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Abstract

Sleep disorders affect an individual’s ability to sleep well on a regular and
natural basis. Inadequate sleep can have adverse outcomes for health and
safety. Electroencephalogram (EEG) has been presented as an authentic indi-
cator to monitor brain activities. In this review paper, different procedures of
EEG tests for recording and monitoring brain activity during sleep such as
the EEG electrodes system and the Dreem headband (DH) have been intro-
duced. Also, the processes of recording and analyzing the data have been
discussed and compared with each other. The results of various stages of sleep
from EEG tests help sleep specialists diagnose or evaluate sleep disorders ac-
curately and choose appropriate strategies. Sleep disorder management is
integral to provide patients with a safe sleeping environment.
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1. Introduction

1.1. Sleep Stages

Sleep is one of our integral daily needs since we spend about one-third of our
time doing it. Sleep is a complex and dynamic process that several structures
within the brain are involved with it such as the hypothalamus, brain stem, tha-
lamus, pineal gland, and basal forebrain. Rapid eye movement (REM) sleep and
non-REM sleep (which have three different stages) are two basic types of sleep.

Each is linked to specific brain waves and neuronal activity [1]. The sleep stages,
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descriptions, and electroencephalogram (EEG) Waveform are summarized in
Table 1. Non-REM sleep is necessary for the normal physical and intellectual
performance and behavior [2].

Sleep stage is a significant factor in determining signal diversity of scalp EEG,
for all diversity measures used. Hemispheric correlation distinctly changes with
the gross sleep type (REM/NREM) as well as with different sleep stages (stages 1

- 4) within NREM. It also varies in the presence of arousal events and apnea [3].

1.2. Sleep Disorders

Sleep disorders affect an individual’s ability to sleep well on a regular and natural
basis. More than 40 million people in the United States suffer from chronic dis-
orders of sleep and wakefulness. About 35 percent of the population has diffi-
culty in falling asleep, maintaining sleep, early morning awakening, or nonres-
torative sleep and in 10 percent this insomnia is a persistent problem interfering
with daytime function [6].

Sleep deficiency is associated with significant adverse outcomes for safety and
health. There are many biological factors, individual behaviors, and societal and
economic pressures that result in insufficient sleep duration, inadequate sleep
quality, and/or sleep disorders. These factors often co-occur, and frequently have
similar adverse outcomes. Insufficient sleep and other factors may be responsible
for the observed relationship between increased weight gain and obesity, as well
as increased risk of diabetes, hypertension, dyslipidemia, and other cardiovascu-
lar and metabolic disorders, as well as cognitive, behavioral, and, mood altera-

tions associated with sleep deficiency in population studies [7].

Table 1. The stages and physiological criteria of sleep [4] [5].

Sleep Stage Description EEG waveform
o Awake and alert Beta
o Awake and eyes closed Alpha
e Light sleep

o Slow heartbeat, breathing, eye movements

Stage N1 Alpha, Theta (5)

® Relax muscles
o Slow brain waves

e Deeper sleep
Stage N2 e Descend Body temperature Alpha, Theta spindle waves,
e Stop eye movement K complexes (5)

o Slow brain wave activity

® Deepest non-REM sleep Delta
Stage N3 e Lowest heartbeat and breathing )
o Slower brain wave activity spindle waves (5)
e Dreaming
o Faster and irregular breathing

REM o Increase heart rate and blood pressure Delta (5)
e Temporary paralyzed muscle
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Common sleep disorders include insomnia, narcolepsy-cataplexy syndrome,
obstructive sleep apnoea syndrome, circadian rhythm sleep disorders (e.g., jet
lag, shift work disorder, etc.), and parasomnias (e.g., partial arousal disorders,
REM behavior disorder, etc.). Insomnia is not a symptom of other disorders but
secondary to other medical conditions. Daytime sleepiness, irritable mood, in-
creased possibility of workplace accidents, inability to effectively operate machi-
nery, lapse in concentration while driving are the effects generated due to in-
somnia [8]. Most sleep disorders, once diagnosed, can be managed with limited
consultations. The initial step is to treat any condition that may be secondarily
responsible for excessive sleepiness or inability to have an adequate amount of

quality sleep [9].

1.3. Contribution of EEG for Diagnosing Sleep Disorders

Electroencephalogram (EEG) is a common base signal used to monitor brain ac-
tivities and diagnose sleep disorders. Since each EEG recording is around 8-hour
long on average, the manual scoring of such a long signal for a sleep expert is a
time-consuming task. The human-based annotation methods also highly rely on
an inter-rater agreement in place. Therefore, such restrictions call for an auto-
mated sleep stage classification system that is able to score each epoch automat-
ically with high accuracy [10].

A perfect EEG signal originates only from the cerebral cortex. In reality, EEG
signals are contaminated with electrical activities from sources other than the
brain. EEG analytical methods are based on detecting features from regions on
the cortex as intra-regional analyses. Features can vary depending on the type of
task given to the participants in a neuropathic study and on the type of analysis
intended by the researcher [11].

Electrical activity recorded by electrodes placed on the surface of the brain
mostly reflects the summation of excitatory and inhibitory postsynaptic poten-
tials in apical dendrites of pyramidal neurons in the more superficial layers of
the cortex. Quite large areas of the cortex have to be activated synchronously to
generate enough potential for changes to be registered at electrodes placed on
the scalp [12].

2. Sleep EEG Recording and Monitoring

In this section, different procedures will be described for EEG recording and

monitoring brain activity during sleep.

2.1. Case Study Protocol 1

Campbell protocol, in UC Davis lab, describes EEG electrode application using a
10 - 20 electrode system. According to this protocol, distinct landmarks were
identified on the head, and electrodes were placed at 10% or 20% intervals of the
distance between the landmarks. The number of electrodes used will depend on
the purpose of the study. Signals from the EEG electrodes are referred to as elec-

trodes placed over the contralateral mastoid. This protocol also described the
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application of ground and reference electrodes, chin electromyogram (EMG;
electrical activity of muscles) electrodes, and electro-occulogram (EOG; used to

monitor eye movements) electrodes 1 [13].

2.2. Case Study Protocol 2

Dennis ef al have presented three steps to observe and analyze the sleep pattern.
First, the test subject is required to rest and awake. EEG data are recorded by
Activewave EEG recorder for five minutes. Second, the test subject is required to
watch the movie for 20 minutes and EEG data are recorded for five minutes
immediately after watching the movie. Second, EEG data are recorded for five
minutes while the test subject still remains in sleeping condition. Test subjects
who are participated in the experiment should at least remain 12 hours of inces-
sant wakefulness and after a day of normal activity.

For the collection of EEG signals, the EEG gold plate electrodes were placed in
five channels of the scalp. CamNtech Actiwave EEG System was used to perform
the data collection. The Actiwave Recorder is used to collect and record the EEG
signal and the CamNtech Interface Dock acts as a reader to show the EEG data

collection from the recorder [14].

2.3. Case Study Protocol 3

Arnal et al introduce the Dreem headband (DH) which is intended as an af-
fordable, comfortable, and patient-friendly EEG-reduced montage with a high
level of accuracy regarding both physiological signal acquisition and automatic
sleep stage analysis using a deep learning algorithm along with five dry-EEG
electrodes (01, 02, FpZ, F7, and F8). In this experiment, a total of 25 subjects
who wear the DH have been included in the analysis. They assessed the ability of
the DH to monitor brain sleep frequencies during the night. The results demon-
strated the capacity of the DH to both monitor sleep-related physiological sig-

nals and process them accurately into sleep stages [15].

3. EEG Methods and Procedures

The EEG procedure and methods to assess sleep disorders which we study in this

review paper are showed in Figure 1.

3.1. Extraction Stage of Sleep from EEG Signals

In humans, sleep patterns undergo a marked change from birth to old age. Ac-
cording to the EEG signals extraction, human EEG slow waves are typically 100
to 500 uV in amplitude. Visual sleep stage scoring provides some information
such as sleep latency and time spent in various stages of sleep, but it does not
quantify EEG activity.

Wake EEG is characterized by low amplitude high-frequency waves [13]. In
sleep stage 1 (N1), the EEG shows medium amplitude, mixed frequency predo-

minantly of 4 - 7 Hz activity, and irregularly spaced bursts of slow waves. Stage 2
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Figure 1. The EEG procedures to assess sleep disorders (17, 20, 21, 24).

(N2) is distinguished by the presence of theta activity accompanied by sleep
spindles or K-complexes or both. Stage 3 (N3) is characterized by high ampli-
tude, delta slowing in the range of 0.5 - 2 Hz with amplitudes equal to 75 pV
[16]. High-frequency, low-amplitude EEG is present in REM sleep [13]. Stage
REM is characterized by the presence of rapid eye movements (REM) which are
conjugate, irregular, and sharply contoured eye movements with an initial phase

deflection usually lasting less than 500 ms [16].

3.2. EEG Signal Processing

Sleep state recognition from EEG signals requires specific signal processing and
machine learning tools. Signal processing is one of the critical steps in the design
of Brain-Computer Interface (BCI) applications based on EEG, in order to iden-
tify the mental state of the user. The aim of EEG signal processing is to translate
raw EEG signals into the class of these signals. Two main steps are signal extrac-
tion and classification [17]. There are different signal processing methods used
to extract hidden information from the signals. Zhang et al reported that for
obtaining high accuracy of classification, before the feature extraction, the raw
EEG signals should be preprocessed due to the low signal-to-noise ratio. In that
study, they have used channel selection, time window setting, and artifacts re-
moval methods. In channel selection, Some EEG sampling channels are closely
related to the sensorimotor rhythm.

Removing unrelated channels can improve spatial feature extraction. In time
window setting, proper length of the signal segment should be cut out according
to the mental activity tasks [18].

Aboalayon et al in their study reported many of the sleep stage detection
schemes to employ pre-processing techniques before extracting the features
from the signal, such as using frequency-selective-filtering and Discrete Wavelet
Transform (DWT). However, a few studies do not employ any form of filtering
prior to the analysis [19]. Alturki ef al split the EEG dataset into an equal seg-
ment with a specific length to ensure that in each segment the amount of infor-
mation is equal. After the EEG signals were segmented, the EEG segments were
filtered to remove the noises and interferences generated during EEG signal re-

cording [20].

3.2.1. Artifacts Removal
Artifacts are undesirable electrical potentials that come from sources other than
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the brain. Artifacts are to be detected and removed in order to improve the in-
terpretation of EEG signals. Small amplitude EEG signals are highly sensitive to
artifacts. This includes electro galvanic signals (slow artifact), movement artifact,
and frequency artifacts [21]. There are different methods for removing artifacts.
Some methods are only focused on the detection and removal of particular arti-
facts, such as ECG, EOG, EMG. Some methods need reference channels to en-
hance the accuracy of artifact removal, which is not feasible for some specific
applications. BSS or Wavelet methods remove artifacts with great accuracy,
however, methods operating with high computational complexity may not be
suitable for online applications [22].

The filtering technique aims to remove all the interference and noise to im-
prove and increase the classification accuracy results. Alturki et al have pre-
sented different filtering methods such as finite impulse response (FIR) filters
and infinite impulse response (IIR) filters [20]. Filtering will modify the shape of
EEG waveforms and the amplitude as well. The degree to which the waves are
affected depends on their frequencies and the characteristics of the filter. There-
fore, the results of analysis of a filtered EEG will differ from those of an unfil-
tered EEG [13].

3.2.2. Signal Processing Tools
Many automated sleep classification algorithms have become commercially
available, such as QUISY a single channel, self-applicable ambulatory EEG re-
cording device. Automated sleep staging algorithms do offer the potential for
low-cost screening, with reduced EEG lead sets, and less intensive human train-
ing required. However, since most algorithms have not been designed to repli-
cate the clinical sleep stages exactly, there is not a general trust of automated
sleep staging in the clinical setting [23].

The software tools usually used for signal processing include MATLAB, Oc-
tave, and SciPy. Interactive MATLAB tools, NeuroView, and other similar soft-
ware can use for processing continuous and event-related EEG, MEG and elec-

trophysiological data, and other methods including artifacts rejection [24].

3.3. EEG Signal Analysis

Different stages of sleep can be analyzed by EEG signals to help in diagnoses
sleep disorders. Alpha power is lowered and theta power is enhanced in subjects
with a variety of different neurological disorders. Furthermore, after sustained
wakefulness and during the transition from waking to sleeping when the ability
to respond to external stimuli ceases, upper alpha power decreases, whereas the-
ta increases [25]. Subha et al used various measurement techniques of analysis
such as time-domain, frequency-domain, time-frequency, and non-linear methods
to extract information from EEG signals. Time-domain measures are susceptible
to bias secondary to non-stationary signals. The limitation of time-domain meas-
ure is that it does not reliably distinguish between distinct biological signals.

There can be many signals with identical means and standard deviations but
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with different underlying rhythms, whereas Frequency-domain analysis helps in
characterizing EEG signals as they fall in different frequency bands [21]. Raman
et al. have presented other feature extraction methods such as Principal Com-
ponent Analysis (PCA) and Independent Component Analysis (ICA). PCA
represents the d-dimensional data in a lower-dimensional space. ICA is used to
convert random signals with multiple variables into one with mutually indepen-

dent components [24].

4. Discussion

The result of a study showed that signal diversity of scalp EEG in healthy volun-
teers changed significantly with sleep stage, and was progressively reduced with
deeper stages of non-REM sleep. Signal diversity decreased with sleep depth but
was not significantly different between dreaming and non-dreaming stages [26].

Siddiqui et al reported that for the Alpha activity, the normalized power for
insomnia cases the range is low (0.006 - 0.02) while the normalize power for
normal cases is in the range of 0.04 - 0.12 which is high. Normalized power of
Beta activity for normal cases is found in the range 0.004 - 0.007 which is high,
on the other hand in insomnia cases the range is 0.0005 - 0.0007 which is quite
low. For Theta activity, the normalized power of normal cases is low as compare
to insomnia victims. Delta activity normalized power for the normal case is
found in the range of 0.58 - 0.76 and for insomnia cases, it is found in the range
of 0.81 - 0.89 which means the normalized power of insomnia case is high as
compare to the normal case. The insomnia patients have high normalized power
for Delta wave and low normalized power for respectively Theta, Alpha, and Be-
ta waves of EEG signals [8].

An overview of the brain structures involved in non-REM sleep generation
showed that the thalamus and the cerebral cortex are absolutely necessary for the
most significant bioelectric and behavioral events of non-REM sleep to be ex-
pressed. Cortical and thalamic mechanisms are also involved in the generation
of EEG delta wave that appears in N3 stage non-REM. Sleep homeostasis de-
pends not only on the duration of prior wakefulness but also on its intensity, and

sleep need increases when wakefulness is associated with learning [2].

5. Conclusions
5.1. Sleep Disorders Detection

EEG test can be used as an authentic indicator. The extracted signals from EEG
allow us to monitor brain activities and diagnose sleep disorders such as insom-
nia, narcolepsy-cataplexy syndrome, obstructive sleep apnoea syndrome, circa-
dian rhythm sleep disorders, and parasomnias.

EEG test is a functionally safe, non-invasive, fast, simple, and cheap method of
analyzing the functionality of the brain. High-resolution EEG technology is
available that can detect activities of even one-millisecond [24].

In this review paper, different procedures have been described for EEG re-
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cording and monitoring brain activity during sleep. In the EEG electrodes sys-
tem, signals were referred to an electrode placed at the landmarks of the head
[13]. Another protocol described the EEG gold plate electrodes based on the Ac-
tiwave and the CamNtech system [14]. On the last protocol, Dreem headband
(DH) was introduced as an affordable, comfortable, and patient-friendly
EEG-reduced montage with a high level of accuracy regarding both physiological
signal acquisition and automatic sleep stage analysis [27].

The diverse waveform can be extracted from EEG which indicates a particular
stage of sleep (REM and non-REM) with different amplitude and frequencies.

Various measurement techniques of analysis such as time-domain, frequen-

cy-domain, non-linear method, PCA, and ICA are also presented [21].

5.2. Sleep Disorders Management

The results of various stages of sleep from an EEG test help the sleep specialists
to diagnose or evaluate sleep disorders accurately. As normal sleep plays an im-
portant function in human life, sleep disorder management is integral to provide
patients with a safe sleeping environment.

Appropriate strategies to assess sleep disorders and employee wellness are an
occupational safety issue that requires administrative, and regulatory mandates
[16]. Melatonin is the first-line treatment, and in refractory cases, Clonazepam
in lower doses may be tried [28]. Also, multi-component cognitive behavioral
therapy, multicomponent brief therapies, stimulus control, sleep restriction
therapy, and relaxation therapy as specific behavioral and psychological therapy
for the treatment of chronic insomnia disorder in adult patients are recom-

mended using by clinicians [29].
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