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Chapter

The Challenges of EEG in Coma:
The Potential of Recent Discoveries

Bechir Hbibi and Lamine Mili

Abstract

The utilization of electroencephalography (EEG) has profoundly enriched our
comprehension and monitoring of patients, especially those in intensive care units
(ICUs), over the past decades. EEG, a method of recording electrical brain signals, is
employed to explore a variety of neurological disorders such as epilepsy, dementia,
and brain injuries that may affect unconscious patients. In recent years, EEG has also
been used to monitor sedation levels, examine the quality of patients’ sleep, and track
patient recovery during periods of coma. Groundbreaking findings, derived from
EEG recordings in intensive care using various techniques and methodologies, have
unveiled new avenues to aid these patients and improve physicians’ understanding
of their condition and needs. Innovations such as the examination of sleep quality,
the assessment of pain and stress, and the classification of vigilance states represent
some of the promising advancements in ICUs, all of which are based on EEG. Recent
discoveries stemming from EEG signal analysis have indicated numerous potential
enhancements in improving comfort, fostering a better understanding of the situa-
tion, and reducing the administration of drugs for ICU patients. In this chapter, we
will discuss some new EEG findings for intensive care unit patients and the possible
applications that could be revealed based on other investigations on human subjects
outside the ICU.

Keywords: coma, ICU, EEG, artifact removal, sedation, sleep quality, pain assessment,
stress investigation

1. Introduction

EEG is the recording of electrical brain activity through electrodes placed on the
human scalp. This method was published for the first time by a German psychiatrist
named Hans Berger (1873-1941) in 1929 [1] after 4 years of electrical recordings
of human brain activity. A few years later, the results were confirmed by Edgar
Adrian (1889-1977). Since then, EEG research has been used to investigate epilepsy,
brain tumors, sleep quality, and the involvement of brain areas in human body
functions [2]. In the medical field, the duration of EEG recording varies from a mini-
mum of 20 minutes—72 hours. A recording that exceeds 24 hours is called continuous
EEG (cEEG) and is the main recording method in the intensive care unit (ICU).
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This technique is used to investigate and control abnormal activities in the brain of a
subject, monitor patient improvement during the coma period, and monitor sedation,
among other applications. Admission to the ICU can have a substantial effect on the
patient’s condition. This could potentially result in exposure to numerous painful
stimuli and increased stress levels due to various factors, which could subsequently
induce anxiety. Taken together, these factors could contribute to sleep deprivation in
patients.

Medical professionals strive to mitigate the effects of coma such as stress, severe
pain, and sleep deprivation that could complicate the patient’s situation and delay
recovery. These effects could be detected through either electronic monitoring by
electrical machines connected to the patient’s body or behavioral and physiological
assessments by means of a number of scores used on ICU patients or by observation.
Doctors have been trying to reduce these effects primarily by using pharmacological
interventions. Although these medications can alleviate the symptoms mentioned
above, they can also introduce side effects that could further complicate the patient’s
condition.

Stress is a response of the human body to external challenges, pressures, or stimuli
that can cause physical, emotional, or mental disturbances [3]. It can manifest itself
in two forms: positive and negative. Positive stress, also known as “eustress,” helps us
avoid danger by keeping us alert and prepared. On the other hand, negative stress,
referred to as “distress,” is associated with numerous health complications [4]. The
experience of stress varies significantly between individuals. According to [5], stress
can be categorized into three types: mental stress, emotional stress, and physical
stress.

In response to stress, the human body undergoes physiological reactions.
Hormones such as adrenaline and cortisol are released by the sympathetic nervous
system to prepare the body for an emergency. This reaction triggers physical symp-
toms, including an accelerated heartbeat, increased blood pressure, rapid breathing,
and heightened senses [6]. If this automatic bodily response reaches an excessively
high level of intensity, it can lead to mental and/or physical health issues. The effects
of these issues can become evident in the individual’s future, especially in affecting
their productivity and quality of life [7]. Stress, a significant consequence of being in
a coma, should be investigated and treated correctly to avoid further complications
in patients’ conditions. EEG was found to be useful in investigating stress in ICU
patients. The latest research funding of EEG in the stress investigation will be further
discussed in Section 3.2.

Stress is not the sole repercussion experienced by comatose patients. Pain, whether
resulting from injury or medical treatment, also poses a significant challenge in the
ICU. Given the patients’ diminished consciousness levels during the coma, they are
unable to communicate their pain experiences. Consequently, medical profession-
als have developed various pain scales to evaluate pain intensity, relying on a range
of behavioral and physiological patient responses. These scores were very limited,
especially in the case of sedative drug injection [8]. On the other hand, excessive
usage of sedative drugs can affect the recovery of the comatose patient; therefore,
more investigation for new methods to assess pain in the ICU is needed. EEG could be
one of the solutions to overcome these limitations based on new findings that we will
discuss in Section 4.2.

The two aforementioned issues that a patient in a coma may encounter in the ICU
could result in sleep deprivation. In fact, poor sleep quality can cause discomfort and
exacerbate the patient’s stress and pain levels [9].
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A typical sleep cycle comprises three stages of non-REM sleep (N1, N2, N3),
followed by REM sleep. A sleep cycle lasts about 90 minutes in adults. Rapid eye
movement (REM) sleep is essential for brain development, emotions, and memory
processing [10]. Optimal sleep quality is achieved with four to five of these cycles.
However, in the ICU, patients often experience sleep deprivation due to a multitude of
factors, which will be discussed in Section 3.1. Several methods have been developed
to assess sleep quality in intensive care unit patients. Polysomnography (PSG) isa
comprehensive technique that uses simultaneous physiological and electrical record-
ings, including EEG, EOG, EMG, and ECG, to provide a standard measurement [11].
Emerging technologies, such as smartwatches and under-bed sensors, are being
explored for the assessment of sleep quality, although they have not yet been vali-
dated or widely adopted in large-scale studies. However, other scales such as the
Bispectral Index (BIS) and the Richards-Campbell Sleep Questionnaire (RCSQ ) may
not be reliable for critically ill patients or those with low levels of consciousness [12];
therefore, researchers have begun investigating EEG with different classifier methods
to determine sleep stages and evaluate sleep quality. Section 3.1 will deal with details
of this field.

One of the most important scales in the ICU is the vigilance scale, a physiological-
based stimuli response score that helps specialists understand how aware the coma-
tose patient is. One of the most widely used scores is the Glasgow Coma scale [13].
This score is based on three different types of stimuli response: verbal, motor, and
eye movement response. This score and its given points are detailed in Table 1. A
comatose patient is a patient with a GCS equal to or under 8. Other scores have been
invented all over the world, but no one has overcome the GCS score. Coma scales have
been identified as limited for various reasons, including physical disabilities, sedative
drug injection, mental disorders, and alcohol consumption before admission. The

Stimuli Response Points

No response 1

Eyes response Only to pain

To stimuli

A w |~

Spontaneous

[

No response

Verbal response Incomprehensible speech

Inappropriate words

A w |

Confused conversation

Oriented 5

=

No response

Motor response Extension 2
Flexion 3

Withdraws 4

Purposeful movement 5

Obeys commands to movement 6

Table 1.
The Glasgow coma scale (GCS).
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Brain wave Frequency band (Hz)
Delta (6) 1-4
Theta () 4-8
Alpha (a ) 8-13
Beta (f) 13-30
Gamma ( y ) > 30

Table 2.

Frequency waves of the human brain vhythms.

categorization of the vigilance states of comatose patients, based on their EEG data,
has been explored and yielded intriguing findings, which will be discussed in Section
3.3. Additionally, the differentiation between alcohol consumption and nonconsump-
tion has been achieved through the analysis of EEG-recorded signals. The potential
effectiveness of this approach will be further examined in Section 4.1. Furthermore,
EEGs have been employed in the ICU to enhance patient comfort, identify brain
death, and evaluate recovery. These topics will be elaborated upon in the subsequent
sections.

Typically, researchers follow a series of steps to apply computational methods to
EEG data to classify or detect diseases or abnormal activities. The initial step involves
cleaning the data to remove artifacts and interference. Subsequently, they employ
specific methods tailored to the task at hand. In the realm of ICU and other EEG-
related fields, feature extraction is a commonly used technique in computer applica-
tions. As such, we are dedicating this section of the introduction to discuss various
brain waves. Table 2 indicates the traditional wave bands of the human brain, often
referred to as brain rhythms. It is noteworthy that the gamma band can occasionally
reach up to 200 Hz, although it typically ranges between 30 and 100 Hz [14].

In general, each of the rhythms is seen for specific states of the subject. The
delta band appears in a deep sleep state, while theta appears during drowsiness or
meditation; the alpha band appears during a relaxed but awake state, and the beta
band appears during a focused or alert state of consciousness, while the gamma band
appears when the subject is in an attentive or learning state [15].

2. Problems of EEG recording in the ICU

It has been more than 80 years since electroencephalography was first used in
comatose patients, but it still faces some challenges to this day. Fortunately, these
problems have been largely overcome due to the diligent efforts of researchers. Mobile
EEG headsets have reduced the risks associated with moving comatose patients to
stationary EEG machines. This transfer previously required numerous mobile ICU
equipment and personnel. With the advent of mobile EEG headsets, recording data
from comatose patients has become much simpler and typically requires only one per-
son. Unfortunately, not all ICUs are equipped with these mobile EEG headsets, which
are increasingly becoming a necessity to reduce risks and improve patient comfort.

Due to electrode sensitivity to outlier signals and different sedative drug effects
on electrical brain activities, the recorded EEG data in the ICU are mainly affected by
two major problems: (1) artifacts and interference and (2) the sedation effects.
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2.1 The dilemma of artifacts and interference

Artifacts are one of the biggest problems of EEG recordings. The presence of artifacts
on the EEG recordings of an ICU patient is higher than in any other medical department.

As shown in Figure 1, the ICU room is occupied by many electrical machines that
could affect the electroencephalogram of the comatose patients; additionally, line
noise and room ventilation could be part of the artifact present in the recordings.
Medical examination and nursing care if being close to the head of the patient showed
high-amplitude interference during our recording. The environmental signals are not
the only signals that could affect the data; the physiological non-brain electrical sig-
nals are the major source of artifacts in EEG recordings. Table 3 presents the general
causes of artifacts and interference during an EEG recording in the ICU.

To obtain clean data that could be useful for further human or computer analysis,
researchers invented several techniques. In this paragraph, we mention the most suc-
cessful ones: The independent component analysis (ICA) is the most popular method
used to recover brain signals from recorded EEG signals. It is a blind source separation
(BSS) technique based on the assumption that the mixture of the recorded signals
donated by X () is related to the source signals S(z) as follows:

X(t)=W’S(t) (1

where W is a mixing matrix [16]. The canonical correlation analysis (CCA) is also
a BSS-based technique that uses second-order statistics, which makes it have a shorter
computational time compared to ICA, which uses higher-order statistics. It separates
the components from uncorrelated sources [17]. The empirical mode decomposition
(EMD) was proposed by Huang et al. for the analysis of the nonstationary signal in
1998 [18]. It is a single-channel decomposition method. Its algorithm decomposes the
mixed signal X(t) into a set of components based on an amplitude-frequency modula-
tion [18, 19]. The artifact removal techniques discussed earlier have demonstrated

Figure 1.
A comatose patient in an ICU room during EEG recordings using a mobile headset.
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Physiological Environmental

Electromyography (EMG) Line noise

Electrooculography (EOG) Electrodes malfunctions

Electrocardiography (ECG) Electrical machines

Deep breathing Medical and nursing care
Table 3.

Physiological and environmental causes of artifacts and interference.

significant effectiveness in isolating artifacts from EEG data, whether applied
individually or in combination. In our previous work [20], we employed a variety of
methods to eliminate both artifacts and interference.

2.2 Effects of sedative drugs on the EEG

Sedation plays a vital role in numerous patient scenarios. Its primary purposes
include pain relief, managing patient restlessness, reducing anxiety, and helping in
treatment procedures. The sedatives employed exert a variety of influences on the
brain’s electrical activity. These altered patterns correlate with the cognitive state and
memory of the individuals. The extent of these effects fluctuates based on the dosage
of the sedative drugs, which regulate the patient’s level of anesthesia, ranging from
conscious and moderate to deep sedation.

The initial surveillance of anesthetized states using electroencephalography
(EEG) was pioneered in the 1950s [21, 22]. Since this groundbreaking work, the
impact of sedative drugs on EEG readings has been recognized, prompting research-
ers to delve into the effects of various sedatives, such as midazolam [23] and
propofol [24], on brain activity. Veselis compiled the influences of these sedatives at
different concentrations [25]. The primary alterations observed are changes in the
rhythms of wave bands and power spectrum, either in specific brain areas or across
the entire cerebral cortex.

In [26], Spencer et al. employed spectral analysis to quantify the level of anesthesia
in ICU patients. The study by Shearer [27] demonstrated a strong correlation between
the depth of sedation and the EEG patterns. Researchers in [28] compared the impacts of
dexmedetomidine and propofol on EEG patterns (varying wave power) across different
brain regions during moderate and deep sedation, in conjunction with the Observer’s
Assessment of Alertness and Sedation (OAA/S) score. The concurrent use of such scores
with EEG has been shown to enhance the efficiency of research work. In this section, we
present a comprehensive overview of the challenges associated with EEG recordings in
the ICU. We also introduced proposed strategies for artifact removal and patient transfer,
which are grounded on research findings. The potential solutions to mitigate the effects
of sedative drugs on EEG recordings will be explored in Section 4.

3. Promising new findings

In the introduction, we highlighted the significance of EEG in the intensive care
unit, particularly its role in diagnosing and monitoring the progress of comatose
patients. In this section, we will delve into some of the latest discoveries stemming
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from computer analysis of EEG data. These findings could potentially revolutionize
the care of comatose patients, enhancing their well-being and providing a deeper
understanding of their condition.

3.1 Bad sleep quality effects on comatose patients

Quality sleep is crucial for everyone, including comatose patients. These patients
may experience sleep deprivation due to various factors, which could potentially
exacerbate their condition. Palesh et al. [29] found a high link between poor night
sleep and pain intensity during the day. On the other side, experiencing sleep depriva-
tion can be a reason for extreme sensitivity to pain [30]. Kamdar et al. [31] found
that approximately 80% of ICU patients experience sleep deprivation during their
hospital stay. Normal sleep is composed of 4-5 of the following cycle N1 - N2 —
N3 — REM sleep in adults. Kamdar et al. [32] found that the architecture of sleep in
ICU patients is quite abnormal, where the majority of sleep time is spent in stages N1
and N2 with little or no time spent at stage N3 and REM sleep while these two stages
are critical for physical healing and growth and emotional healing, and brain restora-
tion, respectively, as found by Evan [33]. Jones et al. [34] showed that psychological
outcomes such as anxiety, depression, and post-traumatic stress disorder (PTSD)
could follow the experience of severe pain in the ICU. Sessler [35] found that sleep
deprivation associated with the ICU environment could worsen the patient’s pain
experience. The manor or major undergoes procedures that are often performed by
nurses or doctors; some of them are painful, and some others are particularly stress-
ful; this can be the result of sleep disorder [36].

The literature and references previously mentioned categorize the causes of sleep
deprivation into environmental and bio-cognitive causes. The most common envi-
ronmental causes in the ICU are noise and light. Salas and Gamaldo found that light is
more responsible for awakening than noise in the ICU, followed by temperature and
bed discomfort [30].

Sleep deprivation poses a significant challenge in the recovery of comatose
patients. In many cases, ICU staff struggle to identify whether a patient is suffering
from sleep deprivation, especially those with a low level of consciousness. This is due
to the lack of reliability of the sleep scores. Over the past few decades, researchers
have begun to use EEG to investigate sleep quality. Mohammadi et al. [37] presented
a classification of sleep stages based on the singularity spectrum analysis of EEG
signals. They achieved a 71% accuracy rate using a support vector machine (SVM)
to classify features of a single EEG channel C3-A2. To enhance the classification of
different sleep stages, Shi et al. [38] extracted features from multiple EEG channels
and classified them based on a machine learning approach, achieving a 10% increase
in accuracy. Pain is a significant bio-cognitive factor that contributes to sleep depriva-
tion in the ICU. Both sleep deprivation and pain are closely associated with stress.
The latter will be explored in the subsequent section, while pain assessment will be
discussed in Section 4.

3.2 Investigation of stress in the ICU

Celik et al. [39] concluded “Patients in an ICU environment are often subjected
to heightened levels of stress and anxiety due to factors such as immobility, sedation,
and the performance of intimate and invasive procedures by unfamiliar individuals.”
Selye [40] enumerates several causes of stress in human life. Among these, those
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that can be associated with the stress experienced by ICU patients include surgical
trauma, emotional arousal, fatigue, pain, fear, frustration, and drug intoxication.
Additionally, factors specific to the ICU environment, such as discomfort, being sur-
rounded by strangers, and the absence of family members, can also contribute to the
stress experienced by these patients.

During a stressed state, changes occur in the mental condition that can affect
the electrical activity of the brain; thus, EEG can be a tool to detect these cogni-
tive changes. Therefore, in detecting human stress, EEG has become a highly used
technique over the last couple of decades. Several papers classified stress levels based
on the human brain’s electrical signals. For example, in [41, 42], the authors proved
that the similarity between the stressed state and the negative emotions states obtains
90% accuracy for the classification of stressed and stress-free groups by extracting
teatures from Higuchi’s fractal dimension, Gaussian mixtures, and magnitude square
coherence estimation (MSCE). In [42, 43] the authors found that the levels of stress
are correlated with the power spectrum features of frequency ranges of the 8, 4, and
a bands. The identification of the existence of stress is based on changes in the EEG
alpha and theta band since (1) the @ band is dominant when the brain is in a relax-
ation mode (no activity) and (2) in the case of a stress state, the power of the a wave
will decrease, while the & waves increase. Paraschiv et al. [44] observed higher levels
of beta activity in participants diagnosed as stressed. In [45, 46], it is reported that
the increase in EEG amplitude at the frequencies of 19-22 Hz and high beta 35 Hz is
specific to stress. Adochiei et al. [47] concluded that chronic stress has been associated
with high levels of beta power. The papers mentioned above classified stress levels
based on the human brain’s electrical signals.

In [48], multilayer perception (MPL) plus SVM classifier have been employed
to distinguish between different stress levels where the headset used is an EMOTIV
EPOC +. Hou et al. [43] presented a 4 stress levels (relaxed, engrossed, stressful,
and anxious) identification algorithm combining fractal dimension and statistical
features where the classifier is a support vector machine (SVM). In [49], an EMOTIV
EPOC wireless device uses the relative difference between beta and alpha power as
features to identify the level of stress.

3.3 EEG for comatose patients vigilance state classification

Recently, we have conducted a study, the findings of which are illustrated in
Figure 2 and showing that the classification of patient vigilance states is possible
based on their EEG signals. In that paper, we discussed the possibility of overcom-
ing physiological and behavioral coma scale scores, especially due to the number of
limitations of the coma scales. We demonstrated that the singularity spectrum of a
single-channel EEG can be utilized as an effective tool to classify the vigilance state of
comatose patients. The study in question, with its results exhibited in Figure 2, was
carried out in three different groups of patients with Glasgow Coma Scale scores of
3, 7, and sedated. Based on these findings, the multifractal analysis of EEG data could
be a tool to determine the level of consciousness of patients in a coma, which could
overcome the limited physiological and behavioral coma scales.

3.4 EEG for brain death diagnosis

A brain death is the complete and permanent loss of function of the entire brain
and the brain stem. One of the four criteria for declaring brain death according to the
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Figure 2.
Singularity spectrum curves of 3 groups of comatose patients: black color for sedated patients, blue color for
patients with GCS = 3, and green color for patients with GCS = 7.

Harvard Medical School committee is a flat EEG [50]. In simpler terms, the diagnosis
of brain death is typically based on specific criteria and follows a detailed process.
This process can be time-consuming and carries certain risks, such as the need to
disconnect the ventilator during the apnea test. EEG recordings are easily accessible
and safe. EEG readings can sometimes be distorted by various forms of interference
or artifacts discussed in Section 2.1, leading to an underestimation of their true value.
Despite these challenges, there is no denying that a thorough and numerical analysis
of EEG data can provide invaluable insights in the fields of neurology and clinical
medicine [51]. In simpler terms, a positive result from an EEG test indicates that the
brain is working. As a result, a patient in a deep coma may still exhibit some electrical
activity in the brain, as detected by the EEG. However, a brain-dead patient will not
show such activity. Even with the variation of criteria over time or from one country
to another, EEG is the most frequently required test. It is mandatory in 28% and
optional in 47% of countries [52]. Electrocerebral inactivity (ECI) was defined as
“the absence over all regions of the head of identifiable electrical activity or cerebral
origin, whether spontaneous or induced by physiologic stimuli and pharmacologi-
cal” by the glossary of the International Federation of Clinical Neurophysiology [53].
Compared to the apnea test, EEG is less risky for brain death analysis. Researchers in
[54, 55] proposed a CCA approach to distinguish brain death and deep coma based
on patients’ EEG signals. They concluded that the relative power spectrum density in
the delta wave and the permutation entropy can be effectively considered as potential
distinguishing characteristics when analyzing the differences between patients in a
coma and those who are brain-dead.

3.5 EEG for prognosticate recovery in comatose patients

EEG is one of a number of neuroprognostic tools that are used to diagnose isch-
emic brain injury and predict recovery. Bouchereau et al. [56] proposed a quantitative
EEG marker based on brain wave classification to predict awakening and recovery
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of consciousness in patients with severe brain injury. The automatic detection and
assessment of comatose patients’ recovery represent a compelling area of research.
Further investigation by researchers is crucial to unlock its full potential.

EEG has also been used to investigate and identify depression biomarkers [57] and
many other applications for the comfort of comatose patients.

4. Possible new applications

In this section, we would like to shed some light on a few EEG applications that
have been used outside the ICU and showed reliable results. Thus, these applications
could be investigated in comatose patients and could overcome many limitations that
affect the good understanding of the medical staff of the condition of a comatose
patient.

4.1 Alcohol detection and classification

As previously mentioned, the consumption of alcohol a few hours before ICU
admission can significantly impact the reliability of many coma scales due to its effect
on brain function responses. Long-term alcohol use can lead to a significant loss of
neuronal connections.

Much research has investigated the possibility of a classification of EEG signals
from alcoholic patients using a variety of methods. For example, Aprilla et al. [57]
used a texture analysis method known as GLDM to extract features from 64 channels
and classify alcoholic and nonalcoholic EEG signals. However, the accuracy of this
method did not exceed 70%. Fattah et al. [58] utilized feature extraction from EEG
signals to classify the EEG signals of alcoholic and nonalcoholic subjects, achiev-
ing an accuracy of 95%. Then, Mumtaz et al. [59] employed spectral entropy for
specific sub-bands of EEG signals to detect event-related potential related to alcohol
consumption. Wavelet decomposition has also been used for feature extraction from
EEG signals for the detection and classification of alcoholic EEG signals [60]. It is
noteworthy that most studies investigating alcohol consumption using EEG recording
have focused on the Gamma sub-band [61, 62].

These methods have been implemented on conscious subjects during visually
related events. However, only a small number of these methods have achieved an
accuracy rate exceeding 90%, indicating that there is substantial room for improve-
ment in this approach. Despite this, the potential for detecting alcohol-related EEG
patterns is promising. This could be particularly beneficial in the ICU, especially upon
admission. The ability to determine whether a comatose patient has consumed alcohol
or not before accidents or any other cause of loss of consciousness could significantly
enhance our understanding of the patient’s condition.

4.2 EEG-based pain severity detection

The use of EEG to investigate pain in humans has emerged in the last decade.
For instance, Van Der Miesen et al. [63] and Mouraux and Iannetti [64] found that
the primary somatosensory cortex (S1), the anterior cingulate cortex (ACC), and
the insular cortex brain regions are the regions involved in processing affective and
sensory acute pain. In addition, Sun et al. [65] used the regions mentioned above in
addition to the precentral gyrus (M1) to detect acute pain using an EEG headset. To
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enhance pain assessment in comatose individuals, further investigation is warranted.
Large-scale studies using diverse techniques and refined by automatic detection
algorithms are essential. Achieving this would enable accurate pain assessment in
comatose patients, leading to more targeted and effective treatments. Ultimately, this
approach could reduce reliance on painkiller drugs.

4.3 EEG-based coma and sedation scales

The utilization of multifractal analysis in EEG signal processing has demonstrated
significant advances in classification. The findings discussed in Section 3.3 have the
potential to be expanded to a coma scale scoring system, which would be based on the
extraction of multifractal properties from EEG signals. Further investigation of this
approach could lead to the development of an innovative scoring system to assess the
coma scale of patients in ICUs. Moreover, the characterization of EEG signals from
sedated patients (represented by the black curves) is feasible due to the distinct length
of their shape compared to the singularity spectrum curves of non-sedated patients.
This aspect forms a key area of focus in our upcoming project work. By developing a
coma scale grounded in the analysis of electrical brain signals from comatose patients,
we can transcend the limitations of existing scoring systems that are dependent exclu-
sively on physiological and behavioral responses.

5. Conclusion

EEG has recently been utilized to delve into several coma-related aspects, such as
sleep quality analysis, pain evaluation, sedation monitoring, and stress assessment.
Although the findings of these studies are varied and await validation, they exhibit
encouraging potential. These insights could pave the way for a novel approach to
understanding the needs of comatose patients. In the previous couple of sections,
we highlighted the strong correlation between pain, stress, and sleep deprivation in
comatose patients, emphasizing that the presence of one could exacerbate the others.
With the advent of new findings from EEG-based investigations related to coma, it
has become possible to detect and assess these three factors. Early detection could
potentially speed up patient recovery. Furthermore, EEG data could be leveraged
to overcome the limitations of the currently used scales, thereby improving our
understanding of the condition of comatose patients. Although most of the findings
discussed require validation and application in larger samples, they represent the
challenges faced by ICU department doctors. These challenges, when addressed, could
improve the well-being of comatose patients and improve our understanding of coma.
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