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Abstract—Advances in intensive care have improved the sur-
vival rate of patients with severe acute brain injury, but diag-
nostic errors for patients with disorders of consciousness are still
high. Accurate diagnosis of these patients is very important be-
cause effective treatment can vary depending on the diagnosis. In
this study, we propose a framework for classifying unresponsive
wakefulness syndrome and minimally conscious state, focusing
on awareness. In particular, power spectral density and common
spatial patterns were used together, considering that spatial
information is a key feature in consciousness. The 16 patients
with unresponsive wakefulness syndrome and 14 with minimally
conscious state underwent resting-state electroencephalography
measurements. In addition, we compared the performance by
utilizing each frequency (delta, theta, alpha, beta, gamma bands)
related to consciousness. As a result, the highest accuracy of
95.06% was achieved by the EEGNet classifier, especially in the
beta frequency band. We demonstrated that spatial information
is very important in consciousness, as we observed that classifica-
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tion performance improved when common spatial patterns were
used. These results provide insight into various frameworks for
diagnosing patients with disorders of consciousness and may help
patients survive by increasing the diagnosis rate in the future.

Index Terms—disorders of consciousness, electroencephalogra-
phy, common spatial pattern, classification

I. INTRODUCTION

Disorders of consciousnesses (DoC) is a group of altered
consciousness states generally caused by injury dysfunction of
the neural systems regulating arousal and awareness. When pa-
tients fall into a coma after brain injury, they show an absence
of both arousal (i.e., eye opening even when stimulated) and
awareness (i.e., unaware of themselves and the environment)
[1]. Unresponsive wakefulness syndrome (UWS), also known
as the vegetative state [2], refers to a state where a patient
is awake but lacks awareness [3]. Minimally conscious state
(MCS), on the other hand, describes a condition where patients
recover to a transient or chronic state of reduced responsive-
ness, but still show intermittent and limited signs of awareness
of themselves and their surroundings [3]. In this regard, when
treating DoC patients, making an accurate diagnosis early on is
crucial for developing personalized treatment plans. Therefore,
neuroimaging-assisted diagnosis are needed for more accurate
and rapid diagnosis of DoC patients.

Resting-state electroencephalography (EEG) is closely re-
lated to the brain’s baseline activity and can help monitor
a patient’s level of consciousness. EEG signals are divided
into several frequency bands. Delta band, characterized by
high amplitude and slow frequency, is associated with deep
sleep [4]. In DoC patients, an increase in delta power as
observed with resting-state EEG may indicate severe con-
sciousness impairment, resembling patterns observed in deep979-8-3315-2192-9/25/$31.00 © 2025 IEEE



sleep. Another important frequency band is theta band, which
is associated with memory, attention, and cognitive processing
[5]. The alpha band is also crucial, as it is related to the
brain’s resting state when the eyes are closed [6] and has
been linked to DoC in previous studies [7]. The beta band
is commonly linked to active cognitive functions, such as
thinking, problem-solving, and arousal [8]. On the other hand,
the gamma band is associated with functions like information
binding, sensory integration, and conscious perception [9].
The presence of gamma oscillations, especially in the parietal
and frontal regions, can suggest the potential for higher-
order cognitive processing and awareness [10]. In this regard,
using resting-state EEG in DoC patients allows for a better
assessment of the severity of brain damage, providing insights
into the prognosis and the processes underlying different states
of consciousness [1].

Many researchers have proposed methods to distinguish
between UWS and MCS patients using resting-state EEG
signals. Raveendraln et al. [11] utilized the variational mode
decomposition (VMD) for feature extraction to perform bi-
nary classification between UWS and MCS. They achieved a
classification accuracy of 83.3% using the ensemble boosting
trees model. However, the VMD method has limitations in that
the analysis time is considerably long and the performance
is still low. In addition, there are various studies that classify
DoC patients by adding coma [1], [4] or healthy controls [12].
However, coma is more distinct than UWS and MCS in that
both awareness and arousal are absent. It is rather becasue
there is no arousal, no eye opening whatsoever and thus it
is easy at the clinical levl to differentiate from UWS/MCS
who both have arousal - i.e., eye open. So the classification of
these two seems more difficult. In this respect, MCS is also
subdivided into MCS+ and MCS- depending on the presence.
Chennu et al. [2] quantified the spectral connectivity estimated
from EEG signals and performed a three-class classification
between UWS, MCS+, and MCS-. Using a support vector
machine, they achieved an area under the curve (AUC) of
0.77 and 0.78 in non-traumatic and traumatic aetiologies,
respectively.

Conventional EEG discrimination approaches often relied
on calculating power spectral density (PSD) at each electrode
and mapping these values for visualization. However, these
methods could produce errors by treating processes at different
electrode sites as independent and overlooking the spatial cor-
relation in EEG signals. There is a key area in consciousness
called the posterior hot zone, which shows prominent changes
depending on the state of consciousness [13]. In this respect,
spatial information can also be used as a very important
feature in the classification of DoC patients. Common spatial
pattern (CSP) is used to maximize the discriminative power
by enhancing the differences between the EEG data of two
groups, and is actually an important feature commonly used in
brain-computer interfaces [14]. It provides information about
spatial differences by extracting CSP from the EEG of each
group, optimizing the variance of one group, and minimizing
the variance of the other group. Therefore, CSP addresses

this limitation by calculating spatial covariance to optimize
classification between groups [15].

In this study, we propose a framework to classify UWS and
MCS using resting-state EEG signals. In particular, consider-
ing the importance of spatial information in consciousness, we
combined CSP with PSD and utilized it as a feature. Therefore,
we hypothesized that the classification performance would be
improved when it was used with CSP with PSD, compared
to when PSD was used as a feature alone. Additionally, we
compared the performance of five frequency bands (delta,
theta, alpha, beta, and gamma bands) as features to find the
frequency band most closely associated with awareness in
distinguishing UWS and MCS. Finally, K-nearest neighbors
(KNN), random forest (RF), gradient boosting (GB), and EEG-
Net [16] are used as classifiers in this study. This framework
contributes to reducing diagnostic errors in DoC patients by
providing clues to the frequency bands and features most
important for distinguishing UWS and MCS for awareness,
a key element of consciousness.

II. METHODS

A. Dataset

The dataset consisted of 16 UWS patients (8 males, mean
age 40.19 ± 23.99 years, mean time since injury 9.94 ± 12.86
months) and 14 MCS patients (9 males, mean age 40.36 ±
18.82 years, mean time since injury 52.64 ± 90.17 months).
The dataset used in this study was previously published in
Bodart et al. [17], [18], Rosanova et al. [19], and Lee et
al. [20]. This study was approved by the Ethics Committee
of the Medicine Faculty of the University of Liège (ref
2009/52) and written informed consent was obtained from
legal representatives of all patients.

EEG signals were measured during a resting state with
eyes closed for 5 min using a 60-channel EEG system. The
sampling rate was 1,450 Hz. The signals were downsampled
to 362.5 Hz and then underwent bandpass filtering using a
second-order Butterworth filter within 0.5–45 Hz. Channels
with poor quality were manually identified and interpolated
using high-order spherical interpolation for artifact removal.
The continuous signal was segmented into 2-sec intervals.
Additionally, independent component analysis was applied to
eliminate components associated with eye movements, and a
threshold of ±100 µV was set to exclude trials affected by eye
artifacts and other noise. After preprocessing, the data were
re-referenced using an average reference method.

B. Feature Extraction

We applied second-order Butterworth bandpass filtering to
separate the frequency bands into delta (1.5–4 Hz), theta (4–8
Hz), alpha (8-13 Hz), beta (13-30 Hz), and gamma (30–40
Hz) [20].

1) Power Spectral Density: This is a measure that describes
how the power of a signal or time series is distributed across
different frequency components. PSD improves classification



accuracy by calculating power density across various fre-
quencies, making the differences between classification targets
more distinct [21].

We employed the Welch method, which is expressed as
follows:

Pxx(f) =
1

N

N∑
k=1

Pxx,k(f) (1)

where N represents the number of data segments used for
calculating the PSD, while k serves as the index for each
individual trial or segment. This approach involves segmenting
the signal into overlapping sections, computing the spectrum
for each section individually, and then averaging these spectra
to obtain the final estimate [22].

2) Common Spatial Pattern : This is primarily applied in
binary classification, aiming to find spatial filters that minimize
the variance within one class while maximizing the variance
between classes [15].

Q(a) =
aTPT

2 P2a

aTPT
1 P1a

=
aTC2a

aTC1a
(2)

where T denotes the transpose of a matrix, while Pi represents
the training data matrix, organized with sample points as rows
and channels as columns. The spatial covariance matrix for
a specific class i is denoted as Ci. To solve the optimization
problem, we employ the method of Lagrange multipliers to
minimize the following function [23]:

L(γ, a) = aTC1a− γ(aTC2a− 1) (3)

When the derivative of L with respect to a is zero, γ represents
the Lagrange multiplier, and the filter a that minimizes L
satisfies the following relationship [23]:

∂L

∂a
= 2aTC1 − 2γaTC2 = 0 ↔ C1a = γC2a (4)

This transforms into a standard eigenvalue problem. Conse-
quently, the spatial filters that minimize the function (2) are
obtained using the eigenvectors of Z = C−1

2 C1. These filters
encompass two components corresponding to the largest and
smallest eigenvalues. These are extracted as the logarithm of
the variance of the EEG signals in the selected band after
projecting the filter a onto the CSP matrix [23].

C. Classification

We used four classifiers as follows: KNN, RF, GB, and
EEGNet [16]. KNN, while a relatively simple algorithm,
demonstrated excellent performance on small datasets and was
chosen due to its suitability for binary classification tasks [24].
RF, an ensemble model composed of multiple decision trees, is
effective in reducing overfitting and improving generalization.
Additionally, GB, which incrementally trains weak classifiers
to enhance performance, was selected for its potential to
achieve high accuracy [25]. EEGNet, a deep learning archi-
tecture specifically designed for processing EEG data, utilizes
convolutional layers to extract spatial features and is known
for its efficiency and effectiveness in classifying brain activity
[16].

TABLE I
HYPERPARAMETER FOR EACH MODEL

Model Hyperparameter
KNN n neighbors=5, p=1
RF n estimators=50, max features=‘sqrt’
GB n estimators=100, learning rate=0.1

Batch size=32, Epoch=100
EEGNet Learning rate=0.001

Optimizer=RMSprop, Dropout rate=0.3

We used the 10-fold cross-validation for model evaluation
[11]. This method enhances the reliability of performance eval-
uation by accurately reflecting the characteristics of the dataset
[26]. Hyperparameter tuning was conducted to optimize the
performance of each model, and the key hyperparameters used
are presented in Table I.

D. Evaluation Metrics

In this study, we utilized accuracy, precision, and F1-score
as the primary evaluation metrics to assess the classification
performance of the models. Accuracy represents the proportion
of correctly predicted samples among all samples [27].

Accuracy =
TP + TN

TP + TN + FP + FN
(5)

where TP denotes true positive, TN denotes true negative,
FP denotes false positive, and FN denotes false negative.
Precision, on the other hand, indicates the proportion of actual
positive samples among those predicted as positive, defined as
[28]:

Precision =
TP

TP + FP
(6)

Recall, also known as sensitivity, measures the proportion of
actual positive samples that were correctly identified as [28]:

Recall =
TP

TP + FN
(7)

Additionally, F1-score is the harmonic mean of precision
and recall, making it a useful metric for evaluating model
performance in the context of imbalanced datasets. The F1-
score is defined as [28]:

F1-score = 2× precision × recall
precision + recall

(8)

Through these evaluation metrics, the predictive performance
of the models was assessed from multiple perspectives.

E. Statistical Analysis

Statistical analysis was used to compare the performances
of different features and classifiers. First, the t-test was used
to compare the performance using PSD and the performance
using PSD and CSP simultaneously. Next, when comparing
performances from four models and performances across five
frequency bands, a one-way analysis of variance was used to
check whether the differences in performances were statisti-
cally significant. Then t-test was used as a post hoc test using



TABLE II
CLASSIFICATION PERFORMANCE FOR CLASSIFYING UWS AND MCS IN DOC PATIENTS

Feature Model Frequency band Accuracy (%) Precision Recall F1-Score
Delta 69.88 (±3.11) 0.68 (±0.04) 0.66 (±0.03) 0.67 (±0.03)
Theta 70.24 (±2.85) 0.68 (±0.03) 0.69 (±0.05) 0.68 (±0.02)

KNN Alpha 73.22 (±3.12) 0.73 (±0.05) 0.67 (±0.03) 0.70 (±0.03)
Beta 93.97 (±1.35) 0.93 (±0.02) 0.93 (±0.02) 0.93 (±0.01)

Gamma 87.14 (±1.97) 0.87 (±0.03) 0.85 (±0.02) 0.86 (±0.01)
Delta 69.49 (±3.06) 0.67 (±0.02) 0.65 (±0.05) 0.66 (±0.03)
Theta 70.94 (±2.89) 0.70 (±0.04) 0.66 (±0.04) 0.67 (±0.02)

RF Alpha 75.76 (±2.85) 0.75 (±0.04) 0.70 (±0.04) 0.73 (±0.03)

PSD

Beta 92.98 (±1.69) 0.92 (±0.02) 0.92 (±0.02) 0.92 (±0.01)
Gamma 86.71 (±1.98) 0.86 (±0.03) 0.85 (±0.02) 0.85 (±0.02)

Delta 71.80 (±4.34) 0.71 (±0.05) 0.67 (±0.04) 0.69 (±0.04)
Theta 72.04 (±4.34) 0.72 (±0.05) 0.64 (±0.05) 0.68 (±0.03)

GB Alpha 76.35 (±2.78) 0.75 (±0.04) 0.72 (±0.03) 0.74 (±0.03)
Beta 93.33 (±1.22) 0.92 (±0.01) 0.93 (±0.02) 0.92 (±0.01)

Gamma 85.53 (±2.03) 0.83 (±0.03) 0.85 (±0.02) 0.84 (±0.01)
Delta 73.73 (±0.03) 0.73 (±0.04) 0.68 (±0.06) 0.70 (±0.03)
Theta 74.55 (±0.03) 0.74 (±0.04) 0.69 (±0.04) 0.71 (±0.03)

EEGNet Alpha 79.49 (±0.02) 0.79 (±0.03) 0.75 (±0.04) 0.77 (±0.03)
Beta 94.39 (±0.01) 0.93 (±0.02) 0.94 (±0.02) 0.94 (±0.01)

Gamma 86.43 (±0.02) 0.87 (±0.03) 0.82 (±0.03) 0.85 (±0.02)
Delta 77.81 (±2.42) 0.75 (±0.02) 0.77 (±0.02) 0.76 (±0.01)
Theta 81.18 (±2.52) 0.80 (±0.02) 0.80 (±0.03) 0.80 (±0.02)

KNN Alpha 83.61 (±3.02) 0.82 (±0.03) 0.78 (±0.03) 0.80 (±0.02)
Beta 93.45 (±1.46) 0.93 (±0.02) 0.95 (±0.01) 0.94 (±0.01)

Gamma 91.65 (±1.16) 0.91 (±0.02) 0.90 (±0.01) 0.91 (±0.01)
Delta 76.04 (±3.45) 0.75 (±0.05) 0.72 (±0.04) 0.73 (±0.03)
Theta 83.07 (±2.68) 0.83 (±0.02) 0.80 (±0.03) 0.81 (±0.02)

RF Alpha 85.02 (±2.65) 0.84 (±0.05) 0.83 (±0.03) 0.83 (±0.03)

PSD+CSP

Beta 93.61 (±1.16) 0.93 (±0.02) 0.93 (±0.02) 0.93 (±0.01)
Gamma 91.57 (±1.75) 0.93 (±0.02) 0.88 (±0.03) 0.90 (±0.01)

Delta 79.73 (±3.43) 0.79 (±0.04) 0.75 (±0.03) 0.77 (±0.03)
Theta 84.27 (±1.94) 0.83 (±0.01) 0.82 (±0.03) 0.82 (±0.02)

GB Alpha 85.96 (±2.26) 0.84 (±0.04) 0.84 (±0.02) 0.84 (±0.02)
Beta 93.86 (±1.55) 0.92 (±0.02) 0.92 (±0.02) 0.92 (±0.01)

Gamma 90.86 (±1.98) 0.90 (±0.02) 0.89 (±0.03) 0.90 (±0.02)
Delta 75.22 (±0.03) 0.72 (±0.04) 0.75 (±0.06) 0.73 (±0.03)
Theta 80.51 (±0.03) 0.78 (±0.05) 0.79 (±0.04) 0.79 (±0.03)

EEGNet Alpha 88.98 (±0.01) 0.87 (±0.02) 0.88 (±0.02) 0.88 (±0.01)
Beta 95.06 (±0.01) 0.94 (±0.02) 0.94 (±0.02) 0.94 (±0.01)

Gamma 91.41 (±0.02) 0.91 (±0.02) 0.90 (±0.03) 0.90 (±0.02)
Mean (± standard deviation); bold = the highest performance in each metric.

false discovery rate (FDR) correction. The p-value was calcu-
lated to assess the statistical significance of the findings, with
a p-value less than 0.05 indicating a statistically significant
difference with FDR correction for multiple comparisons.

III. RESULTS AND DISCUSSION

A. Classification Performance

Table II shows the classification performance for distin-
guishing between UWS and MCS, and the highest perfor-
mance is achieved with 95.06% accuracy, which utilizes both
CSP and PSD in the beta band and uses EEGNet.

1) Feature: When comparing the performance of using
only PSD and the performance of using PSD and CSP together
in four models and five frequency bands, the performance
of using PSD and CSP together was statistically significantly
higher in most cases. Detailed statistical values are shown in
Table III. Only in the case of using the delta band in EEGNet,

there was no statistical difference between using only PSD
and using both PSD and CSP. In addition, there is not much
difference in performance when CSP is used together with the
beta band.

The relatively small performance differences between the
models in the PSD-only scenario suggest that CSP helps to
clarify these differences. This implies that CSP enhances the
information provided by PSD and helps the models learn the
data more effectively.

2) Model: We compared the performance of the four
models (KNN, RF, GB, and EEGNet) in the beta band for
classifying UWS and MCS. Specifically, when only the beta
PSD was used, there was no significant statistical difference
when the four models were used (F -value = 1.141, p-value =
0.345). However, when PSD and CSP were used together in
the beta band, there was a significant difference in performance
when the four models (KNN, RF, GB, and EEGNet) were used



TABLE III
STATISTICAL RESULTS BASED ON PERFORMANCE BY FEATURE

Model KNN RF GB EEGNet
Frequency t-value p-value t-value p-value t-value p-value t-value p-value

Delta -6.670 <0.001 -4.266 <0.001 -4.208 <0.001 -1.606 0.125
Theta -9.386 <0.001 -9.463 <0.001 -9.933 <0.001 -4.527 <0.001
Alpha -7.044 <0.001 -7.229 <0.001 -8.037 <0.001 -8.769 <0.001
Beta -2.185 0.042 -2.123 0.048 -2.311 0.038 -2.115 0.048

Gamma -5.904 <0.001 -5.523 <0.001 -5.644 <0.001 -4.449 <0.001

(F -value = 5.384, p-value = 0.003). In the post hoc test, there
was a statistically significant difference only between the cases
of EEGNet and GB and the cases of GB and KNN. In some
cases, other models performed better than EEGNet in non-
beta bands, but EEGNet performed the best in the beta band.
In most cases, the superior performance of EEGNet is believed
to be due to the fact that deep learning includes a process of
extracting meaningful features.

3) Frequency Band: When comparing performances ac-
cording to five frequencies, statistical validity was verified
only when EEGNet was used. When PSD was used, all
five performances showed significant differences (F -value =
86.344, p-value < 0.001), and in the post hoc test, there were
statistical differences in all cases except when comparing the
delta and theta bands. Also, when PSD and CSP were used
together, there was a statistical difference in the classification
performance according to the five frequencies (F -value =
72.560, p-value < 0.001). In the post-hoc test, there was no
difference in the t-test results of alpha and gamma bands,
beta and gamma bands, and all other results had statistically
significant differences. Specifically, the performance using the
beta band was high.

In DoC studies, differences between MCS and UWS were
mostly revealed in the delta and alpha bands, but were
rarely evident in higher frequencies such as the beta band
[29]. However, low beta (12–17.75 Hz) power in MCS was
significantly higher compared with UWS [30]. Also, from
the perspective of the pharmacological state of consciousness,
global and local efficiency in the beta band was observed
to increase only when consciousness disappears and emerges
during propofol-induced sedation [13]. It seems to reflect
the connection between hypersynchrony and the transition
to consciousness [31]. Ultimately, the increased beta power
may entail a significant delay in the feedback processing of
the corticothalamic network, which may lead to a network
reset in which a new state configuration is obtained [13].
Therefore, in DoC patients, MCS and UWS are considered to
be distinct features, given the distinct differences in feedback
in the beta band, which in turn leads to increased classification
performance.

B. EEG Spatial Patterns According to Awareness

We examined the CSP to identify key brain regions that
differ significantly between MCS and UWS. CSP is effective
in capturing the most distinctive differences between the two
groups (i.e., UWS and MCS), as shown in Fig. 1. We compared
CSPs, especially when using the beta band and EEGNet,

Fig. 1. CSP for classifying UWS and MCS in the beta band. The left and
right represent MCS and UWS, respectively. Red regions indicate positive
values and blue regions indicate negative values.

where the highest performance was observed. MCS and UWS
showed large differences in variance mainly in the parietal-
occipital region, which is consistent with the posterior hot
zone. This is known to be directly related to the neural
correlates of consciousness [13], [20]. These contributions to
the level of consciousness highlight the importance of the
posterior cortex in human consciousness, suggesting that this
region may not only be a hub for the default mode network
but also play a critical role in the subcortical integration of
arousal and awareness in human consciousness [32].

C. Limitations

This study has several limitations. First, the small dataset
size may have restricted the model’s ability to generalize,
potentially limiting its applicability across various environ-
ments. We focused on the classification of UWS and MCS,
but there is a need to further refine the classification criteria,
such as MCS+ or MCS-. Additionally, the diagnosis was only
based on behavioral assessments and thus it is possible that
some UWS were cognitive motor dissociation. Future research
should aim to improve the reliability and generalization of
the models by utilizing larger datasets. In addition, in order
to improve generalization ability, this study evaluated with
10-fold cross-validation to identify important features and
models, but an approach such as leave-one-subject-out cross-
validation is needed in future studies. Second, this study
focused exclusively on resting-state EEG data, and further
validation is required to evaluate its performance on task-based
EEG data. Additionally, exploring various feature extraction
techniques and model architectures could help further eluci-
date the differences between MCS and UWS. Such studies
would ultimately contribute to more accurate diagnoses and
improved treatment strategies for DoC patients. Finally, there
are quite a few reports that brain activity in other frequency
regions, such as the alpha band rather than the beta band,
is related to consciousness. Therefore, a procedure is needed
to interpret our results through deep learning by introducing
explainable artificial intelligence techniques.

IV. CONCLUSION

In this study, we performed binary classification using
resting-state EEG signals of DoC patients using four models
to distinguish UWS and MCS patients. We focused on the
spatial features related to consciousness and demonstrated that
the classification performance was higher when PSD and CSP



were used together. Next, when each of the five frequencies
was used, we confirmed that the beta band, which showed a
prominent difference in local efficiency in terms of the brain
network, greatly improved the classification performance. In
addition, among the four models, EEGNet, which was opti-
mized for EEG signals rather than existing machine learning
models, showed the best performance.

Future studies should focus on collecting larger datasets to
enhance model robustness and generalizability. In addition,
developing novel deep learning models tailored specifically for
DoC patient classification could further optimize performance.
Exploring other neurophysiological biomarkers and integrating
advanced signal processing may also contribute to more pre-
cise diagnostic tools.
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