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Abstract

Analysis of recorded brain activity is one of the main investigation methods in modern
sleep medicine and research. Long duration and complex nature of the data make it
di Cculit for manual investigation. Moreover, high inter-subject variability could cause
problems in automatic processing. This thesis focuses on the problem of automatic EEG
pattern detection. We concentrate on artifacts and sleep spindles as two typical patterns in
sleep EEG. We review the methodologies and strategies used in real sleep research practice.
Moreover, we investigate and test the performance of state-of-the-art approaches for the
tasks. We propose enhancement methodologies and use expert’s strategies for automatic
method development. The proposed methods utilize recent advances in EEG pattern
detection. They are adaptive and fully unsupervised. In the thesis, testing is performed
on the data collected from subjects su [ering from a sleep disorder which increases inter-
subject variability of the data. We analyze obtained results in aspects of formal statistical
measures and using visual inspection of the data providing more details about data nature.

Keywords: sleep EEG, pattern detection, machine learning, clustering, adaptive meth-
ods, Riemannian geometry
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Abstrakt

Analyza mozkové aktivity je jednou z kliCovych vySetfovacich metod v moderni spankove
medicing a vyzkumu. Ruéni vyhodnocovani EEG zaznami komplikuje rozmanitost a délka
namérenych signall. Zejména vysoka interpersonalni variabilita zpUsobuje problémy pfi
automatickém zpracovani. Hlavnim cilem disertani prace je automaticka detekce EEG
grafoelement(l. Navrzena metodologie umoznuje rozpoznavat klinicky vyznamné spankové
vzory jako artefakty a spankova vieténka. V ramci této prace byly zkoumany rdizné
metodologie vyuZivané vyzkumnymi spankovymi laboratofemi a otestovana vykonnost
nejmoderngjsich pristupl v této oblasti. Byla navrzena metodologie, umoziujici integraci
efektivnéjSich metod rozpoznavani a vyuZziti expertnich strategii pro vyvoj automatickych
metod pro hodnoceni spankovych dat. Vyuzity byly nejnovéjsi poznatky v oblasti detekce
EEG vzor(, zejména v oblasti adaptivniho zpracovani signalu a metod uceni bez ucitele.
Metody byly pouzity na realné klinické zaznamy subjektd se spankovou poruchou, u nichz
je velmi vysoka interpersonalni variabilita EEG dat. Ziskané vysledky byly statisticky
validovany. Nedilnou soucasti prace je visualni inspekce vystupd v ramci celé navrzené
metodologie, coz umozni lépe interpretovat ziskané vysledky a ziskat jasnéjsi pfedstavu o
povaze analyzovanych dat.

Kli¢ova slova: spankové EEG, detekce grafoelementd, strojové uceni, shlukovani, adap-
tivni methody, Riemannova geometrie
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Chapter 1
Introduction

Analysis of recorded electrical brain activity (EEG, see in Section 2.1.2) is a widely used
method for brain investigation. Its inexpensiveness and low technical requirements caused
spreading it into many research elds and, in particular, in sleep medicine. Sleep is an
unconscious process, objective observation and measurements are required for conducting
research in this eld. Recorded brain activity along with other body measurements (PSG,
see in Section 2.1.2) serve as a source of information about internal physiological processes.
Speci c processes can be recognized from signal patterns occurring in sleep recordings.
Analysis of such signal patterns makes a great impact on sleep research by providing the
connection between pattern properties and other physiological/psychological traits of the
investigated subject.

The thesis focuses on the problem of automatic identi cation of patterns in sleep EEG.
Long duration, variation of patterns and their simultaneous occurrence make it di cult
for manual investigation. The main objective of the study is the design and development
of methods for automatic identi cation of EEG patterns, which could perform well on
sleep data. It also should be stable to inter-subject variability of data, which is even more
severe for data collected from subjects su ering from sleep disorders. To overcome this
problem, we propose methods based on adaptive techniques and unsupervised machine
learning approaches which allow for signal processing independent of examples collected
from other subjects. In this study, we concentrate on brain signals only; however, the
proposed methods could be easily extended to other channels of sleep recording.

Detection of two kinds of EEG patterns is discussed in the study. The rst one is an
artifact pattern, which can be de ned only by comparison to normal EEG data. This is
a typical example of outlier detection. It is discussed in two aspects: a detailed artifact
detection for short-term sleep data and approach for processing a whole night recording.
The proposed methods based on machine learning are discussed regarding state-of-the-art
methods. The other typical kind of EEG pattern is described by spectral and amplitude
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characteristics. In this case, we concentrate on sleep spindle detection in sleep EEG. We
propose a new adaptive method and compare it to a traditional approach often used in
clinical practice and neurological research. Finally, we examine how to combine results of
previously developed methods. Using detection from several methods at once instead of
choosing only one detector bene ts for visual data inspection.

In the thesis, we focus on the real problems that occurred in a sleep research laboratory.
Testing is concentrated on processing data recorded from patients su ering from insomnia
and other sleep disorders due to high variability in terms of similarity of data character-
istics in comparison to recordings of healthy subjects. All methods are implemented and
used for data research and data processing in the sleep laboratory in the National Institute
of Mental Health, Czech Republic. Implementation details of the methods are provided
as well.

1.1 Goals of the thesis

The main goal of the thesis is to propose adaptive and e ective methods for automatic
sleep EEG pattern detection. The methods should be adaptive to overcome inter-subject
variability caused by sleep disorders. In the described research, we investigate problems
of detection of two types of EEG patterns: artifacts and sleep spindles. The main goals
may be summarized as follows:

To investigate the problem of automated pattern detection in a sleep EEG recorded
as a part of a whole night PSG. To review a pipeline for sleep PSG/EEG data
processing and pattern detection used in real practice. To test state-of-the-art-
methods on data collected from patients su ering from a sleep disorder.

To study the problem of artifact detection in a long-term EEG for a practical ap-
plication. To propose and test an adaptive and unsupervised improvement of the
existing method to increase adaptability.

To research spectral properties of sleep EEG and propose an automatic abnormality
detection using Riemannian geometry. To implement a designed solution and test
it on real sleep EEG recorded from subjects su ering from sleep disorders.

To study the problem of adaptive segmentation for automatic pattern detection with

a focus on sleep spindle detection as a domain problem. To propose an adaptive
sleep spindle detection method and test it on the real sleep EEG data from subjects
su ering from sleep disorders.
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To investigate the problem of aggregation of outcomes of existing methods for de-
tection visualization. To investigate the strategy used by experts and implement a
solution, which provides supporting information to manual data investigation.

1.2 Thesis organization

The rest of the thesis is organized as follows. Chapter 2 provides medical and technical
background for brain signal measurements, sleep recordings, and automatic pattern detec-
tion in biomedical signals. An artifact detection pipeline for processing of long-term EEG
and an proposed artifact detection method is presented in Chapter 3. Next, Chapter 4
concentrates on artifact detection in a short-term sleep EEG and presents a novel artifact
detection method based on Riemannian geometry. Chapter 5 focuses on the problem
of sleep spindle detection in one channel EEG and describes a novel proposed adaptive
method. The problem of aggregation of results obtained by previously developed methods
Is investigated in Chapter 6. The last Chapter 7 summarizes the thesis and provides an
overview of succeeding in achievements of goals stated in Section 1.1.

1.3 List of Author's Publication

Journals with impact factor

E. Saifutdinova, M. Congedo, D. Dudysova, L. Lhotska, J. Koprivova, and V. Gerla,
An unsupervised multichannel artifact detection method for sleep eeg based on
riemannian geometry , Sensors vol. 19, no. 3, 2019,ssn: 1424-8220doi: 10.
3390/s19030602(16/16/16/16/16/16)

V. Gerla, V. Kremen, N. Covassin, L. Lhotska, E. Saifutdinova, J. Bukartyk, V.
Marik, and V. Somers, Automatic identi cation of artifacts and unwanted physio-
logic signals in eeg and eog during wakefulnesBiomedical Signal Processing and
Control, vol. 31, pp. 381 390, 2017issn: 1746-8094doi : 10.1016/j.bspc.2016.
09.006 (12/12/12/12/12/12/12/12)

D. Dudysova, K. Veldova, M. Smotek, E. Saifutdinova, J. Koprivova, J. Buskova,
B. A. Mander, M. Brunovsky, P. Zach, J. Korcak, V. Andrashko, M. Viktorinova,

F. Tyls, A. Bravermanova, T. Froese, T. Palenicek, and J. Horacek, E ects of
daytime administration of psilocybin on sleep: Similar changes to antidepressants? ,
Frontiers in Pharmacology 2019 (submitted)
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Conferences

Publications are listed in chronological order (from newest to oldest).

E. Saifutdinova, D. U. Dudysova, V. Gerla, and L. Lhotska, Improvement sleep
spindle detection by aggregation techniques , it5th Mediterranean Conference on
Medical and Biological Engineering and Computing (MEDICON2019)2019 (ac-
cepted) (25/25/25/25)

E. Saifutdinova, D. U. Dudysov4, L. Lhotska, V. Gerla, and M. Maca?, Artifact
detection in multichannel sleep eeg using random forest classi er, 2018 IEEE
International Conference on Bioinformatics and Biomedicine (BIBM) Dec. 2018,
pp. 2803 2805.doi : 10.1109/BIBM.2018.8621374 (20/20/20/20/20)

M. Macas, N. Grimova, V. Gerla, L. Lhotska, and E. Saifutdinova, Active learn-
ing for semiautomatic sleep staging and transitional eeg segments ,2018 IEEE
International Conference on Bioinformatics and Biomedicine (BIBM) Dec. 2018,
pp. 2621 2627.doi : 10.1109/BIBM.2018.8621339 (20/20/20/20/20)

V. Gerla, V. Kremen, M. Macas, E. Saifutdinova, A. Mladek, and L. Lhotska,
Expert-in-the-loop learning for sleep eeg data, i2018 IEEE International Con-

ference on Bioinformatics and Biomedicine (BIBM) Dec. 2018, pp. 2590 2596oi :
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Chapter 2

Background Knowledge

2.1 Measurements

2.1.1 Electroencephalogram

This section provides biological and technical background on the recording of brain ac-
tivity. Neurons are the basic data processing units of the brain. They are very closely
interconnected via axons and dendrites [79] and communicate with each other by sending
electrical impulses, which arrive simultaneously and, then, are added together. It leads to
the generation of an electrical discharge, known as action potential (a nerve impulse"”).
The action potential forms the input to the next neuron in the network. The goal of
electroencephalography monitoring method is to record this electrical activity. Obtained
data are called electroencephalogram (EEG).

Recordings made from electrodes placed on the surface of the scalp using a distance
reference electrode are the resultant eld potential at the boundary of a large volume
conductor containing many active neurons. Action potentials in axons contribute little
to scalp surface records as they are asynchronous and the axons run in many di erent
directions. Surface records are the net e ect of local postsynaptic potentials of cortical
cells. These may be both excitatory and inhibitory [79]. The internationally standardized
10-20 system is employed for routine clinical practice. In this system, electrodes are
located on the surface of the scalp by speci c measurements taken between constant
anatomical landmarks to determine the placement of electrodes. Exactly, the distance
from the nasion (bridge of the nose) to the inion (the lowest point of the skull from the
back of the head), and the distance of the preauricular-to-preauricular line as shown in
Figure 2.1 [79]. Bipolar or unipolar electrodes can be used in the EEG measurement. In
the former method, the potential di erence between a pair of electrodes is measured. In
the latter method the potential of each electrode is compared either to a neutral electrode
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Figure 2.1: The international 10-20 system seen from)left and (b) above the head [79].

Figure 2.2: Bipolar @) and (b) unipolar measurements [79].

or to the average of all electrodes as it is shown in Figure 2.2. Typical EEG waveform

depends on the measurement location and reference method.

The basic EEG types can be distinguished based on purpose and methodology of [53],

[79]:

Spontaneous EEG, measured activity that goes on continuously in the living indi-
vidual over a period of time. The amplitude of the EEG is about 100V when
measured on the scalp, and about 12V when measured on the surface of the
brain. Frequency is usually under 50 Hz.

Evoked potentials, components of the EEG that arise in response to a stimulus
(which may be electric, auditory, visual, etc.). Such signals are usually below the
noise level and thus are not easily distinguished, and one may use signal averaging
to improve the signal-to-noise ratio.

Single-neuron behavior can be examined using microelectrodes, which impale the
cells of interest. Through studies of the single cell, there is a hope to build a model
of cellular networks that will re ect actual tissue properties.
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