained at low values.

4.2.3 Model Tuning Methods

With these options there are a total of 2048 possible configurations, the
tuning process would involve trying to find the combination that provides the
best results. Two of most common approaches are grid search and random
search. Grid search involves testing every single combination and selecting
the one that obtained the highest score, while random search randomly picks
a subset of combinations and finds the best solution within that subset.
Grid search returns the optimal solution but at the cost of time, in contrast,
random search provides a good solution in a lower amount of time but may
not reach the optimal solution. Testing the 2048 possible combinations is
not feasible as it would take too much time, while random requires a proper
Monte Carlo sampling to converge to a good solution, which, again, will
require a large amount of simulations. Therefore, a third possibility is to use
an heuristic search, such as GA, to tune the learning parameters.

4.2.4 Model Tuning using the Genetic Algorithm

The GA takes its inspiration from the way species evolve to become more
adapted to their environment through natural selection, sexual recombina-
tion, and mutation [78]. This algorithm is used to solve optimization prob-
lems where the minimization or maximization of a certain parameter is nec-
essary to find the best solution [79]. Each solution or individual is identified
by their unique genetic code which contains an encoded string of parameters
related to the individual. The entire algorithm can be summarized in a set
of steps:

e Step 1: Generate a random population by creating a set of individu-
als with different genetic codes. The genetic code (or chromosome) is
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going to contain information associated with the values of each tuning
parameter.

e Step 2: Evaluate each individual using a fitness function. This is done
by running each individual neural network with the tuning parameters
associated with it and collecting the resultant AUC value which is used
as the fitness score.

e Step 3: Select individuals to use in the crossover step. Individuals
with a better fitness score should have a higher chance of being picked.

e Step 4: Combine the selected individuals to create a new generation.
Two parent chromosomes are mixed to generate a new chromosome,
this is known as Crossover.

e Step 5: Apply random mutations on the generated individuals. This
would involve random changes to the genetic code.

e Step 6: Keep a few of the best individuals from the previous generation
on the next generation. This is known as Elitism.

e Step 7: Repeat steps 2 to 6 with each consecutive new generation until
a certain stopping condition is met.

The information containing which tuning parameters to use for each indi-
vidual was encoded in a string of 11 bits called the chromosome. The number
of bits necessary to encode each parameter can be calculated by applying the
logarithm base two to the number of possible values for each parameter. Four
bits were used to represent the number of hidden layer neurons, three bits
for the training algorithm, two bits for the regularization parameter, one bit
for the activation function in the hidden layers, and one bit for the number
of hidden layers.

Selection of individuals can be done using tournament selection where
a certain number of individuals is randomly selected from the population
and then the best individual is used as a parent for crossover. This selection
method is analogous to the way individuals compete for mating in nature [78|.

Having the selected parents, crossover can be done using two-point split-
ting where two random points on the string of bits are selected to split the
genetic code in sections and then sections from the parents are mixed as
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Figure 4.6: Flow chart of the genetic algorithm.
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demonstrated in figure 4.7. Any amount of points could be used in the split-
ting of the chromosome and having more points results in a higher amount
of possible combinations. Nevertheless, two splitting points provides with a
good amount of variability. Crossover serves the propose of generating new
offspring to be tested and carrying the genetic information from the best
fitting parents to the next generation [78]. Also, to increase the amount of
exploration done by the algorithm a certain percentage of the children are
simply obtained by cloning one of the parents. These children are known as
mutation children since they only differ from their parent because of muta-
tions.

Parent 1|1 (0| 1[1(0|0]O0O[1|0]1]|1

Parent 2| 1| 1 [1]0]0of1]ofoj1lo]1

Child 1|1 [1|1|1|ofo]o|[1|0|1]1

oma2[1[1]1o o100 T]1]

Chﬂd?)g]éiiflﬁ;;li‘l 0001|001

Chid4[ 1o tfofofr]ojojrjofr

Childb5| 1|01 [1]0|0|0]1]0]0O}L

childel 11011 :EQfS:Q\:fif\:ofi(f):::ié 111

Figure 4.7: How two-point crossover can be done in the 11 bit long chromo-
some. Each couple of chromosomes can create up to six new combinations.

After this step, mutations can be applied by randomly selecting bits from
the child chromosome using a mutation probability value and then changing
those bits.

The first obtained score value for a given chromosome was maintained
throughout the evolution. This means that if chromosome appears in multi-
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ple generations, its score value will not be recalculated and instead its first
calculated value is used. This reduces the amount of time necessary for
tuning.

During the assessment of the algorithm, to test the amount of diversity
in each population, a diversity score can be calculated as stated in equation
4.24, where py;.. is the population size, ¢y is the number of bits per chromo-
some and hdist(c;,c;) is the hamming distance between chromosome ¢ and
chromosome j. Hamming distance is the number of bits that differ between
two strings of bits.

2 Psize Psize
hdist(c;, c; 4.24
Chits (pgize B psize) 22:; j:zi—&:& ( J) ( )

Wang [80] used an implementation of the genetic algorithm to calibrate
a rainfall- runoff model and managed to achieve a good calibration with ten
runs of 10000 fitness function evaluations each.

In this endeavor, a maximum number of generations of 50 was established
as the stopping condition. The number of individuals in each generation was
set to 20, the number of elites was set to two, the percentage of mutation
children was set to 10% and the mutation probability was set to 5%. The
selected fitness value was 1-AUC since the implemented algorithm does min-
imization instead of maximization.

4.3 Feature Selection

Dash et al. [81] defined feature selection as the process in which the features
are picked according the their relevance to the target concept. Smaller groups
of features are generated and evaluated until a certain stopping condition is
reached. So, in order to improve the model performance and results, a subset
of the initial features containing the most relevant features in this context has
to be selected. This is due to models performing better with a lower amount
features and also because some features that might be less relevant to the
problem could cause the model to behave poorly [82]. Also, feature selection
results in a simpler model that runs in a lower amount of time, with a better
accuracy, and with a reduction in the amount of storage required [83]. Feature
selection also provides a more comprehensible model that is easier to analyse
and explain. There are multiple methods to implement feature selection,
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each of them with their own conveniences. Brute forcing all combinations of
features is not a feasible method since the number of possible combinations
increases exponentially with the increase in the number of initial features.
Taking into account the available 98 features, a brute-force method would
test 2% — 1 ~ 3.17 x 10% combinations, therefore alternative methods need
to be used.

4.3.1 Selection Methods

SES is one of the possible algorithms to do feature selection, it works by
creating two sets of descriptors, the first initially containing all the possible
descriptors and the second is empty. Then, all the features present on the
first set are individually tested and the one that provided the best score is
added to the second set and removed from the first set. The process is then
repeated but each feature of the first set is tested together with the features
present on the second set until the best set of features has been found. The
algorithm finishes when all the features have been transitioned to the second
set. The second set is going to contain all the features ordered from most
relevant to least relevant. To finish the selection process, the final set of
selected features is the set containing the first n features from the second set
that provided the best score value.

Sequential Backward Selection (SBS) works in similar way but instead
of sequentially adding features to a set of best features, all the features are
tested together and sequentially transitioned to a set of worst features. Se-
quential search methods are easy to implement and provide a feature set that
is suitable for the implemented model. The number of combinations tested
by the sequential feature selection methods increases with the square of the
number of features. The number of combinations in relation to the number
of features n can be calculated as follows:

n

Y i= ki (4.25)

: 2
=1

So, for the 98 available features, the model would be tested 4851 times.
The drawback of SF'S and SBS is that the model is trained at each iteration
to test each set of combined features, thus it can be slow.

There is also the option of using the Minimum Redundancy Maximum
Relevance (mRMR) selection algorithm. This algorithm scores each feature
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Figure 4.8: Flow chart of the SF'S algorithm.
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according to their redundancy and relevance to the problem, so, features
that have high relevance and low redundancy earn a higher score [84]. This
method does not directly use the learning model to estimate these parameters
and is based on the mutual information between features. According to
mRMR, a set of best features S needs to be found such that its relevance Vg
is maximized and its redundancy Wy is minimized.

Vs = 5l ZI (z,y) (4.26)

z€eSs

Z I(z,2) (4.27)

x,2€8

These parameters are calculated using the mutation information (I) be-
tween two sets of random variables. So the redundancy of a set of features
is the average amount of mutual information between features, while the rel-
evance is the average amount of mutual information between each feature
and the target variable. The mutual information between A and B can be
calculated as follows:

P(A=a;,B="0,)
P(A = a;, B=b,)l ’ J 4.28
To attain the ordered set of features use:
[idx ,scores| = fscmrmr(inputs, targets );

Then, the features can be sequentially added (best scoring first) in the
model to find which set of features provides the best results. mRMR is
relatively fast at calculating the scores.

If we consider the 98 available features, the mRMR approach would test
the model 98 times while SBS and SFS would test the model 4851 times.

As a third alternative, PCA could also be applied to the EEG to generate
new features which would correspond to the resultant principal components.
PCA allows for a change of basis on the data to find new axes that are more
relevant in terms of variance. These axes are called principal components
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and can be used as features. So, 98 principal components would be gen-
erated by the PCA algorithm from the original 98 features. Only a subset
of those components needs to be selected, corresponding to the ones that
have a higher influence in the spread present in the data distribution. These
are the components that generate the highest variation in the data. These
components are calculated by applying a linear combination on the original
data variables [85]. PCA does not take into account the labels for classifi-
cation as it is purely based on the distribution of the input data. A visual
representation of the principal components is presented by figure 4.9.

Principal Component Analysis

Coordinate 2

L | 1 1 | |

_4' | | |
-5 -4 -3 -2 -1 0 1 2 3 4 5!

Coordinate 1

Figure 4.9: An example of PCA on two dimensions. The data coordinates are
remapped to principal components one and two. Component one captures
the highest amount of variation on the original data.
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4.3.2 Solution

In this work, feature selection was done in three separate occasions. First,
mRMR was used to obtain a set of features to be used on the model tuning
process. Then, after the model was tuned, feature selection was executed to
find out a best possible set of features, this time using SFS. Finally, PCA
was applied to the previously selected features to further reduce the dimen-
sionality.

4.4 System Summary

A summary of the steps needed for the implementation of the system is
displayed in the diagram presented in Figure 4.10. The whole architecture
can be described as the following set of procedures required for the conception
of the entire system:

e Feature Extraction and Calculation: numerical attributes need to
be extracted from the raw data set in order to be used as predictors by
the classifier.

e Feature and Data Scaling: to improve classification, features and
some of the EEG data needs to be scaled as they could exhibit different
data distributions.

e Data Set Balancing: the number of samples needs to be balanced
between different classes of samples.

e A-phase Classification Algorithm: ML algorithm that learns to
classify A-phase samples using the extracted features.

e Training Process: data needs to be divided into training, test and
validation sets before training.

e Tuning the Model: to improve results, the learning parameters as-
sociated with the algorithm need to be tuned.

e Feature Selection: to improve results, a smaller set of features needs
to be selected.
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Figure 4.10: Diagram containing all the proposed steps required for the con-
ception of the system.



4.5. SOFTWARE AND HARDWARE RESOURCES

4.5 Software and Hardware Resources

This work was developed under the MATLAB environment as it provides
multiple tools that facilitate the implementation of neural networks and other
procedures necessary for the detection system. Also, MATLAB provides sim-
ple to use materials that are well tested. Most of the procedures required for
the conception of this system were implemented by directly using MATLAB
functions.

In terms of hardware, the project was implemented and tested on two
machines with the following specifications:

CPU: Intel i7-9750HF, 2.6 GHz, 6 cores.
GPU: NVIDIA Geforce GTX 1650, 4 GB V-RAM.
RAM: 16 GB.

CPU: Intel i5-4460, 3.2 GHz, 4 cores.
GPU: No Graphics Card.
RAM: 12 GB.

The first machine is a portable computer which was used to implement
the system on MATLAB and to run short tests, while the second machine is
a desktop used for the longer tests.

4.6 Evaluation Methodology

4.6.1 Metrics for Evaluation

To improve the proposed implementation, metrics for the evaluation of the
proposed method need to be administered. These metrics help to decide
which changes to make on the system and to also give a final rating to it with
the perspective of choosing the best option. The correctness and performance
of the whole system is directly dependent on the classification of the A-phase
samples. Therefore, the proposed system can be evaluated using diverse
metrics that are already used to score ML algorithms themselves.
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Correctness Metrics

In terms of correctness, the model was evaluated using accuracy, sensitivity
and specificity values which can be calculated using the following formulas:

TP+TN

A _ 4.29
Y = TP TN+ FP+ FN (4.29)

TP
S tivity = ————— 4.30
ensitivity = o (4.30)

TN
 ficity = ——— 4.31
Speci ficity TN+ FP (4.31)

TPs are positive samples that were correctly classified as positive, TNs are
negative samples that were correctly classified as negative, FPs are negative
samples that were incorrectly classified as positive and FNs are positive sam-
ples that were incorrectly classified as negatives samples [86]. In this work,
A phase samples are positive samples and not-A phase samples are negative
samples. Therefore, this work is going to focus on the binary classification
between A phases and non-A phases.

Accuracy provides an overall idea of how well the model behaves on all
tested samples, in short, it is the percentage of correctly classified sam-
ples(TPs and TNs). Sensitivity, also known as True Positive Rate (TPR),
indicates how well the classifier behaves on positive data, meaning that a high
sensitivity corresponds to less positive samples being classified as negative
samples. Specificity, on the other hand, shows how the classifier performs on
negative data, so a classifier with high specificity is less prone to classifying
negative samples as positives ones [87|. Specificity is also known as the True
Negative Rate (TNR).

Ideally, a good classifier would exhibit high values in terms of sensitivity,
specificity, and accuracy together. For example, in binary classification, a
classifier that shows a very high sensitivity (close to 100%) but a very low
specificity (close to 0%) means that all samples are mostly being classified
as positive samples, even if they are negative, which renders the classifier
useless. Also, using the accuracy value alone to score the ML model can
be misleading since the data may exhibit some imbalance between positive
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and negative samples. So, for instance, if there are 90 negative samples and
10 positives samples, classifying all samples as negative would lead to an
accuracy of 90%, a specificity of 100%, and a sensitivity of 0%.

As a fourth possible measure, AUC is calculated as the area below the
ROC plot and could be also used to measure the model correctness. The
ROC plot plots the TPR (same as sensitivity) for each False Positive Rate
(FPR) for different classification thresholds [88]. Equation 4.32 shows how
to calculate the FPR.

FPR = FPF+—PTN = 1 — Specificity (4.32)

To plot the ROC curve, the classification threshold is first set to a value
such that all samples are classified as negative samples, this is going to incur
in a FPR of 0% and a TPR of 0%, then this threshold is gradually changed
until all samples are classified as positives, leading to a FPR of 100% and a
TPR of 100%. All the points in between are plotted on the graph, and points
that are closer to upper left corner of the graph signal a good classification
since they provide a good TPR for a low compromise in FPR. So, the ROC
chart works as a way of assessing the trade-offs between TPs and FPs. ROC
plots that are above the diagonal line signify a model that is better than
random classification, and the closer the graphs are to the upper and left
border, the better they are. Figure 4.11 shows different ROC plots.

Taking all of this into account, the AUC value can range between 0 and 1
or 0% and 100%, and an AUC above 0.5 or 50% signifies better than random
classification.

Classification error on the test set is another metric for estimating model
correctness, and its value directly depends on the selected cost function.

AUC would be desired as the selection metric for the tests since it has
been shown to be a better metric than accuracy to evaluate the predictive
ability of learning algorithms [89]. As an alternative, the arithmetic mean
between the sensitivity, specificity and accuracy values can be used to select
networks in a similar way to the AUC value.

Performance Metrics

Model performance is also important since it would be valuable to achieve
the best solution in the least time possible. This includes measuring the time
for training and the number of training epochs. The amount of variation in
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Figure 4.11: Three different ROC charts. Classification for graph A is better
than for graph B, and graph C is worse than random classification.

terms of correctness in the trained networks is also an important measure as
a too high variation may signify a few problems like the model having a high
amount of dependence on the initial weights. The spread can be measured by
directly applying measures such as the standard deviation on the correctness
measures.

4.6.2 Evaluation of a single classifier

To evaluate the results in a more detailed manner, the results of a single
trained classifier can be also summarized using a set of four charts:

e Confusion Matrix: organizes the number of samples in a table ac-
cording to their original labels (targets) and the classification labels
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(predictions). It can used to calculate the number of TP, TN, FP, and
FN as well as the accuracy, sensitivity and specificity values for the
classifier. The amount of misclassifications can be easily understood
using this chart. Figure 4.12 presents a confusion matrix where class
1 represents not-A samples and class 2 represents A samples. In this
confusion matrix the bottom three percentages from left to right are
the specificity, the sensitivity and the accuracy values. As an example,
460 A-phase samples were classified as not-A samples by the classifier.

Confusion Matrix

| 21672 460 \
5 4 97.9%
= 5| 69.5% 1.5%
=
£ 7 3801
=5 w 526 N
o & 41.9%
& 169% | 12:2% (

80.4% 89.2% 81.6%

Class 1 Class 2
Target Class

Figure 4.12: An example of a confusion matrix for a trained classifier.

¢ ROC chart: plots the TPR for each FPR at different classification
threshold values for each class of samples.

e Train state plot: displays gradient magnitude and number of failed
validation checks at each epoch. The gradient magnitude can be used
to assess the learning speed at different epochs. The number of failed
validation checks indicates if the model has problems such as overfit-
ting. Figure 4.13 presents a train state plot where the first graph plots
the gradient value for each training epoch and the second graph plots
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the number of repeated failed validation checks for each training epoch.
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Figure 4.13: Train state plot for a trained classifier. The first graph plots
the gradient value for each training epoch and the second graph plots the
number of repeated failed validation checks for each training epoch.

e Performance plot: shows the cost function value for the training,
validation and/or test sets at each training epoch. Problems such as
underfitting, overfitting and others can be easily detected on the per-
formance chart. Figure 4.14 presents an example of a performance plot
with cross-entropy as the cost function.
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Figure 4.14: Performance plot for a trained classifier.

4.7 Key Remarks

A classification FFNN was utilized for the detection algorithm. The training
algorithm is going to improve the results of the neural network by changing
its weights and biases. Processes such as the division of data, the weight
initialization, and the implementation of the network were thoroughly ex-
plained.

Multiple parameters needed to be selected for the creation of the neural
network. To prevent problems such as overfitting and underfitting, model
tuning was executed using a genetic algorithm. This algorithm selected the
network’s parameters that provided the best results in terms of AUC.

Finally, feature selection was applied on three different occasions. Ini-
tially, a feature selection method using the mRMR algorithm was used to
selected features for the tuning process. Then, feature selection was applied
using SFS to select features with the tuned model. Lastly, a final feature se-
lection method was applied using PCA to further reduce the dimensionality
of the input variables.
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Chapter 5

Results

The main results of the proposed solution are going to be thoroughly pre-
sented in this chapter. A discussion is going to follow the presentation of the
results.

5.1 Initial Results

A set of initial results had to be obtained to have a comparison measure for
the improvements done in the subsequent sections. With the features and the
model fully implemented, two fold cross validation was applied on an initial
model with initial parameters and all of the available features as inputs.
These parameters were arbitrarily selected taking into account the problem
at hand. Fach fold was trained 50 times to achieve statistical significance in
the results, therefore 100 neural networks were trained in total. The results
of these networks in terms of AUC, Accuracy, Sensitivity and Specificity
are displayed on table 5.1. The mean, standard deviation, minimum and
maximum values of each metric is presented on the table.

Table 5.1: Results using two fold cross validation with all the features.

H AUC(%) Acc(%) Sen(%) Spe(%)

Mean 75.21 70.49 65.91 71.43
Std 8.5 7.76 9.71 8.91
Min 37.36 35.63 42.23 34.27
Max 83.13 78.75 84.69 84.11
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5.2 mRMR Feature Selection

After testing the model with the initial conditions, mRMR was run to obtain
scores associated with each feature. The model parameters from the previous
test were maintained for this selection. As explained, the available features
were then progressively added to the existing model and tested by order of
score given by the mRMR algorithm. Each set of features was tested using
LOO with 10 repetitions per fold. With this finished, a smaller set of 13
features was selected. On the trained conditions, the set provided an AUC
value of 80.57%. According to the scoring, the best feature was Shannon
Entropy and the selected set also contained Amplitude Variation and PSD
on the Delta, Theta and Beta 1 ranges. The AUC values for each iteration
of the mRMR algorithm can be seen on figure 5.1. The selected features are
also presented on table 5.2. This table also presents the AUC values for the
set containing the presented feature and the features above in terms of score.
For the model tuning, the selected 13 features were used as inputs. This
allowed for a faster model tuning as the amount of inputs is reduced.

mRMR Features
85 T T T T T T

AUC(%)

50 | | | | | I | | |
0 10 20 30 40 50 60 Y0 8 90 100

Steps

Figure 5.1: AUC Value for each set of features.
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Table 5.2: Table containing the features selected by the mRMR.

Number H Designation AUC(%) Sen(%) Spe(%) Acc(%)
8 Shannon 51.66 41.42 61.06 57.88
45 Skewness (c4) 71.05 66.42  63.34 63.51
48 || Log Energy (c4) 7583  69.85 6847  68.01
93 Skewness (c14) 76.79 70.96 67.62 67.30
16 Welch PSD (theta) 79.85 73.97  T71.18 70.49
86 Kurtosis (c13) 79.59 74.12  70.57  70.06
5 Amplitude Variation — 79.27 73.69 69.60 69.06
78 Kurtosis (¢10) 79.66 74.03 70.56 69.99
17 Welch PSD (alpha) 79.40 74.26 69.36 68.95
89 Renyi (c13) 78.99 73.52  69.98  69.52
35 Mean (c3) 79.06 73.94 7027  69.89
15 Welch PSD (delta) 78.90 73.68 70.03 69.42
19 Welch PSD (beta 1) 80.57 75.27 70.66 70.27

5.3 Model Tuning

Having completed the mRMR feature selection, model tuning was executed
using the initially discussed configuration and the features selected by the
previous selection step. Fach individual configuration was tested five times
using two fold cross validation. As explained, the GA was carried out with
a population of 20 per generation, a mutation rate of 5%, 10% of mutation
children, a maximum number of generations of 50 and the number of elites
was set to two. The results were summarized using a set of graphs and tables.
The diversity values for each generation of the genetic algorithm are displayed
on figure 5.2. The mean and best fitness values for each generation are
demonstrated on the graphs presented in figure 5.3. The algorithm achieved
a minimum fitness value of 0.18979 at generation 15, which is equivalent to an
AUC of 81.02%. The network configuration that managed to achieve these
results was composed by two hidden layers of 190 neurons each, the activation
function in these layers was the sigmoid, the regularization parameter was
set to 0.07, and the training algorithm was the Rprop.
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Figure 5.2: Population diversity values for each generation.

5.4 SFS Feature Selection

With the tuned model, feature selection using SFS was carried out. This
selection step was carried out on all of the available features and not on
the features selected by the mRMR algorithm. This is because the initial
selection step had the objective of improving the tuning of the model and not
selecting features for the final model. In each step of the SF'S algorithm the
model was tested using two fold cross validation with one repetition. The set
of features that provided that highest mean AUC value contained 16 features.
This set managed to achieve an AUC of 83.0%, a sensitivity of 74.0%, a
specificity of 73.2% and an accuracy of 72.6% on two fold cross validation.
The results for the multiple sets in terms of AUC, accuracy, sensitivity and
specificity are presented on table 5.3. Each row of the table corresponds the
results for the set containing the features from the first row to the row in
question. According to the selection, PSD on the Delta Band using Welch’s
method is the best feature. For comparison purposes, the results of the model
using the selected features on LOO are presented on table 5.4, together with
the LOO results using the initial model and all features. The values on the
left columns correspond to the results from the initial model, while the values
on the right columns correspond to results provided by the tuned model with
the features selected by SFS. Each row represents the results for one specific
patient assigned as the test set, with the rest of the patients being used
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Figure 5.3: Fitness value for each generation.

for training and validation. The mean, standard deviation, minimum and
maximum of the parameters are also presented on the bottom of the table.

5.5 PCA

With the 16 features selected by the SFS, PCA was employed to further
reduce the number of features necessary. This reduction was directly ap-
plied on the 16 features. With a cumulative percentage of variance value of
81.98%, six principal components were extracted. The collective percentage
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Table 5.3: Table containing the AUC, sensitivity, specificity and accuracy
values for each step of the SF'S.

Number H Designation AUC(%) Sen(%) Spe(%) Acc(%)
15 Welch PSD (delta) 72.5 76.3 39.9 44.2
60 Variance (c6) 75.8 66.3 69.0 68.4
50 Tsallis (c4) 77.5 63.8 76.6 74.8
19 Welch PSD (beta 1) 80.4 73.5 71.6 71.6
98 Tsallis (c14) 81.2 74.4 72.4 72.6
36 Variance (c3) 81.8 67.5 78.7 77.1
7 Amplitude Range 81.5 71.3 75.2 4.7
2 Variance 82.4 72.9 74.9 73.9
18 Welch PSD (sigma) 82.7 73.2 74.8 74.1
78 Kurtosis (c10) 82.3 71.5 74.3 73.3
71 Shannon (c9) 81.9 73.6 72.1 71.6
73 | Renyi (c9) 81.3 744 733 734
46 Kurtosis (c4) 82.0 72.9 75.3 74.8
96 Log Energy (c14) 81.9 78.5 70.2 71.1
64 Log Energy (c6) 81.2 73.5 74.0 73.9
81 Renyi (c10) 83.0 74.0 73.2 72.6

of variance covered by the principal components is displayed on figure 5.5.
The six extracted components were used as features using the model with
the parameters selected by the GA and retrained with LOO. The results
obtained from the trained networks are summarized on table 5.5.

5.6 Data Removal

To visualize the relationship between the amount of training data and the
network performance, removal of the training data was applied in steps of
20% and at each step the final model was retrained using the reduced data.
This process can work as an indicator of the necessity for additional data in
the model. The results of this analysis in terms of AUC are presented on
figure 5.6.
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Figure 5.4: Mean AUC Value for each step of the SFS algorithm. The best
mean AUC value is plotted for each iteration of tests.
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Figure 5.6: AUC value for different percentages of training data used on the
final model.

5.7 Discussion

The initial networks using all the available features show good results with an
average AUC value of 75.21% using two fold cross validation, and of 79.27%
using LOOQO. Still, improvements were made to obtain higher correctness met-
rics.

With this in mind, the initial mRMR selection method managed to select
a set of 13 features which provided an AUC of 80.57% on LOO. This indicates
an increase of 1.3% from the initial model. In figure 5.1, it is observable that
the AUC roughly maintains its value between the first 5 and 19 features. Any
of the sets outside these boundaries would not be desirable for the selection.
As seen, too few features might not provide enough information to the model
for training, while too many features might weaken the model by giving it
unnecessary information and complexity.

In the genetic algorithm, the best fitness value at the last epoch reaches
a minimum value of 0.18979 at generation number 15, there is also a high
drop in the population diversity in the generations that follow. This indicates
that the algorithm has saturated to a specific set of individuals that are very
similar and therefore the evolution is slowed down. After about generation
25, the diversity values are close to the mutation chance (5%), from here
on the diversity does not drop significantly since mutations are keeping the
diversity at these values. The average fitness score of the generations seems to
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fluctuate, but a global down trend is observable during the initial generations.

Finally, the subsequent SF'S managed to collect a total of 16 features
with the tuned model. This selection criteria was based on the AUC value.
Also, the highest point in terms of sensitivity occurred at step 30, and the
peak specificity and accuracy values occurred at step 6. After about step
6 the AUC roughly maintained its value. This suggests that the first six
features would be enough for the model to obtain decent results. At step
30 an instance of high sensitivity and low accuracy and specificity values
is observed, most probably caused by a bad random combination of folds.
Compared to the initial results in terms of LOO, the tuned model with the
16 selected features managed to increase its average AUC value by 3.71%.
The average accuracy, sensitivity and specificity values increased by 1.79%,
4.21% and 1.42% respectively. These results show that both feature selection
and model tuning are able to improve the results of a trained model to a
significant degree by reducing the complexity of the model and eliminating
unnecessary information.

The model performed worse on patients that had sleep disordered breath-
ing shown by an average AUC of 71.19%, which is lower than the average
AUC for healthy patients by 14.93% (86.12%). This is caused by the fact
that these patients are harder to classify as well as the fact that there are a
lower amount of sleep disordered breathing patients than healthy individuals
on the data set. Therefore, the data provided by these patients cause the
overall results to be worse than if only healthy individuals were used, but
the employed approach illustrates a more realistic picture of how the model
would perform under real circumstances.

From the data reduction process demonstrated in figure 5.6, it can be
concluded that an increase in the amount of training data would not cause a
significant difference on the final results in terms of AUC. This is indicated
by the visible asymptote at a value close to 83%. Also, the difference in terms
of AUC between using 80% of the original data and 100% is of only 0.11%.

The further reduction of dimensionality provided by PCA lowered the
amount of input variables from 16 to six, while also reducing the mean AUC
value by 1.47%. Taking into account the tuned structure of the network, the
amount of weights and biases of the model is reduced by 4.76%. Also, the
ratio between the AUC and the number of weights and biases is improved by
3.14%. Therefore, the cut in the number of inputs managed to reduce the
complexity of the model while also slightly increasing the ratio between the
performance and the complexity of the algorithm.
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For comparison purposes, table 5.6 presents the results of some of the
studies discussed in the state of art together with the results of this work.
The works included in this analysis mentioned using sensitivity, specificity
and accuracy to evaluate their models. Of these, the approaches presented
by Navona et al. [26], Mariani et al. [29-31], Mendez et al. [34] and Niknazar
et al. [38] used only data from healthy individuals. Five of these works
managed to achieve a higher accuracy than this work with the third work
by Mariani et al. [31] retaining the highest accuracy value. In terms of
sensitivity, this work obtained a higher performance than four of the six
works. As explained, the usage of data from patients with sleep conditions
has the capability of reducing the accuracy of the model. As such, it is
expected that the model trained in this work to achieve a lower performance.
Therefore, the results of this work were obtained in a significantly more
challenging population, making the direct comparison with other state-of-
the-art works difficult. Nevertheless, the achieved results are likely to be more
generalisable as both healthy and sleep disordered subjects were examined
and employed to produce the models.

Of the three remaining works, which used data from individuals with
some sleep condition, the work presented by Mostafa et al. [39] obtained
lower performance metrics with an accuracy of 67%. The work employed
the use of a featureless method with a combination of a deep auto encoder
and a shallow neural network. The works presented by Mendonca et al.
[36,37] attained both superior results with accuracy values of 79% and 76%
reached by means of a LSTM and a FFNN respectively. However, in terms
of sensitivity, both works managed to obtain a weaker value. It is important
to highlight that a high sensitivity is of the upmost importance for CAP
A Phase analysis as this metric will determine the ability of the model to
designate an individual epoch labeled as A phase in the data set as an A
phase. Also, taking into consideration the strong data imbalance in the A
phase distribution, having a high sensitivity is crucial to have a model useful
for real world applications. Both of these works applied a post procedure
to the data returned by the model which improved the results by reducing
the amount of misclassifications on the boundaries between CAP events.
Taking this into account, the presented work holds a performance similar to
the performance of the featureless LSTM presented by Mendonga et al. [36].
Also, the second work by Mendonga et al. [37] extracted eleven features of
which five where selected by the SFS. In contrast, this work extracted a total
of 98 features of which 16 where selected for the final model.
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5.8 Key Remarks

An initial model was trained with all the available features to make an intro-
ductory evaluation of the proposed model. Then, 13 features were selected
using the mRMR selection algorithm which resulted in an increase of 1.3 %
in the AUC value. This selection step was crucial to reduce the amount of
features for the tuning process as all features would result in a slower train-
ing of the networks necessary for the GA. These features were then fed to
the model and, as explained, tuning was employed using the GA to find the
most adequate parameters for the networks. Afterwards, feature selection
was executed again on the tuned model using SFS, where 16 features were
selected. This resulted in an increase of 3.71% in terms of AUC from the
initial model. The performance of the tuned model with the selected features
managed to attain a performance of 82.98%, 73.47%, 77.26% and 73.63% in
terms of AUC, accuracy, sensitivity and specificity respectively. Finally, PCA
was applied over the selected features and resulted in a reduction from 16 to
six features with the performance to complexity ratio increasing by 2.43 %.

Compared to the previous works done in the area, the results attained
by this final model managed to achieved a similar performance when looking
at the works that employed a comparable approach. This work focused on
achieving a balanced results with the sensitivity and specificity having similar
values. This allowed for more useful results for real case scenarios.
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Table 5.4: LOO results on the initial model and the final model.

Patient AUC(%) Acc(%) Sen(%) Spe(%)

initial | final | initial | final [ initial | final | initial | final

1 86.52 | 89.38 | 74.14 | 73.92 | 84.84 | 90.01 | 72.69 | 71.75
2 78.26 | 80.55 | 69.49 | 71.10 | 73.53 | 76.83 | 69.02 | 70.44
3 79.17 | 84.91 | 66.91 | 76.81 | 78.18 | 75.42 | 65.96 | 76.93
4 76.45 | 81.14 | 69.45 | 71.63 | 70.95 | 76.25 | 69.33 | 71.26
5 87.00 | 89.63 | 74.47 | 77.5 | 85.51 | 86.29 | 72.79 | 76.17
6 89.51 | 91.12 | 82.82 | 82.46 | 79.15 | 85.62 | 83.40 | 81.96
7 86.10 | 89.92 | 74.54 | 73.46 | 87.16 | 95.14 | 73.29 | 71.31
8 79.00 | 80.62 | 73.60 | 70.23 | 67.10 | 75.79 | 74.40 | 69.54
9 84.47 | 90.41 | 76.14 | 77.90 | 80.30 | 90.72 | 75.83 | 76.97
10 73.68 | 78.99 | 63.98 | 69.41 | 72.73 | 73.79 | 62.94 | 68.89
11 79.53 | 83.88 | 67.11 | 72.79 | 79.62 | 80.14 | 65.74 | 71.99
12 85.98 | 85.97 | 80.66 | 76.64 | 77.15 | 82.09 | 81.17 | 75.85
13 81.26 | 86.67 | 78.72 | 78.91 | 70.27 | 80.35 | 79.87 | 78.71
14 88.66 | 90.60 | 83.10 | 80.46 | 77.68 | 86.67 | 83.89 | 79.55
15 85.87 | 87.99 | 78.13 | 75.47 | 80.86 | 87.12 | 77.69 | 73.59
16 71.56 | 72.37 | 58.42 | 66.45 | 73.84 | 65.80 | 57.03 | 66.51
17 72.61 | 76.58 | 72.35 | 73.55 | 48.97 | 51.63 | 80.69 | 81.36
18 63.18 | 67.16 | 60.29 | 63.12 | 54.47 | 51.97 | 63.00 | 68.33
19 57.40 | 68.66 | 57.58 | 64.18 | 45.61 | 56.38 | 63.24 | 67.87
Mean || 79.27 | 82.98 | 71.68 | 73.47 | 73.05 | 77.26 | 72.21 | 73.63
Std | 1049 | 7.62 | 9.27 | 6.61 | 12.85 | 14.55 | 9.52 | 7.52
Min | 57.40 | 67.16 | 57.58 | 63.12 | 45.61 | 51.63 | 57.03 | 66.51
Max | 89.51 | 90.41 | 83.10 | 80.46 | 87.16 | 95.14 | 83.89 | 81.96

Table 5.5: Results using LOO with the six first principal component.

H AUC(%) Acc(%) Sen(%) Spe(%)

Mean
Std
Min
Max

81.51
7.80
06.52
91.21

70.79
6.82
92.30
88.37

77.41
14.10
20.76
96.41

70.50
7.74
49.88
89.99
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Table 5.6: Comparison between of the state-of-the-art results and the pre-
sented solution.

Work H Subjects Method Acc(%) Sen(%) Spe(%)

139] 14 EEG' directly fed on a 67 55 69
classifier
Features with thresh-

129] 8 olds for classification 72 02 76
EEG directly fed to

137] 19 three classifiers 76 [E m
Frequency features

[26] 10 with  thresholds for 7 84 90
classification

136] 1 Multlple .features on 79 76 30
nine classifiers
threshold RMS and

[38] 5 SLBE 81 76 81

134] 5 kNN with entropy and %9 87 4
spectral features

130] g Eeatures fed in 3 clas- 35 73 87
sifiers
Linear discriminant

[31] 16 function with segmen- 86 67 90
tation step

. Multiple features on
this 19 FFNN 73 7 74
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Chapter 6

Conclusion

6.1 Overview of the work

The advent of sleep related conditions lead to the necessity of advancements
in their diagnosis. CAP is an important indicator of these conditions and
works as an essential tool for the detection of patterns in the sleep structure
that relate to instability in the electrical activity of the brain. Due to the
slow nature of the manual classification of CAP phases, the necessity for the
automatic detection of CAP is evident. For that, features were extracted
from the EEG samples of 19 individuals to build an A-phase classification
algorithm. The descriptors were collected based on the problem knowledge
and previous approaches use to solve the problem at hand. This approach
stands in contrast with featureless methods which rely on the model being
able to classify samples based purely on the raw signal data.

The extracted features provided relevant information for the classification
algorithm. This is proven by the good results obtained during the training
of the model. The performance of the model was further improved by means
of model tuning and feature selection which proved to be essential for the
project. The employed GA managed to select the best parameters for the
network using a versatile approach which can be applied in a variety of prob-
lems. Also, both the mRMR and SFS selection steps managed to improve
the tuning of the model, reduce the complexity of the model and improve
the overall results of the classification. Furthermore, the final dimensionality
reduction step using PCA further decreased the complexity of the algorithm
at a low cost in terms of performance. Finally, all of the additional processes
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and techniques such as feature scaling, data balancing and others provided
an understanding of the matter at hand and helped on the conception and
consolidation of the entire system.

Regarding the literature, the results were in line with the state-of-the-
art works in terms of accuracy, sensitivity and specificity. These metrics are
themselves standards for the evaluation of these types of ML models. The us-
age of patients with sleep related disorders solidified the results by presenting
a more realistic evaluation of the model performance on real scenarios.

With regards to software, the tools provided by MATLAB facilitated the
implementation of the proposed model by allowing the utilization of simple
to use functions to implement the neural network and the other processes
necessary for the development of the Al system.

During the development of the solution it was observed that testing the
method required some careful planning as the training of the algorithm itself
required a long execution time. This is due to complexity of the network,
the amount of training data and the hardware. In contrast, testing code in
other areas of development does not often require waiting for code to run
for such long periods of time. Thus, the development of the system can be
slowed down.

In summary, the objectives of the work were met. The detection algorithm
was implemented and achieved good results in terms of sensitivity, specificity,
accuracy and AUC. Overall the project provided valuable contributions to
the related areas of knowledge and can lead to future real world applications
regarding automatic sleep analysis.

6.2 Limitations of the Work

The use of a data set with a low amount of individuals is not ideal for the
evaluation of the method. It would be necessary to test this algorithm on
a bigger data set with thousands of patients to more accurately assess its
performance. Also, data from patients with different sleep disorders would
be required to verify the capabilities of the model on different kinds of con-
ditions. Finally, it was also not possible to test all existing ML algorithms
and features. This would allow for a more comprehensible analysis of all the
possible methodologies to solve the problem of sleep disorder diagnosis by
means of ML.
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6.3 Future Work

For the future, multiple class classification of the A phase sub types could be
addressed by tuning the model and selecting features under those conditions
to evaluate the model performance.

Class balancing techniques could also be more thoroughly tested by train-
ing multiple models under different algorithms to check which ones resulted
in a better classification of CAP.

Also, feature selection and tuning could be tested together on the same
process by using the genetic algorithm with features and parameters simul-
taneously added on the genetic sequence.

Finally, other ML frameworks such as TensorFlow could be used to im-
plement the algorithm and compared to the solution provided by MATLAB
in terms of ease of implementation and performance on the hardware.
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