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Abstract — Sleep disorders such as insomnia, sleep bruxism, narcolepsy, and sleep-disordered breathing have different sleep
quality parameters such as cyclic alternating pattern phases and A subtype phases. This study aims to analyze and predict the A
phase subtypes from electroencephalography (EEG) data. The EEG dataset for 27 (8 control, 2 bruxism, 8 insomnia, 5
narcolepsy, and 4 sleep-disordered breathing) people were downloaded and processed. The re-reference method is a common
average reference (CAR), and the filtering method is a basic FIR method with lower and higher edge of frequency pass bands of
0.5 and 40 Hz, respectively. The sinusoidal artifacts (line noise) were removed with a CleanLine plug-in. The remaining noises
were execrated visually and then Independent Component Analysis (ICA) with ICLabel plug-in. The Power Spectral Density
(PSD) Parameters such as 0.5 to 2 Hz for Delta, 4 to 6 Hz for Theta, 8 to 12 for Alpha, 18 to 22 Hz for Beta and 30 to 60 for
Gamma brainwaves, alpha peak frequency, and alpha asymmetry were calculated with eegstats plugin. The hybrid principal
component analysis (HPCA) was used to estimate the functional, longitudinal, and location effects, and functional principal
components analysis (FPCA) was estimated to reach at least 90% fraction of variance (FVE). Finally, the random forest with
HPCA and FPCA were compared. The CAP time, NREM time, and CAP Rate were calculated. The PSD difference between
groups is not statistically significant for most of the frequency bands, meaning they did not show any differences between
different groups. The HPCA is estimated for each dimension with 90% FVE. The result of random forest on training and testing
dataset with first to nine HPCA and FPCA eigenfunctions of time domain showed that in all subtypes, the HPCA performs better
than FPCA according to the accuracy, sensitivity, and specificity. The random forest with HPCA had the best performance while
the random forest without FPCA had an accuracy of about 40% in training and testing.
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between A subtypes are presented in the study with primary
insomnia and normal sleepers, and A3 is higher in the
insomnia group. (9) Another study comparing sleep-wake
disorders such as narcolepsy—cataplexy (NC) with healthy
controls showed that subtype A2 is not statistically different in
the two groups. (10) Two studies discuss subtypes in sleep-
disordered breathing (SBD). (11, 12)

EEGLAB is the most famous software for analyzing EEG

I. INTRODUCTION

The prevalence of sleep disorders such as insomnia is about
10% in adults and many people suffer from it (1). In this
regard, promoting healthy sleep is essential, especially in
developing countries, to improve physical and mental health
and social wellbeing. (2) a recent study showed that the
relationship between sleep disorders such as hypersomnolence
and fatigue is high during COVID-19 (3). Among the sleep

quality measures based on the electroencephalography (EEG)
records, various sleep macrostructures and microstructures
such as Full night polysomnography (PSG) and cyclic
alternating pattern (CAP) are very famous (4). In non-rapid
eye movement (non-REM) sleep, the CAP, as a marker of
sleep instability, has two main phases: an activation phase, or
A phase, and a quiescent phase, or B phase, with a duration
between 2 to 60 s. (5) The A phase has three subtypes: Al,
A2, and A3 (6).

The recent meta-analysis provides the references for CAP
values and A subtypes for healthy people, and it shows that the
Al subtype is high in school-aged children, and old people
have the highest number of subtypes A2 and A3. (7) motor
sleep disorders such as sleep bruxism (SB) that are related to
sleep arousal have higher A3 amount or higher sleep arousal
strength against the control groups. (8) The differences

datasets and experiments (13). It has various plug-ins for
different analyses, such as Dusk2Dawn to automatic artifact
removal in whole-night sleep with EEG (14) and sleep spindle
detection (15). The automatic CAP detection was studied with
many machine learning algorithms such as random forest (16)
and studying A phase subtypes with one-dimensional
symbolic aggregate approximation (1d-SAX) (17). In this
study, we compare and predict A phase subtypes in different
groups with hybrid principal components analysis (HPCA),
functional principal component analysis (FPCA), and random
forest.

II. MATERIALS AND METHOD

A. Downloading Dataset

The EEG dataset came from a study about Cyclic
Alternating Patterns (CAP) in sleep (18). It is downloaded
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from PhysioNet at this address
(https://archive.physionet.org/physiobank/database/capslpdb/
#database-files ) (19). The complete dataset includes 108
polysomnographic recordings from the Sleep Disorders Center
of the Ospedale Maggiore of Parma, Italy. It includes
recording with EEG, EMG, etc., in 10-20 international
systems. (20) In this study, only control, bruxim, insomnia,
narcolepsy and sleep-disordered breathing groups were
selected. Among them, those patients who has at least five
channels including F2-F4 (Frontal Right), F4-C4 (Central
Right), C4-P4 (Parietal Right), P4-O2 (Occipital Right) and
C4-A1 (Central Left) are selected. The age, gender and CAP
time, and rate of each participant were presented in a
descriptive way. The CAP rate is CAPtime/NREMtime (18)

In this study, the following events are selected. Three
phases of A periods from the CAP, including subtype A1, A2,
and A3, are related to the synchronized events with low impact
on autonomic and somatomotor activities, mixed
synchronized—desynchronized EEG events with an
intermediate influence on the autonomic and somatomotor
activities, and predominantly desynchronized EEG events
with heavy effects on the autonomic and somatomotor
activities, respectively. (21, 22).

B. Data Preprocessing

The dataset was preprocessed with the EEGLAB (23) in
MATLAB R2021b. The epoch of each event is from 800 ms
before the event to 1500 ms after the events. The sampling rate
is 512 Hz, the re-reference method is a common to average
reference (CAR), and the filtering method is a basic FIR
method with the lower and higher edge of frequency pass
bands are 0.5 and 40 Hz, respectively. The sinusoidal artifacts
(line noise) were removed with a CleanLine plug-in. The
remaining noises were execrated visually, and then
Independent Component Analysis (ICA) was estimated (23).
Only estimated independent components with more than 50%
probability with brain sources were selected, and others were
removed with ICLabel plug-in (24). The comparison between
groups was done with one way analysis of variance (ANOVA)
and nonparametric Kruskal-Wallis test.

Finally, the eegstats plugin was used to estimate the Power
Spectral Density (PSD) Parameters using the Welch function
of size frequencies of channels, including 0.5 to 2 Hz for Delta,
4 to 6 Hz for Theta, 8 to 12 for Alpha, 18 to 22 Hz for Beta
and 30 to 60 for Gamma brainwaves, alpha peak frequency,
and alpha asymmetry.

C. Statistical Analysis

The descriptive statistics of participants were reported.
Then, the dataset is split into three groups for each subtype: 1)
Dataset for subtype Al, 2) Dataset for subtype A2, and 3)
Dataset for subtype A3. The hybrid principal component
analysis (HPCA) was used in each dataset to estimate the
functional, longitudinal, and location effects. (25)

In this regard, the time domain of each evoked related
potential (ERP) is considered a functional domain for a
functional dimension, from -700 ms to 1440 ms after each
observed subtype A. The number of each subtype is considered
as a functional domain for longitudinal dimension because the
number of subtypes is not the same for each participant, only
the minimum number of them that exist in all participants were
used. For example, subtype Al is 13 subtypes Al events,
subtype A2 is 10 subtype A2 events and subtype A3 is 13

subtype A3 events. The location dimension is the channel
location with five channels, including F2-F4 (Frontal Right),
F4-C4 (Central Right), C4-P4 (Parietal Right), P4-O2
(Occipital Right), and C4-A1 (Central Left) are selected. The
HPCA were used to estimate the eigenfunctions and
eigenscore for each group. Previously, the HPCA were
estimated for ERP in healthy patients with visual and auditory
oddball task and P300 components (26).

In this study, the penalized functional principal components
analyse (FPCA) for only time domain of ERP were also
estimated for comparison purposes with HPCA. In this regard,
the penalization is the square of the slope or velocity and the
fdata2pc() function from fda.usc package were used. (27) The
difference between HPCA and FPCA is that in the first one, it
considers three dimensions, including time, repeats, and
location of ERPs, but in the second one, it only considers the
time of ERP and does not consider the other two. Therefore,
the second one is simpler than the first one.

Finally, the machine learning method previously used for
Diffusion Tensor Imaging (DTTI) is used (28). The categorical
response is the multinomial five response groups (1=Control,
2=Bruxism, 3=Insomnia, 4=Narcolepsy, 5=SDB) in each
subtype. The first to ninth eigenfunctions of the time domain
in HPCA and the first to ninth eigenfunctions of the time
domain in FPCA were covariates in two scenarios for each
subtype. With the first to ninth eigenfunctions, more than 90%
of the fraction of variance explained (FVE) was extracted. The
training and testing datasets were randomly selected with 70%
and 30%, respectively. The accuracy, sensitivity, and
specificity for five categories for both training and testing were
reported. All calculations are done with R version 4.3.1 and
RStudio 2023.06.2. Previously, a study showed that using
HPCA in the EEG-fMRI dataset improved the speed of
calculation and accuracy of the predictions (29).

III. RESULTS

A. Descriptive Statistics

The list of participant codes along with gender, age in years,
CAP time, NREM time, and CAP Rate (18) that has at least 5
mentioned EEG electrodes are presented in Table 1-1. The
N16 was excluded in most analyses due to some missing
values in time domains.

Table 1: The List of Participant.

Groups Sample* Gender** (ylszs) fl;;l: N::KEB/I RaCtI:’z‘ .
N1 F 37 12139 26040 0.4662
N3 F 35 7167 20310 0.3529
N4 F 25 6165 17370 0.3549
Control N5 F 35 11601 22980 0.5048
N1l F 28 8554 18480 0.4629
N16 F 41 12765 22260 0.5735
N2 M 34 7642 21180 0.3608
N10 M 23 5000 17280 0.2894
Bruxism BRUX1 M 34 8653 22380 0.3866
BRUX2 M 23 12236 21030 0.5818
INS2 F 58 4605 18150 0.2537
INS4 F 58 8185 15480 0.5287
INS5 F 59 10621 18870 0.5629
Insomnia INS6 F 54 6156 14250 0.4320
INS7 F 47 10830 19590 0.5528
INS1 M 54 7471 19830 0.3768
INS3 M 82 7086 15090 0.4696
INS8 M 64 10262 15900 0.6454
NARCOI1 F 29 3404 19080 0.1784
Narcolepsy NARCO2 F 44 17474 24060 0.7263
NARCO3 F 18 10822 18630 0.5809
NARCO4 M 43 11649 21600 0.5393
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NARCOS M 24 5020 | 8220 | o618

N SBDI M 65 5744 | 13260 | 04332

 Sleep- SBD2 M 77 18799 | 24630 | 0.7633
disordered

bronthin SDB3 M 78 13249 | 16950 | 0.7817

g SDB4 M 65 | 23306 | 27180 | 08575

*The code in the dataset, **F: Female/M: Male , *** CAP calculated with Terzano’s
rules.

B. Power Spectral Density (PSD) Parameters Comparisons

The comparison between PSD parameters group by
Frequency Bands and Groups are reported in tables 2 to 4 for
subtypes Al, A2, and A3, respectively. The difference
between groups is not statistically significant for most of the
frequency bands and it means that they did not show any
differences between different groups.

Table 2: The Comparison between Power Spectral Density (PSD) Parameters
between Groups group by Frequency Bands for All Channels in Subtype Al

Frequency N P-Value
Bands Group subject | AYEG | SD | snova | Kruskal-
Walis
Normal 8 13.55 | 5.57
Bruxism 2 9.67 4.04
0'(5;'1%”2 Tnsomnia 8 602 | 220 | <0.05 <0.05
Narcolepsy 5 11.77 | 3.53
SDB 4 4.95 5.07
Normal 8 3.75 4.25
Bruxism 2 0.78 2.12
4'(‘;'5';“72 Tnsomnia 8 2005 [ 202 008 0.03
Narcolepsy 5 4.39 4.03
SDB 4 -1.43 5.20
Normal 8 0.22 4.64
8.0-12.0 H |—oruxism 2 161 | 1.24 0.51 0.34
(Alpha) Insomnia 8 -2.27 1.46
Narcolepsy 5 0.09 2.83
SDB 4 -2.67 5.08
Normal 8 -7.02 5.11
18.0-22.0 Hz [—Duxism 2 -10.20 | 232 0.75 0.43
(Beta) Insomnia 8 -6.33 2.74
Narcolepsy 5 -7.84 | 2.85
SDB 4 -8.36 5.09
Normal 8 -13.22 | 594
Bruxism 2 -20.56 | 7.45
3(;'(2;5’?%0072 Insomnia 8 -14.89 | 2.03 0.33 0.32
Narcolepsy 5 -14.44 | 330
SDB 4 -15.37 | 3.14
Normal 8 9.73 1.38
Bruxism 2 9.90 0.36
I;f:;‘u‘;g’chy“ Insomnia 8 898 | 0.92 0.61 0.65
Narcolepsy 5 9.39 1.08
SDB 4 8.86 1.23
Normal 8 9.93 1.14
Alpha center Bruxistp 2 10.11 0.12
of gravity Insomnia 8 9.91 1.05 0.99 0.94
Narcolepsy 5 9.76 1.52
SDB 4 9.77 0.42

Calculated with eegstats plug-in in EEGLAB

Table 3 : The Comparison between Power Spectral Density (PSD) Parameters
between Groups group by Frequency Bands for All Channels in Subtype A2

Frequency N P-Value
Bands Group | gupject| AVCG | SD | ANova | Kruskal-

Walis
Normal 8 12.07 | 5.85
Bruxism 2 7.30 | 0.71

0(5[_)?1?512 Insomnia 8 5.13 3.30 0.03 0.02
Narcolepsy 5 9.42 1.88
SDB 4 7.55 3.29
Normal 8 3.33 4.47
Bruxism 2 0.67 1.32

4‘2&?{}72 Tnsomnia 8 | 069 |3.03] 015 0.13
Narcolepsy 5 3.85 3.56
SDB 4 0.10 | 3.93
Normal 8 -0.47 | 5.10
Bruxism 2 -2.92 | 0.28

8‘?;1‘;2‘}[‘?1)”2 Tnsomnia 8 | 274 |234] 076 0.55
P Narcolepsy 5 -091 | 272
SDB 4 -0.65 | 5.74
Normal 7 -7.97 5.83

18. (()l-fzeias) iz Bruxism 2 -8.84 1.15 0.93 0.86
Insomnia 8 -6.82 3.55

Narcolepsy 5 -8.61 3.36
SDB 4 -6.85 | 5.37
Normal 8 -13.28 | 5.21
Bruxism 2 -16.76 | 1.54
3%“‘:3;;2 Insomnia 8 | -148 [290] 073 0.43
Narcolepsy 5 -15.01 | 1.56
SDB 4 -13.89 | 2.53
Normal 8 10.16 | 1.45
Bruxism 2 9.63 0.52
f;f:{;‘l;’f”chy" Tnsomnia 8 1006 | 126 | 082 0.86
’ Narcolepsy 5 9.66 1.04
SDB 4 9.32 1.28
Normal 8 10.15 1.14
Alpha center of Bruxisrp 2 9.93 0.04
ravity : Insomnia 8 10.19 | 1.04 0.61 0.67
g Narcolepsy 5 9.96 0.36
SDB 4 9.32 0.67

Calculated with eegstats plug-in in EEGLAB

Table 4: The Comparison between Power Spectral Density (PSD) Parameters

between Groups group by Frequency Bands for All Channels in Subtype A3
Frequenc N P-Value
Bltlmdsy Growp | gupject | AVC | SP TANOVA [ Kruskal-Walis
Normal 8 10.07 | 5.10
Bruxism 2 7.97 2.08
0'(5526';;;12 Insomnia 8 6.83 2.93 0.28 0.12
Narcolepsy 5 9.64 2.69
SDB 4 5.93 2.89
Normal 8 1.62 4.07
Bruxism 2 -1.19 2.98
4‘;’T'If'efa72 Insomnia | _8 026 | 2.64| 021 0.14
Narcolepsy 5 3.85 3.68
SDB 4 -0.79 | 232
Normal 8 -1.29 5.14
Bruxism 2 -3.76 0.96
8‘((’;1’;;3172 Insomnia | 8 | -1.85 | 3.05 | 0.68 0.50
Narcolepsy 5 047 2.38
SDB 4 -2.04 | 347
Normal 8 -8.62 | 4.92
Bruxism 2 -10.05 | 2.42
1841()£;ZeZt;l(sz Insomnia 8 -5.84 | 3.19 0.53 0.57
Narcolepsy 5 -6.99 | 3.01
SDB 4 -8.23 | 3.84
Normal 8 -15.28 | 5.50
Bruxism 2 -14.17 | 1.23
j(zé)(;ffr"?aflz Insomnia 8 -15.36 | 3.09 0.97 0.85
Narcolepsy 5 -14.77 | 2.34
SDB 4 -16.12 | 2.74
Normal 8 10.25 | 0.68
Bruxism 2 11.22 | 1.53
};fe“;‘u‘zlnpj’; Insomnia | 8 935 | 164 | 0.14 0.09
Narcolepsy 5 8.71 1.64
SDB 4 8.81 1.46
Normal 8 10.11 | 0.77
Alpha center Bruxisrp 2 10.72 | 1.00
of gravity Insomnia 8 9.86 0.89 0.54 0.49
Narcolepsy 5 9.57 1.74
SDB 4 9.22 1.14

Calculated with eegstats plug-in in EEGLAB

C. The HPCA result

The number and fraction of variance explained (FVE) of
functional principal components (FPC) for longitudinal and
functional dimensions and principal component analysis (PC)
for regional dimension were reported group by Group and sub
Type in Table 5. For example, in subtype Al and group 1
(control), with 1 PC in the regional dimension, 94.1% FVE of
the regional dimension was captured. The first two FPCs of
longitudinal dimensions captured 88.4% + 11.3% FVE of
longitudinal dimension. And with first seven FPCs of
functional dimensions, 25.4% + 18.8% + 14.7% + 9.7% +
8.7% + 8.2% + 6.1% FVE of functional dimensions were
captured. The last column in the table shows the minimum
number of PC that has at least 90% FVE in each dimension.
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Table 5: The PCs and FVE group by Sub Type, Group and dimensions.
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FUNC [21.2%[19.8%]13.4% | 11.6%[11.2%[9.3%[5.8%| - | 7
0, 0, 0, 0, 0, 0, 0, -
FIE};\IGC ;23; 20.7%113.6% 9.5% | 7.3% |7.1%15.3% ? *Groups: (1=Control), (2=Bruxism), (3=Insomnia),(4=Narcolepsy),(5=SDB)
2/0 - - - - - - -
5 |[LONG|87.1%|11.4%| - - - - - -2
FUNC |27.0%]21.5%15.7%] 9.9% | 8.3% [5.8%(5.0%| - 7 The figure 1 haS 5 COlumnS fOI‘ eaCh group and 3 TOWS for
REG | 100%]| - - - - - -1 - 11 functional domain FPCs 1 to 3. For example, the top-left
0, - - - - - - - . . . .
! IP:SES 21?(;0//“ O CARFECARER A KX A oA ey ; corner of figure 1 consists first estimated eigenfunctions for
.. 0 . 0 .. 0 B 0 . 0 B 0 o 0 -
REG 1100%] - B B - N S N I each subtype: Subtype Al (Black), Subtype A2 (Red) and
2 |LONG|61.7%[38.0%]| - - - |-l -]-1]2 Subtype A3 (Blue) in group 1 (Control). The subtypes
o, 0, 0, 0, 0, 0, _ _ . .
F}ESGC 31230/”’ 22.0%13.7%1 8.1% L 7.4% |4.9% ? behaviors are not the same: Subtype A1 has two jumps around
A2 | 5 [TONGl44.1%1234% 18.0% 7.9% | - T | 4 0 and 500 ms, subtype A2 has one peak at about -100 ms and
FUNC|22.1%|15.8%]15.3%|12.2%]| 9.5% |8.3%[6.7%]| - | 7 one valley at about 800 ms and subtype A3 has two peaks at
REG | 100%| - B B - - - -1 .
4 LOI\?G 7g(;0//° TR 3 around 0 and 1100 ms and one valley at -500 ms. Different
D70 ) - - - - - - . .
FUNC |24.9%| 17.8%] 15.3%] 10.7%| 9.1% | 7.3%]4.7%|4.5%| 8 pattern are existed for different groups and FPCs.
REG [100% | - - - - - - -1
> [LoNG[100%] - - - - - - -1
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. 1. First three Eigenfunctions for functional dimensions group by five groups and subtype ( colors)
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Fig. 2. First Eigenfunctions for longitudinal dimensions group by five groups and subtype ( colors)
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8 10
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Figure 2 shows the estimated eigenfunction for longitudinal
dimensions for each subtype A1, A2, and A3. The patterns are

not the same.

Fig. 3. First Eigenscores for Regional dim
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Figure 3 shows the estimated eigenscores for regional
dimensions for each subtype Al, A2, and A3. The patterns are

not the same between groups and subtypes.
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Sensitivity Specificity
Sub Type Method Dataset n Accuracy Groups Groups
1 2 3 4 5 1 2 3 4 5
FPCA Train 1535 0.895 0.93 0.89 0.87 0.83 0.93 0.98 0.97 0.97 0.96 0.97
Al TesF 655 0.878 0.95 0.84 0.77 0.87 0.93 0.98 0.97 0.98 0.93 0.97
HPCA Train 1535 0.998 1 0.99 1 1 0.99 1 1 0.99 0.99 1
Test 655 0.996 1 0.98 1 1 1 1 1 1 0.99 1
FPCA Train 1535 0.872 0.93 0.88 0.77 0.94 0.84 0.96 0.96 0.96 0.97 0.96
A2 TesF 655 0911 0.92 0.89 0.83 0.96 0.93 0.97 0.97 0.97 0.99 0.97
HPCA Train 1535 1 1 1 1 1 1 1 1 1 1 1
Test 655 1 1 1 1 1 1 1 1 1 1 1
FPCA Train 1535 0.856 091 0.78 0.82 091 0.84 0.95 0.96 0.97 0.97 0.95
A3 TesF 655 0.865 0.90 0.83 0.83 0.90 0.83 0.95 0.96 0.99 0.96 0.95
HPCA Train 1535 0.997 0.99 1 0.99 0.99 1 0.99 0.99 1 0.99 0.99
Test 655 0.998 1 0.99 1 1 1 1 0.99 1 1 1

D. The Random Forest with HPCA and FPCA

The result of random forest on training and testing dataset
with first to nine HPCA and FPCA eigenfunctions of time

domain is presented in the table 6. In all subtypes, the HPCA
performs better than FPCA according to the accuracy,
sensitivity and specificity.
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*QGroups:

(1=Control),  (2=Bruxism), (3=Insomnia),

(4=Narcolepsy), (5=SDB)

IV. CONCLUSION

The random forest with HPCA has the best performance

while the random forest without FPCA reached an accuracy of
about 40% in both training and testing. The sleep-related EEG
dataset is complex and, in this study, only predefined sleep
stages and A phase subtypes are considered.
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