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A B S T R A C T

Background and Objective: Electroencephalography (EEG) is a crucial tool for monitoring recovery in patients with 
disorders of consciousness (DOC) after therapeutic interventions. It helps in identifying the neural correlates and 
in guiding the development of personalized treatments. Spectrum power measures are widely employed. How
ever, these measures are manually handcrafted, not patient-specific, and not tailored to the specific intervention.
Methods: To address these limitations, we propose an explainable artificial intelligence (XAI) framework designed 
to automatically uncover the most salient frequency-domain EEG signatures in an intervention- and patient- 
specific manner. The framework integrates an interpretable convolutional neural network, which is capable of 
learning interpretable frequency-domain EEG features, with an explanation technique, which quantifies the 
relevance of the learned spectral features. This approach enables the automatic tracking of patient-specific 
spectral EEG changes and refines the analysis toward neural features that are more closely associated with 
key clinical variables.
Results: We showcase the potential of our approach by applying it to EEG signals collected from patients in a 
minimally conscious state following an intervention based on transcranial direct current stimulation. The XAI 
results reveal a prominent role of alpha-band EEG oscillations in DOC intervention, supporting evidence that 
functional improvements due to intervention are associated with an increase in alpha-band spectral content.
Conclusions: Our XAI-driven analysis offers a robust, individualized, and transparent alternative (or complement) 
to conventional EEG analyses, thereby enhancing the EEG characterization of DOC patients.

1. Introduction

Disorders of consciousness (DOC) are conditions characterized by 
impaired wakefulness and awareness. Patients surviving severe brain 
injuries can develop DOC, such as coma, minimally conscious state 
(MCS), and unresponsive wakefulness syndrome [1]. Coma patients are 
unarousable, and unaware of themselves and their environment 
(unwakefulness, reflex behaviors only). In unresponsive wakefulness 
syndrome, patients show signs of wakefulness but no signs of awareness 
of self and the environment (reflex behaviours only). In contrast, in MCS 
there is behavioral evidence of self or environmental awareness. Patients 
recovering from DOC (e.g., recovering functional communication or 
functional use of objects) emerge from MCS [2]. The clinical manage
ment of DOC patients is challenging, primarily because they are unable 

to communicate and rely entirely on others for their care [3]. Despite 
this, only a few studies have investigated the treatment of DOC patients 
[3]. Therapeutic strategies to improve consciousness include pharma
cological and non-pharmacological interventions [4]. Pharmacological 
interventions involve agents such as amantadine, midazolam, or zolpi
dem [5–7]. Non-pharmacological interventions involve both invasive 
brain stimulation, such as deep-brain stimulation, and non-invasive 
brain stimulation, such as transcranial direct current stimulation 
(tDCS) [8–11] or repetitive transcranial magnetic stimulation [12–15]. 
DOC patients exhibit heterogeneous responses to therapy, reflecting 
diverse etiologies and types of brain injury. Generally, MCS patients 
show greater responsiveness to treatments but the outcomes vary 
considerably across individuals [4]. These factors underscore the po
tential benefit of patient-specific intervention protocols tailored to each 
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individual’s clinical and neurophysiological profile.
Assessing the cerebral response during therapy is critical for under

standing the mechanisms in action and guiding the development of 
personalized treatment strategies. Combining interventions with brain 
activity assessments can improve our knowledge of the neural correlates 
underlying clinical responses and the possible neuroplastic mechanisms 
occurring after brain injury [3,16]. In clinical practice, non-invasive and 
cost-effective techniques such as electroencephalography (EEG) are 
widely used to assess DOC patients [4]. EEG supports clinicians in the 
diagnosis (e.g., distinguishing MCS from unresponsive wakefulness 
syndrome), prognosis (e.g., identifying prognostic indicators), and 
monitoring therapeutic interventions, typically via resting-state re
cordings [4]. Measures derived from EEG analyses have been applied to 
track the brain response to both pharmacological and 
non-pharmacological DOC interventions [5,6,8,9,12,13,15]. Spectrum 
power measures, which quantify the strength of brain oscillations [17], 
are frequently used. Indeed, a common EEG modulation in DOC patients 
involves increased power at low frequencies (delta and theta) and 
decreased power at higher frequencies (alpha) [4]. This slowing of EEG 
oscillations correlates with the severity of the traumatic brain injury 
[18,19]. The recovery from DOC is associated with spectral changes, 
typically showing a shift of the dominant EEG band from lower (delta 
and/or theta) to higher (alpha) frequencies. This represents the most 
common EEG spectral change in patients who recover consciousness [4,
20]. Notably, alpha-band EEG power positively correlates with func
tional improvements of consciousness, as measured by clinical recovery 
scales [9]. Taken together, these findings highlight the key role of 
frequency-domain changes, particularly within the alpha band, in 
assessing brain responses to DOC interventions.

Building on this evidence, previous studies investigated EEG signals 
in DOC and assessed EEG spectral modulations during the intervention 
[5,6,8,9,12,13,15], reporting promising findings. However, these ana
lyses present some limitations that could be addressed via artificial in
telligence. First, the measures used to characterize DOC patients and 
interventions are manually handcrafted. They are generally derived by 
computing the power within EEG bands, either by aggregating signals 
across predefined groups of channels (e.g., all frontal channels) or by 
focusing only on a small, preselected subset of channels from the full 
multivariate EEG recording (e.g., mainly frontal, central, or parietal 
channels). Second, and more importantly, the measures are patient- and 
intervention-aspecific, as they are defined in the same way across patients 
and fail to capture the neural aspects uniquely associated with DOC and 
the therapeutic intervention. These limitations can be resolved by 
adopting analysis frameworks able to automatically process the full 
neural activity, preserving potentially relevant information, and to 
define measures that inherently reflect DOC-related and 
intervention-related characteristics on a patient-by-patient basis. Such 
approaches have the potential to boost the analysis and understanding of 
the neural substrates underlying DOC, and to foster the development of 
innovative biomarkers for personalized therapeutic interventions.

Recent advancements in EEG analysis have introduced deep 
learning-based approaches that enable a data-driven characterization of 
neural signals [21–27]. These methods rely on interpretable neural 
networks that, after a training process, automatically extract the most 
informative neural features to map the input EEG onto specific output 
states (e.g., cognitive, or behavioral states). A key advantage of inter
pretable neural networks is their ability to learn features that are 
inherently interpretable in domains relevant for EEG signals, such as the 
frequency domain. Importantly, these approaches can process high 
dimensional data, thus, can exploit the full multi-variate brain activity 
as input, without discarding potentially relevant information. Moreover, 
by properly setting network training, it is possible to reveal the neural 
features specific to individual patients (e.g., by using patient-specific 
data during training), and to specific therapeutic conditions (e.g., by 
considering different moments of DOC intervention as output). To 
further enhance interpretability, the models can be combined with an 

explanation technique [28] to quantify the importance of the learned 
EEG features for predicting the output states [23–27]. This combination 
realizes an explainable artificial intelligence (XAI) algorithm. This al
gorithm operates directly on the full multi-variate neural activity, 
enabling the automatic definition of EEG measures that are subject- and 
intervention-specific. Moreover, XAI approaches proved to reveal the 
neural correlates underlying cognitive tasks better than traditional EEG 
analysis pipelines [24,25]. Nevertheless, the potential of XAI for the 
analysis of patients’ signals and for revealing the neural traits due to 
intervention are still underexplored.

In this study, we aim at overcoming the current limitations in the 
characterization of EEG signatures associated with DOC and DOC 
intervention (i.e., the use of manually handcrafted, patient-aspecific, 
and intervention-aspecific measures), by showcasing the potential of 
XAI to uncover EEG traits in MCS patients following a tDCS-based 
intervention in a longitudinal pilot clinical study [9]. Our XAI 
approach integrates an interpretable neural network (Sinc-ShallowNet 
[23]) with an explanation technique (DeepLIFT [29]). The neural 
network automatically learns frequency-domain EEG features that are 
directly interpretable, and it is applied to discriminate resting-state EEG 
acquired before vs. after tDCS, separately for each patient. The expla
nation technique quantifies the relevance of the frequency-domain 
features used for discrimination (between before and after tDCS), 
thereby identifying the spectral components most affected by the brain 
stimulation. Then, the spectral relevance emerging from the XAI analysis 
was related to clinical scores assessing behavioral improvement after the 
intervention compared to before. With this approach, we primarily 
aspire to explore, for the first time, the feasibility of using artificial in
telligence to reveal the neural changes due to intervention in DOC, in an 
automatic, patient-specific, and intervention-specific manner. The main 
contribution of this work lies in developing and testing the feasibility of 
a methodological pipeline capable of capturing clinically relevant EEG 
patterns of DOC at the individual level. This individual level analysis is 
of extreme importance when dealing with patient data, due to the almost 
uniqueness of neuropathological alterations and of neural mechanisms 
underlying recovery. As a secondary contribution, this study extends the 
validation of XAI approaches to clinical EEG signals collected from pa
tients, while the application of these approaches in the literature re
mains primarily limited to healthy participants. Ultimately, our 
approach could provide important clinical implications, as it can be 
exploited, in prospective, to derive novel spectral EEG biomarkers spe
cific of each DOC patient and to monitor the neural effects of DOC 
interventions.

2. Methods

2.1. Data description and data pre-processing

In this study, we analyzed the data acquired by Straudi et al. [9] in a 
longitudinal pilot EEG-tDCS study involving patients in a minimally 
conscious state following traumatic brain injury who underwent a 
tDCS-based intervention. In this section, first a brief description of the 
longitudinal pilot study is provided; additional details about the pilot 
study, tDCS stimulation, and data recordings can be found in the 
reference publication [9]. Then, the pre-processing of EEG signals is 
described.

2.1.1. Participants
Ten patients were enrolled in the study (35.5 ± 12.6 years, 7 males, 

5.5 ± 5.4 years post trauma) at the Severe Brain Injury Unit (Neuro
science and Rehabilitation Department, Ferrara University Hospital, 
Italy). Inclusion criteria were: i) age between 18 and 60 years; ii) MCS 
diagnosis; iii) traumatic etiology; iv) >12 months after the injury. The 
clinical study was approved by the ethics committee of the Ferrara 
University Hospital and registered on the Clinicaltrial.gov database 
(NCT02288533). For each patient, the legal representative and the 
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medical doctor were informed regarding the study objectives and pro
cedures, and a written informed consent was signed by the legal 
representative.

2.1.2. Experimental protocol
The experimental protocol consisted of 10 sessions of anodal tDCS 

(five sessions per week, 40 minutes per session) using two electrodes 
(anode) placed in correspondence of the primary motor cortex bilater
ally, and one electrode (cathode) positioned at the nasion.

The clinical assessment was conducted by two experienced clinicians 
using the Italian version of the Coma Recovery Scale-Revised (CRS-R) 
[30], the gold standard for the assessment of DOC with adequate reli
ability and validity [31]. This standardized neurobehavioral scale 
evaluates the residual functions of patients across multiple domains, 
including auditory, visual, motor, verbal, communication, and arousal 
functions. The instrumental assessment consisted of a 15-minute 
resting-state EEG recording. Electrodes were placed according to the 
10-20 international system (ground at AFz) and were: Fp1, Fp2, F7, F3, 
Fz, F4, F8, FC5, FC1, FC2, FC6, T7, C3, Cz, C4, T8, CP5, CP1, CP2, CP6, 
P7, P3, Pz, P4, P8, O1, and O2 (Fig. 1a). Signals were acquired at a 
sampling frequency of 1000 Hz.

Both clinical and instrumental assessments were performed after 5 
sessions (T1) and at the end of the 10 sessions (T2) of tDCS, as well as 
two weeks before (T-1) and one day before (T0) the start of the exper
imental protocol (Fig. 1b). Patients no. 6 and 7 lacked the EEG recording 
in one timeline before the tDCS (at T0 and at T-1 respectively), due to 
technical issues. Patient no. 8 did not complete the stimulation protocol 
due to a septic shock, unrelated to the tDCS application, that affected his 
clinical stability (see Straudi et al. [9] for additional details); therefore, 
this patient was excluded from the analyses, and the data from 9 patients 
were used. The total CRS-R scores (i.e., the sum of the scores across the 
different subscales) obtained from the clinical assessment are summa
rized in Table 1.

2.1.3. EEG pre-processing
For each patient, EEG signals acquired at different timelines were 

pre-processed as follows, adopting a pre-processing pipeline similar to 
that used in previous EEG studies [32,33]: 

i. Resampling to 500 Hz.
ii. High-pass filtering at 0.5 Hz (elliptic infinite-impulse-response 

filter) and notch filtering at 50 Hz.

iii. Identification of bad channels within signals of each timeline via 
random sample consensus method [34] (3 bad channels, on 
average across patients).

iv. Concatenation of electrode signals across the four timelines.
v. Removal of channels labeled as bad at least in one timeline.

vi. Removal of the main artifacts (ocular, muscular) via independent 
component analysis (3 removed components, on average across 
patients).

vii. Spherical spline interpolation of the bad channels removed.
viii. Extraction of 2s non-overlapped epochs with amplitude <100 μV 

in all channels, separately from each timeline.
ix. Downsampling to 125 Hz, to reduce computational cost in the 

XAI approach.

Following this pre-processing, 316, 414, 352, and 318 EEG epochs 
were extracted on average across patients, for the T-1, T0, T1, and T2 
timelines, respectively. Each epoch had a shape of (C, T) = (27, 250), 
where C and T denote the number of EEG channels and time samples, 

Fig. 1. EEG electrode location and study timeline. Panel a – Electrode layout. Twenty-seven electrodes were placed according to the 10-20 international system 
(ground at AFz). Panel b – Study timeline. Clinical (CRS-R scores) and instrumental (EEG) assessments were performed at four timelines during the pilot study (T-1 
and T0: before applying tDCS; T1 and T2: after applying tDCS).

Table 1 
Clinical assessment. The Coma Recovery Scale-Revised (CRS-R) total scores 
collected before and after the tDCS intervention are reported in the second and 
third columns, respectively. Each value represents the average CRS-R score 
across the two timelines acquired before (T-1 and T0) and after (T1 and T2) the 
tDCS. CRS-R values corresponding to timelines without EEG recordings (i.e., one 
timeline before tDCS in patients no. 6 and 7, see also Section 2.1.2) were 
excluded from the averages. Individual CRS-R scores for each timeline are re
ported within brackets, i.e., at (T-1, T0) and at (T1, T2), respectively for before- 
and after-tDCS conditions. The CRS-R improvement was computed as the dif
ference of the CRS-R between after- vs. before-tDCS when the difference is 
positive, and zero otherwise; negative or zero differences were treated as no 
improvement.

Patient 
ID

CRS-R before-tDCS 
= (CRSRT− 1 +

CRSRT0)/2

CRS-R after-tDCS 
= (CRSRT1 +

CRSRT2)/2

CRS-R improvement 
= max(CRSRafter −

CRSRbefore,0)

1 15 (15, 15) 16 (16, 16) 1
2 10 (11, 9) 11 (12, 10) 1
3 13 (12, 14) 15 (18, 12) 2
4 13 (13, 13) 13 (13, 13) 0
5 12 (12, 12) 14.5 (15, 14) 2.5
6 9 (None, 9) 10.5 (11,10) 1.5
7 9 (9, None) 7 (7, 7) 0
9 7 (8, 6) 9.5 (8, 11) 2.5
10 9.5 (9, 10) 10.5 (10, 11) 1
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respectively. As described below, individual resting-state EEG epochs 
were used as input to a neural decoder trained to discriminate before- 
tDCS vs. after-tDCS epochs. The knowledge learned by the decoder to 
solve this classification problem was then exploited to analyze the EEG 
signatures associated with the intervention at the single-patient level, 
implementing the XAI-based EEG analysis.

2.2. Analysis of the spectral EEG signatures of DOC intervention via 
artificial intelligence

The XAI approach is illustrated in Fig. 2. It comprises an interpret
able neural network (Sinc-ShallowNet [23]) and an explanation tech
nique (DeepLIFT [29]). The neural network is designed to learn 
interpretable EEG spectral features (light-red box in Fig. 2) and is trained 
to distinguish between before and after tDCS from the resting-state EEG 
epochs collected from DOC patients. The explanation technique is then 
applied to quantify the relevance of the EEG spectral features learned for 
the discrimination (yellow box in Fig. 2). Together, these algorithms 
form a powerful framework capable of automatically identifying the 
frequency-domain EEG signatures that exhibit the most prominent 
changes following the therapeutic intervention, in a patient-specific 
manner.

2.2.1. Network architecture
We employed Sinc-ShallowNet [23], an interpretable neural network 

that learns EEG spectral features in an interpretable way. The network 
processes the input EEG epoch X ∈ RC×T by first applying a temporal 
convolution followed by a spatial convolution, and finally produces the 
decision y ∈ L = {l0, l1} = {before − tDCS, after − tDCS}. The key 
element of this network is the adoption of an interpretable temporal 
convolution, named temporal sinc-based convolution, realized by con
straining the filters to be ideal bandpass finite-impulse-response filters.

Denoting with x[n] a 1D time series (e.g., one EEG channel) and h[n] a 
convolutional kernel, the output y[n] of the convolution is given by 
y[n] = (x*h)[n]. Unlike traditional convolutional layers, where each 
kernel sample is learned (h[n],∀n), the sinc-based convolution assumes a 
known analytical expression for the impulse response of the filter (ideal 
bandpass filter, denoted by g(n; θ)) and exposes only a limited set of 
parameters θ to the training. These parameters are easily interpretable in 
the frequency domain, such as the filter cutoff frequencies. 
{

y[n] = (x*h)[n; θ] =
∑

l
x[n − l]h[l; θ]

h[n; θ] = g(n; θ)
. (1) 

In case of a trainable bank of ideal bandpass filters, the analytical 
expression of the impulse response is given by: 

Fig. 2. Explainable artificial intelligence approach for analyzing tDCS-based intervention in disorder of consciousness (DOC). An interpretable neural 
network classifies before-tDCS vs. after-tDCS resting-state EEG epochs recorded from DOC patients with a minimally conscious state diagnosis. The network ar
chitecture is illustrated at a high-level on top. The model learns interpretable frequency-domain features, estimating the spectral parameters of the optimal bank of 
bandpass filters (cutoff frequencies, light-red box) used for classification. An explanation technique (DeepLIFT, yellow arrow and box) is then applied to quantify the 
relevance of each bandpass filter (filter-level relevance) for predicting the after-tDCS condition. The derived relevance values, together with the interpretable spectral 
parameters of the network, are combined to derive deep learning-based measures sensitive to DOC intervention, revealing the frequencies (frequency-level relevance) 
and the EEG bands (band-level relevance) most modulated after the intervention.
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h[n; θ={f1, f2}] = g(n; θ) = 2f2sinc(2πf2n) − 2f1sinc(2πf1n), (2) 

where f1 and f2 denote the low and high cutoff frequencies of the ideal 
bandpass filter, respectively, and constitute the interpretable parame
ters. Indeed, the frequency response is given by the difference of two 
heavy-side step functions: 

H(f ; θ={f1, f2}) = rect
(

f
2f2

)

− rect
(

f
2f1

)

. (3) 

To mitigate the effects of windowing the impulse response, the filter 
values h[n; θ= {f1, f2}] are multiplied by a Hamming window. Of course, 
in practice K convolutional kernels are trained and used (rather than 
one, as shown previously for brevity). Thus, the set of interpretable 

parameters is θ(i) =
{

f1,i, f2,i

}
,0 ≤ i ≤ K − 1.

The network architecture consists of three main blocks (Table 2 and 
Fig. 2), and it is described in the following; the main network hyper
parameters were set as in Borra et al. [23], where Sinc-ShallowNet was 
originally introduced. 

i. Spectral and spatial feature extractor (block no. 1). This block in
cludes the interpretable temporal sinc-based convolution, which 
filters the input through a bank of K = 32 trainable ideal bandpass 
filters, each with a kernel size F = (1, 63). Subsequently, a spatial 
depthwise convolution optimally recombines the information 
across all electrode sites, by learning D = 2 spatial filters for each 
bandpass-filtered version of the input (for a total of 64 spatial 
filters), each with a kernel size F = (C, 1) = (27, 1). Neurons are 
activated via exponential-linear functions (ELUs) [35], and batch 
normalization [36] is included after each convolutional layer.

ii. Feature aggregator (block no. 2). To reduce the computational cost, 
temporal average pooling summarizes the information over time, 
with a pooling size F = (1, 63) and stride S = (1, 13). This cor
responds to averaging the activity of approximately 500 ms of 
data with a stride of 100 ms, reducing the number of time samples 
to process (T) from 250 to 15.

iii. Classifier (block no. 3). The feature maps produced by the feature 
aggregator block are flattened and passed to a fully-connected 
layer with N = 2 neurons, one per class (before-tDCS and after- 
tDCS). Output neurons are activated using a softmax activation 
function to produce the conditional probabilities p(l|X), l ∈ L =
{l0, l1} = {before − tDCS,after − tDCS}.

In addition to batch normalization, acting as a regularizer, dropout 
[37] (dropout probability p = 0.5) is applied immediately before the 
block no. 3. The parameters of the spatial depthwise convolutional layer 
and of the fully-connected layer are constrained to have a maximum 

norm of 1 and 0.25, respectively. Furthermore, the parameters of the 
interpretable temporal convolutional layer (i.e., the 32 pairs of cutoff 
frequencies) are constrained to have the central frequency ∈ [1,13] Hz 
and the bandwidth ∈ [2, 5] Hz. These ranges reflect the spectral modu
lations typically associated with DOC recovery, which involves changes 
of brain oscillations in delta, theta, and alpha band [20].

2.2.2. Network training and evaluation
The cross-entropy was used as loss function, and parameters opti

mized using adaptive moment estimation (150 training epochs, learning 
rate set at 1e-4, mini-batch size of 32). Parameter updates were 
weighted depending on the class frequencies, assigning more weight to 
the under-represented class ([1.0, 1.1] on average across patients for 
before- and after-tDCS classes, respectively). The neural network was 
trained on patient-specific data adopting a within-patient training 
strategy. Specifically, the patient’s 2s-epochs at T-1 and T0 were pooled 
together and labeled as ‘before-tDCS’, while epochs at T1 and T2 were 
pooled together and labeled as ‘after-tDCS’. This resulted in an overall 
dataset of 1400 EEG epochs per patient, on average across patients (730 
epochs for before-tDCS, and 670 epochs for after-tDCS). Pooling data 
across different timelines reduced the influence of session-specific ef
fects on the results, such as day-to-day variability or differences in EEG 
cap placement [38]. Thus, this way, we promoted the learning of 
network features more specifically related to the intervention itself, 
minimizing the influence of confounding factors related to natural 
inter-session variability. Notably, the number of trainable parameters 
introduced by our neural network (3906) and the size of each 
patient-specific dataset (1400 examples, on average across patients) fell 
within ranges commonly employed in state-of-the-art deep learning 
methods applied for EEG decoding (generally 1k-100k trainable pa
rameters and 0.5k-2k examples in subject-specific datasets) [39,40]. A 
5-fold cross-validation procedure was applied to train and test the 
network. Within each fold, 20 % of the training examples were used as 
validation set, and the model with the lowest validation loss was 
selected for performance evaluation and EEG analysis (see Section 
2.2.3). For each patient (9) and each cross-validation fold (5), the 
confusion matrix, area under the ROC curve (AUC), balanced accuracy, 
sensitivity and specificity were computed on the held-out test set.

2.2.3. Network decision explanation
The interpretable neural network was combined with an explanation 

technique [28] to explain the model decision in the frequency domain. 
Specifically, this technique was used to quantify the relevance of each 
bandpass filtered version of the input for predicting the after-tDCS 
condition. DeepLIFT [29] was employed as explanation technique, as 
it was identified as the most promising method in a recent benchmark 
study comparing different explanation techniques applied to deep neu
ral networks trained on EEG signals [41]. DeepLIFT is a backward 
propagation technique that propagates the contribution of a neuron of 
interest (e.g., the neuron corresponding to the after-tDCS class) back to a 
target layer (e.g., the input layer or a hidden layer), thereby quantifying 
the relevance of neurons in the target layer for the neuron under 
analysis.

For each trained interpretable model (45 in total, across 9 patients 
and 5 cross-validation folds), we computed the importance of each 
bandpass filter for predicting the after-tDCS condition. Using DeepLIFT, 
we extracted the relevance of each feature map from the first convolu
tional layer (i.e., temporal sinc-convolution) for predicting the after- 
tDCS condition, by considering all the test set examples belonging to 
that class. For each example, K = 32 relevance maps of shape (C = 27, 

T = 250) were obtained (yellow box in Fig. 2), quantifying the 
importance of each EEG channel (27) and time sample (250) in the 
filtered input. Since the input was filtered in a specific frequency range 
defined by the cutoff frequencies (f1, f2), we obtained one relevance map 
for each frequency range (32 ranges overall). The relevance maps were 
then averaged across EEG channels, time samples and examples, to 

Table 2 
Interpretable neural network architecture: layer details. The table reports 
the name, main hyper-parameters, number of trainable parameters, and output 
shape for each layer. Unless specified, unit stride (S) and no padding (P) are 
applied. The total number of trainable parameters is 3.9k.

Block ID Layer name Main 
hyper-parameters

Trainable 
param.

Output 
shape

​ Input - 0 (1, 27, 250)
1 SincConv2D K = 32, F = (1, 63) 64 (32, 27, 250)
​ BatchNorm2D - 64 (32, 27, 250)
​ DepthConv2D D = 2, F = (27, 1) 1728 (64, 1, 250)
​ BatchNorm2D - 128 (64, 1, 250)
​ ELU - 0 (64, 1, 250)
2 AvgPool2D F = (1, 63), S = (1, 13) 0 (64, 1, 15)
​ Dropout p = 0.5 0 (64, 1, 15)
3 Flatten - 0 (960)
​ Fully-connected N = 2 1922 (2)
​ Softmax - 0 (2)
​ ​ ​ 3906 ​
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obtain the filter-level relevance scores s ∈ R32 (yellow box in Fig. 2). Each 
score si,0 ≤ i ≤ K − 1, quantifies how much a specific frequency range 

(given by θ(i) =
{

f1,i, f2,i
}
) contributed to the classification, i.e., to the 

output probability p(after − tDCS|X). A positive (negative) score in
dicates that the frequency components in that range increase (decrease) 
the probability of the after-tDCS class. For each patient, based on the 
scores si, we derived two deep learning-based measures to identify the 
frequency components and EEG bands most relevant to the after-tDCS 
class (i.e., the frequencies and bands that changed more from before 
to after the intervention). 

i. Frequency-level relevance. For the i-th bandpass filter – identified by 

the learned cutoff frequencies θ(i) =
{

f1,i, f2,i
}

– the frequencies be

tween f1,i and f2,i were weighted by the associated score si, while the 
frequencies outside this range were assigned a value of zero, that is: 

ri[f ] = si

(

rect

(
f

2f2,i

)

− rect

(
f

2f1,i

))

,0 ≤ i ≤ K − 1, (4) 

where f represents the frequency values obtained by discretizing the 
frequency axis from 1 to 15 Hz with 500 points. These representa
tions were averaged across all bandpass filters obtaining the fre
quency-level relevance r[f ] ∈ R500 (r[f ] = 1

K
∑

iri[f ]), which quantifies 
the importance of each frequency component in distinguishing 
resting-state EEG after tDCS from before.

ii. EEG band-level relevance. The frequency-level relevance r[f ] was 
further aggregated to reveal the importance of the different EEG 
bands in predicting the after-tDCS condition. Specifically, r[f ] was 
averaged across the frequency bins belonging to delta (1-4 Hz), theta 
(4-8 Hz), low-alpha (8-11 Hz) and high-alpha (11-15 Hz) bands, 
producing a band-level relevance score (∈ R) for each considered EEG 
band.

Following this procedure, 45 frequency-level relevance patterns and 
45 EEG band-level relevance scores (for each of the four EEG bands) 
were obtained, across the 9 patients and 5 cross-validation folds.

2.3. Analysis of the spectral EEG signatures of DOC intervention with a 
traditional approach

We performed a traditional analysis based on the scalp-level power 
spectral density (PSD) and EEG band power, in order to compare the 
results obtained with the XAI approach to those derived from conven
tional methods. For each patient (9) and each EEG channel (27), the PSD 
was estimated using the Welch method (2s-length windows, 25 % over
lap). PSD estimates were then averaged across epochs, separately for the 
epochs collected before and after the tDCS. The percentage variation of 
the PSD between before- and after-tDCS conditions was computed as ΔPSD 

= 100⋅
(
PSDafter - tDCS − PSDbefore - tDCS

)
/PSDbefore - tDCS. The resulting 

ΔPSD values were then averaged across EEG channels within four groups: 
parietal (7 channels: parietal and occipital sites), central (13 channels: 
central, fronto-central, and centro-parietal sites), frontal (7 channels: 
frontal and fronto-polar sites) and all electrode sites (27 channels). 
Finally, for each patient (9) and each group of channels (4), we integrated 
the ΔPSD values within delta, theta, low-alpha, high-alpha band, obtain
ing the percentage variation of the power (ΔP) for each EEG band.

2.4. Statistical analysis

The EEG band-level relevance scores (from point ii. of Section 2.2.3) 
were subjected to the following statistical analyses. 

i. Comparison vs. null relevance. EEG band-level relevance scores 
were aggregated separately across non-improving patients (10 

relevance observations per band, from 2 patients across 5 cross- 
validation folds) and improving patients (35 relevance observa
tions per band, from 7 patients across 5 cross-validation folds). 
For each EEG band (delta, theta, low-alpha, and high-alpha), the 
relevance scores were compared against the null relevance value 
(0) to identify significant contributions, separately for non- 
improving and improving patients. Pairwise comparisons were 
performed using two-tailed Wilcoxon signed-rank tests [42] (4 
tests in total, separately for non-improving and improving pa
tients). False discovery rate correction at α = 0.05 using the 
Benjamini-Hochberg procedure [43] was employed to correct for 
multiple tests.

ii. Comparison between EEG bands. To assess differences among the 
relevance scores of the four EEG bands (delta, theta, low-alpha, 
and high-alpha), we conducted a Friedman test [44] separately 
for non-improving and improving patients, using the same pa
tient aggregation strategy described in point i. Significant dif
ferences were observed for both non-improving patients (p =
3.14e-05) and improving patients (p = 0.002). For each group 
of patients, post-hoc pairwise comparisons were then conducted 
using two-tailed Wilcoxon signed-rank tests [42] for all possible 
EEG band combinations (6 tests in total, separately for 
non-improving and improving patients). False discovery rate 
correction at α = 0.05 using the Benjamini-Hochberg procedure 
[43] was employed to correct for multiple tests.

iii. Correlation analysis. We examined whether EEG band-relevance 
scores were related to the CRS-R improvement by computing the 
Pearson correlation coefficient between these measures, sepa
rately for each EEG band (delta, theta, low-alpha, high-alpha). 
The CRS-R improvement was defined as the difference between 
after- and before-tDCS CRS-R scores when positive, and zero 
otherwise (Table 1). P-values were corrected for multiple com
parisons (4 tests in total) via the Benjamini-Hochberg procedure 
[43].

Finally, the percentage variation of EEG band power (ΔP) was 
analyzed at the individual patient level (i.e., using patient-specific 
resting-state EEG epochs) to determine whether the observed patient- 
level changes in ΔP were statistically significant. For each patient, 
each electrode group (4) and each EEG band (4), a two-tailed permu
tation test (1000 permutations) [45] was performed on the ΔP values. In 
each permutation, EEG epochs from the before- and after-tDCS condi
tions were pooled, randomly shuffled, and reassigned to two groups with 
the same number of epochs recorded before and after tDCS. Then, the 
percentage variation ΔP between the two groups was computed as 
specified in Section 2.3. This process yielded a null distribution of ΔP 
values, against which the observed variation was tested.

3. Results

3.1. EEG spectral signatures of DOC intervention: artificial intelligence 
approach

We first report the decoding performance achieved while classifying 
before- vs. after-tDCS from the resting-state EEG recorded in DOC pa
tients. All performance metrics refer to the held-out test set. Table 3
summarizes the AUC, accuracy, sensitivity, and specificity achieved by 
the patient-specific models on the test set, separately for each patient. 
Fig. 3 additionally displays the model accuracy (left panel), and the 
confusion matrix (right panel). Across patients, neural decoders ach
ieved an AUC of 95.0 ± 4.3 % (mean and standard deviation), an ac
curacy of 95.6 ± 4.4 %, a sensitivity of 95.5 ± 5.0 %, and a specificity of 
94.4 ± 4.8 %. Notably, the high decoding performance of the patient- 
specific models on unseen examples indicates strong generalization, 
with no evidence of overfitting.

The high decoding performance of the neural network in 
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discriminating EEG recorded before- vs. after-tDCS suggests that the 
resting-state EEG in these two conditions contained distinct character
istics and patterns. Moreover, it emerges that the trained networks have 
successfully captured EEG features relevant for the discrimination, likely 
reflecting modulations induced by the tDCS intervention.

Fig. 4 shows representative examples of the bandpass filter banks 
associated with models trained on data from a non-improving patient 
(no. 4, Fig. 4a), a highly improving patient (no. 9, Fig. 4b), and a mildly 
improving patient (no. 6, Fig. 4c), along with the corresponding filter- 
level relevance scores. The filter banks are visualized using bars, 
where each bar spans the passband (between the two learned cutoff 
frequencies), and its thickness and color encode the filter-level relevance 
score (thickness: magnitude of si; color: sign of si).

In the highly improving patient, the low frequency components in 
delta and theta bands contributed negatively to predict after-tDCS 
resting-state EEG epochs, whereas the higher frequencies in high- 
alpha band contributed positively. The opposite pattern was observed 
in the non-improving patient. The mildly improving patient exhibited an 
intermediate, more dispersed pattern along the frequency axis, falling 
between those of the non-improving and highly improving patients. 
These representative examples suggest that the network processes fre
quency components differently depending on the neurobehavioral 
improvement of patients (in this case, mediated by tDCS intervention). 

This distinctive aspect was further analyzed using the deep learning- 
based spectral measures provided by our XAI approach (frequency- 
level relevance and EEG band-level relevance).

Fig. 5 shows the frequency-level relevance for all patients as an 
heatmap (patients by rows, sorted by CRS-R improvement). As the CRS- 
R improvement increased, the relevance associated to high frequencies 
progressively shifted from negative values (non-improving patients) to 
larger positive values (improving patients). In contrast, the relevance 
associated with low-frequency components exhibited an approximately 
opposite trend. An exception was patient no. 3, who showed an 
improvement in CRS-R with larger positive relevance at low frequencies. 
This might be related to the fact that patient no. 3 was the only patient 
with no change in the minimum CRS-R score between the two before- 
tDCS timelines (T-1, T0) and the two after-tDCS timelines (T1, T2), 
see Table 1. In all the other improving patients, the minimum CRS-R 
score after tDCS was higher than before tDCS; this could indicate a 
more robust improvement in these patients compared to patient no. 3.

To better visualize the dynamics of the relevance, Fig. 6 displays the 
frequency-level relevance for a non-improving patient (no. 4, Fig. 6a), 
for a highly improving patient (no. 9, Fig. 6b), and for a mildly 
improving patient (no. 6, Fig. 6c). These are the same patients consid
ered in Fig. 4. Finally, Fig. 6d shows the pattern of the frequency-level 
relevance aggregated across all patients (9 patients), across non- 
improving patients (2 patients), and across improving patients (7 pa
tients). On average, in improving patients, the relevance was always 
positive, peaking in the low-alpha (approximately 8-9 Hz) and high- 
alpha (approximately 12-13 Hz) bands, and with near-zero relevance 
for low frequencies (delta and theta bands). In contrast, on average, non- 
improving patients showed positive relevance only in the delta and theta 
bands (peaking positively at about 3-4 Hz), followed by negative rele
vance in the high-alpha band (peaking negatively at about 12 Hz).

The frequency-level relevance was further aggregated and analyzed 
at the level of EEG bands (delta, theta, low-alpha, high-alpha). Fig. 7
presents the band-level relevance for non-improving patients (left panel) 
and improving patients (right panel), separately for each EEG band. In 
agreement with the previous results, in non-improving patients, the 
relevance values progressively shifted from positive to negative as the 
band moved from delta to high-alpha. Moreover, the delta, theta, and 
high-alpha bands had relevance values significantly different from zero 

Table 3 
Neural decoding performance: AUC, accuracy, sensitivity, and specificity. 
Performance metrics are reported per patient (mean ± std. across cross- 
validation folds), and across patients (mean ± std., last row).

Patient ID AUC Accuracy Sensitivity Specificity

1 0.932 ± 0.050 0.942 ± 0.045 0.909 ± 0.082 0.954 ± 0.053
2 0.969 ± 0.028 0.968 ± 0.029 0.988 ± 0.012 0.950 ± 0.054
3 0.966 ± 0.029 0.966 ± 0.029 0.949 ± 0.042 0.982 ± 0.027
4 0.841 ± 0.133 0.839 ± 0.146 0.834 ± 0.256 0.849 ± 0.215
5 0.996 ± 0.004 0.996 ± 0.004 0.995 ± 0.004 0.996 ± 0.005
6 0.960 ± 0.039 0.960 ± 0.046 0.959 ± 0.074 0.961 ± 0.041
7 0.934 ± 0.099 0.975 ± 0.032 0.990 ± 0.010 0.878 ± 0.191
9 0.987 ± 0.013 0.988 ± 0.013 0.984 ± 0.019 0.991 ± 0.011
10 0.964 ± 0.061 0.969 ± 0.050 0.991 ± 0.008 0.938 ± 0.120
​ 0.950 ± 0.043 0.956 ± 0.044 0.955 ± 0.050 0.944 ± 0.048

Fig. 3. Neural decoding performance: accuracy distribution and confusion matrix. The left panel shows the accuracy is displayed for each patient (height: 
mean across folds, error bar: std. across folds). The right panel displays the confusion matrix (normalized), averaged across folds (mean ± std. across the patients).
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(p < 0.05), and all pairwise comparisons between EEG bands were sig
nificant (p < 0.05), with the delta band being the most positively rele
vant and the high-alpha band the most negatively relevant. In contrast, 
in the improving patients, only low- and high-alpha bands showed 
significantly positive relevance values compared to zero (p < 0.01), with 
the high-alpha band being significantly more relevant (p < 0.05) than 
delta and theta bands, thus emerging as the most relevant band.

Finally, in Fig. 8 the band-level relevance scores are related with the 
CRS-R improvement. Interestingly, the band-level relevance scores 
resulted significantly (p < 0.001) correlated with the CRS-R 

improvement only within the high-alpha band, showing a moderate [46] 
positive correlation (r = 0.6).

3.2. EEG spectral signatures of DOC intervention: traditional approach

The PSD across patients is reported in Fig. 9, separately for non- 
improving (left panels) and improving patients (right panels). Fig. 9a 
displays the percentage variation of the PSD (ΔPSD), averaged across 
patients and EEG channels, separately for parietal, central, frontal, and 
all electrodes. In non-improving patients, the PSD after tDCS increased 

Fig. 4. Example of the learned interpretable spectral parameters. Panels a-c display the spectral parameters of one representative model trained on data from a 
non-improving patient (no. 4), highly improving patient (no. 9), and mildly improving patient (no. 6), respectively. Each bar represents a bandpass filter, with 
endpoints corresponding to the learned cutoff frequencies (θ(i),0 ≤ i ≤ K − 1,K = 32). Bar thickness encodes the magnitude of the filter-level relevance score (si), 
quantifying the importance of each filter. Bar color indicates the sign of the relevance score (si ≥ 0: blue; si < 0: red). EEG bands are color-coded as follows: yellow 
(delta, 1-4 Hz), orange (theta, 4-8 Hz), light green (low-alpha, 8-11 Hz), and dark green (high-alpha, 11-15 Hz).
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(up to approximately +150 %/Hz) at low frequencies, from about 1 to 6 
Hz, and decreased (down to approximately -25 %/Hz) at higher fre
quencies, from about 6 to 15 Hz. This pattern was particularly pro
nounced in the frontal group of channels. Conversely, in improving 
patients, the PSD after tDCS showed an increase (up to approximately 
+50 %/Hz) in alpha band, from about 7 to 15 Hz, most evident over 
parietal channels. To provide a clearer visualization of this phenome
non, Fig. 9b displays the PSD separately for the before-tDCS and after- 
tDCS conditions, averaged across patients, for the electrode group 
exhibiting the strongest percentage variation in Fig. 9a, that is, frontal 
sites in non-improving patients, and parietal sites in improving patients.

Overall, these results are consistent with the findings from XAI 
(Fig. 6d). Specifically, the latter assigned high positive relevance to low- 
frequency components (delta- and theta-band frequencies) and high 
negative relevance to high-frequency components (alpha-band fre
quencies) for discriminating after-tDCS vs. before-tDCS in non- 
improving patients. In contrast, in improving patients, the XAI-based 
approach attributed high positive relevance to alpha-band frequency 
components. Taken together, the PSD results in Fig. 9 complement and 
strengthen the physiopathological interpretation of XAI results.

Despite the overall agreement between the traditional and the XAI- 
based approaches across patients, the advantages of the XAI-based 
EEG analysis become more evident at the individual patient level, as 
shown in Figs. 10 and 11 for three representative patients. These include 
one non-improving patient (no. 4, Figs. 10a and 11a), one highly 
improving patient (no. 9, Figs. 10b and 11b), and one mildly improving 
patient (no. 6, Figs. 10c and 11c). Figs. 10 and 11 display, respectively, 
the percentage variation of the PSD (ΔPSD) and of the EEG band power 
(ΔP), averaged across EEG channels for each electrode group (parietal, 
central, frontal, and all electrodes). In addition, the bottom plots in each 
panel of Fig. 11 also include the results of the permutation tests con
ducted on ΔP at the individual patient level (see Section 2.4), by rep
resenting the null distribution and marking the statistically significant 
results (p < 0.05), separately for each EEG band and electrode group. As 
shown in Fig. 10, patients no. 4 and 9 exhibited ΔPSD patterns resembling 
the mean pattern of the corresponding group (non-improving and 
improving patients) reported in Fig. 9. Conversely, patient no. 6 pre
sented a less consistent pattern compared with the improving group, as 
ΔPSD did not display the expected increase in alpha-band frequencies. 

The analysis on the variation of EEG band power (Fig. 11) confirmed a 
significant increase in delta and theta power and decrease in high-alpha 
power for the non-improving patient no. 4, and an opposite significant 
pattern for the highly improving patient no. 9, evident across most 
electrode groups. For the mildly improving patient no. 6, the analysis 
revealed an overall significant reduction of band power variation in 
delta and theta bands, and a general decreasing trend in both low- and 
high-alpha bands, across most electrode groups. This finding, obtained 
using the traditional approach, contrasts with the expected increase of 
alpha-band power typically associated with recovery in DOC patients.

4. Discussion

In this study, we present the design and application of an XAI-based 
approach aimed at uncovering the most salient frequency-domain EEG 
signatures that change during therapeutic intervention in DOC patients. 
To the best of the authors’ knowledge, this is the first attempt of 
exploiting the feature learning performed by an XAI framework to 
analyze the spectral EEG correlates in DOC and their modulation by 
therapeutic intervention. The proposed approach is fully automatic (i.e., 
it does not discard potentially relevant information a priori), patient- 
specific (i.e., analyses are individualized for each DOC patient) and 
intervention-specific (i.e., tailored to DOC and DOC intervention). To 
showcase its potential, we applied our approach to real data from a pilot 
EEG-tDCS study involving DOC patients diagnosed with MCS, who un
derwent a tDCS treatment [9].

4.1. Spectral signatures of DOC intervention revealed via artificial 
intelligence

The deep learning-based measures derived from our XAI approach 
are based on the knowledge captured by a learning system (interpretable 
neural network), trained to discriminate resting-state EEG epochs 
recorded before vs. after the intervention, separately for each patient. 
The measures are obtained by coupling the learning system with an 
explanation technique. Here, we used Sinc-ShallowNet as learning sys
tem and DeepLIFT as explanation technique. Notably, the pipeline of our 
XAI approach is not specific of Sinc-ShallowNet, but rather holds for any 
interpretable neural network designed to enhance the interpretability in 

Fig. 5. Frequency-level relevance. The frequency-level relevance is shown as an heatmap, with each row corresponding to a different patient (mean value across 
cross-validation folds). Patients are sorted (see left y-axis) according to their CRS-R improvement (see right y-axis). Relevance values are expressed in arbitrary units 
(a.u.).
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the frequency domain. For example, it could also be applied to the ar
chitectures proposed by Zhao et al. [22] (WaSFCNN) and by Ludwig 
et al. [21] (EEGminer), which employ a reparameterization of the first 
temporal convolutional layer similarly to Sinc-ShallowNet, enforcing 
the learning of band-pass filters with a different analytical formulation 
of the filter frequency response. Likewise, our XAI pipeline can incor
porate any explanation technique capable of providing relevance attri
butions with respect to a hidden layer of the neural network (see Section 
2.2.3), such as saliency maps or layer-wise relevance propagation [28].

The deep learning-based measures provided by our approach are the 
frequency-level relevance and band-level relevance. The reliability of 
these measures is reflected by the high decoding performance achieved 

by the neural network (Fig. 3 and Table 3). The network achieved an 
average accuracy of 95.6 % across patients, with accuracies of patient- 
specific decoders ranging from 83.9 % to 99.6 %, well-above the 
chance level for binary classification (50 %). The frequency-level rele
vance/band-level relevance quantifies how much each frequency 
component/EEG band contributes to the correct prediction of the 
resting-state EEG epochs acquired after tDCS intervention. Specifically, 
they capture how each specific frequency component/band affects the 
model’s estimated probability of the after-tDCS condition, either posi
tively (increasing p(after − tDCS|X)) or negatively (decreasing p(after −
tDCS|X)). The frequency-level relevance patterns derived from the XAI 
approach (Fig. 6d) reveal distinctive EEG spectral differences depending 

Fig. 6. Frequency-level relevance. Panels a-c – Representative examples of patient-specific relevance patterns. The frequency-level relevance is shown separately 
for one non-improving patient (no. 4, panel a), one highly improving patient (no. 9, panel b), and one mildly improving patient (no. 6, panel c). The relevance pattern 
is displayed for each cross-validation fold (thin black line) and as the average across folds (thick black line). Note that, to maintain consistent y-axis limits across 
panels, one curve in panel c was truncated (it peaks at approximately -3.5e-06). Panel d – Relevance patterns aggregated across patients, separately for non- 
improving patients (black, 2 patients, 10 relevance patterns), improving patients (blue, 7 patients, 35 relevance patterns), and all patients (green, 9 patients, 45 
relevance patterns). Lines denote the mean value across patients and folds, while the shaded areas denote the standard error of the mean. In all panels, the red line 
represents the null relevance. Relevance values are expressed in arbitrary units (a.u.).
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on the neurobehavioral improvement, as measured by the CRS-R. Low 
frequencies (within delta and theta bands) are nearly irrelevant (near- 
zero relevance) in improving patients, but are positively relevant in non- 
improving patients. This result suggests that, in non-improving DOC 
patients, the after-tDCS condition relative to the before-tDCS condition 
was primarily associated with changes in low frequency EEG activity. By 
design of the XAI approach (see Section 2.2), this pattern likely reflects 
an increase in amplitude of low-frequency oscillations after the inter
vention, traduced into an increase of p(after − tDCS|X) at low fre
quencies (positive relevance values). In addition to low frequency 
components, marked differences also emerged at higher frequencies. In 
improving patients, alpha-band components are positively relevant, 
whereas in non-improving patients they are negatively relevant. This 
suggests that the after-tDCS condition relative to the before-tDCS con
dition is associated with opposite alpha-band EEG changes in the two 
groups: an amplitude increase of alpha-band oscillations in improving 
patients, and a decrease in non-improving patients. These differences 
are even clearer in the EEG band-level relevance (Fig. 7). In non- 
improving patients, delta and theta bands show a significant positive 
relevance, and the high-alpha band shows a significant negative rele
vance. Conversely, in improving patients, only the low- and high-alpha 
bands have significant and positive relevance.

Overall, the XAI results indicate that the spectral characteristics of 
resting-state EEG change differently after the intervention relative to 
before, depending on the degree of neurobehavioral improvement. 
Specifically, non-improving patients showed a shift from alpha-band to 
low-frequency components, consistent with continued loss of con
sciousness and a progressive slowing of EEG oscillations over time [4]. 
In contrast, improving patients exhibited a shift toward alpha-band 
components, symptomatic of consciousness recovery (i.e., transition 
from delta/theta dominance to alpha dominance) [20]. Among all 
observed spectral changes, only the high-alpha band relevance showed a 
significant positive correlation with the CRS-R score, measuring 
improvement in awareness. In other words, the greater the relevance 

assigned by the XAI approach to high-alpha frequencies, shifting from 
negative to positive values, the larger the behavioral improvement 
observed in the patient. Interestingly, this finding aligns with our pre
vious study on the same dataset [9], where we reported a significant 
positive correlation between the changes in the high-alpha relative 
power after tDCS and the CRS-R improvement. However, that prior 
analysis [9] was limited to only six EEG channels (F3, F4, C3, C4, P3, P4) 
grouped into parietal, frontal, and central sites (manually handcrafted 
measure), while the present XAI-based analysis considers the 
whole-scalp EEG data. Moreover, unlike our previous study [9], the 
present analysis automatically derives interpretable spectral measures 
that are tailored to DOC and to the therapeutic intervention by design. 
Therefore, the current results strengthen and generalize our earlier 
findings, providing a more robust and data-driven interpretation of the 
EEG modulations induced in DOC patients by therapeutic intervention.

Comparing the results of our XAI-based approach with those of a 
traditional approach based on the PSD and EEG band power, we 
observed a general match across patients (Figs. 6, 9, and 10). However, 
notable differences between the approaches emerge at the individual 
patient level. Considering patient no. 6 as a representative example, in 
the traditional approach, the PSD showed an overall significant reduc
tion in delta and theta bands, also observed in low- and high-alpha bands 
across most of the electrode groups (Fig. 10c). In contrast, our XAI-based 
approach (Fig. 6c) revealed not only a negative relevance for low fre
quencies (from about 3 to 7 Hz) but also a consistently positive relevance 
for alpha-band frequencies (from about 7 to 15 Hz). These findings 
reflect the inherent ability of the XAI-based approach to automatically 
learn the most meaningful patient-specific features that change between 
before- and after-tDCS conditions, by optimally weighting EEG channels 
over the scalp. To further investigate this, we extracted the spatial filters 
(see point i. in Sect. 2.2.1) relative to alpha-band frequency components 
(alpha-band spatial filters). This procedure is detailed in Appendix A, 
and the results are presented in Appendix Figs. A1 and A2. Alpha-band 
spatial filters quantify the importance of each EEG electrode in the alpha 

Fig. 7. EEG band-level relevance across patients. The band-level relevance is reported for non-improving patients (left panel, 2 patients, 10 relevance values) and 
improving patients (right panel, 7 patients, 35 relevance values), separately for each EEG band (delta, theta, low-alpha, high-alpha). Distributions are displayed as 
violin plots (horizontal black line: median; grey dot: mean). The red line represents the null relevance. Relevance values are expressed in arbitrary units (a.u.). The 
results from the performed statistical analysis are reported too, by marking the significant pairwise comparisons of band-level relevance between EEG bands (*p <
0.05, **p < 0.01) and against the null relevance (†p < 0.05, ††p < 0.01, †††p < 0.001).
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band for discriminating before- vs. after-tDCS. Considering the alpha- 
band spatial filters of patient no. 6 (Fig. A2c), a small subset of chan
nels was identified as most relevant, primarily in the centro-parietal (e. 
g., CP2) and parieto-occipital regions (e.g., O1 and O2). Interestingly, 
the application of the traditional analysis exclusively to these XAI- 
selected channels revealed a PSD increase in alpha band after the 
tDCS intervention (Fig. A3). Moreover, in the selected channels, the 
alpha-band power shows a significant increase in the low-alpha range 
after the tDCS intervention, rather than a decrease (as obtained in 
Fig. 10c across groups of channels). Therefore, by guiding the traditional 
analysis using insights from the XAI-based approach, the observed 
spectral modulation of patient no. 6 now aligns with the known increase 
of alpha band power in DOC recovery [9,47,48]. These results suggest 
that the neural network underlying our XAI framework can automati
cally identify electrode clusters that exhibit the most significant 
alpha-band changes. The main advantage of this approach is its ability to 

automatically extract spatio-spectral features that differentiate classes 
(before-tDCS vs. after-tDCS), without requiring manual intervention in 
defining the features and without introducing biases in the analysis due 
to expectation of results (e.g., averaged analyses on group of channels).

Overall, our findings underscore the central role of alpha-band os
cillations in DOC recovery, corroborating evidence that successful in
terventions are associated with an increase of alpha-band spectral 
content [9,47,48]. Remarkably, this pattern was observed both for 
intervention-mediated recovery (as discussed in this section) and for 
spontaneous recovery (i.e., not mediated by intervention, see 
Appendix B). Our results also substantiate the significance of the 
alpha-band rhythm for awareness [49–51]. Indeed, the thalamus and 
thalamo-cortical interactions contribute to the origin of the alpha 
rhythm, and are involved in the generation and maintenance of 
awareness [52–54]. However, these interactions are impaired in DOC 
patients [55], for example due to the disruption of structural and 

Fig. 8. Relation between EEG band-level relevance and improvements of consciousness (measured via CRS-R clinical scores) following intervention. 
Distributions of band-level relevance values are shown separately for each EEG band (delta, theta, low-alpha, high-alpha) and each level of CRS-R improvement. For 
each distribution, smaller dots represent single relevance observations obtained for a specific patient in each cross-validation fold, whereas the larger dot denotes the 
mean value across folds within each patient. Error bars represent the standard error of the mean across folds. Distributions are color-coded based on the patient ID. 
The red line represents the null relevance. Relevance values are expressed in arbitrary units (a.u.). Results from the correlation analysis are reported too, showing 
regression lines (black) along with the Pearson correlation coefficient (r) and the p-value for each EEG band.
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functional connectivity between the thalamus and the cortex. The 
bilateral application of tDCS over the primary motor cortex, as applied 
in our pilot study [9], is known to modulate the functional connectivity 
of thalamo-cortical circuits [56]. Therefore, the brain stimulation could 
have transiently restored these impaired interactions in patients. In our 
XAI-based EEG analysis, this effect might have been reflected in the high 
relevance attributed to the high-alpha band, which was the only EEG 
band showing a correlation with behavioral signs of awareness.

4.2. Impact

The central novelty of this study lies in the development and appli
cation of an XAI algorithm for analyzing the EEG spectral changes in 
patients with DOC following an intervention. Traditional analyses of 
DOC neural correlates and intervention-induced neural changes typi
cally rely on manually handcrafted measures, often discarding poten
tially relevant information a priori; indeed, handcrafted measures often 
select a limited subset of EEG channels or consider the average results at 
the level of group of channels, discarding potential differences across 

Fig. 9. Power spectral density (PSD) across patients. Panel a – Percentage variation of the PSD (ΔPSD) between before- and after-tDCS conditions. The mean value 
of ΔPSD across patients and electrodes (parietal, central, frontal, and all electrodes) is reported, separately for non-improving patients (left panel, 2 patients) and 
improving patients (right panel, 7 patients). The red line represents the null variation. Panel b – PSD. The PSD computed before tDCS (dashed black lines) and after 
tDCS (black lines) is displayed. The PSD is averaged across patients and across the frontal electrodes (non-improving patients) or parietal electrodes 
(improving patients).
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single channels. Moreover, these measures are defined in a patient- and 
intervention-aspecific manner (e.g., by computing spectrum power 
measures in the same way across patients), without optimally tailoring 
them to individual neural signatures or to the intervention. In contrast, 
our XAI approach automatically derives frequency-domain EEG mea
sures directly from the full input EEG, without prior assumptions about 
the spatial sites to analyze. This allows the framework to optimally 
identify EEG measures specific to each DOC patient and to track the 
possible effects of the intervention on an individual basis. Indeed, the 
measures produced by the XAI algorithm rely on the feature learning of 
an interpretable neural network, which automatically learns the optimal 

spectral features to discriminate post-intervention relative to pre- 
intervention EEG, based on each patient’s resting-state EEG. These key 
properties make the XAI algorithm suitable to: 

i. Track patient-sensitive changes in the frequency-domain, during 
DOC intervention. This could enable the development of novel 
and more precise frequency-domain EEG biomarkers to quantify 
and monitor the disorder of consciousness during therapeutic 
interventions, also facilitating the design of personalized inter
vention protocols.

Fig. 10. Power spectral density (PSD) of representative patients. The percentage variation of the PSD (ΔPSD) between before- and after-tDCS conditions is 
displayed. Panels a-c report the mean value of ΔPSD across electrodes (parietal, central, frontal, and all electrodes) for one non-improving patient (no. 4), one highly 
improving patient (no. 9), and one mildly improving patient (no. 6), respectively.
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Fig. 11. EEG band power of representative patients. The variation of the EEG band power (ΔP) between before- and after-tDCS conditions is reported separately 
for the considered EEG bands (delta, theta, low-alpha, and high-alpha) and groups of channels, by averaging the values across parietal, central, frontal, and all 
electrodes. Panels a-c display ΔP for one non-improving patient (no. 4), one highly improving patient (no. 9), and one mildly improving patient (no. 6), respectively. 
Top panels display the variations using bar plots. Bottom panels display the results of the permutation tests performed on ΔP, by displaying the null distribution, the 
observed ΔP value (colored square, or upward/downward pointing arrow if outside the displayed limits), and the 2.5th and 97.5th percentiles of the null distribution. 
The color of the marker representing the observed value (square or arrow) indicates statistical significance: blue for significant results (p < 0.05), and red for non- 
significant results.
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ii. Enable a more direct connection between multivariate neural 
recordings (e.g., EEG, as in this study) and key clinical variables 
related to DOC (e.g., scores of clinical scales assessed at different 
timelines during the intervention, as in this study). This way, our 
approach sharpens the EEG analysis on the neural features mostly 
linked to these clinical variables, by leveraging the capability of 
the XAI algorithm to automatically process the time series. This 
avoids relying on predefined processing choices that could bias or 
limit the results. These aspects may facilitate the data-driven 
identification of novel neural signatures associated with DOC, 
potentially revealing patterns that would remain undetected 
using conventional and hypothesis-driven approaches.

iii. Optimize intervention protocols based on non-invasive brain 
stimulation (e.g., tDCS in our study). The tDCS is among the most 
promising non-invasive brain stimulation techniques for DOC 
treatment [3]. However, its efficacy varies across patients, with 
improvements in consciousness often partial and/or transient 
[3]. This underscores the need to optimize stimulation parame
ters – such as target brain regions, stimulation duration, and in
tensity – to maximize the extent of functional recovery, the 
duration of recovery, and the proportion of patients showing 
neurobehavioral improvements. By integrating neuroimaging or 
neuroelectric techniques (e.g., EEG) with deep learning-based 
analytical approaches, the characterization of the neural effects 
of brain stimulation can be enhanced. Such integration may 
support and facilitate the refinement of stimulation protocols.

Finally, a secondary novelty of this study is the exploration of XAI- 
based EEG analysis in clinical population. While such analyses have 
been largely applied to healthy participants, the application of XAI 
methods to DOC patients offers a promising extension to clinical 
contexts.

4.3. Limitations and future directions

In this study, we presented an EEG analysis framework based on XAI, 
designed to automatically investigate the neural effects of DOC inter
vention. This approach exploits all the available information from 
neural recordings (e.g., all spatial sites), and operates in a patient- and 
intervention-specific manner. Given the novelty of this methodology, 
the primary goal of this study was to illustrate the analysis framework 
and provide an initial validation using real EEG data recorded from MCS 
patients during a pilot study on tDCS-based intervention. Although 
preliminary, the results are promising and motivate future studies to 
further enrich the validation on larger datasets. This work represents an 
initial test of the approach on a small-scale sample, specifically to assess 
its feasibility as a tool for exploring the patient-specific EEG correlates of 
intervention and recovery in MCS. While the sample size is limited, it is 
consistent with previous studies applying computational methods to 
resting-state EEG in MCS patients (e.g., 6, 7, 9, or 11 MCS patients) [57]. 
Additionally, the average recording duration per patient (46.6 minutes) 
also aligns with previous EEG deep learning studies (e.g., 7.1-33 minutes 
per subject in Lawhern et al. [39]). In the future, we will expand the 
validation of the XAI approach on other datasets, including patients with 
different etiologies and types of brain injury, and under different DOC 
intervention strategies. Moreover, since also spectral functional con
nectivity measures are often used together with spectrum power mea
sures to monitor DOC changes following intervention [8,58], the 
framework will be extended to also identify the most salient changes in 
the spectral directional connectivity between EEG sensors. This 
enhancement will provide a more comprehensive tool for tracking the 
neural changes associated with DOC intervention.

5. Conclusions

In this study, we illustrated for the first time how an XAI framework 
can be applied to analyze the spectral EEG correlates of DOC patients 
and DOC intervention. We showcased the potential of this approach on 
MCS patients undergoing a tDCS-based intervention. Our results high
light the importance of alpha-band EEG oscillations in DOC interven
tion, revealing patient-specific changes in alpha activity associated with 
functional improvement. This indicates that deep learning-based mea
sures can be used to track the functional DOC recovery on an individ
ualized basis. The proposed analysis pipeline automatically identifies 
the frequency-domain EEG signatures of DOC that change most after the 
intervention, overcoming the limitations of traditional EEG analyses 
(measures manually handcrafted, patient-aspecific and intervention- 
aspecific). This framework could complement or replace conventional 
analyses, providing a more robust and transparent characterization of 
the EEG signatures in DOC patients, advancing our comprehension of 
neural modulations, and optimally tracking the intervention-induced 
neural modifications.
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Appendix

Appendix A. Alpha-band spatial importance attributed by the artificial intelligence approach

The interpretable neural network adopted in this study (Sinc-ShallowNet) incorporates an interpretable spectral and spatial feature extractor (see 
block no. 1 description in Section 2.2.1). A set of two spatial filters is learned for each of the 32 band-pass filtered versions of the input. Each spatial 
filter optimally combines the EEG channels to provide the correct network output. After training, the network identifies the clusters of electrodes most 
useful for discriminating between before- and after-tDCS conditions. To quantify the contribution of each EEG electrode in processing alpha-band 
frequency components, we derived the alpha-band spatial filters as follows. For each trained model (45 in total, across 9 patients and 5 cross- 
validation folds), we extracted the 32 learned spatial filters and we computed their absolute value to assign a discriminatory score to each elec
trode, following prior studies [26,59]. The higher the score for one electrode the higher the importance of that electrode for solving the classification 
problem. Then, we selected the spatial filters linked to the band-pass filters containing alpha-band frequency components in their passband, and we 
averaged them together. The resulting representation was then averaged across cross-validation folds and normalized between 0 and 1, producing a 
patient-level representation of the EEG channels contributing most to alpha-band information processing (alpha-band spatial filter, one per patient). 
Spatial filters in alpha band were chosen because alpha-band EEG oscillations play a key role in DOC intervention [9,47,48], a finding also supported 
by our XAI results.

Fig. A1 shows the alpha-band spatial filters aggregated across patients, by averaging the filters separately for non-improving and improving 
patients. Fig. A2 presents the alpha-band spatial filters at the single patient level for one non-improving patient (no. 4), one highly improving patient 
(no. 9), and one mildly improving patient (no. 6). Finally, Fig. A3 reports the results from a traditional analysis (PSD and EEG band power) guided by 
the XAI results about the alpha-band spatial filters. In this case, we report the results for a representative patient (no. 6). From the alpha-band spatial 
filters reported in Fig. A2c, a small set of channels resulted the most relevant, mainly in the centro-parietal (e.g., CP2) and parieto-occipital regions (e. 
g., O1 and O2). Using the CP2 electrode, the traditional analysis was performed, computing the percentage variation of the PSD (ΔPSD) and the 
variation of the EEG band power (ΔP). The same permutation tests used in the main analyses on ΔP were replicated here.

Fig. A1. Alpha-band spatial filters across patients. The spatial filter used for processing alpha-band frequencies (alpha-band spatial filter) is reported, averaged 
across patients. Results are shown separately for non-improving patients (left panel, 2 patients, spatial filters from 10 models) and improving patients (right panel, 7 
patients, spatial filters from 35 models).
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Fig. A2. Alpha-band spatial filters of representative patients. The spatial filter used for processing alpha-band frequencies (alpha-band spatial filter) is reported 
for one non-improving patient (no. 4), one highly improving patient (no. 9), and one mildly improving patient (no. 6), respectively in panels a-c.
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Fig. A3. Analysis of the power spectral density (PSD) and EEG band power guided by the XAI-based approach: patient no. 6. Panel a – PSD. The percentage 
variation of the PSD (ΔPSD) between before- and after-tDCS conditions is displayed. The value of the ΔPSD is taken from CP2. The average ΔPSD pattern across all 
electrode sites is also shown for reference. Panel b – EEG band power. The variation of the EEG band power (ΔP) between before- and after-tDCS conditions is 
reported separately for the considered EEG bands (delta, theta, low-alpha, and high-alpha) at CP2. The top panel displays the variation using a bar plot. The bottom 
panel displays the results of the permutation tests performed on ΔP, by displaying the null distribution, the observed ΔP value (colored square, or upward/downward 
pointing arrow if outside the displayed limits), and the 2.5th and 97.5th percentiles of the null distribution. The color of the marker representing the observed value 
(square or arrow) indicates the statistical significance: blue for significant results (p < 0.05), and red for non-significant results.
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Appendix B. Analysis of the spectral EEG signatures of spontaneous recovery in DOC via artificial intelligence

In this section, the proposed XAI-based approach (see Section 2.2) was applied to EEG data collected before the tDCS intervention to investigate the 
spontaneous recovery in DOC patients. Specifically, neural decoders were trained and tested to discriminate between T-1 and T0 resting-state EEG 
epochs (see Section 2.1), which were recorded two weeks apart. During this interval, two patients showed spontaneous recovery, with CRS-R im
provements of 1 and 2 points. The neural decoders achieved high decoding performance across patients, with an AUC of 97.4 ± 2.3 % (mean and 
standard deviation), an accuracy of 98.0 ± 2.0 %, a sensitivity of 97.6 ± 2.9 %, and a specificity of 97.1 ± 3.9 %. Fig. B1a displays the confusion 
matrix of neural decoders, while Fig. B1b reports the frequency-level relevance aggregated across patients, separately for spontaneously non- 
improving, spontaneously improving patients, and all patients. Interestingly, these spectral relevance patterns closely resembled those found when 
comparing before- vs. after-tDCS, except for a greater relevance of alpha-band components in spontaneously non-improving patients compared to non- 
improving patients who underwent the tDCS intervention. This overall consistency of results about DOC recovery across analyses is expected, as the 
XAI-based approach is designed to highlight spectral differences between the contrasted states under investigation, that is between before- and after- 
tDCS timelines or between two before-tDCS timelines (T-1 and T0). In other words, the framework is inherently capable of capturing recovery-related 
spectral neural signatures, irrespective of whether the recovery occurs spontaneously or is mediated by intervention. These findings further support 
the capability of the proposed XAI-based approach to reveal EEG spectral signatures associated with recovery in DOC patients.

Fig. B1. Analysis of spontaneous recovery in DOC via artificial intelligence. Panel a – Neural decoding performance. The confusion matrix (normalized) is 
displayed, averaged across folds (mean ± std. across the patients). Panel b – Frequency-level relevance aggregated across patients. Relevance patterns are reported 
for spontaneously non-improving patients (black, 6 patients, 30 relevance patterns), spontaneously improving patients (blue, 2 patients, 10 relevance patterns), and 
all patients (green, 8 patients, 40 relevance patterns). Lines denote the mean value across patients and folds, while the shaded areas denote the standard error of the 
mean. The red line represents the null relevance. Relevance values are expressed in arbitrary units (a.u.).
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current stimulation in patients with chronic disorder of consciousness: a possible 
way to cut the diagnostic gordian knot? Brain Topogr. 29 (2016) 623–644, https:// 
doi.org/10.1007/s10548-016-0489-z.

[59] H. Cecotti, A. Graser, Convolutional neural networks for p300 detection with 
application to brain-computer interfaces, IEEE Trans. Pattern Anal. Mach. Intell. 33 
(2011) 433–445, https://doi.org/10.1109/TPAMI.2010.125.

D. Borra et al.                                                                                                                                                                                                                                   Computer Methods and Programs in Biomedicine 275 (2026) 109159 

21 

https://doi.org/10.1016/j.brs.2013.06.006
https://doi.org/10.1016/j.brs.2013.06.006
https://doi.org/10.3389/fneur.2017.00182
https://doi.org/10.3389/fneur.2017.00182
https://doi.org/10.1016/j.concog.2015.09.012
https://doi.org/10.1016/j.concog.2015.09.012
https://doi.org/10.2174/1874440001610010052
https://doi.org/10.2174/1874440001610010052
https://doi.org/10.1126/science.1099745
https://doi.org/10.1001/archneur.61.2.233
https://doi.org/10.1080/09602010443000605
https://doi.org/10.1016/j.apmr.2016.09.132
https://doi.org/10.1088/1741-2552/ad44d7
https://doi.org/10.1088/1741-2552/ad44d7
https://doi.org/10.1016/j.neunet.2019.02.009
https://doi.org/10.1016/j.neunet.2019.02.009
https://doi.org/10.1016/j.neunet.2020.05.032
https://doi.org/10.1016/j.neunet.2020.05.032
https://doi.org/10.31083/j.jin2004083
https://doi.org/10.31083/j.jin2004083
https://doi.org/10.1088/1741-2552/ac7908
https://doi.org/10.1088/1741-2552/ac7908
https://doi.org/10.1088/1741-2552/ab3bb4
https://doi.org/10.1038/s42003-020-0846-z
https://doi.org/10.1038/s42003-020-0846-z
https://doi.org/10.1016/j.dsp.2017.10.011
https://doi.org/10.1016/j.dsp.2017.10.011
https://doi.org/10.48550/ARXIV.1704.02685
https://doi.org/10.48550/ARXIV.1704.02685
http://refhub.elsevier.com/S0169-2607(25)00575-9/sbref0030
http://refhub.elsevier.com/S0169-2607(25)00575-9/sbref0030
https://doi.org/10.1016/j.apmr.2015.08.422
https://doi.org/10.1016/j.apmr.2015.08.422
https://doi.org/10.1016/j.neuroimage.2024.120835
https://doi.org/10.3390/s23073530
https://doi.org/10.1145/358669.358692
https://doi.org/10.48550/ARXIV.1511.07289
https://doi.org/10.48550/ARXIV.1511.07289
https://doi.org/10.48550/ARXIV.1502.03167
https://doi.org/10.48550/ARXIV.1502.03167
http://refhub.elsevier.com/S0169-2607(25)00575-9/sbref0037
http://refhub.elsevier.com/S0169-2607(25)00575-9/sbref0037
http://refhub.elsevier.com/S0169-2607(25)00575-9/sbref0037
https://doi.org/10.3389/fncom.2019.00087
https://doi.org/10.3389/fncom.2019.00087
https://doi.org/10.1088/1741-2552/aace8c
https://doi.org/10.1088/1741-2552/aace8c
https://doi.org/10.1002/hbm.23730
https://doi.org/10.1038/s41598-023-43871-8
https://doi.org/10.2307/3001968
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1080/01621459.1937.10503522
https://doi.org/10.1080/01621459.1937.10503522
https://doi.org/10.1002/hbm.1058
https://doi.org/10.1002/hbm.1058
http://refhub.elsevier.com/S0169-2607(25)00575-9/sbref0046
http://refhub.elsevier.com/S0169-2607(25)00575-9/sbref0046
https://doi.org/10.1016/j.clinph.2014.08.005
https://doi.org/10.1016/j.clinph.2014.08.005
http://refhub.elsevier.com/S0169-2607(25)00575-9/sbref0048
http://refhub.elsevier.com/S0169-2607(25)00575-9/sbref0048
http://refhub.elsevier.com/S0169-2607(25)00575-9/sbref0048
http://refhub.elsevier.com/S0169-2607(25)00575-9/sbref0048
http://refhub.elsevier.com/S0169-2607(25)00575-9/sbref0048
https://doi.org/10.1016/j.jns.2016.07.016
https://doi.org/10.1016/j.clinph.2009.02.157
https://doi.org/10.1016/j.clinph.2009.02.157
https://doi.org/10.1016/j.clinph.2008.03.030
https://doi.org/10.1016/S0167-8760(97)00773-3
https://doi.org/10.1038/s41583-023-00701-0
https://doi.org/10.1016/S0165-0173(02)00181-9
https://doi.org/10.1016/S0165-0173(02)00181-9
https://doi.org/10.1016/j.tics.2005.10.010
https://doi.org/10.1016/j.tics.2005.10.010
https://doi.org/10.1016/j.neuroimage.2010.09.085
https://doi.org/10.1016/j.neuroimage.2010.09.085
https://doi.org/10.3389/fnins.2019.00807
https://doi.org/10.3389/fnins.2019.00807
https://doi.org/10.1007/s10548-016-0489-z
https://doi.org/10.1007/s10548-016-0489-z
https://doi.org/10.1109/TPAMI.2010.125

	Revealing EEG signatures of intervention in disorder of consciousness using artificial intelligence: methodology and feasib ...
	1 Introduction
	2 Methods
	2.1 Data description and data pre-processing
	2.1.1 Participants
	2.1.2 Experimental protocol
	2.1.3 EEG pre-processing

	2.2 Analysis of the spectral EEG signatures of DOC intervention via artificial intelligence
	2.2.1 Network architecture
	2.2.2 Network training and evaluation
	2.2.3 Network decision explanation

	2.3 Analysis of the spectral EEG signatures of DOC intervention with a traditional approach
	2.4 Statistical analysis

	3 Results
	3.1 EEG spectral signatures of DOC intervention: artificial intelligence approach
	3.2 EEG spectral signatures of DOC intervention: traditional approach

	4 Discussion
	4.1 Spectral signatures of DOC intervention revealed via artificial intelligence
	4.2 Impact
	4.3 Limitations and future directions

	5 Conclusions
	Ethics approval
	Funding
	Data availability
	CRediT authorship contribution statement
	Declaration of competing interest
	Appendix
	Appendix A. Alpha-band spatial importance attributed by the artificial intelligence approach
	Appendix B. Analysis of the spectral EEG signatures of spontaneous recovery in DOC via artificial intelligence

	References


