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Chapter One

INTRODUCTION

1.1.Preface

Despite of the broad spectrum of electrophysiological and imagitigoo® available in
the field of neurobiology still little is known about how exactly complex neural dynamics
emerge. Hopefully, application of novel theoretical approaches and coropatati
methods aimed for analysis and modeling of complex systems mighti@ravileeper
insight into physiological and pathological mechanisms of the brain.

With advent of relatively cheap and high performance personal compaopdristeated
and computation demanding time series analysis methods becanablavial a broad
brain research community. Application of chaos theory and non-linear dermies
methods gave a deeper insight into brain dynamics reflected by Eja&ssiFor a
comprehensive recent review on non-linear analysis of EEG | refdi@]. This
approach relies on a transition from the time domain to the phase space and generation of
trajectories for EEG time series using different embedtiogniques. Inferences about
brain dynamics were drawn by estimating different charadterist trajectory attractors
using measures such as the correlation dimer3ipthe fractal dimensiobys, the largest
Lyapunov exponenitt;, etc. Early results were promising and suggested a deteiminist
nature of brain dynamics with a rather low-dimensional chaotic behavior in physalogi
and pathological conditions that could not be revealed using simple firethods such
as the power spectral analyses. Filtered noise, however, cag thienisignatures of
deterministic chaos [17]. This latter finding necessitated/gioa of results obtained by
non-linear techniques. Surrogate data analyses [18] did not entirely sapdgrtesults

on the low-dimensional chaotic behavior of the brain. This was ireagnet with the
finding that the relatively high complexity of the EEG signals duasallow a reliable
dissociation of its waxing and waning oscillations exceeding 2-1%rs that of the
filtered white noise [19-21]. As a consequence alternative approasresdeveloped
including novel non-linear and stochastic time series analysis methods.

Unlike deterministic approaches aimed at finding low-dimensiaelos, the self-
organized criticality (SOC) framework allows for describitige high-dimensional

character of the dynamics and the presence of stochastic eff2§isSOC is a
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phenomenon characterizing systems that might arrive at @atstate (phase transition)
without any tuning of a specific parameter [23]. The proof of presence of SOC rexjuires
demonstration of spatio-temporal long-range correlations and powesekle-free (also
called self-similar or fractal) fluctuations [24]. Scaledr behavior means that no
characteristic scales dominate the dynamics of the underlyinggses. It also reflects a
tendency of complex systems to develop correlations that decay mong atawextend
over larger distances in time and space than the mechanishes widerlying processes
would suggest [24-26]. The long-range correlations build up through ilteaactions
until they extend throughout the entire system. After this stagedyhamics of the
system exhibit power-law scaling behavior and the underlying pramessites in a
critical state [23, 27].

Several features of neural networks are consistent with SOC asughHarge number of
elements (neurons) interacting with each other in a nonlinear aay gresence of
threshold for spiking), a possibility to change and save connectivitweba the
elements (e.g. via synaptic plasticity), absence of any speciamptar tuning, and
spatio-temporal dynamics obeying power-law statistics [22, 28¢ridcal state is a
regime of a system where opposing forces are balanced. In trmusieystem such a
balance might be represented by the relationship between excitatbmfabition,
which is known to be important for the transfer of information [29] fandhe sustained
neuronal activity [30]. Neural network simulations demonstrated tleatptbsence of
long-range spatio-temporal correlations is beneficial for themaptitransfer of
information since these correlations represent an optimal conmgeob@tween high
susceptibility to perturbations and stability in the system [31, 32].

All these properties of the brain suggest that the SOC paradight be an appropriate
tool to investigate and model of neural activities. In line witls thactal geometry of
brain structures [33, 34] as well as power-law spatio-temporal piepef neuronal
activities have been revealed. Although the spatial power spectrsikydéP SDx) of
scalp EEG recordings might deviate from the ideal power-lale-$e behavior [35],
the PSDx of epipial EEG conforms to it [36]. Temporal long-rangeetadions were
observed at different levels of the brain electrical activigrdrichy in different species
and during different conditions. For example, Lowen et al. revealedh#andividual
ion channel currents show long-term correlation and possess fofarties [37].
Considering spike trains in extracellular recordings, long-tewsmetations were found

among interspike intervals of the medullary sympathetic neuronssn3&jt Spasic et
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al. showed that the fractal dimension of local field potentials rafesthetized rats
changes significantly after unilateral discrete injury [39].cEah exponent of EEG
activity in the Gallotia galloti lizard decreased with the increment opésature from 25
°C to 35 °C [40].

1.2. Motivation and aims

Overall, the motivation of my research is two-fold and the workIthate done may be
related to different general steps of brain research (Figure 1.1). From thetittaé @oint

of view | am interested in how complex neural dynamics emergessadifferent scales
and how are these dynamics related to different physiological patbological

mechanisms that thoroughly affect the information sensation, processingge and
retrieval of the brain. On the other hand, | am interested inigmhetspects of brain
research as well. Namely, as an engineer | am also motivatedet how biologically-
inspired information processing models can be transferred into ¢attapplications,
including the control of the brain itself. At the confluence of ngneyal research
interests | found the investigation of vigilance level and epildpspe of a crucial
importance given the well-known influence of these basic mechanismshen
information processing properties of the brain. Thus, | devoted my RidBrdgtyears to
explore the capability of the SOC paradigm to describe the infamaiocessing
properties of the brain by fractal analyses of physiologicalbséael epileptic neural
activities. However, due to the size limitations of the diasert and the difficulties
related to the analyses of epileptic activities | will here concentrate sampation of my
results related to fractal analysis of the human sleep EEG only. To draanirésrabout
fractal properties of the brain activity | assessed topographics®p stage-wise
distribution of monofractal and multifractal EEG features and #lation of these
measures with power spectral properties. With a more praatcéivation in the

background | assessed whether a combination of fractal and poweakp&sH features

7St|mu|| Brai Information Pre- Feature Inferenci
’ rain acquisition processing extraction
Intervention
. Event
Intervention detection
selection prediction

Figure 1.1. A possible process diagram of brain analyses and intervention.
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might improve the classification of the vigilance state.

1.3. Framework of the dissertation

In Chapter 2, a general description of materials and methods thabé&eneaised during
the investigations is provided. Methods related to specific partseofeisearch will be

provided in the corresponding chapters.

In Chapter 3, topographic and sleep stage-wise distribution of mondfracth
multifractal sleep EEG measures and their relation to powestrapbeneasures are

assessed.

In Chapter 4, sleep stage discrimination capability of fractal and power $peeasures
of EEG signals recorded at different topographic locations wadgzadawith a special

regard to combination of different features.

Conclusions are given in Chapter 5.

Summary of the new scientific results in form of thesis ankhelion of possible
applications can be found in Chapter 6.

Chapter 7 contains appendices.

1.3.1.General notes

From now on (except of Chapter 6) | will use “We/we” insteatl’'o§ince most of the
research was carried out in collaboration.

Although the notations used within a single chapter are unique, the sanbol may
denote diverse quantities in two different chapters.
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Chapter Two

MATERIALS AND METHODS

2.1.Subjects and EEG recordings

Twenty-two healthy subjects with no sleep disturbances, free of drugs and med@astions
assessed by an interview and questionnaires on sleeping habits ahgadgipated in

the study (age: 17-55 years, mean+S.D.: 3149 years, 11 males and 11)fehhales
study was approved by the ethical committee of the Semme lwgiersity and subjects
gave written informed consent to participation. Sleep was recomtlethe sleep
laboratory for two consecutive nights. The present study was based sectra night.

The timing of lights off was determined by the subjects, and moawskenings were
spontaneous. On average subjects spent 462.39+69.01 (mean£S.D.) minutes in sleep.
Sleep was recorded by standard polysomnography, including electroenceggitalog
(Fpl, Fp2, F3, F4, Fz, F7, F8, C3, C4, Cz, P3, P4, T3, T4, T5, T6, O1 and 02
electrodes), electrooculography (EOG), bipolar submental electroapfog(EMG) and
electrocardiography (ECG). EEG electrodes were referenced to the cenatatsdstoid.
Midline EEG electrodes were referenced to the right néstoipedance of the EEG
electrodes was kept below 5 k Signals were collected, pre-filtered, amplified and

digitized at a sampling rate of, = 249 Hz using the 30 channel Flat Style SLEEP La

Mont Headbox with implemented second order filters at 0.5 Hz (higl) pags70 Hz
(low pass) as well as the HBX32-SLP 32 channel preamplifiarMbont Medical Inc.,
USA). Additionally, a 50 Hz digital notch filtering was performed tmgans of the

DatalLab acquisition software (Medcare, Iceland).

2.2.EEG processing

Pre-processing and feature estimation were accomplished irf-deseloped EEG
visualization and processing toolbox under Matlab2009b (MathWorks, Natick, MA,
USA). This toolbox is freely available under GNU license upon req(#EL
Calculations were performed on different hardware configurations andatioge
systems. Computation times presented later stand for the foll@eimfgguration: Linux
operating system; Intel Xeon 64 bit 3 GHz CPU with 8 cores, 2ddé&he memory; 2
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GB RAM memory. Statistical analyses were performed usingTESTICA (StatSoft,
Inc., Tulsa, OK, USA) and Matlab2009b.

2.2.1.Pre-processing

Although hardware filtering had been applied during EEG recordinge sartifacts
remained. Thus, we first performed software filtering on the E&& recordings with
Butterworth IIR filters (eight order 0.3 Hz-70 Hz band-pass and 5dizh with a
quality factorQ =45). To avoid phase distortion, we used the buififilt() function of
the Matlab for zero-phase digital filtering.

For all subjects a hypnogram was prepared according to the Redfegacand Kales
standard [15] using 20 s long epochs. To compare the analyzed EEG Sadhiting
different sleep stages 90 epochs of 20 s length were seleatedleep stages NREM2,
NREM4 and REM (30 minutes/stage) for all subjects. Selectioludad segments

without artifact contamination only.

2.2.2.Fractal analysis

Monofractal and multifractal properties of the selected EEG epeehs evaluated by
estimation of the self-similarity parameteér (also called Hurst exponent or Hurst
parameter) [42, 43] and the range of fractal specty (44], respectively. To estimate
H, we applied the rescaled adjusted range based approach, @Whias approximated
by estimation of generalized dimensions spectra. The briefipéserof the applied

methods can be found in the following subsections.

2.2.2.1. Estimation of the Hurst exponent

The stochastic procesx(t) with continuous parameteris self-similar with the self-
similarity parameteH if the distribution of the rescaled proces§ X ( ct) is the same as

the distribution ofX(t), where ¢ >0 is arbitrary [43].H is widely used to assess

monofractality, scale-free properties and the degree of longreamgporal correlations
of time series. Whe® < H < 0.5, an increase in the process is more probably followed
by a decrease (anti-persistence) and vice-versa, the processideced to have short-
range dependence. I =0.5, observations of the process are uncorrelated. When

0.5<H <1, an increase in the process is more probably followed by an inaesdsa
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decrease is more probably followed by a decrease (persistence), the prozesisiésed
to have long-range dependence [42, 43, 45-47].

Basically two kinds of homogenous self-similar signals ekiattional Gaussian noises
(fGn) and fractional Brownian motions (fBm). fGn processes are demsl to be
stationary with a constant mean value and constant variance imegrvthile fBm'’s
exhibit non-stationary property with a time-dependent variance. fGn andifghals are
interconvertible. Taking the differences between neighboring elsnaéran fBm time
series one might create an fGn signal, while by cumulative sdiomof fGn elements
one can generate a motion process. The corresponding fBm and fGis signa

characterized by the sanht Self-similarity of a time series is also reflected lit

power spectrum. The power versus frequency relationship is giveR(dyp f*,

where is called spectral or fractal exponent. Depending on the typerattalf signal

the relationship betweeH and is given by H =(k +1)/2, - &< k< 1 for fGn and
H=(k-1)/2,% k< & for fBm. Similarly, H is linearly related to the detrended
fluctuation analysis (DFA) exponent[48, 49] asH =/ for fGn signals andH =/ -1

in case of fBm processes. Additionally, the Hurst exponent is abBtdelo the widely

used fractal dimension akl = -2, for fBm time series [50, 51]. Although many
approaches are available for the estimationHofmone of these can be generally
considered as an ideal one because of differences of fGn and fBm signals [50, 52-54] and

doubts related to the estimation of non-linear parameters from tmes eé finite length

[47, 55-59]. For the estimation dfi we used the rescaled adjusted rangeRpS

statistics based method [42, 43, 45]. We implemented this method keemimgdirthe
stationarity properties of the analyzed EEG segments and théh&dathis method is

applicable to stationary fGn processes or to differenced fBm signals only.

Here we provide a short description of this approach.)Lé:h) be a discrete time series.

The partial sum process is defined as

Y(n=X(i), nl . (2.1)

The sample variance of the proc&ssan be obtained using

s(=1" X(i)-% (r)Z_ (2.2)

Nz
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The adjusted range is given by

R(n) =maxD(i) - minD(i), (2.3)

1EiEn 1£i£n

where
D) =Y(i)- i—nY(n). (2.4)

The R/ S statistics or the rescaled adjusted range is defined by
RIS()= R/ $ ) @25)

In [43] it was proven that for self-similar processes the erpewalue of R/ S( 1jis

proportional ton™ , i.e.

E[R/S(n)] ~C,,n", (2.6)

asn®¥ , whereC, is a positive constant ardl is the self-similarity parameter of the

process. Using this power-law relationship the Hurst exponent can be edtopate

H ~log(E[R/S(n))/log(n). (2.7)
To estimateH, the N sample point long data segmenthdl £ 20* 249= 498() were
subdivided intK blocks (K =20). Blocks of lengthN/K corresponded to duration of 1
second.R/S( r) was computed starting at poinks=IN/K+1, 1 =0,1,...K - . These
values can be denoted by(k,n)/ S k 1. Overlapping of blocks was avoided, the
upper boundary, i.e., the high cut-off poiritcf = 249) of n was limited toN/K. This

resulted K different estimates ofR(n)/S( ) for each value of lag. By plotting
log R(k,n)/q k ® versuslog(n) we got the so-called pox plot for thR/S

statisticsH can be estimated by fitting a straight line to the points slut.H is equal

to the slope of the fitted line. Pox plots for 20s long representatiam electrical
activities recorded from subject #16 (channel Cz) during slegestNREM4, NREM2
and REM can be seen in Figure 2.1. Due to the transient zone at teadao¥ the plot
we set a low cut-off point as well. The low cut-off poifhtf(=50) was ~20% ofN/K .
Thus, we used only values of that lie between the low and high cut-off points to
estimateH. This range oh (Icf ~0.2s, hcf ~1¢<) was in agreement with the scaling

range [0.2 s 1 s] used for estimation of DF&xponents in [60]. Hereby our estimations
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were not influenced by the frequency cut-offs of the applied 0.3Hz-70K& 383s)-
(0.014s)* band-pass filter. The computation of a singlevalue took about 1.8 s with

these particular settings.

2.2.2.2 Estimation of multifractal spectra

Homogenous self-similar time series can be described by & single-free exponent.
These signals are also called monofractal time seriesitidwally, heterogeneous
multifractal time series showing self-similarity only in &aanges of the structure also
exist. Their scale-free property varies in time. Hence they shouttkbemposed into
many sub-sets and characterized by different exponents. This canrieel cat by
estimation of fractal spectra. Using the Alfréd Rényi's geliwsd entropy, a continuous

spectrum of generalized dimensions (also called Rényi dimensioinactal spectrum)
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Figure 2.1. (A€) Examples of EEG segments recorded from subject #16 during tlgep SIREM4 (A
NREM2 (B) and REM (C). -F) Pox plots of theR/ Sstatistics and the estimated \tlues for the EE
segments presented in the top row (D: NREM4; E: NREM2; F: REGH) Generalized dimensit
spectra and the estimatedD values for the EEG segments presented in the top row (G: NREA
NREM2; I: REM)
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Dq can be defined, wheréé £ E¥ [61]. A common method for estimation of fractal
spectra is the box-counting technique. In this study we applied a box-gpappnoach

that is based on estimation of the moments of signal amplituttdwli;on and was also

used in [44]. One reason for choosing this method is that a previous study [62] revealed a
promising sleep stage classification performance based on trapyemtf amplitudes
(ENA), a measure that is closely related to the amplitudelisbn of time series. In

our caseDq is defined as follows:

D, = lim log_c(adv) :
o0 (q-1)logaV

gtl. (2.8)

aV is the bin width or box length (set to O\3in this case based on the conversion
range and the resolution of the analogue to digital converter)pditidion function can

be obtained using

b(aV)
c(aav)= ¢ (gaV), (2.9)

i=1

whereb(aV) denotes the number of non-overlapping bins

Vmax " Vmin

- (2.10)

b(av) =

V.., andV_ . are the maximum and minimum values of EEG signals recordedgdurin

ax

measurements, respectively, (qa’V) = ' is a weighted measure that represents the

percentage of EEG values that falls into ittebin, andq is the moment or weight of the

measure. Ifn is the number of EEG values in tik bin andN is the total number of the

samples, than the probability that the signal falls intatthein of lengthadV is:

_n 2.11
h=y (2.11)

Some of theD, values are known under different names and widely used in theofiel

time series analysif) is the Hausdorff-Besicovitch or fractal dimension. o1 one

should use

b(av)
- plogn

D, = lim —=

—_—= 2.12
N®0 |Og(]/a\/) ( )
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where the numerator is the well-known Shannon’s entropy and can be teldE&uh

applied in [62].D, is called correlation dimension.

The range of fractal spectra is defined ﬁ):max(Dq)-min(Dq), where
max(Dq):D_¥, min(Dq):D¥, i.e.,, DD =D, -0, since Dy is a monotonically

decreasing function. D is a measure of multifractality, indicates deviation from
monofractal. Larger D indicates multifractality, while smallerD indicates that the
analyzed system tends to possess the monofractal property. We egbtimatrange

values byDD =D ., - D, based on preliminary analysis (Fig. 2). The approximation of

a single D value took about 2.4 ms with these particular settings.

2.2.3.Power spectral measures (PSMs)

To assess the relationship between fractal measures and powealspeperties of
sleep EEG signals, we estimated the relative power of wideg &requency bands
(RBPs). Relative powers were used instead of absolute ones ino@eyid the effect
of variation of total power across subjects. To describe speutyperties in a more
compact way, we calculated the spectral edge frequdgggifice this measure can be
considered as a clinically well-established EEG measure foitonioig sleep cycles and
depth of anesthesia [62-65].

Before estimation of power spectral EEG features, Hanning windowas applied to
the selected epochs to damp out the frequency leakage, i.e. the Gibbs guiamonat

originates from truncation of time series. From these windowee s$eries the power

spectra P(f) were obtained using the Fast Fourier Transformation (FFTh wit

frequency resolutiorDf =0.152 Hz and range[o Hz,f /2 Hz]. The relative power of

the B frequency band can be calculated from a power spectrum as follows:

PBI‘ = i :—i:Blb , (213)

wherePr is the total power of the time serid%; is the total power of thB frequency

band, f, =(i - 1)Df with a maximal value off,/2 wheni =N, By, andBy, are indices

corresponding to the upper and lower boundary frequencies & lblad, respectively.
The analyzed bands were as follows: SO: (0.5-1] HZ1-4] Hz, : (4-8] Hz, : (8-11]
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Hz, :(11-16] Hz, : (16-30] Hz, : (30-70] Hz. These frequency bands are thought to
represent specific EEG patterns. Slow oscillations (SOs) assessed separately from
delta band activity given their distinct characteristics [66, 67].

The spectral edge frequency was defined as the frequency up toS&éh of the total

power of the[O Hz,f, Hz] frequency range is accumulated:

fse fcse
P(f)df ===

. 100 |

P( f) df. (2.14)

In this studySEP and cut-offf.se frequency parameters were set to 95 % and 70 Hz,
respectively. According to Eg. (2.14) and the nature of sleep EEG, igwalues can be
predicted for deeper sleep stages since during these sta@®atbe spectrum is biased
towards lower frequencies.

Calculation of power spectra and their parameters can be dealinest real-time using

the FFT algorithm with appropriate settings and hardware architecture.
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Chapter Three

FRACTAL PROPERTIES OF THE HUMAN SLEEP EEG AND
THEIR RELATIONS TO POWER SPECTRAL MEASURES

3.1.Introduction

The exact values of fractal measures may be related to biophyscabnisms and the
neural architecture underlying oscillations [22], however, given thertamties related

to the estimation of these measures [47, 55-59] it might be masenadale to compare
the variances of features for different conditions. In line with, thiseries of human
studies revealed differences in the fractal measures betspsmific conditions. For
example Linkenkaer-Hansen et al. showed that mu and alpha oscillat@a sisnilarly,

but beta oscillations have a significantly smaller scaling expawnpared to these two
latter oscillations during eyes-closed state [22]. Another study shtvet long-range
temporal correlations are stronger in the eyes-closed conditimoragared with the
eyes-open condition [68]. In the study of Nikulin and Brismar largest exponent values for
alpha and beta oscillations were found during the eyes-closed conditio@ accipital
and parietal areas [28]. Fractal dimension was found to be significantly higher faydrow
EEG compared to the wake state [69]. Increased sensory inpubf#dgh level of
alertness [71] was shown to disrupt long-range temporal correlations. ISgudras also
addressed self-similarity of sleep EEG [46, 60, 72-76]. Generally, shakese studies
reported higher scaling exponents and thus stronger long-range teoguoglations for
deeper sleep stages. However, these studies were limited bysardgwing rate (100Hz

in [46, 73-75]; 128Hz in [60]) or a low number of EEG channels (Fpz-Cz ar@zRn

[46, 75]; Cz in [73, 74]; C3 in [60, 76]; C4 in [72]). Furthermore, in contrasthe
general opinion that the EEG is more regular and synchronized diemyger sleep
stages, the only study that assessed multifractality of the BEe€pfound that the EEG

is most multifractal during NREM3 and NREM4. It is to be notkdt thone of the
abovementioned sleep studies assessed topographic aspects of thealtérapta
properties. Moreover, as far as we know, no previous study carried out a joint analysis of
monofractal and multifractal properties, neither the relationsleifween fractal and
power spectral measures was assessed yet. Therefore, inuthiswe attempted to

address these theoretical controversies and shortcomings by estimispatial and
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sleep stage-wise distributions of temporal monofractal and raclit properties of the
human sleep EEG and by assessing the relation of fractal meastrgower spectral
properties. Our analyses included: comparison of inter-site cooredateéstimations of
cross-correlations between monofractal and multifractal meassrasell as between
fractal and power spectral measures, multiple linear reigresanalysis, hierarchical
clustering of the EEG channels and measures, assessment afrgdaieel differences

of particular measures.

3.2. Methods

3.2.1.Recordings and estimated measures

All analyses except of the assessment of gender-related ddésravere carried out
using the recordings of 22 subjects introduced in the previous chapteteiGanalysis
was carried out using recordings of 17 subjects only. Nine femgée 285—37 years,
meanzS.D.: 29.1+3.9 years) and eight male (age: 24-37 years, mearg5oh4.2
years) healthy young adults were selected from the database tentderand female
groups with similar case numbers and similar age characteristics,(raege and S.D.).
Monofractal and multifractal properties of the selected EEG epeehs evaluated by
estimation of the self-similarity parameter and the range of fractal spectraD,
respectively. Power spectral properties of the human sleep EE& assessed by
calculating relative band powers and the spectral edge frequenaje®elescription of
estimation settings can be found in the previous chapter. Additionallgstieated the
multifractal measures for the whole-night EEG recording Wfhs overlap of the 20 s
long epochs to reveal general tendencies of the measures across diffepestagles. To
emphasize slower dynamics and suppress promiscuous perturbatiorsntioator due

to artefacts we applied moving average to the whole-night cowfs¢he measures.

Moving average of the)((i) discrete time series with daa+1, a=1,2,.. long sliding

window was defined as:

MA(i) = 2&1+1j::x (7). (3.1)

The value of parametexr was set to 45 for visualization purposes, depicting this way

averages of 91 estimated value#icdnd D.
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3.2.2.Statistical analysis
3.2.2.1.Topographic distribution of EEG measures across different sleep stages

At the individual level comparisons between sleep stages religtieoselected 3x90
epochs of 20 s length. To test whether the fractal vari&blesd D are both together
affected by the sleep stages, first we performed one-way multivariateisuoélyariance
(MANOVA). The independent variable “STAGE” contained groups NREM4ENR
and REM. Afterwards, to identify the specific dependent variahtscontributed to the
significant overall effect, one-way ANOVA test was appliedbodh dependent variables
(H and D). Since ANOVA revealed significant main effects for bbtland D, Tukey
HSD post-hoc test was used for pair-wise comparison of group means. Alicstiaests
were carried out for all channels separately.

At the group level statistical analyses were carried out using indivicledieins of fractal
and power spectral measures. Normality of the estimated featasesested using the
Shapiro-Wilk W test, while the homogeneity of variances was etealuaith the Levene
test. Since not all of the estimated measures matched noravadithomogeneity in each
channel we evaluated the effect of sleep stages using the reongiac one-way
Kruskal-Wallis ANOVA. Individual medians of the estimated measuwvere grouped
using the independent variable “STAGE” having the same factors lageh the case of
individual-level analyses (NREM4, NREM2 and REM). Pair-wise comparof sleep
stages was carried out with rank post-hoc test. To test diffesebetween bilateral
symmetric scalp locations we used the Wilcoxon matched pairs test for eachnaraas
sleep stage. For this purpose eight symmetrical channel paitsH#2, F7-F8, F3-F4,
C3-C4, T3-T4, T5-T6, P3-P4, 01-02) and an additional midline channel paitzjFz

were formed.

3.2.2.2.Cross-correlation analysis

Cross-correlations were calculated between locations for tathaded measures (inter-
site correlations) and between the measures at each locationficgfec cross-
correlations were carried out between monofractal and multifratasures as well as
between fractal and power spectral features. Spearman’s tiorret@efficients were
calculated in all cases using individual medians of particular EEG nesa$ileep stages
were considered separately as well as together. To assessntiibution of specific
frequency band activities to the compact measutgs D andfs) we used multiple

linear regression analysis.
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3.2.2.3 Hierarchical clustering

Effect of topography was analyzed by hierarchical clustering of chahoekll three
sleep stages. Z-score standardization of the individual mediansamasd out for all
measures and channels separately. Hierarchical channel ctestemere generated by
pairing eight similarity measures (Euclidean distance (esi@ndardized Euclidean
distance (seu); Mahalanobis distance (mah); city block metitic Minkowski metric
(min); cosine distance (cos); correlation distance (cor); Chmwydistance (che)) with
seven linkage methods (unweighted average distance (ave); cedist@dce (cen);
furthest distance (com); weighted center of mass distance ;(stedjest distance (sin);
inner squared distance (war); weighted average distance (Webjormance of each
combination was assessed by calculation of the cophenet correlatftioieate(CCC).
We selected the similarity-linkage pair with highest CCC vatueluster the channels
into four and nine clusters. The 4-cluster analysis was aimed to reveal pgssiigangs
of neighbor EEG channels and thus forming e.g. anterior, posterior, cdateshl or
similar clusters. The 9-cluster analysis was applied to asdesther symmetrical EEG
channels (see section 3.2.2.1) also cluster together.

Clustergrams were generated for measure and channel clustsimg group-level
medians (medians of individual medians) of all measures imaitirels. Standardization
of features was performed across channels. Clustergrams, egclest maps and
dendrograms were examined for sleep stages separately. Hieahrcannel cluster
trees were generated using the cosine similarity metric a@dubweighted average
linkage method. Measure dendrograms were constructed applying the &udid&ance
as a similarity measure and the unweighted average method fogelinkzhannel
clustering was also carried out based on the two fractal nesagarwell as combining

the seven relative band powers.

3.2.2.4 Effects of gender

Normality of the estimated features was tested using the réRafilk W test. Since not
all of the estimated measures matched normality in each channel the effenstief was
assessed by the Mann-Whitney U test. Individual medians of aliré=ain all channels
and during all three sleep stages were compared separatelgiagd¢orthe “GENDER”

factor.
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3.3.Results

3.3.1.Distribution of EEG measures across vigilance states and topographic
locations

Since results found at the individual level were near similaosacsubjects here we
restrict presentation of individual data to a representative $u@6). Inspection of
individual whole-nightH and D profiles and corresponding hypnograms in this subject
indicated a visually striking correlation with the successionledpscycles. As can be
seen in Figure 3.1, as sleep deepEnmcreases andD decreases while with sleep
shallowingH and D exhibit an inverse course. In Figure 3#H2and D measures are
shown with an expanded time scale for a single sleep cycle thatinsomt typical
sequence of sleep stages and for three EEG channels to picture the varldtardoD
across brain regions and vigilance states.

One-way MANOVA analysis yielded a statistically significamierall effect for all
*)
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Figure 3.1. Hypnogram and whole-night courses of H aBdn subject #16. (A) Hypnogram prepa
according to the Rechtschaffen and Kales standard (E&jg 20 s long epochs. Time period betwee
vertical black lines is expanded in Figure 3.1. (B) Estimatedhaldes for clannel Cz and their movil
average (aCz) using a=45. (C) Estimate® values for channel Cz and their moving average (
usinga=45. A sudden increase of H (B) and drop &f (C) occurring at the beginning of the recorc

are due to immense artefacts before falling asleep.
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Figure 3.2. Subject #16, expanded hypnogram, H dhdourses corresponding to the interval den

by the vertical black lines in Fig A3 (A) Hypnogram prepared according to the Rechtschaffen and

standard [15] using 20 s long epochs. (B) Moving average of the estimated H values for cRp2n€ls
and O2 usinga = 45. (C) Moving average of the estimate values for channels Fp2, Cz and O2 u:
a=45.

channels (Wilks'/ =0.05- 0.0¢, F, .;,=340.04 437.8; p<0.0000:). Subsequent

one-way ANOVA tests revealed statistically significant main e$fémt both measures in
all channels < 0.0000:).
Figure 3.3 depicts the topography of averééfor the selected 90 segments) for the

three vigilance states. Highest aver&fgalues emerged in the frontal region during all

NREM4 NREM2 REM (A)
0.95
0.9
0.85
0.8
NREM4-NREM2 ~ NREM4-REM NREM2-REM (B)

060

Figure 3.3. (A) Subject #16, topographic maps of H averages (for the 90esebmmiments of 26
length) for sleep stages NREM4, NREM2 and REM. (B) Topographic mapsféoerdies of thed

averages between sleep stages.
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Figure 3.4. (A) Subject #8, topographic maps Dfaverages (for the 90 selected segments of 20s i

3.6
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2.8

for sleep stacs NREM4, NREM2 and REM. (B) Topographic maps for differences ofltleserage

between sleep stages.

vigilance states, while the minimum was found during REM in déetral zone. A
Hnrema > Hnremz2 > Hrew trend could be observed across the whole head surface. Post-
hoc tests revealed significant differences between stages NREM4 &d2\&s well as
between NREM4 and REM in all channelp € 0.000J). Comparison of NREM2 and

REM stages reached significancy at the following recordieg snly: Fpl, Fp2, F3, Fz,
F4, C3, Cz, C4 and P3(< 0.000)); T3 (p<0.002); T5 (p<0.01). Difference between

NREM4 and REM as well as between NREM2 and REM reached maxint@z
electrode (Figure 3.3B).

Measure D, as expected based on the inverse courseéaid D, showed an opposite
trend between sleep stagedrem > Dnremz >  Dnremsa (Figure 3.4A). During all
sleep stages minima ofD could be found in the fronto-central region. The central
difference peak that was present Fbr(Figure 3.3B) disappeared in th® difference
maps (Figure 3.4B). Multiple comparisons revealed significaimt differences

( p<0.000)) for all sleep stage pairs in all channels.

Topographic distributions of group-level medians for the three skeggsas well as
their differences are shown in Figure 3.5. Results obtained forab&lf measures were
in agreement with those obtained at the individual level. Namely, higheslues
emerged frontally during all sleep stages, while the minimwas found during REM in
the central zone. Alnrema > Hnrem2 > Hrem trend was present across the whole head
surface. MeasureD, showed an opposite trendDgev > Dnremz >  Dnrems. Minima

of D could be found in the fronto-central region during all sleep stagake higher
values were observed in the posterior circumferential channelentSHI difference
peaks that occurred for sleep stage pairs NREM4-REM and NREMZ2-d®kld not be
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Figure 3.5. Topographic distribution of grolgvel medians (medians of individual medians) fol
analyzed sleep stages and differences of these medians betweenaglegpRelative band powease

denoted by the labels of the corresponding frequency bands.

observed in the case oD. Power spectral measures also exhibited expected topography.
Relative band powers of slow activities (SO anidands) were higher for NREM4 than

NREM2 as well as for NREM2 than REM. Generall,,, showed a more even

topographic distribution when comparedRgp in all sleep stages. Across all sleep stages



Results 31

the minimum of P, occurred at the vertex during REM sleep. Frontal regions exhibited
slightly higher values ofP,,,compared to other regions during NREM2 and REM.

During NREM4 higherPy,, values occurred bilaterally in the fronto-temporal region and
in C4, P4, O2 channel®, exhibited higher values in the fronto-central channels during

NREM4 and NREM2 and in the central region during REM sleep. Gé&nefaster
activities (above 4 Hz) showed an opposite trend with lower relatinel power values
for deeper sleep stages. During NREM4 relatively even topogradtitoutions were
found for faster activities. During NREM2 higher values appeared in the postejiar,re

showing maxima in the parietal channels f&;. REM sleep revealed a more diverse

topography of faster activities. Maximum of theta activity wasnfl centrally. Highest
values in the and bands occurred in posterior channels. Finally, relative power of
and frequency bands peaked in temporal channels. Spectral edge frequencg showe
lower values for deeper sleep stages as it was conjecturedBgon(2.14). Slightly
higher values offsc were present in posterior channels during NREM4 and NREM2,
while during REM higher values were located in temporal channels.

Comparing sleep stages using one-way Kruskal-Wallis ANOV#eaked highly

significant (p<0.0000:) differences for all measures in all channels except for the
relative power of the band (Table 3.1). The level of significance fgy varied across

channels betweep < 0.01 and p<0.0000:. Pair-wise comparison of sleep stages using
the rank post-hoc test resulted in most significant differencesebe sleep stages

NREM4 and REM for all measures and channels with the exceptid}, ofThis latter

measure exhibited highest significance values between NREM4 aB§MRIE fronto-
centro-parietal channels (F3, Fz, F4, C3, Cz, C4, P3 and P4). In gesasalol non-
significant differences were observed between sleep sthREM2 and REM.
Comparison between NREM4 and NREM2 revealed significant valuesllforeasures
with the exception of the relativeband power which reached significancy in F3, C3, P3

and P4 channels only.

3.3.1.1.Interhemispheric comparisons

As expected, Wilcoxon matched pairs test revealed (Table 3.1l) migreficant
differences for the non-symmetric Fz-Cz channel pair as compaitdédtire other

symmetric channel pairs. Out of the 30 cases (10 measusetages) the Fz-Cz channel
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TABLE 3.1. RESULTS OF THEKRUSKAL-WALLIS ANOVA AND RANK POSFHOC TESTS

Measure Test Channel
Fp2 F8 T4 T6 02 Fpl F7 T3 T5 Ol F4 C4 P4 F3 C3 P3 Fz Cz
KwW 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5
H N4 - N2 >5 >5 >5 >5 >5 >5 >5 >4 >5 >5 >4 >4 >5 >4 >4 >5 >4 >3
N4 - R >5 >5 >5 >5 >5 >5 > > > > > > > > > >5 >5 >5
N2 -R >X >X >X >X <X >X >X >X >X >X >1 >X >X >1 >2 >X >2  >2
Kw 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5
D N4 - N2 <3 <3 <3 <3 <4 <4 <3 <3 <3 <4 <4 <3 <3 <3 <3 <4 <4 <4
N4 - R <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5
N2 -R <2 <2 <2 <2 <X <2 <2 <2 <2 <X <2 <2 <2 <2 <2 <2 <2 <2
KwW 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5
so N4 - N2 >4 >5 >5 >5  >5 >4 >5 >4 >5 >5 >3 >4 >5 >3 >3 >4 >3 >3
N4 - R >5 >5 >5 >5  >5 >5 >5 > > > > > > > > >5  >5  >5
N2 -R >X >X >X >X >X >X >X >X 0 >X >X >1 >1 >x 0 >2 >2 > >2 32
KW 5 3 3 5 2 5 2 2 5 2 3 3 3 3 3 5 3 2
N4 - N2 >X >X 0 >X 0 >X >X >X <X >X  >X >X >X >x >1 >1 >1 >2 >X 0 >X
N4 - R >5 >3 >4 >5 >X >5 >1 >2 >4 >2 >3 >3 >4 >4 >4 >5 >3 >2
N2 -R >3 >l >2 >2  >2 >3 >1 >2 >1 >1 SXO>X >X >X 0 >X >X >X >X
KwW 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5
N4 - N2 <4 <4 <5 <5 <5 <4 <4 <5 <4 <5 <B <83 <4 <3 <3 <8 <8 <3
N4 - R <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5<
N2 -R <1 <X <X <X <X <1 <X <x <1 <X <2 <2 <2 <2 <2 <2 <2 <3
KwW 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5
N4 - N2 <5 <5 <5 <5 <4 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <4 A4
N4 - R <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5
N2 -R >X >X <X <X <X <X >X <X <X <X <X <X <X <X <X <X <X <x
Kw 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5
N4 - N2 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5
N4 - R <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <3 <3 <4 <3 <3 <3 <3 <2
N2 -R >X >X >X 0 >X >X >X >X >X >X >X >x >l >1 >x >l >1 >X >2
KwW 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5
N4 - N2 <3 <3 <3 <3 <3 <3 <3 <3 <3 <3 <3 <3 <3 <3 <3 <3 <3 <3
N4 - R <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5
N2 -R <3 <3 <2 <2 <2 <3 <3 <3 <3 <2 <3 <3 <3 <3 <3 <3 <3 <3
Kw 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5
N4 - N2 <3 <3 <3 <3 <3 <3 <2 <2 <2 <2 <3 <3 <3 < <2 < < <2
N4 - R <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5
N2 -R <2 <2 <2 <1 <« <2 <2 <2 <2 <2 <2 <2 <2 <3 <2 <2 <3 <2
KwW 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5
fse N4 - N2 <3 <3 <3 <4 <4 <3 <3 <3 <3 <3 <8 <8 <3 <3 <3 <8 <8 <3

N4 - R <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5 <5
N2 - R <2 <2 < <2 <1 <2 <3 <2 <2 <2 <3 <2 <2 <3 <2 <2 <2 <2

Results of the Kruskal-Wallis ANOVA test are presented for eaabure and channel separately in rows
denoted by KW. Similarly, pair-wise post-hoc comparison of sleep stagée ¢annd in rows denoted by
N4-N2, N4-R and N2-R (N4: NREM4, N2: NREM2, R: REM). The > (<) sigotés greater (smaller)
group-level medians for sleep stages denoted by first codes. Signifleart@otation are as follows: x

(not significant), 1 (p<0.05), 2 (p<0.01), 3 (p<0.001), 4 (p<0.0001), 5 (p<0.00001). Relative band powers
are denoted by the labels of the corresponding frequency bands.

pair exhibited 19 significant values. Regarding the symmetric chapaiet most
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TABLE 3.1l. RESULTS OF THEWILCOXON MATCHED PAIRS TEST

Channel pair
M S Fpl F7 T3 5 01 F3 C3 P3 Fz
Fp2 F8 T4 6 02 F4 C4 P4 Cz

N4 >X >X >1 <X >X <X <X <1 >3

(9]
(@]

H N2 >X >X >X >X <X <X >X >X >3

R >X <X <X <X <X <X <X <X >3

N4 <X <X <X <X >X >1 >X >X <3

D N2 >X >X <X <1 >X >X <X <1 >X

R >X >X >X <X >X >X <X <X >X

N4 <X >1 >X <X <3 >X <3 <2 <X

SO N2 >X <X >X >X >X >X >X >X >3
R <X <X <X <X >X <X <X <X >3

N4 >X <X <X >X >X >X >1 >1 >X

N2 >X >X <X <X >X >2 >1 <X >X

R >1 >2 >X >X >X >1 >X >X <1

N4 <X <X <1 >X >X >X >X >X <3
N2 <X >X <X <X <X >X <1 <3 <2

R <X >X >X >1 >X >X >X <X <x

N4 <X <X <1 >X >1 >X >X >X >X
N2 <X >X >X <X <X <X <2 <2 <X

R >X >X >X >X >X >X <X >X <4

N4 <X <X <X <X >2 >X >X >2 <3
N2 <1 >X >X >X >1 <X <X >X <4

R <X >X <X >X >X <X <X <1 <2

N4 >X <X <X >X >1 >X <X <X <4
N2 <X <1 <2 <X >X <1 <1 <1 <4

R >X >X <X <X >1 <X <X <X >X

N4 >X <X <X <X <X >X >X >X <4
N2 >X <1 <X <2 <X <X >X <1 <2

R >X >X <X <2 <1 <X <X <X >X

N4 <X <X <X <X >2 <X <1 >X <2

fse N2 <X <X <1 <1 >X <X <X <X <3

O N NN W Ol U Pl P N N O DNDDEFE NP WNDNNDNOOPMMONIPRIOONDN

R >X >X <X <X <X <X <X <X >X
N4 0 1 3 0 5 1 3 4 17
N2 1 2 2 3 1 2 4 5 20
Al R 1 1 0 2 2 1 0 1 8
AS 2 4 5 5 8 4 7 10 19 45

M: measure, relative band powers are denoted by the labels of thesponding frequency bands; S:
sleep stage; SC: number of symmetrical channel pairs (the midli®z Eannel pair not includedhat
resulted significant differences; All: number of measures thataled significant differences sumnfied
sleep stages NREM4 (N4), NREM2 (N2) and REM (R) separately laaswansiderig all sleep stage
(AS) together. The > (<) sign denotes greater (smaller) group-leeglians in the upper row chanr
(electrodes above the left hemisphere and Fz) and it is followed ksighidéicance level sign: x (n
significant), 1 (p<0.05), 2 (p<0.01), 3 (p<0.001), 4 (p<0.0001).

significant differences were found for channel pairs P3-P4 (1@spamd 01-0O2 (8
cases), while least significant differences appeared fordmeéaf channel pairs Fpl-Fp2
(2 cases), F7-F8 (4 cases) and F3-F4 (4 cases). In posterior channel pairs nficansign

results occurred during deeper sleep stages while in frontal chpamslthe least
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significant differences were found during sleep stage NREM4. Mugtificant
interhemispheric differences occurred for relative powers of @gelthbeta frequency
bands (7 cases for both out of total 24 = 3 sleep stagesymmetrical channel pairs).

For P, significant cases were distributed similarly across slaages, while P,

revealed the most (5 cases) significant differences forMiREeep.P,,, resulted in 4

significant cases, all during NREM4. By contrast, no significarterhemispheric

differences were found fol, in this sleep stage. No gross tendencies were observed for

P,, and P,, across sleep stages and locations, however, there were sorfieasign
results. Compact EEG featurdd, ( D andfsg altogether revealed smaller number of
significant results: 5, 4 and 0 significant cases for NREM&REM2 and REM,
respectively.

Considering all 10 measures NREM2 (20 cases) and NREM4 (17 cagea)ed twice
more significant differences as compared to REM sleep ¢8scaut of total 80 = 10

measure$ 8 symmetrical channel pairs).

3.3.2.Cross-correlation analysis
3.3.2.1.Inter-site correlations

In Figure 3.6 the 35 strongest inter-site correlatigns 0.05) are denoted by black lines
drawn between the appropriate locations for all 10 EEG measure®iaerdch sleep
stage separately as well as together. Considering all stagps together highest inter-
site correlations were observed centrally (F3, Fz, F4, C3, Cz, C44P8&rRill features
except for the relative power of the band where highest correlations were found
intrahemispherically. Sleep stages were characterized byedhfféopography in inter-

site correlation maps. In general, power spectral measuresp(efareP, ) showed

strongest correlations between anterior channels during NREM4ndNREM2 and

REM highest correlations were observed more posterioRy. exhibited higher

correlations within than between hemispheres during NREM4 and NR&Mdency
which was not true for REM. Compared to the topographic properties cdlitvee
spectral measurel, exhibited an opposite trend with higher posterior correlations during
NREM4 and higher anterior correlations during NREM2 and REM. At the same ime

did not reveal such differences between sleep stages. In agregtheptevious results



Results

presented in D showed higher inter-site correlations compared k

Figure 3.6. Highest 35 intesite correlations denoted by black lines drawn between the appre
locations Spearman’s correlation coefficients were calculated considerihglekp stages togett

(column ALL) as well as separately. Only significaqt <{0.05) correlations aredepicted. Lowe

presentedcorrelation values can be found above the topographic maps. Relative band moeers

denoted by the labels of the corresponding frequency bands.
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3.3.2.2.Cross-correlation of measures

3.3.2.2.1Cross-correlation between the fractal measures

When all sleep stages were considered together strong negatss-correlations

(p<0.0000) betweerH and D were found with weakest correlations in the occipital

zone (Figure 3.7). Evaluating sleep stages separately one could obsenger and
more significant correlation values for deeper sleep stagemd™NREM4 lower values
were found in the occipital and the fronto-polar regions. During NREM2kest
correlations were found posteriorly. REM sleep showed non-significagatine
correlations in the circumferential channels and non-significant but positivadatamn in
the F3, Fz, and F4 channels.

Figure 3.7. Spearman cross-correlations between H dhdonsidering all sleep stages together as

as separately. Significant valuep € 0.05) are denoted on the left side of the color bars ushrg

following notations: no sign (none of the values are significant); only + (allemlaresignificant); +

with a dash (only values below the dash are significant).

3.3.2.2.2Cross-correlation between fractal and power spectral measures

Results of cross-correlation analyses between fractal and ppeeirad measures are
summarized in Figure 3.8. Generally, a positive cross-correlai@observed between
H and slower brain activities (SO andands), while faster activities (above 4 Hz) were
negatively correlated with the monofractal measdreHigher and more significant
correlations were found for deeper sleep stages. Overall, the strongest posiéiation
was revealed for the relative power of the SO band, while tlgest negative
correlation was found for the relative power of the theta band. Glgneneaker
correlations appeared in the anterior channels during NREM4. DNREM2 stronger

correlations (positive for the SO and negative for thmnd) were found in the anterior
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Figure 3.8. Spearman cross-correlations between fractal and power spectaalmes (PSMs)The lef
panel depicts results obtained fH. Cross-correlations betweerD and PSMs are presented in the ri
panel Sleep stages were considered together (columns denoted by ALL) as seglarately. Significa

values (p < 0.05) are marked on the left side of the color bars using the following notatiorsgn (non

of the values are significant); only + (all values are significant)yith a dash (onlywalues above/belc
the dash are significant). Relative band powers are denoted by the tdlibks corresponding frequer
bands.

region while faster activities ( , and bands) exhibited weakest correlations wittn
posterior channels. During REM stronger positive correlation betwksn activities
(SO and bands) andH was found in the temporal and occipital channels while faster
activities were negatively correlated with the monofractaedsuesH. Above the band
stronger negative correlations were present in the circumigrehtannels decreasing
around the vertex and even switching to positive correlation values aasleeof and
bands.

Generally, correlations betweenD and RBPs exhibited relationships with a sign
opposite to that found for measuse Namely, D was negatively correlated with slow
(SO and ) while positively correlated with faster (above 4 Hz) adésit Similarly toH,

more significant values appeared for deeper sleep stages. @ontpHl;, correlations of
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D with slow activities were weaker and less significanghidist positive correlation
values between D and P, were found in the anterior channels regardless of sleep
depth. Relative power of alpha and sigma bands exhibited strongest posite@ations

with D in the temporal channels?,, and P, showed strongest positive correlations

with D around the Fz channel during NREM4, while the nadirs of theselat@ns
were found during REM sleep in the same region.

Inspection of cross-correlation maps between spectral edge freqardcthe fractal
measures indicated that these correlations reflect contributioartafin frequency bands
in a compact way, such as in the case of the correlation betwaadH during NREM4
where the minimum of correlations was found frontally.

To estimate the contribution of single frequency bands to the ovenddtioa of
compact measures, one must bear in mind that certain band poweisocacerrelated
[77]. To control for this effect, we performed multiple linear esgion (MLR) analyses
with relative band powers as predictors and compact EEG meaasiressponse
variables. At this point we analyzed sleep stages together apdnotilose channels
where best classifications were predicted based on resulef@dsn previous sections.

Thus, forH MLR was carried out in channel Cz with a result

H :of*52(4_ro.1e)Pso,+ 0.04+ 0.7, - “6.4z oJe + 0@3 00y

-0.04 0.09P, - 0.0¢ 0.0+ 0.48 0.pR+ MO(ﬁBZ 0)08

and statistics F(7,58)=200.9 p<0.0000:, Std Err. Est=0.0;, R=0.98,
R*=0.96, Adjusted R=0.96. For D MLR was performed considering the T4
channel. The obtained result was

DD =-0.08+ 0.19P,,, - 0.0 0.08,+ WB.EQS 0pg.+ 07 OF
+0.005£0.09P, + 0.14 0.08, + 0.4e OPB, + 208 024

with statisticsF (7,58) = 77.5¢, p<0.0000:, Std Err. Est= 0.1z, R=0.95, R*=0.9,

Adjusted R =0.89. Finally, contribution of different frequency bands to the spectral

edge frequency was tested in channel T6 with the

f.=-0.08 0.04P;,- 0.0& 0.0+ 0.8 O0PR- 0f4 0
+0.06(+0.04 P, + *Sflti 0.0/P, +Mo.(& 0pB, + 962 3)12
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result and the following statistic& (7,58) = 36(, p<0.0000; Std Err. Est= 1.2,

R=0.99, R*=0.98, Adjusted R=0.97. Coefficients of relative band powers were
standardized and their standard errors were provided in brackets. d@ffigients with

stars above them were significant with notation:(1<0.01), ** (p<0.00), ****

(p<0.000} and ***** (p<0.0000}.

3.3.3.Clustering of channels and measures

Hierarchical channel cluster trees were generated fathde sleep stages and EEG
features separately using the best similarity and linkage cotigrisaVisual inspection
of the dendrograms revealed both common and distinct channel clustess aleep

stages (see e.g. Figure 3.9 for measupy. For statistical evaluation channels were

Figure 3.9. Dendrograms of EEG channels obtained using the multifractal meaSutdierarchica
cluster trees were generated applying the best similarity/l@k@im/Lin) methods according tbe

cophenet correlation coefficient (CCC). For the abbreviation of Sim/Lin methods section 3.2.2.3.
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clustered into 4 and 9 clusters, respectively (Table 3.1II).

As can be seen in Table 3.lll and Table 3.1V, the 9-cluster analgewed that most
EEG features revealed proximity of symmetrical channels in thetai region and
during NREM4. During REM most of the symmetric channels weusteted together
posteriorly. Regardless of the sleep stage most of the me&St@exmit of 10) indicated
the proximity of F3-F4, C3-C4 and P3-P4 channels. The non-symmetricahd=-£z

TABLE 3.1ll. HIERARCHICAL CLUSTERING OFEEGCHANNELS USING ALL MEASURES SEPARATELY

Sleep Channel
stage Fp2 F8 T4 T6 O2 Fpl F7 T3 T5 Ol F4 C4 P4 F3 C3 P3 Fz Cz
N4 17 2/6 2[4 22 318 49 2[5 2[3 21 22 22 22 22 22 22 22 22 2]2
H N2 12 206 2[7 49 38 11 13 15 15 3[8 12 1}4 14 12 14 14 12 14
R 3|1 45 4/6 1|9 2|7 3|1 32 32 218 218 32 314 313 32 34 34 32 34
N4 45 3|9 43 46 17 45 4]4 4|1 42 2|8 45 416 4|6 45 46 46 45 4/6
D N2 31 26 27 13 49 31 355 14 14 419 32 38 3|8 32 318 318 312 38
R 318 49 117 2[5 22 206 214 2[4 211 22 23 2|4 214 23 214 214 23 214
N4 319 45 46 2|1 22 319 47 47 23 18 3|9 2|4 202 3|9 214 2|4 3|9 24
SO N2 12 12 27 214 318 15 15 15 116 49 1]2 12 214 15 11 28 15 11
R 25 49 49 16 2]8 2]3 3|1 3]2 214 2|8 2[4 1|7 1|7 24 214 17 244 1|7
N4 4)4 2|2 118 1|8 47 44 2]2 4|5 2|1 39 4]4 43 46 44 43 43 44 43
N2 218 3|5 316 214 49 218 1|2 1|2 1j1 17 2|4 2[4 214 214 214 213 214 24
R 26 3|1 34 355 49 27 3|2 314 18 118 33 313 35 33 313 35 313 33
N4 214 15 116 1|6 49 214 213 2|11 22 318 2|4 2[7 27 214 27 2|7 214 2|7
N2 3|6 2|1 22 119 47 316 316 2|3 24 48 3|6 35 355 316 355 35 36 35
R 11 112 112 2|13 49 35 316 3|6 24 49 3|5 318 318 35 318 318 35 3|7
N4 22 211 14 14 49 212 2/5 206 17 3[8 22 22 13 22 22 13 2)2 22
N2 16 41 42 2[7 213 16 1/5 4|8 3|9 24 16 2[7 2[7 16 2[7 27 16 2J7
R 38 12 1|2 111 2[5 23 27 2[7 1|6 49 24 214 24 24 214 2[4 24 244
N4 13 27 319 3|9 48 255 2/6 42 42 41 1]3 1]4 48 1|3 14 48 1]3 14
N2 411 45 4|4 413 2/6 411 41 4]3 3|9 2|7 4|1 4]2 18 4|1 4]2 18 41 42
R 47 48 212 21 33 19 212 22 2/6 314 26 2/6 2/6 2/6 26 2/6 26 25
N4 22 116 1/6 15 23 49 27 2|1 2|1 38 22 22 22 22 202 24 22 24
N2 206 1|7 2|3 214 3|18 49 22 22 211 2[5 23 23 23 23 23 2]3 23 2|3
R 2/8 17 17 1|6 3|1 49 2|8 2[3 1|6 32 24 214 16 26 214 15 244 24
N4 318 113 1|4 1|4 14 49 25 2|5 2|6 211 14 14 14 25 27 22 22 2|2
N2 3|5 3|1 31 312 3|1 49 33 33 26 27 3|1 3]2 32 33 1|8 34 34 34
R 214 2|13 23 255 23 49 283 212 38 17 23 213 211 23 216 22 23 23
N4 1|7 116 218 44 43 17 116 3|1 3|2 45 1|7 29 44 1|7 219 44 17 2|9
fse N2 25 3|3 314 313 34 49 26 26 18 27 2|6 26 26 2]1 22 26 21 2|2
R 214 211 216 216 2|3 49 22 212 38 17 2|3 213 212 25 213 22 213 23

SC Sim/Lin CCC

seu/cen 0.803
seu/ave 0.859

cittave  0.775
euc/ave 0.840
euc/ave 0.835
euc/cen 0.759
euc/ave 0.746
seu/ave 0.814
euc/ave 0.706

euc/ave 0.812
seu/ave 0.792
seu/ave 0.787

euc/ave 0.826
seu/ave 0.844
seu/ave 0.777

seu/cen 0.826
euc/ave 0.848
che/ave 0.900

euc/ave 0.766
seu/med 0.763
euc/ave 0.836
che/cen 0.898
che/sin  0.841
euc/ave 0.814
che/ave 0.902
che/ave 0.927
che/ave 0.993

cittave 0.712
che/ave 0.775
che/ave 0.949

N P O N O Ol W W N & & W W > BB DN WD WO WA O B OW S W

For all the 3 analyzed sleep stages (N4: NREM4, N2: NREM2, R: REMnels were clustered into 4
(denoted by first numbers) and 9 (indicated by second numbers) clusters. Number of sghehatritel

pairs (the midline Fz-Cz channel pair not included) that fell into selunsters considering the 9-cluster
analysis (designated by bold numbers) is presented in column SC. Abbreviabest efmilarity (Sim)

and linkage (Lin) combinations used for clustering can be found in the second lash.cBRmormance

of these best combinations is described by the cophenet correlation eaeff@CC). For the definition

of symmetrical channel pairs as well as for abbreviation oflaiity and linkage methods see sections
3.2.2.1 and 3.2.2.3 Relative band powers are dencted by the labels of the corresponding frequency bands.
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TABLE 3.1V. NUMBER OF MEASURES THAT INDICATED COMMON CLUSTERS FOR CHANBIL PAIRS BASED ON
RESULTS OF THEO-CLUSTER ANALYSIS PRESENTED INTABLE 3.1II.

Channel pair
Sleep

Fpl F7 T3 T5 O1 F3 C3 P3 Fz 5
Fp2 F8 T4 T6 O2 F4 C4 P4 Cz

stage

NREM4 6 2 0 9 6 3 32
NREM2 5 0 7 7 3 28

© N ©

0 0
0 0 2
REM 1 1 2 1 3 8 7 5 32
Alls 12 3 2 5

1 25 24 20 11 92

SC denotes sums across symmetrical channel pairs (the midli@e €zannel pair not included), while
Alls indicates sums across sleep stages.

channels clustered together in much less cases. A more detal®ihation of data in
Table 3.1l unveiled that Fz tended to cluster with frontal F3 andhahnels, while Cz

mostly formed common clusters with the central channels C3 and C4. With red3yd to

symmetric channels did not cluster together during NREM4 and NREM2 sleeplstiages
did so in REM sleep.

In the 4-cluster analysis, where all measures were considgpadasely, a rather uneven
clustering of channels was found. Notably, in almost all caseg there channels
(typically the circumferential ones such as: Fpl, Fp2, O1, O2, T5,tHe&)formed
individual clusters because of their large distance from thainémg EEG derivations.
At the same time, several topographic features revealed bydive analyses could be

verified. For example, highes®,, values in parietal channels during NREM2 (Figure

3.5) were reflected in a separate cluster formed by P3 and P4 Ishadwenother
example disconnection of the hemispheres during NREM4 with regaitkteelative
power of the band (Figure 3.6) was also supported by forming separate clusters over
left and right hemispheres.

Hierarchical clustering of channels was also carried out wsingneasures together to
minimize the effect of “outlier” channels and to assess t@mityr of overall brain
dynamics. Performing 4-cluster analysis of hierarchical chanumstetl trees (Figure
3.10) revealed symmetric channel clusters for all sleep stdgéde(3.V). In general,
separate clusters were formed by anterior, central, temporal atefigoghannels.

Topographic boundaries of these clusters slightly varied across sleep stages.
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Figure 3.10. Clustergrams generated for sleep stages NREM4, NREM2 andugikg group-level
medians of all measures in all channels. Heat maps and hereby the dendregrasrgenerated after z-
standardization of the measures across the cékinridierarchical channel cluster trees were gener
using the cosine similarity metric and the unweighted average linkagtbod. The correspondi
cophenet correlation coefficients (CCCs) were as folldwg49 (NREM4), 0.843 (NREM2) and O.¢
(REM). Measure dendrograms were constructed applying the Euclidean distancénaitagtg measurn
and the unweighted average method for linkage (CCC: 0.959 (NREM4), 0974 (NREMBRB)8&€
(REM)). Relative band powers are denoted by the labels of the corresponding frequency bands.



Results

TABLE 3.V. CLUSTERING OFEEGCHANNELS INTO4 CLUSTERS USING ALL MEASURES TOGETHER

Sleep stage
Cluster #
NREM4 NREM2 REM
1 Fp1, Fp2, Fp1, Fp2, Fp1, Fp2,
F3,F4,Fz F7,F8 F7,F8
2 F3,F4,Fz, F3,F4,Fz,
€3,C4,C2 C3,C4,Cz C3,C4,Cz
3 F7,F8, T3, T4,
T3, T4 P3, P4 T5, T6
4 T5, T6, P3, P4, T3, T4, T5, T6, P3, P4,
01, 02 01, 02 01, 02

Hierarchical cluster trees were generated using the cosimédasity metric and the unweighted average
linkage method. The cophenet correlation coefficient values wefellasis: 0.75 (NREM4), 0.843
(NREM2) and 0.826 (REM).

When combining the fractal measures (Table 3.VI) only or thevelaand powers only
(Table 3.VIl) less symmetrical and slightly different topograpiriouping of channels
was obtained. E.g. the separate cluster that was formed for th&apahannels during
NREM2 using all measures together (Table 3.V) was not found ubmgfractal

measures only.

TABLE 3.VI. CLUSTERING OFEEGCHANNELS INTO4 CLUSTERS USING THE FRACTAL MEASURES ONLY

Sleep stage
Cluster #
NREM4 NREM2 REM
1 Fpl, Fp2, Fpl, Fp2, Fpl, Fp2,
F3,F4,Fz F7,F8 F7,F8
2 C3,C4,
Cz P3 F3,F4,Fz, F3,F4,Fz
3 F7,F8, C3,C4,Cz, C3,C4,Cz,
T3, T4, P4 P3, P4 P3,P4
4 T5, T6, T3,T4,T5,T6, T3,T4,T5, T6,
01, 02 01, 02 01, 02

Hierarchical cluster trees were generated using the cosiméasity metric and the unweighted average
linkage method. The cophenet correlation coefficient values wefellas/s: 0.739 (NREM4), 0.776
(NREM2) and 0.926 (REM).

In the next step we hierarchically clustered the computed EEEGures based on the 18
EEG channels (Figure 3.10). In all sleep stageagas closest to relative band powers of

slow activities (SO and bands). MeasureD was clustered witHP, and P, during

NREM4 and NREM2, while it formed a common cluster wRh and P,, during REM.
As expected from Eqg. (2.14), with sleep deeperiggvas clustered with decreasing

frequency bands, i.e. during REM was clustered withP, , during NREM2 with P,

and during NREM4 witHP, .
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TABLE 3.VIl. CLUSTERING OFEEGCHANNELS INTO4 CLUSTERS USING THE RELATIVE BAND POWER

MEASURES ONLY.

Sleep stage
Cluster #
NREMZ NREM2 REM
1 Fpl, Fp2, Fpl, Fp2, F7, F8 Fpl, Fp2,
F7,F8 F3,F4,Fz F7,F8
2 F3,F4,Fz, F3,F4,Fz,
C3,C4,Cz C3,C4,Cz C3,C4,Cz
3 T3, T4, P4 P3, P4 T3, T4, T6
4 T5, T6, P3, T3, T4, T5, T6, T5, P3, P4,
01, 02 01, 02 01, 02

Hierarchical cluster trees were generated using the cosimédasity metric and the unweighted average
linkage method. The cophenet correlation coefficient values wefellas/s: 0.733 (NREM4), 0.876
(NREM2) and 0.842 (REM).

3.3.4.Gender-related differences

Topographic distributions of group-level medians (medians of individuadiians)
during all three sleep stages for males and females arensimowigure 3.11. The
distribution of the measures across sleep stages and diffecaibhs was in general
agreement with results shown in Figure 3.5. Detailed results on rgetaied
differences (for all measures, channels and sleep stages) éaunden (Table 3.VIII).
Across all sleep stages group-level mediarHaoivas higher in females than males in
most of the channels (see Figure 3.12). Out of the 18 channels thisuedsr 17, 13
and 10 channels for NREM4, NREM2 and REM, respectively. Neverthskadistical
comparisons reached significancg € 0.0464) in T4 during NREM4 only. At the same
time D was higher in males than females in all channels duringladp stages.
Statistical comparisons revealed significant differences ewersl channels during
NREM4 (F7, F3, T3, T4, T6, C3, C4, Cz, P4) and in one channel (P4) during REM. O
of these results highest significancp £0.0025) was reached for the F7 channel. For
other channels the significance level was as follows: @4 Q.020€); Cz (p =0.0274);

T3 and T4 (p=0.035%); F3, T6, C3 and P4 {=0.0464). Compared to D less

significant differences emerged for relative band powers. Netesds, we revealed

some remarkable results. Group-level media®,gf during NREM4 was higher in
females in all channels. Significant differences emerged=8i1(p =0.0274) and P3

( p=0.0464) channels. By contrast during NREM2 and REM, was higher in males
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Figure 3.11. Topographic distribution of grolgrel medians (medians of individual medians) fo
analyzed sleep stages presented for males (panel M) and females (paReld&ve band powerare

denoted by the labels of the corresponding frequency bands.

in most channels. Statistically significant differences geeifor Fp2 (p =0.0274) and
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Ol (p=0.005%) during REM. Compared td%,, the relative band power of delta

activity showed an opposite trend. Namel,, was higher in males in more channels
during NREM4, while it was higher in females in more chandelsng NREM2 and
REM sleep stages. No significant differences were found for rii@iasure between
groups. Group-level median Bf was higher in males in most channels in all three sleep
stages. However, significant differences were present in chahiglp =0.0117) and

T4 (p=0.020€) during NREM4 only. A common trend of activities above the theta

band was that in most channels males exhibited higher band powerg NMREM4

TABLE 3.VIIl. RESULTS OF THEMANN-WHITNEY U TEST.

Channel
Fp2 F8 T4 T6 02 Fpl F7 T3 T5 Ol F4 C4 P4 F3 C3 P3 Fz Cz

Measure Stage

NREM4 > >X >1 >X <X >X SX >X >X >X >X >X >X >X >X >X >X >X
H NREM2 <X >X >X >X <X >X SX O>X  >X <X >X >X >X >X >X <X >X <X

REM <X >X <X >X <X >X SX <X >X <X <X <X >X >X >X <X >X >X

NREM4 <X <x <1 <1 <X <X <2 <1 <X <x <x <1 <1 <1 <1 <x <x <1
D NREM2 <X <X <X <X <X <X <X X <X <X <X <X <X <X <X <X <X <X

REM <X <X <X <X <X <X <X <X <X <X <X <X <1 <X <X <X <X <X

NREM4 > >1 >X  >X  >X >X >SX O >X >X >X >X >X >X >X > >1 >x >X
SO NREM2 <X <X <X <X <X <X <X >X  >X <X <X <X <X <X >X >X <X >X

REM <1 <X <X <X <X <X SX >X <X <2 <X <X <X <X <X <X <X >X

NREM4 >SX <X <X <X >X >X <X <X <X >X >X <X <X >X <X >X >X <X
NREM2 >SX 0 >X >X >X >X SX 0 >X  >X <X <X >X >X >X >X >X >X >X >X

REM >X 0 >X >X >X <X <X <X >X <X <X >X >X >X <X >X >X >X >X

NREM4 <X <x <1 <x <x <X <1 <X <X >X <X <X <X <X <X <X <X <X
NREM2 <X <X <X <X >X <X <X <X <X >X <X <X >X <X <X <X <X <X

REM <X <X >X <X >X <X <X <X <X <X <X <X <X <X <X <X <X <X

NREM4 <X <X <X <X <X <X <1 <X <X >X <X <X >X <X <X >X <X <X
NREM2 >X <X <X >X >X SX <X <X <X >X <X >X  >X <X >X  >X <X >X

REM >X 0 >X <X <X >X SX <X <X <X >X  >X <X <X >X >X <X >X >X

NREM4 <X <X <X <X <X <X <X <X <X <X <X <X <X <X <X <X <X <X
NREM2 >X  >X <X <X <X >X > <X <X <X >X <X <X <X <X <X >X <X

REM >X >X <X >X >X >X >SX >X 0 >X >X >X >X O >X >X > >X >X >X

NREM4 <X <X <X <X <X <X <1 <X <X >X <X <X <X <X <X <X <X <X
NREM2 <X <X <X <X >X <X <X <X <X <X <X <X <X <X <X <X <X <X

REM >X 0 >X >X >X >X >1 >SX >X > >1 >X >X >X >X >X >X >X >X

NREM4 <X <X <X <X <X <X <X X <X <X <X <X <X <X <X <X <X <X
NREM2 >X 0 >X <X <X <X >X <X <X <X <X <X <X <X <X <X <X <X <X

REM >X >X >X >X >X >1 S >X <X >X >X >X <X >X <X <X >X  >X

NREM4 <X <X <1 <x <x <X <1 <1 <X >X <X <X <X <X <X <X <X <X
fse NREM2 <X <X <X <X >X >X <X X X X <X <X <X <X <X <X <X <X

REM >1 >X O >X >X >X >1 SX >X <x >1  >X >X >X >X >X  >X  >X  >X

Detailed statistical results are presented for all measuregpsktages and channels separately. The >
(<) sign denotes that the group-level median was higher in femalessjma@te level of significance is

denoted as follows: x (not significant), 1 (p<0.05), 2 (p<0.01).
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Figure 3.12. Number of channels in which grdepel medians were higher in males (case M>F)
presented for all measures and sleep stages separately. Numbdarofets in which grot-leve
measure medians are higher in females (case F>M) can be obtainedbtogcsingthese values from
(total number of channels). The * (+) sign denotes measure and sleep stagi@atmns exhibitin
significant differences for the case M>F (F>M). Relative band psveee denoted by the labebf the
corresponding frequency bands. Faletailed statistical results see the text and Table 1 ir

supplementary material.

while females showed higher values in REM. Significant diffeesreere found foP,,
(p=0.035¢) and B,, (p=0.0274) in channel F7 during NREM4. During REM
comparisons reached significancy fé, in channels Fpl §p=0.020€) and O1
(p=0.0464) and for P, in channel Fpl p=0.0464). Spectral edge frequency followed

the trend exhibited by activities above the theta band that is groupraiedin offse in
males was higher during NREM4 and NREM2 while lower during REBMmost
channels. For this measure statistically significant gendéerelifces were found in

channels F7 f=0.0111), T3 and T4 (p =0.0464) during NREM4 and in channels Fpl
(p=0.0206€), Fp2 (p=0.0464) and O1 (p =0.035€) during REM sleep.

3.4.Discussion
3.4.1.Topographic and sleep stage-wise distribution of measures

To our knowledge this is the first study providing a detailed comparisdracibl and
power spectral features of the human EEG considering the effetipography, sleep
stages and gender. Fractality of EEG signals was assessgdoa#ii monofractal and
multifractal measures. Power spectral properties were deddoy relative band powers
and in a more compact way by estimating the spectral edge frequeleep was

analyzed considering sleep stages NREM4, NREM2 and REM sepaaatetell as
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together. Topography was assessed with regard to functional conndnyiaiyalyzing
interhemispheric differences and regional clustering of EEG derivations.

Higher H values occurred for deeper sleep stages, whileshowed an opposite trend
indicating that brain electrical activities tend to be lesdtifractal and to be more
persistent during deeper sleep stages. The decreade with the deepening of sleep
was opposite to the behavior of another multifractal measure, the cdrgjngularity
strength in a previous study [75] where the multifractality of EfGads was assessed
analyzing the distribution of zero-crossings. However, our resultsndre into the
general theory assuming lower complexity of EEG signals dud@eper sleep stages.
The Hyrems > Hnremz > Hrew trend was in agreement with results of previous studies
that assessed the DFAexponent [60, 72-74], the fractal exponer¥6] or the fractal
dimensionD; [78]. Namely, DFA exponent and increased with the deepening of
sleep, whileD; exhibited the opposite trend. This suggests that the Hurst exponent
estimated based on R/S statistics might be able to reffleetf-similarity properties of
the sleep EEG, although the aforementioned trend could not be obser¥edpt6].
Nevertheless, searching for the direct relationship between ewdots of fractal
measures and physiological processes has less sense, bedhesal@fady mentioned
doubts related to estimation of fractal measures from timessef finite length. Even
classification of actual brain dynamics into one of two types oftiftnaal time series
(fGn and fBm) is questionable. According to one part of the studiesbéBavior of the
sleep EEG could be conjectured based on DF&ponent values below 1 [73, 74] or
estimated Hurst exponents below 1 using the R/S statistics appso@h as in the
present study and in[46]. Other studies, on the contrary, indicated fBme naft the
human sleep EEG by revealing DFAexponent values above 1 [60, 72] or fractal
exponent values in the range<k <3 [76]. These discrepancies might be due to
different estimation settings and indicate a need for a comms®leecomparison of
different approaches used for the assessment of fractal properties, inclagsification

of EEG signals into one of two classes of fractional timeesgffiGn or fBm) as it was
proposed in [50, 52, 53]. Moreover, we should keep in mind that sleep EEGssignal
exhibit multifractal properties and thus monofractal analysis cangivé a measure of
the largest of their fractal dimensions. The 1/f noise-like p@pectrum of EEG signals
can be distorted during different conditions by characteristic peak frequengiedu@to
the rhythm or intensive sleep spindles) that could destroy the saléssinature of

EEG. Possible analyses for such cases were proposed in [79, 80].
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Our data on the topography of relative band powers only partially agriedhese
published earlier. Slow activities characterizihg NREM4 occlumeanterior channels,
while faster activities during REM dominated posteriorly. Thi®emposterior tendency
is in general agreement with previous studies [81-85]. During NRIEgp stages, the
fronto-central maximum of slow activities as well as the pastenaximum of theta
activity and the parietal maximum of the sigma band are alsgr@ement with results
presented in [86, 87]. Nevertheless, the frontal maximum of alpha andbaeth
activities [86, 87] was not supported by our results. Also, instead dfah@al and
peaks during REM in the study of [87] we found posterior and temporal peaksse
activities. We could neither confirm the frontal peak of NREM4 sigwaillation activity
described by [88]. We assume that discrepancies might be due to megfcaiol
differences. Firstly, previous studies mostly used absolute power wahieswe used
relative band powers. Secondly, several previous studies [81, 83, 84, 86, 87]eglvaluat
NREM sleep stages together, while we examined NREM4 and NREtdges
separately. Nevertheless, we were able to confirm the known topagrapéctral
features of characteristic sleep EEG patterns. The revéalet-central peak in delta
activity during NREM4 and NREM2 likely reflects delta waves andafplexes [88,
89]. The parietal peak of sigma activity during NREM2 may standafsirdleep spindles
[90-92]. At the same time no salient topographic feature could atedelo frontal slow
spindle activity. Vertex peaks in delta and theta bands during REY Bleely reflects
saw tooth waves, characteristic EEG patterns during REM with a know centratumaxi
[93].

3.4.2.Cross-correlations between measures

Combining all sleep stages we found a strong negative carela¢tweerH and D
with a nadir in the posterior channels (Figure 3.7). As revealed bsldbp stage-wise
analysis NREM2 and NREM4 contributed most to this occipital nadircémpared to
NREM4 weaker and less significant correlations emerged durirlgMdR During REM
there was a further weakening of correlations with a non-signtfigasitive peak in the
F3, Fz, F4 channels.

To reveal how spectral properties are reflected in fractalsores, we performed cross-
correlation analysis between these measures (Figure 3.8). Méhsuit@bited positive

correlation with relative powers of slow activities (espegidit,, ), while it mostly

showed negative correlation with faster activities. More sSopmit values tended to
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occur for slower activities (exce®, ) and for deeper sleep stages. All these findings

support the theory thatl is linearly related to the spectral exponen{see section
2.2.2.1). Parameter is estimated by plotting the power spectrum on the log-log scale
and by fitting a straight line to this plot. The slope of this imequal to- 4. This
indicates that higher amount of slow activities and lower amount of fastetiastiesult

in higher andH values and vice versa. The log-log plot of the power spectrum produces
several points at higher frequencies and only few points at longreneies. Hence, the
fitting of a straight line is much more affected by lowesginencies which might be the
cause of more significant correlations Hf with slower brain activities. Thus the
correlation withH depends not only on the position, width and power amount of a given
frequency band but it is also affected by properties of other bands. Bislgs an

explanation why?, exhibited weaker and less significant correlations Withs it could

have been expected. As it could be conjectured from the overall veegatss-
correlation between the fractal measureB, generally revealed opposite correlations
with power spectral measures compared to thosel.oThat is, D was negatively
correlated with slow activities and positively correlated VRBBPs of higher frequency
bands. Additionally, faster activities (> 4 Hz) showed more sipuifi correlations with
D as compared to slower activities and for deeper sleep stalgjebisAsuggests that
slower EEG patterns tend to make the amplitude distribution more exele, the
opposite is true for faster EEG patterns. Characteristic toplograf cross-correlations
betweerH and D were also reflected in cross-correlations between the frae@sures
and RBPs. E.g. one of the most striking topographic features of-costations
between fractal measures and relative band powers could beaab$er REM sleep in
the fronto-central region where weakest correlations occurredmibig explain weak
and non-significant positive cross-correlation between the twaafrateasures during
REM. Multiple linear regressions supported results of crossiator analysis between
fractal and RBP measures by revealing contribution of individual R8Bse compact
EEG measures. We found a positive contribution of slow (SO &ahds) activities to

H. Out of the faster activitie®,, and P, contributed positively whileP, , P,. and B,

qr?
contributed negatively to the same measure. The positive contributiél) aind P,

might be explained by the observed weak positive cross-correlation dretihese
measures andd during REM sleep in the central zone (see Figure 3.8). Highest

coefficients were revealed foP,, and P,. Considering D, negative and non-
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significant contribution of slow activities was obtained. Positwefficients were found

for faster activities (above 4 Hz) reaching the significance levelfonlf, . In addition,

expected results were also found considefings a predicted variable. Highest positive

and significant coefficients were found for two fastest a@wifP,, and P, ). Fraction

of variation that could be explained by the relative band powers was highest in zase of

(Adjusted R=0.97), while the worst regression result was found foD

( Adjusted R=0.89). This finding could have been anticipated sifgeis directly

computed from power spectra akidmay be related to the power spectrum, whil@
reflects the amplitude distribution of time series. Distanceoafipact EEG features and
RBPs was also analyzed by hierarchical clustering of the uresasising group-level
medians in all channels (Figure 3.10). These results were eemgnt with those
obtained by cross-correlation analyses and MLR. Nankélyas clustered with relative
powers of slow brain activities (SO andrequency bands) in all sleep stages, whiz
tended to clustered with faster activitiesahd bands during NREM4 and NREMZ2;

and bands during REM sleep).

A direct comparison of our correlation results (betwkleand spectral measures) with
those of previous investigators is not possible since previous intessigsed different
measures and only few EEG channels. Nevertheless, our resuttfimgghe correlation
betweenH and power spectral measures could be related to those results hyh[r8]
revealed a similar trend of measuisandD; across sleep stages and a negative cross-
correlation betweerD, and powers of slower frequency bands [76]. Another study
revealing negative cross-correlation betwBgrand DFA exponent and negative cross-
correlation betweed, and slower activities [60] also seem to be in accordance with our
data. On the contrary, the weak positive cross-correlation beteeand during
NREM4 and NREMS3 found by [76] would suggest negative correlation betttesmd
slow activities. As far as we know there are no studies iditdrature examining the

relationship between multifractality and spectral measures of sleep EEG.

3.4.3.Interhemispheric differences and inter-site correlations

In the present study we also compared inter-site correlationsir¢Fig.6) and
interhemispheric differences of fractal and power spectral uness(Table 3.II).
Surprisingly interhemispheric differences of specific measvaeied with sleep stages

and locations more than expected. In addition, it is difficult toteefhese results to
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previous data where sleep stages were combined and/or EEG recaadifigiited to a
few channels. Nevertheless, we were able to reveal some cotesréencies regarding
the interhemispheric differences of spectral powers. E.g. we olsamight-hemisphere
predominance of SO during NREM4 which might be related to thasdtseby [94]
finding predominance of 0.5-2 Hz activity over the right hemisphere dalingight
sleep. At the same time delta activity on the left side tended to predominatshisleep
stage. During NREM4 and NREM2 we found higher theta activity onrigie side,
while during REM theta predominated on the left side corroboratinfinitiegs of [95].
The majority of interhemispheric comparisons léf and D were not significant.
Previous investigators revealed interhemispheric asymmetries fourasg L; andDs
considering C3-C4 channels [78] and interhemishperic differencd3,fior C3-C4, T3-
T4 and O1-02 locations [96]. Differences between earlier and tlsergrdata might be
due to several methodological differences. Inter-site correlatbri®BPs (Figure 3.6)
partially agreed with those results of coherence analyses ledvaa [97-99].

Specifically, we found stronger interhemispheB¢ correlations during REM compared

to NREM4 and NREM2, a finding similar to obtained by [97]. However, tbsult
should be regarded with caution since disconnection of the hemisphereg NREM4

and NREM2 sleep regardinig, might also occur due to the application of two separate

references [58, 100, 101].

As expected, less significant differences were found for the synaa channel pairs as
compared with the non-symmetrical channel pair Fz-Cz. Thesesasdiltate stronger
functional connectivity between the homologous hemispheric regions that could be
mediated to a large part by the corpus callosum and other comrhigativaays [102,
103]. During NREM4 most significant interhemispheric differeneesse found for
occipital and parietal symmetrical channel pairs (Table 3.ll)sukRe in the
interhemispheric analysis were confirmed by the inter-site etial analysis (Figure
3.6) revealing strongest correlations between the anterior channélg (NREMA4.
During NREM2 and REM strongest correlations were located mposeeriorly. The 9-
cluster analysis (Table 3.1l and Table 3.1V) also confirmed tit@ad by revealing a
tendency of clustering together the frontal symmetrical channels dNREdM4 and the
posterior homologous channels during REM sleep. These findings ssustgenger
interhemispheric functional connectivity anteriorly during NREM4 and posier

during REM sleep. Topography of inter-site correlations of compde® features
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(including fractal measures ang) reflect those of RBPs to some extent but due to the
compression of information several properties are lost. E.g. thengisction of the
hemispheres during NREM4 and NREM2 regarding the gamma bandyactwinot be
revealed from compact features. The 4-cluster analysis revaalddr channel clusters
(anterior, posterior, central and temporal) for the combined fraxgtabures (Table 3.VI)
and for the combined RBPs (Table 3.VII). Nevertheless, there seane differences
between these two latter clusterings which could be relatetheoaforementioned
information loss. For example, the separate cluster that wasdofar the parietal
channels using the RBP measures was modified by clusteringatiistal channels
together with central derivations based on combination of fractalumesasCombination
of fractal features and PSMs (Figure 3.10 and Table 3.V) provided symmetrical
topographic clusters than those obtained for the combined fractalurasaor the
combined RBP measures (as well as combined PSMs: data nottpdysseparately.
Nevertheless, all these results indicate a re-organizatiofuraitional connectivity

between brain regions across sleep stages.

3.4.4.Gender differences

In the present study we also compared fractal and power speeasluras between
males and females during the analyzed sleep stages and actortiéhgcalp locations.
We were able to identify an EEG parameter, a recording site aasteep stage
differentiating genders most efficiently. As an EEG parameter disclosed the
multifractal measure D which tended to be higher in all channels and during all sleep
stages in males. Gender difference f@r also reached statistical significance for many
channels. Regarding the number of significant differend@swas followed by the
relative theta power which also tended to be higher in the vgetitpeof the EEG
channels during all three sleep stages in males. Similaibdigtn of D and relative
theta activity between genders and across locations and sleep istéigely due to the
high correlation between the two measures. In contrast to therntetesures relative SO
power during NREM4 was higher in females, a result in agreement wittopsed@ta on
female excess in slow wave activity during NREM4 [104, 105]. Montdtaceasured
also exhibited elevated values in females during NREM4, andbdistnn similar to that
of the relative SO as could be presumed based on the high correlaieebdhese
measures. Activities above the theta band showed contrasting gendendies across

sleep stages: in males higher activity was present in the and bands during
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NREM4 while females exhibited excess in the same frequency bandg REM sleep.
The spectral edge frequency also followed this latter trend. Thesls are not entirely
consistent with earlier data where higher spectral power iarfiequencies was found
in females both during NREM [105] and REM sleep [104]. Yet a direntparison is
not possible since Carrier et al. [105] used a single while Digk. ¢104] used two EEG
channels only. Furthermore Dijk et al. [104] did not subdivide NREM sleep while Carrier
at al. [105] studied NREM sleep only. Another important differencthas previous
studies [104-106] used absolute power spectral measures while weelsea hand
powers. Since females usually have thinner skull than males thsnacalt difference
might have obscured neuronal gender differences and might have contritigter
band powers over a wide frequency range in females as originally proposed by Dijk et al.
[104].

A rather unexpected result from the present study is that amoatplte the highest
number of significant gender differences (5 significant compalfiseas found for the
F7 channel. Given that the F7 recording site lies over or near thea’'Brarea it is
tempting to hypothesize that differences at this specific regitectejender differences

in verbal functions [107, 108]. Out of the 5 significant comparisons kighgnificance
was found for the multifractal measur® during NREM4.

Comparing sleep stages regarding the number of significamtretiifes revealed that
NREM4 exhibited most significant differences. At the sammetino significant
differences emerged during NREM2 and thus we could not replicataetdt of
Huupponen et al. [109] on female excess in spindle activity the left frontopolar channel.
The major finding from the present study is that the multifdacteasure D proved to
exhibit larger gender differences overall compared to the mondfraesuredd and

the power spectral measures. In a previous study the D&goonent did neither exhibit
significant gender differences at specific locations during eyesectasalition [28].
Superiority of the multifractal measure over the relative lovders might be due to the
fact that D reflects activities of several frequency bands that might nanoegh to
produce significant gender differences alone. Alternatively, ithtig ascribed to the
fact that D also reflects signal characteristics independent of actual fuamers as it
was revealed by MLR. Since spectral edge frequency is a measure alsmgesieectral
power values but here produced less significant comparisons wesstigage superior
performance of D is likely due to the non-linear information content of this compact

measure.
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Finally, we should also note that recent investigations revealed effects [@8as well
as genetic contributions to long-range temporal correlations [110hke EEG signals.
Therefore, effects of these factors should be investigated dufiagedt sleep stages as
well. Our preliminary analyses indicated thttends to decrease, whileD tends to
increase with age (Appendix A, Figure 7.1). However, our results canrairns&lered

representative due to the uneven age distribution.
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Chapter Four

CLASSIFICATION OF SLEEP STAGES BY COMBINING
FRACTAL AND POWER SPECTRAL EEG FEATURES

4.1.Introduction

Motivated by different possible applications the automatic claasific of the vigilance
state has become a distinguished research topic. E.g. automsgificalion of the sleep
stages would be beneficial for clinicians when assessingté&ng-recordings. Other
applications might be the real-time monitoring of the depth of hesst [111] during
surgery or drowsiness detection [112] for people working under monotonic dahd at
same time dangerous circumstances. Furthermore, in more sophistaygblications
such as the brain computer interfaces detection of vigilance rsigte enhance the
system performance via optimizing the parameters of eventctidei@rediction
algorithms.

Accordingly, numerous attempts have been made to automate the slgep sta
discrimination [113, 114]. These methods are mostly based on extractiontaih ce
features from EEG, EOG, and EMG signals after which the astat® is determined by
a classifier. Classifiers are usually optimized using a superviseungalgorithm based
on scoring results of human experts. These approaches include iextigcspecific
power spectral and non-linear measures [62, 115, 116] and apply conventiaradfide
nonlinear classification, such as linear discriminant analysis [atd]artificial neural
networks [118-120]. Detection of waveforms by various pattern recognitionitalgs
can be also used for sleep staging [121-128]. Furthermore, differensgrppped rule-
based reasoning methods using contextual information [113, 129]. For a maiteddet
review of this research field see [116, 129].

According to the summary of Park et al. [129] the agreement ratedetautomated
scoring and manual scoring is generally 75-85 % in recordings afahgioung adults
and somewhat lower (65-75 %) for populations with sleep disorders.

Recent studies showed that application of novel measures includifigui¢ked features
[75, 116] may improve the discrimination of sleep stages. However, the studieg telate
fractal analyses were limited by a low number of EEG chankpls: Fp2, C3, C4, O1,
02 in [116] and Fpz-Cz, Pz-Oz in [75].



Methods 57

Despite of the extent literature on automatic sleep stagawgral shortcomings
remained. Namely, most of the studies are still restrictedntlyses of the central
channels, a thorough overview of channel x measure combinations and a cosipeche
comparison of different classification paradigms are stikitegz Moreover, most of the
studies disclosed results related to group-level classificatarly. We admit that
individual-level classification is unachievable e.g. when sleegingehas to be applied
for assessment of ambulatory whole-night data since usually no tra@gogdings are
available. Nevertheless, some more user-specific applicatioight nnequire the
individual-level classification of the vigilance state.

In this study we attempted to address the aforementioned shortcdmgirggsmbining
monofractal, multifractal and power spectral measures estihfat 18 EEG channels

and by comparing different classification paradigms both at individual and group levels

4.2. Methods

4.2.1.Recordings and feature extraction

All analyses were carried out using tBe 90 20 s long EEG epochs selected for all 22
subjects introduced in Chapter 2. Thus, here we examined discriminatNRE4,
NREM2 and REM sleep stages. Waking and remaining sleep sthig&sM1 and
NREM3) were not evaluated due to the lack of appropriate numbergofesés for
statistical analyses. Here we remark that according to the new guid#liitesAmerican
Academy of Sleep Medicine (AASM) [130] NREM3 is not anymore consitiae a
separate stage, but as a state of slow wave sleep (SWS) along with NREMA4.
Monofractal and multifractal properties were evaluated by asom of the self-
similarity parameteH and the range of fractal spectr®, respectively. Power spectral
properties of the human sleep EEG were assessed by calcutdétiger band powers
and the spectral edge frequency. Detailed description of estinsatitimgs can be found

in Chapter 2.

4.2.2.Classification of sleep stages

Classification of sleep stages was performed both at individual gaodp levels
according to the steps presented in Figure 4.1. At the individual 8v@0 estimated
values were used for each subject, wh#le 3 9C values were considered at the group

level. Selection of the features was carried out using a 10-fold cross-ealigedcedure
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Figure 4.1. A process diagram of a sleep staging method development.

and applying Kappa analysis of confusion (also called error) matiicexdbtain the

accuracy of classifications.

4.2.2.1.Classification paradigms

Nine supervised classification methods were applied to differerttiat sleep stages at

the individual level:

Linear discriminant analysis (LD),

Quadratic discriminant analysis (QD),

Naive Bayes classifier (NB),

Feedforward neural network (FF),

Radial basis function neural network (RB),

Probabilistic neural network (PN),

Adaptive neuro-fuzzy inference system (AN),

Support vector machine with a linear kernel function (LS),

Support vector machine with a radial basis kernel function (RS).

For all classifiers except of LS and RS we used the implementations &vailalifferent
toolboxes of MATLAB. For support vector machine classifiers we egplhe freely
available LIBSVM library [131]. Based on individual-level classfion accuracy
performances and computational times RB and AN classificationdigara were
excluded from group-level analysis. Namely, these two classifiefgrpegd similarly or
even worse, but their computational demand was higher several éuasrfiore than 3
magnitudes in some cases) as compared to other classifieis. at the group level the
remaining seven classification methods were applied only.

Here we provide a brief introduction of the applied classificatiomgigms, for more
detailed description we refer to [132, 133]. LD and QD classifiers attempt towlisate
between different categories by separating them in the fegpaee using hyperplanes
and hyperquadratic surfaces, respectively. In case of LD Matlabafimultivariate
normal density to each class, with a pooled estimate of covariahde,far QD it fits
multivariate normal densities with covariance estimates ifsrthtby class. These

methods are attractive candidates for initial, trial clemsif{132]. The NB classifier
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applies the well-known Bayes classification rule and is designeds®mwhen features
are independent of one another within each class. However, it agpeaork well in
practice even when this independence assumption is not valid [132]. To thedel
distribution of features we used tkerneldistribution since it does not require a strong
assumption such as a normal distribution and can be used in casesheldistribution
of a feature may be skewed or have multiple peaks or modes. Fofeaiore a separate
kernel density was estimated for each class based on the drdiaia for that class.
Usage of kernel distributions requires more computing time and meneory than the
normal distribution. In demanding applications were the patternsnatelinearly
separable application of more sophisticated methods is advisable. iBlgp@dternative
approach may be multilayer neural networks. In this study we applied thiferent
types of neural networks: FF, RB and PN. After optimizations ofptrameters (see
Appendix B) that have been carried out using the extracted featuttes i@presentative
subject #16, we applied a FF classifier with a one hidden layer @madhdiurons. The
spread of radial basis functions was equal to 1 and 0.1 for RB andaBsifiers,
respectively. The AN classifier is a hybrid soft computationathod that combines the
advantages of fuzzy inference systems (FIS) and neural networkszzj ihference
system consists of three conceptual components: a fuzzy rule baske,contains a set
of fuzzy if-then rules; a database, which defines the membershigoiumetsed in the
fuzzy rules; and a reasoning mechanism, which performs the inéepracedure upon
the rules to derive a reasonable output or conclusion [134]. The extensaoRISffor
optimization of its parameters and an example learning ruldedound in section 3.2
of [133]. After preliminary analyses we applied three Gaussian membershijpfisnictr
all input features, a linear output membership function of the Sugenastfgrence
system and thgenfisltraining method with default training parameters. Finally, we als
assessed support vector machine (SVM) classifiers with liaedrradial basis kernel
functions. With an appropriate nonlinear function SVMs map the input fsatote
sufficiently high dimension were the categories can be alweparated by hyperplanes.
The goal of SVMs is to find the separating hyperplanes with largest margmsupport
vectors are transformed training patterns that are equally ddsgerplanes and denote
the maximal margins. For a more detailed description of SVM classifierses¢ion 5.11
in [132]. After parameter optimization we usd&ti=10 cost parameter for LS and

C =1000C, g=0.01 parameter combination for RS classifiers.
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4.2.2.2 . Confusion matrix

A confusion matrixC is a k™ kquadratic matrix, wherd is the number of classes.
Columns ofC stand for the reference data (sleep staging performed by then lexpert

in this case) and rows denote the classified data. He&Dce,n, is a count of EEG

segments scored by the human expert intgtthelass but classified to tht class using
a specific classification paradigm. For an example see Table¢hdtl presents the
confusion matrix obtained by LD classification of sleep stages udingieasure in Cz

channel of a representative subject #16.

TABLE 4.1. CONFUSION MATRIX OBTAINED FORLD CLASSIFICATION OF SLEEP STAGES USING ESTIMATED
D VALUES IN CZ CHANNEL OF A REPRESENTATIVE SUBJECHK16.

HEC (reference)

NREM  NREM Nis
REM
4 2
NREM4 87 0 0 87
% NREM2 3 76 9 88
- REM 0 14 81 95
Ny 90 90 90

The corresponding values are as follows: = 0.85, vér(R) =7.2510" and OA=90.37 %. HEC:

classification carried out by the human expert; LDAC: classificaperformed by linear discriminant

analysis.

The number of segments classified toitiheclass using different classifiers is

n,= n, (4.1)
j=1

while
k

n+j = nj (42)

i=1

is the total number of segments scored tgttihesleep stage by the human expert. et

denote the proportion of samples in thgh cell of C, corresponding ta;;:
B =—, (4.3)

wheren is the total number of the analyzed EEG segments. Furthermore naispgi

andpsj can be defined by
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p|+ = F?J
j=1
and
k
p+j = p]

4.2.2.3 . Kappa analysis

(4.4)

(4.5)

The Kappa analysis is a technique used to statistically thsther two confusion

matrices are significantly different. The result of Kappaleis is a KHAT statistic

(K ), an estimate of Kappa that is a measure of classification accuracy onewgtek is

based on the difference of the actual agreement (the magandiaof the error matrix)

and the chance agreement (indicated by the row and column totals,rgeatsy. If the

actual agreement is

k

po = pi

i=1

and the chance agreement is defined as

k

pc = p|+ p+i1

i=1

the estimate of Kappa is given by

K: Po- P —_i=l i=1

The variance of Kappa is as follows:

2
anf))=1 &la) 2t @) q) (- @) (e )
" (-a) (+ 2) (1 q)

where

1 k
R

1 k
qz:_Zl ni-f-n+i1

(4.6)

(4.7)

(4.8)

: (4.9)

(4.10)

(4.11)
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1 k

== n(n.+n), (4.12)
n 4

and
1 k k 2

==  n(n.+n). (4.13)
N iz =1

K can take values from the ran{gel,]]. However, positive values are expected since

there should be a positive correlation between classifications pedoby human
experts and machine classifiers. Landis and Koch characterizggbssible ranges for
KHAT into three groups [135]: a value greater than 0.80 (i.e., >80%)s&mte strong
agreement; a value between 0.40 and 0.80 (i.e., 40-80%) represents moderate agreement;

and a value below 0.40 (i.e., <40%) represents poor agreement. As it caerbén

Table 4.1, a strong agreemenﬁé0.85) between classifications performed by the
human expert and LD was found using tH2 measure in the central channel of subject
#16.

It was shown that the Kappa analysis overestimates the proportiamddmness and
thus underestimates the classification accuracy [136, 137]. Therefuees @&pplicable,

we also provide the most widely used classification performancesumeathe overall

accuracy
k
on
OA=1 (4.14)
n

For the particular confusion matrix presented in Table 4.1 With= 0.85, the
corresponding overall accuracy was 90.37 %.

The fact that thek  statistic is asymptotically normally distributed provides a madar
testing the significance K fora single confusion matrix to determine if the agreement
between the classifications performed by the human expert and eulpartnachine
classifier is significantly grater than zero, i.e., the pamicutlassification method

performs better that than a random classifier. The test statistic iSse@rey:

Z=— (4.15)
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Given the null hypothesi$i,: K =0, and the alternativéd, :K * 0, H, is rejected if
Z% Z,,, wherea/2 is the confidence level of the two-tailZdest.

Moreover, there is a test to compare if two confusion matricesigarigicantly different.

This provides us the opportunity to compare classifications performad dgferent

EEG measures, channels and classification paradigmsKLetnd K, (vér( Kl) and

vér( Kz)) denote the estimates of the Kappa statistic (estimategawmdnces) for

confusion matrix #1 and #2, respectively. The test statistic in this case is defined as

>

K
Z= i (4.16)

\/vér(&) - vél(Kz) .

Z is standardized and normally distributed. Given the null hypothésiK, - K,= 0,

and the alternativel, : K, - K> 0, H, isrejected ifZ3 Z_,.

Finally, in addition to computing statistics for an entire confusiairi®y it may be
useful to look at the agreement of individual classes. Individuak dacuracy can be
tested using the conditional Kappa coefficient. The estimateseofdhditional Kappa

coefficient and its variance for ti class are given by

R ="M= 0.0 (4.17)
nn, - n.n

and

R n(n, -

Var(Ki):H (no-n)(mn- npk nn(nn 8 0, (4.18)

respectively. The same comparison tests available for the Kapffecient also apply to
this conditional Kappa for an individual class. For more details and comparison of Kappa

analysis to other methods we refer to [136, 137].

4.2.2.4 Feature selection

Combination of the features was performed using the sequential forward fedgatierse
(SFFS) method [138, 139]. A typical feature selection block diagrambeaseen in
Figure 4.2.
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Figure 4.2. A process diagram of a feature selection.

A possible pseudo code of the SFFS algorithm is as follows:

already_selected_features = empty
#already_selected_features =0
remaning_features = all_extracted_features
#remaning_features = #extracted_features
for i =1 to #features_to_be_selected
for j =1 to #remaning_features
actually_selected_features = already_selected_features + remaning_features(j)
confusion_matrix = classification_with_nfold_cross_validation(actually_selected features)
classification_error(j) = 1 - abs(determine_ KHAT(confusion_matrix))
end
jmin = index_of_the_minimal_value(classification_error)
already_selected_fatures = already_selected_fatures + remaining_features(jmin)
remaning_features = remaning_features - remaining_features(jmin)
#already_selected_features = #already_selected_features + 1
#remaning_features = #remaning_features - 1
end

In the first round the algorithm will select the best sirfgkture that corresponds to the

minimum value of the criterion function. In our case the criterion function is given by

e(i)=1-|K (i), (4.19)

where K(i) stands for the classification accuracy of itiefeature and it is obtained
from the confusion matrices after 10-fold cross-validation. In the meuhd the
algorithm will select the second best feature from the renm@gmubset by combining all
remaining features with the best one and by finding again the miniof e(i). This
procedure is continued until the desired number of features is achieved.

We applied the SFFS method in order to reveal the best singleee@nd to find witch

are the subsequent ones that provide most additional information. &s dlseesleep
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stage discrimination capability of all measures and topograplatidos we performed
the feature selection using three different approaches:
- by combining the measures of single channalsasure selectionMS),
- by combining the channels for single measucésiinel selection CS),
- and by allowing the combination of all channel x measure pahianfel x measure
selection- CMS).

4.3.Results

4.3.1.Cross-validation and feature selection times

Cross-validation (CVT) and feature selection (FST) times obtained at theualilevel

can be seen in Figure 4.3. Considering CVT highest values were obtained for RB and AN
classifiers. Cross-validations of the AN classifier welmw 3000 times longer as
compared to the LS paradigm that resulted in lowest values. The iréased
systematically for higher feature numbers considering the NBAdhgaradigms only.

For other classifiers no systematic changes were found. HoweVErjnEf@ased for

higher feature numbers for all feature selection approachesllasswer all classifiers.

Figure 4.3. Individual-level overall median cross-validation (mMCVT) aadufe seleton (MFST) time
for all classification methods. Bars represent normalized values cogaputation times in seconds car
obtained using multiplication factors presented above the bar diagrangsirst bars stand for cross-
validations with a single input feature™2"™ bars denote classifications with42-measures of sing
channels, 8-7" bars present results for classifications with 2-4 channels of simgksures, 810" bars
stand for classifications using 2-4 measure x channel combinatiofeatures. (B) Meaning of the bar
equal to those of"%10" bars in (A) part of the Figure. To resolve the abbreviation ofcthssificatior

methods see section 4.2.2.1.



66  CLASSIFICATION OF SLEEP STAGES BY COMBINING FRACTAL AND@®WER SPECTRAL
EEG FEATURES

Figure 4.4. Group-level overall median crosalidation (MCVT) and feature selection (mFST) time
all classification methods. Bars represent normalized values,c@aputation times in seconds car
obtained using multiplication factors presented above the bar diagrams. rg¥)érs stand for cross-
validations with a single input feature™2™ bars denote classifications with4&2measures of sinc
channels, 8-7" bars present resullts for classifications with 2-4 channels of single measiE3" Bars
stand for classifications using£2measure x channel combinations as features. (B) Meaning of tt
is equal to those of'210" bars in (A) part of the Figure. To resolve the abbreviation of the classific

methods see section 4.2.2.1.

Similarly to CVT highest FST values occurred for RB and ANhwods, while lowest
values were found for the LS method. Based on these results we eatedpble CVT
and FST times for group-level analyses. Due to the high computatioandefand
similar classification accuracy results as for other methogie-later) of RB and AN
approaches we excluded these from further analyses.

At the group level (Figure 4.4) similar trends appeared for QMIBEST as compared to
the individual-level. However, the computational time increased forfgpparadigms
by different factors. Highest increments were found for the S\Adsifiers (350-450
times longer FSTs were obtained at the group level). LD and &#© found to be the
fastest classifiers, while FF and RS methods were defilyitthee most computation

demanding ones.
4.3.2.Discrimination of sleep stages using single EEG measures in single
channels

Sleep stage classification results obtained by the LD classdr all measures in all
channels can be found in Figure 4.5. Maxinkalvalues across subjects (Figure 4.5A)

yielded best classifications forD, f,, and P, features. There were 9 channels with
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Figure 4.5. Sleep stage classification results obtainsthg linear discriminant analysis both
individual and group levels. (A) Maximd{ values taken across subjects. (B) Averaged indivitual
values. (C) Group—leveK values. (D) Individual conditionakK values averageacross subjects f
sleep stage NREM4. (E) Individual conditiondl values average@cross subjects for sleep st
NREM2. (F) Individual conditionalk values averaged across subjects for REM sleep. (G) Group-level
conditional K for NREM4 sleep. (H) Group-level condition&l for sleep stage NREM2. (I) Group-

level conditionalK for REM sleep. Relative band powers are denoted by the lakitls correspondir

frequency band

highest K values for D and 8 channels forf,,. Kappa analysis did not reveal

significant differences between the performances of these easures at either channel
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TABLE 4.1l. KAPPA ANALYSIS OF SLEEP STAGE CLASSIFICATIONS PERFORMED BRWEAR DISCRIMINANT

ANALYSIS.
Channel

Test Measures
Fp2 F8 T4 T6 O2 Fpl F7 T3 T5 O1 F4 C4 P4 F3 C3 P3 Fz Cz
Dvs. > > > > > > > > > > > > > > > > > >
imax (A) D vs. fse < < > > > > < < < > < < > < > > = >
fse vs. > > > > > > > > o>k o> > > > > > > > >
Dvs. S¥ >k >k Sk ok >k oS>k o>¥ > <k > > < > > o< > >
g () D vs. fse Sk >* ¥ >k gk >k >k o>k < <k > > < > > o< > >
fse vs. S>> < > >k >k >k o>k o>k < > > > > > <F <
D VS. >* >* >* >* >* >* >* >* >* >* >* >* >* >* >* >* >* >*
gCN4 (G) D vs. fse >* >* >* >* <* >* >* >k Sk <* >% >* >* >* >* >k >% >*
fse vs. >* >* Sk Sk Sk >* >* Sk Sk Sk >* >* >* >* S* Sk Sk Sx
Dvs. S¥o>k >k > <k >k o>k o>k > > > < > o>k < o >F >
gcN2 (H) D vs. fse S I T A < A A T
fse vs. > > > <F < > >k o> > > < < <F > < < <<
D VS. <* <* <* <* <* <* <* <* <* <* <* <* <* <* <* <* <* <*
gcR (1) D vs. fse SRS R < I AP P R A < I I A< S IR P D A
fse vs. << K < < <P <k F o < <F < < PP < <F <

imax: maximalK values taken across subjects; g: group-lel’&ek/alues; gcN4: group-level conditional
K values for NREM4; gcN2: group-level condition# values for NREM2; gcR: group-level
conditional K values for REM. Letters in brackets indicate the appropriate columns in Figure 4.5. The >

(<) sign denotes grater (smallelﬁ values of front measures. Significance of differences was determined
using a 95% confidence level (Zc = 1.96) and marked by an asteriignotes the relative power of the
beta frequency band.

(Table 4.11,imaxtest). Taking the average &f values across subjectd) provided the
best performance in all channels (Figure 4.5B). At the group leigelré=4.5C) highest
K values were also found foD in most of the channels (except for T5, P3, P4, O1 and

02 channels) followed by measurés andP,,. Comparing these three measures there

were 8 channels (with a predominance of circumferential elecjrodese D achieved

significantly better performance compared to measudtgsnd P,, (Table 4.1I,g test).

Considering the individual-level conditiona values averaged across subjecid
showed best performance for NREM4 (Figure 4.5D) as well as for NREM2 (Figure 4.5E)

in all channels while during REMD, P, , P, and f,, revealed similar performance

(Figure 4.5F). Group-level condition&l values were presented in the last three columns
of Figure 4.5 (G, H, I). For NREM4 (Figure 4.5G)D showed the best classification

results in all channels except for the occipital electrodes €Takhl, gcN4 test). During
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TABLE 4.1ll. MAXIMAL K VALUES, CORRESPONDING OVERALL ACCURACY VALUES ANEEG

DERIVATIONS OF D, P, AND fse MEASURES FOR ALL COLUMNS INFIGURE4.5.

Measure
D P. fse
(A 0.9667, (97.78); 0.9167, (94.44); 0.9611, (97.41);

T6, 02 (3) T6 (3) T3,T5 (3)
(B) 0.8432,(89.55); T4 0.7585,(83.9);F3  0.7657, (84.38); P4

(C) 0.7210,(81.4); T4  0.6695, (77.97);P4  0.6877,(79.19); T3

(D) 0.9810; T4 0.8215; 02 0.9193; 02
(E) 0.7927; T3 0.6753; F4 0.6327; T6
(F) 0.7652; T6 0.9047; Fz 0.8270; F3
G) 0.9440; Fp1 0.7361; 02 0.8649; 02
(H) 0.6053; T4 0.5153; P4 0.5305; T3
0] 0.6616; T6 0.9083; F3 0.8599; F3

First column denote column labels in Figure 4.5. (A) Maxirkal values taken across subjects.
Averaged individui K values. © Group-leveIK values. (D) Individual conditionalK  values
averaged across subjects for sleep stage NREM4. (E) Individual conditonatlues averageecross
subjects for sleep stage NREM2. (F) Individual conditidtavalues averageedcross subjects for RE
sleep. (G) Group-level condition& for NREM4 sleep. (H) Group-level conditionil for sleep stag

NREM2. (I) Group-level conditionak for REM sleepOverall accuracy is provided in brackets ¢

where applicable (the first three rows only). In the first row $héject id is also provided in brack

after the channel labels to denote for which subject(s) were the makinvalues found.

NREM2 best performance was also achieved fbrin most channels (13 out of 18

channels) (Figure 4.5H). Performance dd significantly exceeded those df, and
P, in 9 channels (Table 4.llgcN2 test). By contrast, during REK, and P,

significantly outperformed D in all channels (Table 4.IgcRtest). Best classifications

were obtained for measurf@, in all channels. For all columns presented in Figure 4.5

maximal K values of D were found in the circumferential channels (Table 4.111) with
the best performance in T4 channel in 4 cases including neavalues for the
individual level (row B),K values at the group level (row C) as well as conditidfal
values in rows D and H. As can be seen in Table 4.l11l, bessifitation performance
across EEG measures was found fBr considering all rows with the exception of rows
(F, 1) that is the conditional values for REM. In (rows A-C) hdassifications of D
exceeded 80 % overall accuracy (peaking in 97.78 % at individual level for subject #3).

Compared with other measuré$,generally performed below the average with central

peaks inK values. In contrast to its general low level of performanqeiie efficiently
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TABLE 4.1V. MEASURE X CHANNEL COMBINATIONS CORRESPONDING TO MAXIMALK VALUES.

Classification method Best
Condition "
LD QD NB FF PN Ls RS classifiers
D; 0 97;22 : ; D; fse: fse:
® 09667,  (98.15):  0.9778, (09'371252){ g?g‘gi 09778,  0.9667, NB/LS
(07.78); F8,T4,OL (9852 (o020 16 0p(3)/ (9852  (97.78)
T6,02(3) Fa@a),  TAQ) (oo PG 3O T3 (3)
F3(3)
D; D; D; D; D; D; D;
®) 0.8432,  0.8483, 08501, 0.8288,  0.8468, 0.8463,  0.8463, NEB
(89.55);  (89.89);  (90.02);  (88.6); (89.8);  (89.76);  (89.76);
T4 T3 T4 T4 T4 T4 T4
D; D; D; ; D; D; D;
©) 0.721, 0.7258, 0.728, 0.7268, 07283, 07288,  0.7273, LS
(81.4); (81.72):  (81.87);  (81.79);  (81.89);  (81.92);  (81.82);
T4 T4 T4 F3 T4 T4 T3
D; D; D; D; D; D; D;
(D) 0.982: 0.9824; 09825  09723;  09807; 009805  0.9838; RS
T4 F7 T4 Fpl T4 T4 T4
D; D; D; D; ; ; D;
(E) 0.7927; 07888,  0.7826:  0.7597;  0.8949;  0.8499;  0.7752; PN
T3 T3 T3 T3 P3 F4 T3
) 0.9047:  0.8839;  0.8609; 08388, 09354 09662,  0.891; LS
F3 F3 F3 F3 Fz Fz Fz
D; D; D; D; D; D; D;
©) 0.944; 0.9353;  0.9173; 0.912; 0.9325; 09226,  0.9227; LD
Fpl Fpl Fpl Fp2 Fpl Fpl Fpl
(H) 06778; 07531,  06536;  0.6454;  08673; 0.6977;  0.6817; PN
cz F4 P3 P4 F4 F3 P3
; ; fse; fse; ; fse; fse;
U 0.9083;  0.8867;  0.8192; 0.808: 0.9733;  0.8445,  0.8399: PN
F3 F3 F3 F3 F3 Fz Fz

Measure x channel combinations corresponding to maxialalues for columns of Figure 4.5 and

figures in Appendix C. Overall accuracy is provided after Khevalues in brackets only where applicable

(first three rows). In the first row the subject id is also pded in brackets after the channel labels to

denote for which subject(s) were the maxirial values found. Labels in the first column of the table

correspond to column labels of Figure 4.5 and figures in Appendix C withollbgiihg meaning(A)
Maximal K values taken across subjects. (B) Averaged indiviualalues. © Group-leveHE values.

(D) Individual conditional K values averaged across subjects for sleep stage NREM4. (E) Individual
conditional K values averaged across subjects for sleep stage NREM2. (F) Indiciolditional K
values averaged across subjects for REM sleep. (G) Group-lerditional K for NREM4 sleep. (H)

Group-level conditionalK for sleep stage NREM2. (I) Group-level conditiortél for REM sleep.
Relative band powers are denoted by the labels of the corresponding frequency Tmanesolve the
abbreviation of the classification methods see section 4.2.2.1.

classified NREM4. When regarding results obtained for reldised powers (Figure

4.5), higher overall performance was found for faster brain aesvitn general, better
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classification results were found for NREM4 as compared with MRENnd REM.

Worst and non-significant (comparing against a random cla3sifi@ssification results

were obtained at group level for sleep stage NREM2 using ne=saRyy; (channel Fp2)
and P, (channels F3, Fz, F4, F7, C4).
Classification results obtained by QD, NB, FF, PN, LS and RS panadign be found

in Appendix C. Comparing the results obtained for all classifiges found some
differences considering specific channel x measure combinationscdparing to
other classifiers lower group-level KHAT values appeared foraRt LS paradigms in
all channels when the , measure was applied. However, overall classification profiles
were similar across the classification methods and this Isasreflected in channel x
measure combinations exhibiting best classifications (Table 4@Wdhsidering both
averaged individual and group-level results we obtained best sleep cdésgification
performance in most of the EEG channels and for most of the @assifis methods by
applying the multifractal measure.

Moreover, best classifications folD were achieved in temporal channel T4 for most of
the classifiers at both levels. Using thB x T4 single feature at the group level highest
overall accuracy (OA=81.92 %) was achieved by a support vector mackima liviear
kernel function, while individual-level analysis revealed best agectassification result
(OA=90.02 %) for a naive Bayes classifier. Overall maximal d&l-level

classifications were achieved byD, f,, and P,, measures depending on the

se

classification method. Best results were found for subjects #3 anddkildving even

98.52 % overall accuracy.

4.3.3.Combination of EEG measures and channels

Considering group-level results supplementation of the best singleurds by
appropriate second ones significantly improved the overall sleep slaggfication
performance (Table 4.V, rog). Addition of a second measure for the same channel and
addition of another channel x measure feature enhanced the performanuaeof
classifiers as compared to addition of a second channel for tine saeasure.
Conditional Kappa analysis (Table 4.V, rogeN4 gcN2 and gcR revealed that the
overall classification accuracy improved for many classifiers tluethe higher
classification accuracy of NREM2 and REM sleep stages. Thibealso observed for

the MS feature selection approach by comparing last three coluntiguwé 4.6 and
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Figure 4.7. It can be seen that the addition of the second meassesignmificantly
improves the classifications of NREM2 and REM stages and tleispscially true for
channels placed around the vertex. Going further by comparing Figure 4.7ganel F
7.13 as well as by comparing Figure 7.13 and Figure 7.14 it can be sete thddtlition

of further measures improves the overall and conditional claggficperformance in
several channels in most of the classifiers. However, signifitaprovements can be
achieved by combining of up to three measures (Table 4.VI, firstaws). Comparing
best classifications obtained by combining 2, 3 and 4 channels for single meashies (Ta
4. V1, rows 3-4) it becomes clear that addition of third and fourth cheudoes provide

further significant improvements.

TABLE 4.V. A COMPARISON OF FEATURE SELECTION APPROACHES APPLYING ONDNE OR TWO FEATURES

. Classification method
Level Comparison SC
LD QD NB FF PN LS RS

2M/1CM * x *  x  *x  *x * 7
g 2C/ACM *ooox X * x x * 4
2CM/1CM * * * *ox * * 7
2M/1CM X X X x x x x 0

gcN4 2C/ACM X x x * x x x 1
2CM/1CM X x x * x x x 1

2M/1CM X * * * X oo* * 5

gcN2 2C/ACM X x x * x x * 2
2CM/I1CM * X * *o* * * 6
2M/1CM * x *  x  *x  x * 7

gcR 2C/1CM X X * x * x % 3
2CM/I1CM * * * X * * * 6

Group-level overall (g) and conditional (gcN4-NREM4, gcN2-NREM2, gcR-R&gpa analyses were

based on confusion matrices corresponding to maxikhavalues. 2M denotes selections of two best
measures for single channels, 2C stands for selections of two best shemmsldering single measures
and 1CM-2CM stand for selections of 1-2 best channel x measure combinations. Signifi@mtodiff are
denoted by an asterisk, while not significant differences are mhdrkex. Sums of classification methods
that exhibited significant differences are presented in the last co{8@). A one-sided test was used with
Zc = 2.45 value for the Bonferoni corrected = 0.05/7 since feature selection approaches before the
slashes are supposed to provide better classifications by theoryesbdve the abbreviation of the

classification methods see section 4.2.2.1.
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Figure 4.6. K values acteved by first best measures in particular channels. Rows pressults fo
different classifiers. Meaning of the column labels is as falloi%) Maximal K values taken acro
subjects. (B) Averaged individua{ values. © Group-leveK values. (D) Individual conditionak
values averaged across subjects for sleep stage NREM4. (E) IndividuaiamoaldK values average
across subjects for sleep stage NREM2. (F) Individual conditisnalalues averagedcross subjects f
REM sleep. (G) Group-level conditionél for NREM4 sleep. (H) Group-level conditionidl for slee|

stage NREM2. (1) Group-level conditiondl for REM sleep.To resolve the abbreviation of -

classification methods see section 4.2.2.1.

However, a combination of up to four channel x measure features matyimefsuther
significant improvements (Table 4.VI, rows 5-6). Table 4.Vl also shdtnest
combinations of measures in single channels provide significantlgréssifications
when compared to combinations of channels using single measures Tr&yvs
Furthermore, combinations of channel x measure features perfornicsigtiyf better as
compared to the other two feature selection approaches (CS and i&thiit MS and
CMS approaches may result in similar classification perfornsafme combination of

two features (Table 4.VI, row 13).



74 CLASSIFICATION OF SLEEP STAGES BY COMBINING FRACTAL AND@®WER SPECTRAL
EEG FEATURES

Figure 4.7. K values achieved by combination of two best measures in particular channelpresers
results for different classifiers. Meaning of the column labebsifollows. (A) MaximaK values take
across subjects. (B) Averaged individu@l values. © Group-leveﬂf values. (D) Individuatonditiona
K values averaged across subjects for sleep stage NREM4. (E) Individual condiiorsles average
across subjects for sleep stage NREM2. (F) Individual conditisnalalues averagedcross subjects f
REM sleep. (G) Group-level condition&l for NREM4 sleep. (H) Group-level conditionl for slee

stage NREM2. (I) Group-level conditiondl for REM sleep.To resolve the abbreviation of
classification methods see section 4.2.2.1.

Considering overall group-level classification results (Figure Beljer classification
were obtained using FF and SVM classifiers as compared to ditiotral methods such
as LD, QD and NB. Nevertheless, this tendency was not true amndiédual level,
where the traditional methods performed even better, especiallases ovhere the
number of features was higher (see Figure 1.0).

When comparing the maximal classification performances of indivahaligroup levels
it can be observed that as expected better discrimination ofstkeggs can be obtained

at the individual level achieving even 100 % overall accuracy for several subjects.
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TABLE 4.VI. A COMPARISON OF DIFFERENT FEATURE SELECTION APPROACHES BASON CONFUSION

MATRICES CORRESPONDING TO MAXIMALK VALUES OBTAINED AT THE GROUP LEVEL

Classification method

Comparison

LD Qb NB FF PN LS RS

3M/i2M * X * * X * *
4AM/3M X X X X X X X
3C/2C X X X X X X X
4C/3C X X X X X X X

3CM/2CM * * * *ooox % *

4CM/3CM X X X X X * *
ompct S A S
3m/3ct SO N T S RN
am/act S N C P

2CM/2C * * * * * * *
SCMISC * * * * * * *
4CM/4C * * * * * * *
2CM/2M * X X X * X X
3CM/3M * * * * * * *
4CM/4M * * * * * * *

N NN N NN 0O O DN O O o O

2M-4M denote selections of 2-4 best measures for single channels, 283 selections of 2-4 best
channels considering single measures and 2CM-4CM stand for selectigaé loést channel x measure
features. Significant differences are denoted by an asterisk, while not signifitardrdies are marked by

X. Sums of classification methods that exhibited significant diffeseare presented in the last column
(SC). A one-sided test was used with Zc = 2.45 value for the Bonfenoected g = 0.05/7 in those
comparisons where feature selection approaches before the slashes grbeiter classifications by
theory. For other comparisohs two-sided test was used by applying a critical Zc = 2.69 valuéhéor
Bonferoni corrected g = (0.05/2)/7. The > sign denotes that feature selection approaches before the

slashes provided better classifications. To resolve the abbreviation of te#ickigon methods see section
The superiority FF and SVM classifiers also appeared for the drestp-level
classification results obtained for different feature seleciipproaches and feature
numbers (Table 4.VII). Specifically, the FF and RS methods Yeered to be the best
classifiers significantly outperforming the traditional paradigmmost of the cases (see
Table 4.VII, last column). Combining different measures in singlarla (Table 4.VII,
rows 2M, 3M and 4M) best classifications appeared for F3, C3, C4 andadels by
combining in most of the case®, P ; P |, fssandH measures. D was selected usually
as the best or third best (aftBr, P,) measureH was selected only as the fourth
measure. Best classifications for the CS feature selegbiproach (Table 4.VII, rows
2C, 3C and 4C) were achieved in most of the case®ogndP , measures. For measure

D best classifications were obtained usually by combining T3, T4, F8, O1, 02, Fpl and
Fp2 channels. Fd? , the F3, F4, O2, F7, F8 and Fz channels were selected.
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Figure 4.8. Overall averages of group—levlél values (A) and maximal group-lev@l values (B) for
different feature selection approaches and classification methods. First bars stand for dtesidibase
on a single feature,"24" bars denote classifications with 2-4 measures of single chanffe®! Bare
present results for classifications obtainby combination of 2-4 channels for a same meastitel,08
bars stand for classifications using42ehannel x measure combinations as features. Note that t
three bars are equal in (A) and (B) cases. To resolve the abbreviatitre afassificatio methods s
section 4.2.2.1.

Figure 4.9. Overall averages of individu# values (A) and averages of individual-level maxirkal
values (B) for different feature selection approaches and clasaificatethods. First bars stand
classifications based on a single input featur&;4% bars denote classifications with&2measures
single channels,"s7" bars present results for classifications with 2-4 channels of single measivtd 8
bars stand for classifications using 2-4 measure x channel combinatgofieatures. To resolve 1

abbreviation of the classification methods see section 4.2.2.1.
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TABLE 4.VIl. FEATURE COMBINATIONS CORRESPONDING TO MAXIMALK VALUES OBTAINED AT THE GROUP

LEVEL.
Classification method
FS DOC
LD QD NB FF PN LS RS
D, ; . . s D, fse; s .o
07708, 0.799, 0.784, 0.8149, 0.7673, 0.7985, 0.8139, FTSRi'B?D'
(84.72); (86.6); (85.6); (87.66); (84.49); (86.56); (87.59); LD* PN*
F3 P4 P4 ca F3 C4 Cc4 '
D, , , » D , » D , » D D, fse, ; D, , ; , » b
aM 0.8382, 0.8126, 0.8098, 0.8655, 0.786, 0.8516, 0.8612, FE'D'E%S*S'
(89.21); (87.51); (87.32); (91.04); (85.74); (90.11); (90.75); NB* PN*
C3 C4 C4 F3 F3 F3 F3 !
D, , ,H , » D/H , » DH , » D, D,fse, , ; D, , ,H , » DH EFE. RS. LS
M 0.8536, 0.8238, 0.821, 0.8767, 0.7918, 0.8612, 0.8711, Lb* (éD*'
(90.24); (88.25); (88.07); (91.78); (86.12); (90.75); (91.41); NB* PN*
C3 C4 C3 F3 F3 C3 F3 !
D; D; ; ; D; D; ;
2 0.7488, 0.7537, 0.7534, 0.7643, 0.7536, 0.7501, 0.7724, Rsl’jNFF,’\ISD‘
(83.25); (83.58); (83.56); (84.28); (83.58); (83.34); (84.82); LS LD
T4, T3 T4, T3 F3, 02 F4, 02 T4,T3 T4,T3 F3, 02 ’
D; D; ; ; D; D; ;
sc 07582, 0.7577, 0.7594, 0.7825, 0.7642, 0.7612, 0.7792, FFI'_SRS,\'I;N'
(83.88); (83.85); (83.96); (85.5); (84.28); (84.08); (85.28); LD* QI:S*
T4, T3, F8 T4, T3, F8 F3,02,F8 F3,02,F8 T4,T3,01 T4,T3,Fpl F3,02,F8 '
D; D; ; ; D; D; fse;
0.7623, 0.7671, 0.762, 0.785, 0.7779, 0.7675, 0.7886, RS, FF, PN,
4C (84.15); (84.47); (84.13); (85.67); (85.2); (84.5); (85.9); LS, QD,
T4, T3, F8, T4,T3,F8 F3,02,F8, F3,02,F7, T4,T3, 01, T4, T3, T3, F3, 02, LD*, NB*
02 ,01 Fz T4 Fp2 Fpl,T5 T4
DxT4, DxT4, DxT4, DxT4, DxT4, DxT4, DxT3, RS, FF, LS
2cM xFz; xFz; XF3; XF3; fsexF3; XF3; xF3; NB I_’D !
0.8025, 0.7921, 0.8043, 0.8108, 0.7916, 0.8073, 0.8139, QD’ PN
(86.83) (86.14) (86.95) (87.39) (86.11) (87.15) (87.59) '
DxT4, DxT4, DxT4, XF3, DxT4, DxT4, DXT3,
xFz, xFz, xF3, xCz, fsexF3, xF3, xF3, FF, LS, RS,
3CM xP3; xC4; xCz DxF8; xP3; xCz xCz LD*, NB*,
0.8759, 0.8486, 0.8509, 0.8952, 0.8268, 0.8835, 0.8825, QD*, PN*
(91.73) (89.91) (90.06) (93.01) (88.45) (92.23) (92.17)
DXT4, DxT4, DxT4, DxT4, DxT4, DxT4, DXT3,
xFz, xFz, XF3, xF3, fsexF3, xF3, xF3,
4CM xP3, xC4, xCz, xCz, xP3, xCz, xCz, REDEFNé‘*S !
xP3; DxFp2; x02; x02; DxFp1; x02 x02; QD; PN’;
0.8896, 0.8628, 0.8688, 0.9116, 0.8455, ; 0.9025, 0.9126, ’
(92.64) (90.85) (91.26) (94.11) (89.7) (93.5) (94.18)

Best feature combinations, correspondiﬁg and overall accuracy (in brackets) values are shown for
different feature selection (FS) approaches and different classificgtaradigms. 2M-4M denote
selections of 2-4 best measures for single channels, 2C-4C stand fatiossleof 2-4 best channels
considering single measures and 2CM-4CM stand for selections of 2-4mmssure Xx channel
combinations. Last column denotes decreasing orders of classifieiS) (B¢zording to the achievel
values. Best classifiers were statistically compared to other methods usingidexh&-sest with a critical

Zc = 2.4 value for the Bonferoni correcteg = 0.05/6. Methods with significantly lower performance are
marked by an asterisk. Relative band powers are denoted by the lalteés arfrresponding frequency
bands. For abbreviations of the classification methods see section 4.2.2.1.

Combining arbitrary channel x measure features best clasisifisavere found in most
of the cases by combiningD measure of temporal (T3, T4) channéls,in F3 and Fz

channelsP ; in centro-parietal (C4, Cz, P3) channels &din channel O2. D was
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Figure 4.10. Grougevel feature selection results. Number of cases (paradigrhgn vparticula
measures were selected as the best measures in single channefsfti@)lar channels were selectec
the best channels considering particular measures (CS) and when particular tharmeasur

combinations were selected as the best features according to theeabiai values. (A)-(D) denotease
when particular measures, channels and channel x measure combinations were foeimdetd’, 2", 3¢
and 4" best features, respectively. Row (E) stands for sums of passsted in rows (A)-(DXhe orde
of the measures is HD, Pso, Py, P:, Py, P, P,, P, fse While the order of the channels is as follc
Fp2, F8, T4, T6, 02, Fpl, F7, T3, T5, O1, F4, C4, P4, F3, C3, P3, Fz, Cz.

selected as the best feature in most of the cases and utswally followed byP ., P,
andP .. This order was also true for the best overall classificgt®=94.18 %) that
was obtained by combining theD x T3, P, x F3,P ; x Cz andP , x O2 features and
applying a support vector machine classifier with a radial basis kernel function.

The previously described trends in selection of specific measuresleamhels are
presented in a more detailed way in Figure 4.10 and summarizedure Hd.1 and
Figure 4.12 to emphasize the importance of particular features.

As it can be seen from these figures the selection of measndeshannels was very

similar across the classification paradigms when featuretmglewas carried out on
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Figure 4.11. Group-level results. Number of casesg@igms x channels) when particular measures
selected within the best four features. MS denotes the selectimastires in single channels, while C
stands for the selection of channel x measure features. (Aldi)te cases when particular measure
were found to be within the'12", 3 and 4" best features, respectively. Row (E) stands for sums of
presented in rows (-(D). The order of the measures is as follows: B, Pso, P, P, Py, Py, P, Py,

fse Bars can be considered as sums across the columns of corresponding subplots in Figure 4.10.

channel x measure pairs (CMS). Selections of the best measwingle channels (MS)
and selections of channels for specific measures (CS) resultestightly different
distributions of selected features as compared to the CMS apprGaterally,
individual-level feature selection results (Appendix E) were vemnylas to those obtain
at the group level. However, some differences also emerged. dald be expected
selections of channel and measures were more uneven. In addition, nidasae
selected in more cases (especially as the third or fourtdadste) as compared to the

group-level results.
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Figure 4.12. Grougevel results. Number of cases (paradigms x measures) when particular chann
selected within the best four feeta. CS denotes the selection of channels considering single me
while CMS stands for the selection of channel x measure featuygf) (8enote cases when partict
channels were found to be within th& 2", 39 and 4" best features, respewatily. Row (E) stands for su
of cases presented in rows (®)}. The order of the channels is as follows: Fp2, F8, T4, T6, O2, Fp
T3, T5, O1, F4, C4, P4, F3, C3, P3, Fz, Cz. Bars can be considered as sumstaerosss c

corresponding subplots in Figure 4.10.

4.4.Discussion

To our best knowledge this is the first study that assessep slege discrimination
capabilities of fractal and power spectral measures of E@italsirecorded at different
topographic locations by applying different classification paradigimsoth individual
and group levels.

Our results revealed that considering both averaged individual- and -lgraip
classification results best performance was achieved by théraaidl measure D in

most of the channels. Subsequent best measuredyand P, . This tendency was true

for most of the applied classification paradigms. Furthermore, leesstifatations for D

were found in temporal channel T4.
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Examination of conditionaK values revealed that high overall performance Bfwas
achieved due to significantly better classification of the NREMdeps stage.
Comparatively, measureD was found to be less efficient in classifying NREM2 and
REM. Nevertheless, topographic maps in Figure 4.5 (and figures in App€)dix
indicated that these latter stages could be classified lmtsexd on other specific EEG

measures at specific locations. E.g. best classification of NREM2ewaaled using,,
centrally (Figure 4.5H) and best classification of REM was aelieising?,, in frontal

channels (Figure 4.51). Thus, we assumed that overall sleep staggfication
performance could be improved by combining different measures etethifflocations.
And indeed, combinations of up to two channels for same measures and cambiohti
up to three measures in single channels resulted in significlEssification
improvements. Our results also revealed that combinations of measurgsgle
channels provide significantly better classifications as comparecbmbinations of
different channels for single measures. This might be consideredpaomising result
since usage of single channels can enable the development of clagapenore
ergonomic vigilance state detector devices. Best classificatieres found in F3, C3, C4
and P4 channels by combining in most of the cage<s ; P, andfss measuresd was
found to be the fourth best measure for most of the classifiersisbadidition did not
resulted in a significant improvement. Topography of the best chasnielsa general
agreement with previous studies that revealed supremacy of celdrziations.
However, further significant improvement of the classificationfquerance can be
achieved by combining up to four appropriate channel x measure featorethid
feature selection approactb of temporal (T3 or T4) channels was found to be the best
feature followed by th®  x F3,P , x Cz andP ; x O2. Using the combination of these
features even 94.18 % overall accuracy could be achieved at the group level.

As expected, better classifications were achieved at the indiMekellas compared to
the group level. This finding could be related to the considerable indiwidtability of
sleep EEG features [140, 141]. In line with this in Chapter 2 we lexVessgnificant
gender-related differences of the multifractal measubesuggesting separate gender
groups for training of sleep stage classifiers.

Superior performance ofD andfs is in agreement with results obtained previously for
the entropy of amplitudes and spectral edge frequency measures [623uriiel

performed below the average considering all measures. This i®sulcontrast with a
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previous study [116] finding a superior performance of two other mondfraetsures
(the fractal exponent and the fractal dimension) when compared toaspeeasures. To
our surprise, worst classification performance was obtained faethieve band power
of slow activities. This might be explained by confining thkand to the 1-4 Hz range
and considering slow oscillations (0.5-1 Hz) separately. Furthermoregutiseanding

performance of D, f and P,, indicate that it is the faster rather than the slow aetsvit

that might be of superior performance in the classification of the analyzed sigeg. st
Comparing different classification paradigms we found that at ghmup level
feedforward neural networks and support vector machine classifigrsradial basis
kernel function significantly outperform the traditional approaches sashlinear
discriminant analysis, quadratic discriminant analysis and naivesBdgssifiers. This
result is not in agreement with the finding that non-linear classifiers prashhgslightly
better classification results as compared to LD [142]. Howelassification results in
[142] were obtained for discrimination of five mental tasks. FF RBdmethods are
highly computation demanding as compared to other classifiers. Amadpgelection
could be the LS method that performed similarly to the best ones, but exhibited about 5-8
times lower feature selection times. In contrast to the gewg-Iresults traditional
methods outperformed the more sophisticated approaches at the indiewklalThis
was especially true for higher number of input features. The reesold be the
relatively low number of training samples at the individual lexalising insufficient
parameter optimizations for the sophisticated methods. Thus, aidieual level we
suggest the usage of traditional classification methods that exaibit lower
computational times. We also note that preliminary parameter aptions (Appendix
B) were carried out for a single subject and measure. By opiignitie parameters
always for the subjects (individual or group) and features ofcpdati interest further
improvements could be achieved.

In this study we used the SFFS method to reveal the best channedwenkatures and
the following supplementing ones. We admit that application of exkau$tature
selection algorithms could reveal even better classificationsgusombination of
features not revealed here.

Polygraphic information (EMG, EOG, ECG) might obviously improve thepsktage
classification performance [116]. Nevertheless, developing sleep dagsifications not
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relying on polygraphic information might be useful for invasive trmaial EEG

recordings where polygraphy is typically not available.

In this study we assessed the relatively well-distinguishaldep stages NREM4,
NREM2 and REM. It remains to be tested whether other sleepsstd’iREM1 and
NREM3), waking states or the wake-sleep transition can be classified anttdetgh a

same performance using fractal measures alone or combined with fetteres.
However, we must also keep in mind that although the RechtschafferKaa®

standard was the only widely accepted standard for approximately 4€) ytsarules
were criticized for leaving plenty of room for subjective iptetation and different
amendments were suggested [143-145]. As a results a modified staradaptoposed
by the AASM in 2007 [130]. It remains to be tested how this new stdraféects the
already developed automatic sleep staging methods. Finally, iteatsins to be more
deeply investigated whether sleep scoring of human experts (mos#y basvisual
inspection of recordings) appropriately reflects sleep dynamics oupenssed

classification algorithms could reveal additional information.
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Chapter Five

CONCLUSIONS

The aim of this dissertation was to reveal spatio-temporetiairaroperties of the human
sleep and to assess sleep stage discrimination capability of mctabfand multifractal
EEG features.

It was found that the topography of both monofractal and multifract& gi®perties
exhibit sleep stage-specific distributions. Moreover, the monofractal mddsengled to
increase Kinrema > Hnremz > Hgrenm), While the multifractal measureD tended to
decrease (Dnrema < Dnremz < Drem) with the deepening of sleep. Thus, one can
conclude that EEG signals tend to be more persistent and lesfauotati with the
deepening of sleep.

Based on the observed spatio-temporal trends we speculate thatithendmtalates its
information processing capability and susceptibility to outer and istiewli via re-
organization of spatio-temporal correlations. By building up longetiosgemporal
correlations and by shrinking the fractal spectrum the localizecegsog elements of
the brain (e.g. columns of the neocortex) become less reactivémidi sind their
selective information processing capability decreases asete deepens because of the
activities that spread over longer distances.

Furthermore, sleep stage-specific topographies were also edvdal inter-site
correlations of the fractal measures as well as for cross-correlationselnethem. These
results suggest that despite of the general opposite tendencytabthactal properties
there might be different mechanisms in the brain that controtifragtality and
monofractality of the spatio-temporal dynamics in a more complex way.

Despite of the strong cross-correlations that appeared betiWwednactal and specific
power spectral features it was found that fractal propertispe@lly D) carry
additional information about brain dynamics as compared to the tradispeatral
measures. This finding might indicate that brain electacaivities are more complex
than they could be fully described by spectral measures or by a sioglefractal
exponent and therefore the multifractal approach may be more apprdpriaiedeling
the SOC properties of brain dynamics. Nevertheless, we should nbseteaal studies

revealed power-law neural fluctuations that do not necessarilyctreftdf-organized



critical states of brain [146-148]. All these findings indicate that cortibmaf different
approaches may be needed for overall modeling of brain dynamics.

Regarding the overall sleep stage discrimination capabilitheofihalyzed EEG features
the multifractal measure outperformed relative band powers, the coppaer spectral
measurds as well as the monofractal exponéhtConsidering the averaged individual-
level as well as the group-level classifications results wbthusing single features best
classifications were exhibited byD in temporal channels T3 and T4. Classification
performance exceeded 80 % overall accuracy at the group level, and achieved even 97.78
% at the individual level. Furthermore, by supplementing the best sewflerés with up

to three additional appropriate channel x measure combinations theficddion
performance could be significantly improved. By combining four feat@48 %
overall accuracy was achieved at the group level, while anthieidual level even 100

% performance was obtained for several subjects. Although the iGelexft the
appropriate channels and measures was slightly different atdadivand group levels
we conclude that when combining fractal and power spectral measiee most
appropriate features generally are: multifractality in tempahannels T3 and T4,
relative band powers of and frequency bands over the fronto-centro-parietal region

and relative band power ofactivity in the occipital region.
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Chapter Six

SUMMARY

6.1.New scientific results

Thesis I: Fractal properties of the human sleep EEG and their relation to power spectral
measures
(Related publications: [1-3], [5].)

I.1. | have revealed that EEG signals tend to be more persiste and less
multifractal with the deepening of sleep. In addition, bothmonofractal and
multifractal EEG measures exhibit topographic distributions that are sleep
stage-specific.

Topographic distributions of the fractal measures for the analsleegh stages are

shown in Figure 6.1. Highest values of the monofractal measweerged frontally

during all sleep stages, while the overall minimum was founchgufEM in the
central zone. AHyrems > Hnremz > Hgrew trend was present across the whole head
surface. The multifractal measur® showed an opposite trendDgrev > Dnrem2 >
Dnremsa- Minima of D could be found in the fronto-central region during all sleep
stages, while higher values were observed in the posterior cecemifl channels.

Based on the observed spatio-temporal trends | speculate that thenbdailates its

information processing capability and susceptibility to outer and iimeuls via re-

organization of spatio-temporal correlations. By building up longetiosgemporal
correlations and by shrinking the fractal spectrum the localizeckgsog elements of
the brain (e.g. columns of the neocortex) become less reactitentdi @nd their

selective information processing capability decreases asebp deepens because of

Figure 6.1. Topographic distributions of group-level medians of the fractal measures.
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the activities that spread over longer distances.

[.2. | have found that the topography of inter-site correlations ofH is more
variable than that of D across sleep stages. Furthermore, | have shown that
the cross-correlation betweenH and D exhibits sleep stage-specific
topography.

As it can be seen in Figure 6.2 (column ALL) both fractal measures exhibited stronges

inter-site correlations in the central region when all sle@gest were considered

together. Howevel exhibited higher posterior inter-site correlations during NREM4

and higher anterior correlations during NREM2 and REM. At the danee D did

not reveal such differences between sleep stages. Med3sleowed higher inter-site

correlations as comparedlb

By combining all sleep stages | found a strong negative coorlagtweerd and D

with a nadir in the posterior channels (Figure 6.3). As revealed lslebp stage-wise

analysis NREM2 and NREM4 contributed most to this occipital nadir. As cauhpar

NREM4 weaker and less significant correlations emerged diMiREM2. During

REM there was a further weakening of correlations with a norfisignt positive

peak in the F3, Fz, F4 channels.

These results suggest that despite of the general opposite tedeheytwo fractal

properties there might be different mechanisms in the brain dimétot multifractality

and monofractality of the spatio-temporal dynamics in a more complex way.

Figure 6.2. Highest 35 inter-site correlations of the fractal measdenoted by black lines dra
between the appropriate locatiarSpearman’s correlation coefficients were calculated consideril

sleep stages together (column ALL) as well as separately. Onlificgigh( p < 0.05) correlations are

depicted. Lowest presented correlation values can be found above the topographic maps.
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Figure 6.3. Spearman cross-correlations between H addconsidering all sleep stages togethe

well as separately. Significant valuep € 0.05) are denoted on the left side of the color bars utikg

following notations: no sign (none of the values are significant); only + (all vatuesignificant); +
with a dash (only values below the dashes are significant).

I.3. | have assessed the relationship between fractal and pemspectral EEG
measures as well as the contribution of individual frequery band activities to
the fractal measures.

Overall, 1 found stronger correlations between the fractal andptiweer spectral

measures during deeper sleep stages than in lighter stages. Additicslatlyrdvealed

that the monofractal measukeis positively correlated with relative powers of slow
activities (especiallfPso) and negatively correlated with faster activities (above 4 Hz)
exhibiting strongest negative correlations with. By contrast, D is negatively
correlated with slow activities and positively correlated walative powers of higher
frequency bands achieving strongest correlations RithP , and P ; in temporal
channels during NREM4. However, despite of the strong correlationsaleeve
between the fractal and the power spectral measures, using@arinear regression
analysis | found that fractal measures (especiald) carry additional information
about EEG signals compared to the power spectral features.

I.4. | have revealed gender-related differences of monofractadnd multifractal
EEG measures at specific topographic locations and during ddfent sleep
stages.

| found that sleep EEG signals are more multifractal duringeM&® NREMZ2 and

REM sleep stages at all topographic locations in males thaamialés (Figure 6.4).

Most significant differences occurred during sleep stage NR&Nubiting a minimal

p =0.002¢ value in channel F7. By contrast, the monofractal meas$uvas higher in
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Figure 6.4. Number of channels in which grdapel medians were higher in males (case M>F)
presented for both fractal measures and sleep stages separatelgeNahthannels in which gro-
level measure medians are higherfémales (case F>M) can be obtained by subtracting these
from 18 (total number of channels). The * (+) sign denotes measure arpgl stegge combinatiol
exhibiting significant differences for the case M>F (F>M).

females in most of the channels, however, a significant differ¢mce0.0464)
appeared during NREM4 in channel T4 only.
Given that the F7 recording site lies over or near the Brocas lahypothesize that

differences at this specific region reflect gender differences in verbaidns.c

Thesis IlI: Classification of sleep stages by combining fractal and power sp&HE@
features
(Related publications: [2], [4].)

II.L1. | have assessed sleep stage discrimination capability of ftatand power
spectral measures of EEG signals at specific topographic locations by applgi
different classification paradigms at both individual and group levels.

Considering both averaged individual- and group-level results, | obthestdsleep

stage classification performance in most of the EEG chammelsfor most of the

classification methods by applying the multifractal measube Moreover, | found
best classifications for D in temporal channel T4 for most of the classifiers at both
levels. Using conditional Kappa analysis | revealed that overdll peégformance of

D emerged due to the high classification accuracy of the NREM#.stising the

D x T4 single feature at the group level highest overall accuraBy&092 %) was
achieved by a support vector machine with a linear kernel function, intikidual-
level analysis revealed best average classification reQdt90.02 %) for a naive

Bayes classifier.
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II.2. | have shown that a combination of fractal and power spectraineasures of
EEG signals recorded at different topographic locations significantly immpves
the discrimination of sleep stages.

| found that supplementation of the best single feature with an appeopeie@bnd one

may significantly improve the sleep stage classification pedoce. Addition of a

second measure for the same channel and addition of another channakweme

feature enhances the performance in more classifiers as @@mmaaddition of a

second channel for the same measure. Using conditional Kappa analysis | revealed that

the overall classification accuracy improves due to the higher classificatiareay of

NREM2 and REM sleep stages. Addition of a third channel considdmmgadame

measure does not improve significantly the classification. Howevermbination of

up to three measures of single channels and a combination of up tchésuret x

measure features may result in further significant improvemé&dmbinations of

measures in single channels provide significantly better ctzggifins when compared
to combinations of channels using single measures. Furthermore, ctomsinaf
channel x measure features perform significantly better as cethparcombinations
of measures in single channels. Considering feature combinatitims gtoup level |
obtained the best classification results using feedforward neerabrk and support
vector machine classifiers that performed in most of thescsigaificantly better that
the traditional methods such as the linear discriminant analysis,qulaeratic
discriminant analysis and the naive Bayes classifier. This tepaeas not true at the

individual level, where due to the lower number of training samilestraditional

Figure 6.5. Averages of individual maximiél values and group-level maxim#&l values. First bar
stand for classifications based on the best single input featufe4" Bars denote classifications w
2-4 measures of single channel&: &' bars present results for classifications withd Zhannels ¢
single measures, "810" bars stand for classifications using 42-channel x measure feat
combinations. RB and AN classifiers were excluded from geugd- analyses due to their hi

computational demand.
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methods performed even better, especially in those cases wherarther of features
was higher (see Figure 6.5).
When comparing the maximal classification performances of ithg@tiand group
levels it can be observed that as expected better discriminat&laeqf stages can be
obtained at the individual level achieving even 100 % overall accuracgefaral
subjects.
At the group level | achieved the best classification performéDée94.18 %) using
the combination of D x T3,P ; x F3,P ; x Cz andP , x O2 features and by applying
a support vector machine classifier with a radial basis keumglibn. As it can be
seen in Figure 6.6 and Figure 6.7, selection of these measures anelshamvery
similar across classification paradigms when feature seteetias carried out on
channel x measure pairs (CMS). Selections of the best measusegle channels
(MS) and selections of channels for specific measures resultstightly different
distributions of selected features as compared to the CMS approactudition,
individual-level results were comparable to those found at the demgh Measures
D, P, P and channels T3-T4, O2, Cz proved to be the most appropriate features in

all cases. Thus, | conclude that when combining fractal and powetrapmeasures

Figure 6.6. Grougevel results. Number of cases (paradigms x channels) when partioglasure
were selected within the best four features. MS denotesetbetionof measures in single chann
while CMS stands for the selection of channel x measure featuré®) (@¢note cases when particL
measures were found to be within the 2, 3¢ and 4" best features, respectively. Row (E) stand
sums of cases presented in rows (A)-(D). The order of the me&saefollows: H, D, Pso, P, Py,
PP, P.,P,fs
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the most appropriate features generally are: multifractalityemporal T3 and T4
channels, relative band powers ofand frequency bands over the fronto-centro-

parietal region and relative band power d@ctivity in the occipital region.

Figure 6.7. Group-level results. Number of cases (paradigms x mepsues particularchannel.
were selected within the best four features. CS denotes thatigrelef channels considering sin
measures, while CMS stands for the selection of channel x measure featufi@y dgete cases wh
particular channels were found to be witlthe £, 2%, 3% and 4" best features, respectively. Row
stands for sums of cases presented in rowgp)The order of the channels is as follows: Fp2, F8
T6, 02, Fpl, F7, T3, T5, O1, F4, C4, P4, F3, C3, P3, Fz, Cz.

6.2. Possible applications

The more theoretical results presentedriresis Imight contribute to reveal how the
brain re-organizes itself across different vigilance stabesnodulate its information
processing and reactivity to stimuli. However, more refined analyses atedieassess
fractal properties of the sleep EEG during cyclic alternatinggpa(CAP) and non-CAP
sequences since CAP translates a condition of sustained arousailitgsbetween
greater and lesser arousal levels, while non-CAP denotes a comdiaoousal stability
[149-151]. In addition, to reveal the origin of self-similarity propertésnacro EEG
signals fractal analysis of brain activities at differerdlss is required. Application
possibilities of the more practical results summarized@hesis llare straightforward.
E.g. automatic classification of the vigilance state would be hmalefor clinicians
when assessing long-term recordings. Other applications mighthéereal-time
monitoring of the depth of anesthesia during surgery [111] or drowsie¢sstion [112]
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for people working under monotonic and at the same time dangerous tanoes
Going even further, based on the current state of neural enginéasireyident that the
widespread usage of brain computer interfaces for clinical andanieg purposes will
be among future trends. One of the clinical applications might berdhktime
modulation of the brain activity for control of epileptic seizures bylldoag delivery or
electrical stimulation [152]. During recent years severatusei detection/prediction
methods have been proposed based on different measures of brainescihb].
However, background of false event recognitions, the reason of relativel
performance of algorithms remained unclear since generally not teeesystematic
assessment of possible effects of the vigilance statetivarivas carried out. My
investigations (not presented in the dissertation) of fractal prepest epileptic brain
activities [7-14] disclosed that both monofractal and multifractal measurdstesddden
drops during the seizures and show slower trends during preictal anctgbastates.
Combining these findings with the results presented in the dissertatioimégsevident
that the variation of the vigilance state might modulate epileptents and hereby it
might also affect their detections/predictions by applying thesesunes. Since probably
all measures are affected by the vigilance state | suggesbval approach for
detection/prediction of seizures that is enhanced by the detewnirgitithe vigilance
state (Figure 6.8).

Figure 6.8. A possible enhancement of seizure detection/prediction capahiitidstermination of tt

vigilance state for control of epileptic seizures.
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Chapter Seven

APPENDICES

A. Cross-correlations between EEG measures and age

Figure 7.1. Spearman cross-correlations between EEG measures and adgeaigvalues @ < 0.05)

are marked on the left side of the color bars using the following notations: no sign (hone of teaaxalue
significant); only + (all values are significant); + with a dash (pnialues above/below the dash are

significant). Relative band powers are denoted by the labels of the corresponding fyclomiete.
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B. Optimization of classifier parameters
B.1. Feedforward neural network classifier

The number of hidden layers and neurons of feedforward neural networkielasgas
optimized using the Levenberg-Marquardt training algorithm andéhgstindicated in
Table 7.1. See Figure 7.7 for detailed information on optimization psoaad for the

obtained classification results using different number of hidden layers and neurons.

TABLE 7.1. APPLIED PARAMETER SETTINGS

Parameters Values

epochs 100
time Inf
goal 0

max_fail 5

mem_reduc 1

min_grad 1.0e-10

mu 1.0e-03
mu_dec 0.1
mu_inc 1.1
mu_max 1.0e100

For the meaning of particular parameters see the Matlab help. The goal parameter was changed to 1e-06

at the group level to improve the generalization capability of the classifier.

Figure 7.2. Parameter optimization results obtained for a feedforward neural onktwiassifier b
considering different numbers of hidden layers and different numbers of neurons in paltigetar To|
rows indicate cases when only one hidden layer was used with 2-10 numbetsarfs. Median cross-
validation times (MCVT) and meak values (n12 ) were obtained by classifications performed u
the D measure andansidering all channels separately as well as by combining up to four cdiot

subject #16. As an optimal combination we selected an architecturetounsia single hidden lay

with five neurons based on the maximaK mvalues and low crosgalidation time achieved by tl

configuration.
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B.2. Radial basis function neural network classifier

Figure 7.3. Parameter optimization results obtained for a radial basis functionaheatwork classifie
by considering different spread values. Median cross-validation t{(me€3/T) and mearK values

(mK ) were obtained by classifications performed using tBemeasure and considering all chanr

separately for subject #16. We selecteal diefault spread value 1 as the optimum based on the m

mK value and low cross-validation time achieved by this setting.

B.3. Probabilistic neural network classifier

Figure 7.4. Parameter optimization results obtairfed a probabilistic neural network classifier
considering different spread values. Median cross-validation timé&3/T) and mearK values (rrK)
were obtained by classifications performed using tH2 measure and considering all chann
separately for subject #16. We selected the default spread value 0.1 as the optimum besethamte
mK value achieved by this setting. Although the mCVT was highest for thaufzirspreal setting, i

was higher only with about 0.03 s from the minimum.
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B.4. Support vector machine with a linear kernel function

Figure 7.5. Parameter optimization results obtained for a support vector machine classifiea \iiteal
kernel function by considering different C values. Median crosgatain times (mCVT) and medt

values (mi) were obtained by classifications performed using tie measure and considering

channels separately for subject #16. \B&=6sted the C=10 parameter value as the optimum based

maximal nK value and low cross-validation time achieved by this setting.

B.5. Support vector machine with a radial basis kernel function

Figure 7.6. Parameter optimization resultstained for a support vector machine classifier with a re
basis kernel function by considering different C anghrameter values. Median crogafidation time

(mCVT) and mearK values (nK) were obtained by classifications performed using tBemeasur
and considering all channels separately for subject #16. We seleetgd=t0000, =0.01 paramete
combination as the optimum based on the maxikabnd high nK values and low crosealidatior

time achieved by this setting.
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C. Classification of sleep stages using single features

C.1. Quadratic discriminant analysis

Figure 7.7. Sleep stage classification results obtained using quadiatdniinant analysisboth a
individual and group levels. (A) Maximd{ values taken across subjects. (B) Averaged indiviual
values. (C) Group—levek values. (D) Individual conditionaK values averagedcross subjects fi
sleep stage NREM4. (E) Individual condition&! values average@cross subjects for sleep st
NREM. (F) Individual conditionalk values averaged across subjects for REM sleep. (G) Group-level
conditional K for NREM4 sleep. (H) Group-level condition&l for sleep stage NREM2. (I) Group-

level conditionalK for REM sleep. Relative band powers are denoted by the labis correspondir

frequency band
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C.2. Naive Bayes classifier

Figure 7.8. Sleep stage classification results obtained using a naies Bessifier both at individil
and group levels. (A) MaximaK values taken across subjects. (B) Averaged indivitluaralues. (C
Group-level K values. (D) Individual conditionaK values averagedcross subjects for sleep st
NREM4. (E)Individual conditional K values averaged across subjects for sleep stage NREW2
Individual conditionalK values averaged across subjects for REM sleep. (G) Groupdenditiona

K for NREM4 sleep. (H) Group-level conditionad  for sleep stage NREM2. (1) Group-level

conditional K for REM sleep. Relative band powers are denoted by the lab¢he correspondir

frequency band
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C.3. Feedforward neural network

Figure 7.9. Sleep stage classification results obtained using a feedforward neural ndassifiecboth

at individual and group levels. (A) Maxim#l values taken across subjects. (B) Averaged individual
values. (C) Group-leveK values. (D) Individual conditionakK values averaged aoss subjects fi
sleep stage NREM4. (E) Individual conditionl values average@cross subjects for sleep st
NREM. (F) Individual conditionalk values averaged across subjects for REM sleep. (G) Group-level
conditional K for NREM4 sleep. (H) Group-level condition&! for sleep stage NREM2. (I) Group-

level conditionalK for REM sleep. Relative band powers are denoted by the labils correspondir

frequency band
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C.4. Probabilistic neural network

Figure 7.10. Sleep stage classification results obtained wsipmbabilistic neural network classifi
both at individual and group levels. (A) Maxim#l values taken across subjects. (Byeraget
individual K values. © Group-leveHZ values. (D) Individual conditionaK values averagedcrost
subjects for sleep stage NREM4. (E) Individual conditidhavalues averagedcross subjects for sle
stage NREM2. (F) Individual condition# values averaged across subjects for REM sleep. (G) Group-
level conditional K for NREM4 sleep. (H) Group-level condition&l for sleep stage NREM2.

Group-level conditionalK for REM sleep. Relative band powers are denoted by the labefs

corresponding frequency bands.
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C.5. Support vector machine with a linear kernel function

Figure 7.11. Sleep stage classification results obtained wsBwpport vector machine classifier wit
linear kernel function both at individual and group levels. (A) Maxikalalues taken across subje
(B) Averaged individualK values. © Group-leveK values. (D) Individual conditionaK values
averaged across subjects for sleep stage NREM4. (E) Individual conditonatlues averagedcross
subjects for sleep stage NREM2. (F) Individual conditidhavalues averagedcross subjects for RE
sleep. (G) Group-level conditionad for NREM4 sleep. (H) Group-level conditionid! for sleep stac

NREM2. (I)Group-level conditionalK for REM sleep. Relative band powarge denoted by the lab:

of the corresponding frequency bands.
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C.6. Support vector machine with a radial basis kernel function

Figure 7.12. Sleep stage classification results obtained wsBwypport vector machine classifier wit
radial basis kernel function both at individual and group levels. (A) Maxikialalues taken acro
subjects. (B) Averaged individu#l values. © Group-leveli values. (D) Individual conditionaK
values averaged across subjects for sleep stage NREM4. (E) Indicimhditional K values average
across subjects for sleep stage NREM2. (F) Individual conditithatalues averagedcross subjec
for REM sleep. (GGroup-level conditionalk for NREM4 sleep. (H) Group-level conditionl for

sleep stage NREM2. (1) Group-level conditiotal for REM sleep. Relative band powarse denoted t

the labels of the corresponding frequency bands.
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D. Combination of measures

D.1. Combination of three measures

Figure 7.13. K values achieved by combination of three best measures in particulanalba Row
present results for different classifiers. Meaning of the collabels is as follows(A) Maximal K
values taken across subjects. (B) Averaged individgalvalues. © Group—levelk values (D)
Individual conditional K values averaged across subjects for sleep stage NREM4. (E)duradivi
conditional K values averaged across subjects for sleep stage NREM2. (F) Indiciohditional K
values averaged across subjects for REM sleep. (G) Group-leveliooaditi for NREM4 sleep. (t

Group-level conditionaK for sleep stage NREM2. (I) Group-level conditioKalfor REM sleep.
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D.2. Combination of four measures

Figure 7.14. K values achieved by combination of four best measures in particular chafRwel
present results for derent classifiers. Meaning of the column labels is as follos.Maximal K
values taken across subjects. (B) Averaged individgalvalues. © Group—level}i values (D)
Individual conditional K values averaged across subjects for sleep stage NREMA4. (E)dlradivi
conditional K values averaged across subjects for sleep stage NREM2. (F) Indiciahuditional K
values averaged across subjects for REM sleep. (G) Group—leveliooaditi for NREM4 sleep. (t

Group-level conditionaK for sleep stage NREMZ2. (I) Group-level conditiokalfor REM sleep.
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E. Individual-level channel and measure selection results

E.1.Overall results

Figure 7.15. Individual-level feature selection results. Number ofscémbjects x paradigms) wh
particular measures were selected as the best measures in shagleels (MS), particular channi
were selected as the best channels considering particular meas@®ear{@ when particular channe

measure combinations were selected as the best features accordingotnamedK values. (A)D)

denote cases when particular measures, channels and channel x measure combratifmund to k
the £, 2%, 3% and 4" best features, respectively. (E) stands for sums of casesig@se rows (A)-(D).
The order of the measures is HD, Pso, P, P, P+, P, P, P, fse While the order of the channels
as follows: Fp2, F8, T4, T6, O2, Fpl, F7, T3, T5, O1, F4, C4, P4, F3, C3, P3, Fz, Cz.



Individual-level channel and measure selection results 107

E.2. Measure selection results

Figure 7.16. Individualevel results. Number of cases (subjects x paradigms x channels) when p:
measures (MS) and channel x measure combinations (CMS) were selettiecbast features. (AP)
denote cases when particular measures and channel x measure combinations were found £ B8, the 1
3% and 4" best features, respectively. Row (E) stands for sums of peesented in rows (AP). The
order of the measures is as follows: H), Pso, P, P., P, P., P, P,, fse Bars can be considered

sums across the columns of corresponding subplots in Figure 7.15.
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E.3. Channel selection results

Figure 7.17. Individual-level results. Number of cagesbjects x paradigms x measures) w
particular channels (CS) and channel x measure combinations (CMS) wereedals the best featur
(A)-(D) denote cases when particular channels and channel x measure combinations were founc
1%, 2 39 and 4" best features, respectively. Row (E) stands for sums of cases presented if-(@s (A
The order of the channels is as follows: Fp2, F8, T4, T6, O2, Fpl, F7, T3, TB40Q4, P4, F3, C:

P3, Fz, Cz. Bars can be considered as sums across the rows of corresponding subplots ih Fagure
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