Int. J. Neur. Syst. 2025.35. Downloaded from www.worldscientific.com
by 217.65.133.18 on 03/05/26. Re-use and distribution is strictly not permitted, except for Open Access articles.

3 OPEN ACCESS ’ & World Scientific
International Journal of Neural Systems, Vol. 35, No. 13 (2025) 2550073 (18 pages) www www.worldscientific.com

© The Author(s)
DOI: 10.1142/5012906572550073X

An Explainable 3D-Deep Learning Model for EEG Decoding
in Brain—-Computer Interface Applications

Muhammad Suffian
DIIES, University Mediterranea of Reggio Calabria
Via Zehender, Loc. Feo di Vito, Reggio Calabria 89122, Italy
m.suffian@Qunirc.it

Cosimo Ieracitano
DICMAPI, University of Naples “Federico II’
Piazzale Vincenzo Tecchio, 80, Napoli 80125, Italy
cosimo.ieracitano@Qunina. it

Francesco C. Morabito ®* and Nadia Mammone ®
DICEAM, Mediterranea University of Reggio Calabria
Via Zehender, Loc. Feo di Vito, Reggio Calabria 89122, Italy
*morabito@unire.it
Tnadia.mammone@unire. it

Received 24 April 2025
Accepted 19 September 2025
Published Online 18 October 2025

Decoding electroencephalographic (EEG) signals is of key importance in the development of brain—computer
interface (BCI) systems. However, high inter-subject variability in EEG signals requires user-specific calibration,
which can be time-consuming and limit the application of deep learning approaches, due to general need of large
amount of data to properly train these models. In this context, this paper proposes a multidimensional and
explainable deep learning framework for fast and interpretable EEG decoding. In particular, EEG signals are
projected into the spatial-spectral-temporal domain and processed using a custom three-dimensional (3D)
Convolutional Neural Network, here referred to as EEGCubeNet. In this work, the method has been validated on
EEGs recorded during motor BCI experiments. Namely, hand open (HO) and hand close (HC) movement
planning was investigated by discriminating them from the absence of movement preparation (resting state,
RE). The proposed method is based on a global- to subject-specific fine-tuning. The model is globally trained on a
population of subjects and then fine-tuned on the final user, significantly reducing adaptation time. Experi-
mental results demonstrate that EEG CubeNet achieves state-of-the-art performance (accuracy of 89.56 + 4.29
and 89.06 + 4.86 for HC versus RE and HO versus RE, binary classification tasks, respectively) with reduced
framework complexity and with a reduced training time. In addition, to enhance transparency, a 3D occlusion
sensitivity analysis-based explainability method (here named 3D zAI-OSA) that generates relevance maps
revealing the most significant features to each prediction, was introduced. The data and source code are available
at the following link: https://github.com/AI-Lab-UniRC/EEGCubeNet
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brain—computer interfaces.
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1. Introduction

In the field of brain—computer interface (BCI), a
direct communication is established between the
brain and the machines. Brain signals are collected,
decoded, and used to communicate with an interac-
tive application.! Motor BCIs represent a promising
perspective for patients in active neurorehabilitation
and neuroprosthetic control. Electroencephalogra-
phy (EEG)-based motor BCIs are widely studied due
to their noninvasiveness, portability, and high tem-
poral resolution, making them suitable for a wide
range of applications, including neurorehabilitation,
assistive technologies, and cognitive monitoring.” In
the context of motor BClIs, this study specifically
targets motor preparation: the early, transient phase
that precedes the initiation of either imagined or
executed movement. This phase is characterized by
brief planning-related activity, typically occurring 1—
1.5s before movement execution. Neurophysiologi-
cally, motor preparation involves early components
of the movement-related cortical potential
(MRCP),” and is associated with rapid shifts in
neural activity over premotor and motor areas.
Thus, while the experimental task falls within the
broader category of motor BCI paradigms, the neu-
ral features here investigated are related to the an-
ticipatory planning activity (motor preparation),
which may contain discriminative information valu-
able for low-latency BCI applications. In BCI sys-
tems, user-specific calibration is essential to account
for the high variability of EEG signals across indi-
viduals. Long calibration sessions are indeed im-
practical and limit the usability of BCIs in real-world
scenarios. Therefore, fast subject-specific fine-tuning
(i.e. subject-specific short calibration) is a critical
requirement for future applications. This remains a
major challenge when using complex deep learning
(DL) models, which typically require large datasets
and extensive training to adapt to the user. In this
context, DL models that can be quickly adapted to
the final user are especially desirable, and this is the
reason why the proposed model was trained globally
on a population of subjects and then fine-tuned over
the final user (unseen subject). To address the
aforementioned issues, a novel multidimensional and
explainable DL network, FEGCubeNet, designed for
efficient EEG decoding in motor BCI tasks, was in-
troduced. FEGCubeNet aims to significantly reduce
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calibration time while ensuring high classification
performance. The model is first trained on a popu-
lation-level dataset and then fine-tuned on previ-
ously unseen subjects, enabling rapid adaptation to
individual users with minimal additional data.
EEGCubeNet processes EEG data in the form of
three-dimensional (3D) matrices that represent pro-
jections into the space—frequency—time domain,
allowing it to capture the full complexity of spatio-
temporal neural dynamics associated with motor
intention. To assess the performance of the proposed
architecture, an extensive analysis was carried out
using EEG recordings collected during motor BCI
experiments. In particular, the attention was focused
on motor BCIs that decode the preparatory phases of
movements (i.e. the phase preceding the onset of
movements when the brain is preparing the move-
ment execution).” The ability to decode EEG signals
during the motor preparation phase offers a prom-
ising, and still mostly unexplored, opportunity to
better understand the early neural mechanisms un-
derlying movement generation, from initial intention
and planning to execution.”® By targeting this early
stage, we can gain novel insights into the temporal
evolution of motor commands and how the brain
transitions from planning to action. From a practical
perspective, decoding motor intention at the prepa-
ratory level may enable predictive BClIs, capable of
predicting the intended movement before it is exe-
cuted, and possibly implementing it through a device
when execution is not possible. BCIs based on motor
preparation could also complement and enhance
motor imagery (MI)-based systems, which have al-
ready demonstrated a remarkable impact in stroke
neurorehabilitation.”® By integrating motor prepa-
ration signals, MI-based BCIs could benefit from
faster response times and increased robustness, par-
ticularly in cases where sustained imagery is difficult
to maintain. The dataset used for this study origi-
nates from a publicly available repository curated by
Ofner et al.,'” which features EEG signals captured
while subjects performed a series of complex motor
tasks involving the same upper limb. Several DL
models,”!’ have been proposed to analyze the
aforementioned dataset. The common objective
across these studies was to identify the specific
movement being executed, accounting for its entire
temporal evolution from preparation to initiation
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and execution. This work focuses on the preparation
phase alone, which is inherently more challenging as
neural correlates of motion initiation are missing.
Specifically, upcoming sub-movements are predicted
from EEG data as early as their preparatory stage. In
particular, hand opening (HO) and hand closing (HC)
movement initiation are investigated, discriminating
them for the neutral resting (RE) state condition. Past
approaches that focused on sub-movement prediction
relied on spatial and spectral features,* or spatial and
112 not capturing the overall spatial-,
spectral-, temporal-evolution of the dynamics of EEG
signals. Ieracitano et al.'"'” required computationally
intensive preprocessing steps such as inverse problem
solution to reconstruct cortical sources, which can
introduce biases as head models averaged over mul-

temporal ones,

tiple subjects are generally adopted.'® Beyond per-
formance in EEG decoding, explainability could
provide meaningful insights into BCI systems’ be-
havior, particularly as these systems move from re-
search settings to real-world applications. EEG
signals are indeed inherently noisy, nonstationary,
and subject to inter- and intra-subject variability,
making the underlying neural decoding processes
complex and often opaque when machine learning
models are used. In this context, explainable AT (xAT)
methods may help to investigate the internal
mechanisms by which BCI systems interpret neural
data, thereby enhancing model transparency and
trustworthiness.'* There is a lack of dedicated meth-
ods to interpret or explain the decoding mechanism of
EEG signals for BCI due to the lack of sufficient lit-
erature on BCI systems in the field of xAIL'

1.1. Main contributions

To fill this gap, a novel 3D xAI Occlusion Sensitivity
Analysis, here referred to as 3D zAI-OSA, is pro-
posed. The outcomes of the proposed classification
model, EEGCubeNet, are then explained using the
3D zAI-OSA framework. 8D zAI-OSA provides 3D
relevance maps by simultaneously evaluating the
relevance of channels as the considered frequency
varies over time. In summary, the following are the
main contributions of this paper:

e Development of a novel DL-based EEG decoding
model that simultaneously captures the spatial,
spectral, and temporal characteristics of EEG signals;
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o Achievement of state-of-the-art performance without
the need to solve the inverse problem for cortical
source reconstruction, thereby avoiding the compu-
tational burden and dependence on a head model;

o Comprehensive validation of the proposed model’s
ability to transfer knowledge acquired during
training on multiple subjects (global training) to
the adaptation to the unseen final subject (subject-
wise fine-tuning), enabling high individual perfor-
mance with significantly reduced training time;

o Introduction of a novel 3D xAI-OSA framework that
provides simultaneous interpretability of EEG ac-
tivity across spatial, spectral, and temporal domains.

The rest of this paper is organized as follows. Sec-
tion 2 describes the current state-of-the-art in the
field. Section 3 presents the proposed EEGCubeNet
and the 8D zAI-OSA method. Section 4 presents the
results. Sections 5 and 6 discuss limitations, potential
future extensions, and conclude the paper.

2. Related Work

The dataset here used (Ofner et al.'”) has been
employed also in other studies. In particular, Ofner
et al.'” assessed classifier performance across differ-
ent input EEG segment lengths. Their highest ac-
curacy for sub-movement execution versus RE was
80%, while classification between distinct sub-
movement executions reached a maximum of 40%.
Namazi et al.’ found out that EEG signals exhibited
higher complexity during elbow flexion and HC
movements in motor execution (ME), while lower
complexity was observed during HO and RE condi-
tions in ME. Jeong et al.'’ introduced a subject-de-
pendent, section-wise spectral filtering (SSSF)
method for decoding MRCP. Using this approach,
they performed binary of ME,
achieving an average accuracy of 0.72 4+ 0.09 for HC
versus RE, and 0.76 + 0.06 for HO versus RE tasks.
In a related study, Jeong et al.'® proposed a Hierar-
chical Flow Convolutional Neural Network (CNN)
for a three-class classification task distinguishing

classifications

between right forearm supination, pronation, and
RE. This approach yielded an average classification
accuracy of 0.52£0.03. The common objective
across these studies was to identify the specific
movement being executed, however, the focus of this
work is on the preparation phase alone, which is
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inherently more challenging as neural correlates of
motion initiation are missing. Another work based on
support vector machines-based!” performed the clas-
sification of motor EEG and RE states using Fourier-
based synchrosqueezing transform (FSST) as a fea-
ture extractor and singular value decomposition
(SVD) as a feature selection method. Another work'®
proposed graph convolutional network (GCN) as
compared to CNN for the classification of four move-
ments of MI. Their model was built on functional
connectivity of topological structures and time points.

3. Methodology

The data and source code are available at the following
link:  https://github.com/AI-Lab-UniRC/EEGCu-
beNet. The proposed approach involves the following
key steps: (1) Data preprocessing: EEG signals are
projected into the spatial-spectral-temporal domain,
forming 3D volumes of shape channelsx frequency x
time to capture the multidimensional dynamics of
brain activity; (2) Classification: the 3D volumes are
fed into the proposed DL model, here-in referred to as
EEGCubeNet, for feature extraction and classification
(i.e. HC versus RE and HO versus RE); (3) Fine-
tuning: a global training strategy followed by subject-
specific fine-tuning of EEG CubeNet is employed; (4)
zA I the output of EEGCubeNet is interpreted using
the proposed 3D zAI-OSA framework, which provides
insights into the spatial, spectral, and temporal rele-
vance of EEG features.

3.1. EEG preprocessing and dataset
construction

3.1.1. EEG preprocessing

In order to evaluate the effectiveness of the proposed
method, an in-depth analysis was carried out utiliz-
ing EEG data obtained from motor-based BCI
experiments. The dataset employed in this investi-
gation is sourced from a publicly accessible reposi-
tory compiled by Ofner et al.'® The study included a
total of 15 healthy participants (mean age 27 +5
years), nine female and six male. One participant
was excluded from the analysis due to low-quality
EEG recordings. Since the specific aim of this work is
to discriminate the preparatory phases of sub-
movements HC/HO from the absence of movement
preparation (i.e. the RE state), a dataset of EEG
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segments preceding HO/HC movement onset was
created, together with segments of EEG signals ac-
quired in the RE state condition. In the work of Ofner
et al.,' EEG data were recorded using 61 active
electrodes in conjunction with four 16-channel
amplifiers (g.tec medical engineering GmbH, Aus-
tria). The right mastoid was used as the reference
electrode, and AFz was designated as the ground. The
signals underwent band-pass filtering between 0.01 Hz
and 200 Hz using an eighth-order Chebyshev filter,
followed by a 50 Hz notch filter to suppress power line
interference. Data were sampled at a rate of 512 Hz,
further details can be found in Ref. 15. During the
experiment, participants were seating comfortably
with their right arm supported by an anti-gravity
exoskeleton (Hocoma, Switzerland). A cue-based
movement paradigm was employed, in which subjects
performed specific right upper limb actions from a
standardized neutral position — defined as the arm
extended at 120° with neutral rotation and the hand
partially open.'” The experimental protocol consisted
of 10 runs, each comprising six trials. In every trial,
participants responded to the requested movement
cues. After each movement, the hand was returned to
the neutral position before the next cue was presented.
Movement onset was determined using motion sensor
data embedded in the glove, following the approach
described in Ref. 15. To ensure precision, the auto-
matically detected onset times were visually verified
across all selected pre-movement intervals. For each
detected movement, a 1s (corresponding to 512 sam-
ples) EEG segment was extracted, preceding the ini-
tiation of movement. This process yielded 840 EEG
segments per movement class (i.e. HO and HC) across
10 runs, 6 trials per run, and 14 subjects. To maintain
class balance, an equal number of RE segments was
included, resulting in a total of 2520 EEG segments
encompassing all three classes: HO, HC, and RE. In
summary, the dataset contained 120 EEG trials (thus
120 EEG chans x freq X time 3D matrices), 60 per
class (HC or HO) and 60 for RE, per subject.

3.1.2. Time—frequency analysis of spatially
filtered EEG s

For every EEG segment, to mitigate volume con-
duction effects and reduce signal correlations be-
tween adjacent electrodes, EEG signals are initially
spatially filtered. Specifically, a small Laplacian filter
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is applied to enhance the local activity at each
electrode while attenuating the influence of distant
sources, thereby improving the spatial resolution of
the EEG signals.!? After that, spatially filtered
EEGs are projected into the time—frequency (TF)
domain. This process is schematized in Fig. 1 Spa-
tially filtered EEG signals were then projected into
the TF domain using the Continuous Wavelet
Transform (CWT).?" Specifically, for each spatially
filtered EEG segment EEG,, the TF representation
was computed for each individual channel
(i=1,...,59), resulting in 59 distinct TF maps.
These maps were then stacked to form a 3D matrix
with dimensions: channel X frequency x time, cap-
turing EEG dynamics across spatial, spectral, and
temporal dimensions. To investigate frequency
bands relevant to motor planning and preparation —
namely, MRCP (< 5Hz),’ sensorimotor rhythms
(13-15Hz),”" and the (-band (approximately 13—
40Hz), the analysis was focused on the 0.5-40Hz
range. A custom set of 59 pseudo-frequencies span-
ning this range was generated using the scal2freq
function in MATLAB2024b, matching the number of

scalp EEG channels. In the end, 3D maps sized 59 x
59 x 512 were created, and then downsampled to
59 x 59 x 128,
temporal dynamics of the EEG segment under anal-

representing the spatial-spectral—

ysis. Downsampling allowed for a faster computation
while not affecting EEG dynamics representation as a
sampling rate of 128 Hz is able to follow the variations
in the range under analysis (0.5-40 Hz).

3.2. EEGCubeNet

The 3D CNNs extend traditional two-dimensional
(2D) CNNs by incorporating an additional temporal
dimension, making them particularly effective for
processing volumetric data such as videos or medical
imaging. Unlike 2D CNNs, which apply convolutions
only across spatial dimensions (height and width),
3D CNNs perform indeed convolutions over height,
width, and time, enabling them to capture both
spatial and temporal dependencies simultaneously.??
In this paper, different 3D CNNs were developed
according to a trial-and-error approach, as reported
in Table 1. Specifically, kernel sizes and strides, along
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EEG acquisition, preprocessing, and dataset creation. The figure illustrates the data acquisition paradigm, which is

described in detail in Sec. 3.1. EEG segments of 1 s preceding the onset of motion — referred to as pre-motion EEG segments —
are extracted, labeled (as HC, HO, or RE), and stored in a dataset. These EEG signals undergo spatial filtering using the
Laplacian method, followed by TF analysis via the CWT. The resulting TF representations are structured into volumes
organized by channel, frequency, and time. These volumes are then labeled accordingly and stored for further analysis.
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The architecture of EEGCubeNet model and its fine-tuning mechanism, where layer-wise fine-tuning is illustrated using

different colors. The shaded area with different colors represents the progressive fine-tuning process, starting from the last layer

and extending to the entire model.

with the number of layers, were systematically var-
ied to explore different architectural configurations.
In this study, Model 7 is employed for the binary
classification tasks (HC versus RE and HO versus
RE) and it is here referred to as EEGCubeNet. It is to
be noted that Model 7 was selected because it
achieved the highest average performance across
multiple runs of the Akfold validation procedure,
specifically in terms of both accuracy and Cohen’s
Kappa. Importantly, this selection was not based on
a single metric or run but reflects superior perfor-
mance across multiple folds and metrics. The archi-
tecture is shown in Fig. 2 and it consists of four 3D
convolutional layers, each followed by batch nor-
malization, ReL U activation, and max pooling. The
input to the model is the 3D volume channels x
frequency x time sized 59 x 59 x 128. The first con-
volutional layer (Convl) applies 16 filters, producing
16 feature maps of size 31 x 31 x 128. The 3D max-
pooling layer (Max-Pooll) downsamples the 16 fea-
tures maps to 15 x 15 x 64. The second convolu-
tional layer (Conv2) has 32 filters and produces 32
feature maps of size 9 x 9 x 64, that are further
downsampled to 4 x 4 X 32 by means of the max-
pooling operation (Max-Pool2). The third convolu-
tional layer (Conv3) consists of 64 filters with output
dimensions of 4 x 4 x 32. The third max-pooling
layer (Max-Pool3) generates 64 features maps sized
2 X 2 x 16; while the
(Conv4) contains 128 filters, resulting in 128 feature
maps of the same size (2 x 2 x 16). The last max-
pooling layer (Max-Pool4) outputs 128 features
vectors of size 1 x 1 x 8. These are flattened and
passed through three fully connected layers. The first
fully connected layer (FC1) consists of 512 neurons,

final convolutional layer
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followed by FC2 with 256 neurons, and finally, FC3
with 2 neurons for binary classification (i.e. HC versus
RE and HO versus RE). It is to be noted that for
Convl and Conv2 the kernel size is 3 x 3 x 3, strides
1 x 2 x 2 and padding is 1 x 2 x 2; while, for Conv3
and Conv4 the kernel size is 3 x 3 x 3, stride is 1 x
1 x 1 and padding is 1 x 1 x 1. In addition, the four
max-pooling layers have kernel size of 2 x 2 x 2 and
stride of 2 x 2 x 2. The model was implemented in
PyTorch? and trained with the Adaptive Moment
Estimation (Adam) optimizer,** using learning rate of
0.001, weight decay of 0.9, and a batch size of 8, for up
to 50 epochs and adopting the early stopping strategy
onan NVIDIA RTX 4000 Ada Generation installed on
a processor with an Intel Xeon (R) CPU @2.30 GHz
and a RAM of 125 GB. To mitigate overfitting and
enhance robustness, a dropout rate of 25% was also
applied after the pooling layers.

3.3. From global training to subject-specific
fine-tuning

In order to develop a model that requires a reduced
training time on the subject of interest, thus enabling
a short calibration, an in-depth evaluation of the
proposed architecture, FEGCubeNet, was carried
out. To ensure robust evaluation, a Leave-One-
Subject-Out Cross-Validation (LOSO-CV) approach
was employed. For this purpose, a two-stage ap-
proach was adopted: initially, the model is trained on
N — 1 subjects (global training), followed by fine-
tuning on the excluded subject (subject-specific
fine-tuning). In the global training phase, the train-
ing was conducted using the data from the N —1
subjects. The trained model was then adapted to the
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left-out subject in the subject-specific fine-tuning
stage. A k-fold cross-validation was carried out
which was crucial to evaluate the adaptation per-
formance on the target subject more reliably and to
minimize the risk of overfitting due to the limited
amount of subject-specific data. This two-stage
strategy with global training and subsequent sub-
ject-specific fine-tuning, was explicitly designed to
enhance the robustness and generalizability of our
results, despite the constraints imposed by the
dataset size. As illustrated in Fig. 2, the model ar-
chitecture is shaded with different colors, and each
colored box decodes the fine-tuning process of the
boxed layers. The evaluation of the fine-tuning pro-
cess was performed incrementally, starting from the
last fully connected layer (FC3) and extending back
to the first convolutional layer (Convl). In the first
step of the evaluation, only the FC3 layer was in-
volved in the fine-tuning. In the second step, both
FC2 and FC3 layers were adapted. These two layers
are grouped within a box labeled FC2+, indicating
that FC2 and all subsequent layers were fine-tuned,
and so on, progressively including more layers until
the entire model (starting from the last fully con-
nected layer (FC3) and extending back to the first
convolutional layer (Convl+) was adapted. The goal
of this layer-by-layer performance evaluation was to
analyze the trade-off between the number of model
parameters required for fine-tuning and the accuracy
achieved within a given time. This approach allows
for estimating the necessary computational resources
to fine-tune the model efficiently, enabling the
decoding and classification of new subject data with
minimal resource requirements. In the context of
EEG classification, this results in minimizing the
calibration time required for the model to accurately
classify signals from a new subject.

3.4. FEzxplainability analysis: 3D xAI-OSA

In the proposed 3D zAI-OSA approach, the 3D maps
(channels x frequency x time) extracted from EEG
signals are occluded to compute the spatial, spectral,
and temporal relevance of specific regions over time.
Input volumes are systematically occluded across
spatial, spectral, and temporal dimensions using
varying sizes of occlusion 3D masks. Figure 3 illus-
trates the schematic of the proposed 3D zAI-OSA
approach. The masking process, illustrated in Fig. 3,
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Fig. 3. Proposed 3D zAI-OSA approach. The EEG vol-
umetric data (channels x frequency X time) are systemat-
ically occluded using a 3D sliding mask across all three
dimensions and fed into the trained EEGCubeNet model.
For each occluded mask, the classification score is com-
pared with that of the original input. The relevance is then
quantified using the SAD between the two classification
scores. By iteratively scanning the entire input volume, a
3D saliency map is generated, highlighting the relevance of
each region.

generates occluded 3D regions by assigning zero
values to the masked areas within the 3D input
matrix (channels x frequency x time). Given a pre-
defined mask size, a sliding 3D mask is applied across
the input volume, systematically scanning it along
the spatial (channels), spectral (frequency), and
temporal (time samples) dimensions. A mask is de-
fined as follows:

M, = {x];tartv $]ec,ndv y];tarta yleg,ndv t];tarta t]gnd7 Rk}7 (1)
where M, represents the kth mask, =%, ., = ffnd define
the horizontal range (frequency) of the mask, y%,.,
y* | define the vertical range of the mask (channel),
ki t" 4 define the temporal range (number of
frames) of the mask. Rj is the relevance score
assigned to the masked region based on the predic-
tions of the model and the change of degree in the
outcome. Once the masked input is processed by
EEGCubeNet, class probability scores are obtained
via the softmax function for both the original input
and the masked input. To assign the relevance to the
masked pixels/regions of the input, Sum of Absolute
Difference (SAD) was used.”” SAD is an appropriate
metric for quantifying changes in the degree of out-
come in model predictions, especially when the focus
is on the overall magnitude of difference rather than
subtle shape variations between distributions. SAD
provides a simple, easily interpretable measure of the
total difference. The input volumes (channelsx
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frequency X time) represent EEG signal dynamics
across the spatial, spectral, and temporal domains.
Masking a region of the input volume means oc-
cluding specific channels within a given frequency
and time range. Understanding the impact of
masking that region on classification allows to assess
the relevance of those channels, in that frequency
band, during that time interval for the classification
task (premovement versus RE). To ensure a smooth
and continuous relevance evaluation, an overlapping
sliding window approach was adopted with a stride
equal to 7/2. In this way, the relevance of a given
channel (c¢), frequency (f), and time point (?) is
assessed multiple times, depending on how often it is
occluded by the sliding mask. The average of these
relevance values is then computed to obtain a mean
relevance score for that specific element (¢,f,¢) of the
input volume. Specifically, when a (c,f,t) element is
occluded by a mask and the relevance of the occluded
region is evaluated, the resulting relevance score is
assigned to all (¢,f,t) elements affected by the oc-
clusion. During the full input volume scanning pro-
cedure, each (c,f,t) element will be occluded a total of
n times, and n corresponding relevance scores will be
computed for it. At the end of the procedure, these
scores are averaged (i.e. summed and divided by n),
yielding a single mean relevance value for that ele-
ment. Finally, a 3D matrix representing the rele-
vance of each channel and frequency over time is
generated. To ensure a robust relevance evaluation,
an analysis across different mask sizes was per-
formed. Masks sized 2 x 2 x T, 4 x4 x T, 8 x 8 X T,
16 x 16 x T, 24 x 24 x T, with T =32 and T = 64
were used and their impact on the model’s decisions
was evaluated. Given a mask size, the mask slides
over the entire input volume (in an overlapping
way), occluding a region of the volume at each step.
To complete the scan of the entire volume, the mask
moves through M different positions. For each of the
M occluded positions, the probability score of both
the original input volume and the occluded one, is
evaluated. The mask size that maximizes the dif-
ference between the probability score of the original
input volume and that of the occluded input volume
will be selected for the explainable analysis. Given a
relevance 3D saliency map representing the rele-
vance of channels over the frequencies and over the
time, in order to evaluate the relevance within the
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main EEG frequency bands (delta (0-4 Hz); theta
(4-8 Hz); alpha (8-13 Hz); and beta (13—40 Hz)), the
relevance was averaged over the frequencies (of a
given sub-band) and over the time. Namely, the
relevance map is 3D channel x frequency x time
matrix (sized 59 x 59 x 128). An average is com-
puted over the time dimension, resulting in a
channel x frequency map (with dimensions 59 x 59).
Next, to quantify the relevance within each band
(delta, theta, alpha, and beta), the frequencies corre-
sponding to each of the four bands are identified, and
then the columns of the matrix associated with the
same band are averaged. This yields a channel x band
matrix (size 59 x 4), which represents the relevance of
each channel in each band. Each column in this matrix
represents the relevance of channels in a specific sub-
band, and will be represented as a topographical map
in Sec. 4.2.

3.5. Performance metrics

The performance of the proposed FEGCubeNet was

evaluated using standard metrics, namely: Accuracy

_ TP+TN . .o _ TP . _ TP .
= TErTN FPENS recision = gporr; Recall = 5 5

__ 2-Precision-Recall. ) _
Fl-score = §Ze88onp e and Cohen’s Kappa coefti

cient (K-Cohen) k = Pl—;

“Pe

(where p, is the observed

agreement and p, is the expected agreement by
chance) which quantifies the agreement between
predictions and true labels. While accuracy only
measures the proportion of correct predictions, K-
Cohen accounts for the level of agreement that could
occur by chance. It is to be noted that TP and TN
represent true positives and true negatives, and FP
and FN represent false positives and false negatives.
Specifically, TP denotes EEG trials from the pre-
movement (HC or HO) category correctly classified
as premovement, whereas TN refers to RE trials
correctly classified as RE. Conversely, FP represents
RE trials misclassified as premovement, and FN
refers to premovement trials misclassified as RE.

4. Results

In this section, the classification performance of
EEGCubeNet is reported. The proposed method,
EEGCubeNet, was compared with 3D-EEGNet.”
The 3D-EEGNet was implemented from scratch, fol-
lowing the structure described in Ref. 26. Both
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Fig. 4. Boxplots of the test accuracies achieved by EEG-
CubeNet and 3D-EEGNet in the HC versus RE (left sub-
plot) and in the HO versus RE (right boxplot) classification.

methods were assessed using a LOSO-CV strategy:
each model was trained on data from N — 1 subjects
and tested on the remaining subject. The comparative
results are presented in Fig. 4, which displays boxplots
of the test accuracies obtained by both methods. To
assess the statistical significance, a Wilcoxon signed-
rank test was performed, revealing that EEGNet sig-
nificantly outperformed 3D-EEGNet (p < 0.05).

4.1. Analysis of global training
to subject-specific fine-tuning

This section describes the performance of the EEG-
CubeNet model when globally trained on N —1
subjects and then fine-tuned on the specific remain-
ing subject (LOSO-CV approach) for the two tasks,
HC versus RE and HO versus RE. The results are
reported in Tables 2 and 3, respectively. Each col-
umn in Tables 2 and 3, represents a subject and
reports the performance of the globally trained
model fine-tuned on that subject. Each row corre-
sponds to a specific fine-tuned model, as described in
Sec. 3.3. As detailed in the same section, a 10-fold
cross-validation was applied during both the global
training and the subject-specific fine-tuning stages.
Accuracy, Precision, Recall, F'l-score, detailed in
Sec. 3.5, are reported as mean =+ standard deviation.

For HC versus RE task (Table 2), the best aver-
age performance was achieved in the Conv3+ set-
ting, while the worst performance was observed for
FC3. The average accuracy for Conv3+ was 89.56 +
4.29 across subjects. Additionally, the best individ-
ual subject performance was recorded for subject
S02, achieving an accuracy 97.78 + 2.72, with the

lowest standard deviation, reflecting the robustness
of the model across the k-fold runs. Similarly, Table 3
presents the model performance for HO versus RE
task. The best performance was observed for
Conv2+ layer and the worst for FC3. The average
accuracy of Conv2+ for this task was 89.06 + 4.86. A
gradually increasing trend of performance can be
observed when fine-tuning was performed gradually
on more layers, resulting in enhanced performance
from FC3 to Conv2+. From Tables 2 and 3, one can
observe that the average results across all subjects
indicate an improvement in performance as more
layers of the model are fine-tuned. The advantages of
fine-tuning process are analyzed when fewer or more
layers are fine-tuned, and the corresponding insights
in terms of training time and number or trained
parameters are presented in Sec. 4.1.2.

Further insights on models’ performance are il-
lustrated in Figs. 5 and 6 in terms of K-Cohen, as
described in Sec. 3.5. Figures 5 and 6 illustrate the
boxplots for the HC versus RE task and HO versus RE
task, respectively, representing the K-Cohen coeffi-
cient for all the fine-tuned models under analysis. The
y-axes presents the K-Cohen values and a-axes pre-
sents the subjects on which the models were fine-
tuned. On the right, the K-Cohen ranges of signifi-
cance are reported, from “no agreement” to “very high
agreement” . The results provided by the different fine-
tuned models are represented with different colors.
Given a subject, the K-Cohen produced by the dif-
ferent fine-tuned models cases are plotted adjacent to
each other. Further, horizontal lines are drawn to
show the average K-Cohen score for every specific fine-
tuned model using the same color of the boxplot. It can
be observed that the average K-Cohen falls in the
range “substantial agreement” for all the Conv4+ to
Convl+ (all layers) models, with average K-Cohen of
models Conv3+, Conv2+, Convl+ tending towards
to the “very high agreement” range. When only the
fully connected layers were fine-tuned (models FC3,
FC2+, FCl4), a “moderate agreement” was
achieved, on average.

4.1.1. Analysis of the extracted features

To further investigate the performance of EEGCu-
beNet model, t-distributed stochastic neighbor
embedding (t-SNE) analysis was performed to visu-
alize the separability of the feature maps and assess
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Fig. 5.
plotted with boxplots.
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Fig. 6.
plotted with boxplots.

the effectiveness of different fine-tuning strategies in
distinguishing between classes. Specifically, t-SNE
projects high-dimensional data into a lower-dimen-
sional feature space by converting pairwise dis-
tances — using the Chebyshev distance in this
case — into joint probability distributions. It then
minimizes the Kullback—Leibler divergence between
the joint distributions of the high-dimensional and
low-dimensional representations to preserve local
structure.”” The visualizations of t-SNE plots are
presented in Figs. 7 and 8 for the tasks HC versus RE
and HO versus RE, respectively, for a sample subject
(S10). The separability of the features projections
can be visually evaluated for the different FEGCu-
beNet fine-tuned models (from FC3 to Convl+). A
clear trend can be observed in the figures, progres-
sing from right to left, where the separation between
classes improves as fine-tuning is extended to deep
layers, endorsing the positive impact of progressive
fine-tuning. This pattern is consistent for both HC
versus RE and HO versus RE tasks. A peak of

Subjects

Cohen Kappa performance of EEGCubeNet model for HO versus RE task when different layers are fine-tuned, and

average separability is detectable for Conv2+ and
Conv3+ fine-tuned versions of EFEGCubeNet, in
agreement with classification performances reported
in Tables 2 and 3, validating the effectiveness of
the proposed global to subject-specific approach
exploiting the knowledge acquired in the global
training stage to the subject-specific fine-tuning stage.
To further analyze the t-SNE results of other sub-
jects, we provided plots for subject S02 in the Sup-
plementary Materials. Supplementary material is
provided at the following link https://github.com/
AI-Lab-UniRC/EEGCubeNet

4.1.2. Performance versus model complexity

The choice of the model and to what extent it should be
fine-tuned for the new subjects depends not only on the
classification performance but also on some other key
aspects such as the model complexity in terms of both
size and training time. To provide a comparison
(tradeoff) between performance (Accuracy) and model
complexity (training time and number of parameters),

2550073-13
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Convi+ Conv2+ Conv3+ Conva+ FC1+ FC2+ FC3+

Fig. 7. The high-dimensional projections of feature maps of EEG CubeNet model are visualized with t-SNE for the task of HC
versus RE for subject S10. In each plot, the feature maps from the last fully connected layer are visualized, when fine-tuning was
performed for different layers of the trained model for left out subject. Each plot represents to specific layer, Convl+ (all layers)
to FC3 can be read from left to right.

Convl+ Conv2+ Conv3+ Conva+ FC1+ FC2+ FC3+
i 3 3 L i ¥ 5 B
0% : %, : : i

,

S,

Fig. 8. The high-dimensional projections of feature maps of EEG CubeNet model are visualized with t-SNE for the task of HO
versus RE for subject S10. In each plot, the feature maps from the last fully connected layer are visualized, when fine-tuning was
performed for different layers of the trained model for left out subject. Each plot represents to specific layer, Conv1+ (all layers)

to FC3 can be read from left to right.

in Fig. 9 every model was represented as a circle with a
different color, allowing for a clear and intuitive inter-
pretation of the trends. The center of the circle corre-
sponds to the number of parameters in log scale (z-axis)
and to the average accuracy provided by that model (y
axis). The radius of the circle is proportional to the
training time necessary to complete one run of the 10-
fold training process. Fine-tuning the complete model
on the whole dataset of a single subject, over 10 folds,
took around 2.5 min on average. This analysis highlights
a consistent pattern: as more layers of the model were
fine-tuned, and the number of trainable parameters
increased, the classification accuracy also increased,
from FC3 to Conv3+. From Conv3+ onwards, the
trend slows down and reverses. The Conv+ models, in
which the convolutional layers were fine-tuned,

&
<4

Performance

Conva+

achieved better performance. This improvement comes
with an increase in the number of parameters, never-
theless, the parameter count remains within a range
suitable for potential future deployment. These char-
acteristics make the model particularly suitable for real
BCI applications, where a short model fine-tuning time
enables a short calibration, which is crucial since cali-
bration requires the active cooperation of the subject,
who must undergo data acquisition sessions aimed at
tailoring the model to his/her own brain waves. Fur-
thermore, the results highlight that a single, well-cali-
brated model could be effectively used to decode EEG
activity for new incoming subjects without requiring
extensive retraining. This endorses the model’s practi-
cality and adaptability in dynamic and resource-con-
strained environments.

Convl+
(All-layers)
Accuracy = 87.92
# Param. = 948098

time = 26.11 sec.

S Q\\?}\
S0 271 5.12 5817 5.943 5.970 5976 5.977 -

No. of Fine-tuning Parameters (logarithmic scale with base 10)

Fig. 9. Performance versus calibration time versus model size (number of parameters) of EEGCubeNet model. The number of
parameters are mentioned as #Param. in the circles of the specific models (the different fine-tuned versions of EEG CubeNet
from FC3 to Convl+, for details, refer to Fig. 2). The number of parameters are reported in log scale with base 10 on z-axes to
improve the figure readability.
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HC vs RE

HO vs RE

Fig. 10. Topographical maps showing the average relevance of channels across the frequency bands (delta, theta, alpha, and beta).

4.2. Fvaluation of 3D xAI-OSA

This section presents the results of the explanation of
the outcomes of EEGCubeNet model in classifying
EEG data for the tasks of HC versus RE and HO
versus RE. The proposed explainable analysis, 3D
2AI-OSA, was described in Sec. 3.4. Specifically, this
approach generates and applies multiple masks of
different
(channels x frequency x time 3D matrices), and, in

dimensions to each EEG trial

return, a 3D relevance matrix was obtained con-
taining the relevance of the input volume along the
spatial- spectral- and temporal dimensions. As
explained in Sec. 3.4, to assess the relevance within
key EEG frequency bands (delta: 0—4 Hz, theta: 4-8 Hz,
alpha: 8-13 Hz, and beta: 13-40 Hz), the 3D saliency
map, representing channel relevance across frequency
and time, was utilized to observe the average behavior of
channels within each specific frequency sub-band. Spe-
cifically, the relevance of EEG channels within the four
primary frequency bands (delta, theta, alpha, and beta)
was estimated across trials for each subject. The average
relevance values were then visualized using topo-
graphical plots, as explained in Sec. 3.4, using the open-
source Python package MNE, to facilitate the inter-
pretation of spatial patterns. Figure 10 presents exam-
ples of the topographical maps achieved for subject 01,
while the Supplementary Material reports the corre-
sponding data for all subjects. The red region in the

topographical maps shows higher relevance/activation
and blue shows lower relevance. In addition, the most
relevant channels are identified for each trial, and the
average relevance + standard deviation across trials is
displayed in the form of histograms. Figure 11 shows the
histograms for subject 01, with corresponding data for
all subjects provided in the Supplementary Material.

5. Discussion

In this study, FEGCubeNet, a novel multidimen-
sional and explainable DL framework for decoding
EEG signals was introduced and validated on EEGs
recorded during motor BCI experiments. The key
motivation behind this work was to address one of the
central challenges in applying DL models to EEG-based
BCI: the substantial inter-subject variability in EEG
signals, which necessitates user-specific calibration.
Calibration procedures are often time consuming, espe-
cially when DL models are involved, as they typically
require a large amount of data for training, which results
in the need of long EEG recordings to fine-tune the
model on the final user. In this context, developing
models that support rapid subject-specific fine-tuning is
a critical step toward more deployable and user-friendly
DL-based BCI systems. To meet this need, EEG Cube-
Net was first trained on a population-level dataset and
subsequently fine-tuned on unseen subject. In particu-

Fig. 11.  Average relevance of the top-5 relevant channels across the frequency bands in the HC versus RE classification (left subplot)
and HO versus RE classification (right subplot). Each bar represents the mean relevance of a given channel in a specific sub-band.
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lar, EEG derived from a public dataset acquired during
motor BCI experiments were analyzed, with the aim of
characterizing the HO motor initiation (pre-HO versus
RE classification) and the HC motor initiation (pre-HC
versus RE classification). EEGCubeNet was fed with 3D
matrices representing the projections of EEG signals
into the space—frequency—time domain. This strategy
demonstrated the feasibility of efficiently adapting a
complex DL model to new users, thereby reducing the
training burden while preserving classification perfor-
mance. Beyond performance, model explainability can
play an important role in ensuring transparency and
interpretability of neural decoding processes, especially
in clinical and assistive settings. In Ref. 11, the authors
interpreted CNN-based EEG decoding through OSA at
source level, revealing that the central region, the right
temporal zone of the premotor cortex, and the primary
motor cortex played a crucial role in EEG sources clas-
sification. It is worth mentioning that in OSA, the sen-
sitivity masks are typically applied to 2D images to
interpret classification decisions. A recent study ex-
tended this approach to visually explain the decision-
making process of 3D CNNs by incorporating a temporal
dimension into occlusion sensitivity analysis.”® Howev-
er, applying this strategy to 3D volumetric EEG data
poses challenges due to the continuous nature of non-
stationary and noisy EEG signals distributed across
multiple frames with a variability in and between the
subjects. Furthermore, using optical flow masking
would likely result in occluding large portions of each
channel x frequency frame, leading to the loss of infor-
mation necessary for identifying highly relevant chan-
nels and their frequency variations over time. To this
end, a novel 3D explainability framework was also in-
troduced, referred to as 3D zAI-OSA, based on the Oc-
clusion Sensitivity Analysis. This technique enabled a
deeper understanding of the spatial-spectral-temporal
patterns contributing to the network’s decisions, offer-
ing insights into how preparatory brain activity associ-
ated with hand movements is represented in EEG data.

5.1. Impact of the proposed approach

Overall, FEEGCubeNet, coupled with the 8D zAlI-
OSA framework, represents a promising direction for
creating robust, adaptable, and interpretable BCI
systems. The advantages of EEGCubeNet over pre-

4,11,12

vious models are manifold:

o It processes EEG signals at the scalp level without
reconstructing cortical sources, which provides an
advantage in terms of computational complexity.
Furthermore, it does not require the use of a head
model, which might not accurately reflect the
brain structure of the subject under examination,
potentially introducing bias'’;

e Thanks to the global-to-subject-specific approach,
it leverages knowledge acquired from the subject
population during the training phase to achieve
comparable performance with reduced training
time on the final user;

o It decodes EEG signals with comparable performance
while simultaneously taking into account the evolu-
tion of their dynamics in space, frequency, and time,
not just space and frequency” or space and time'’;

o FEEGCubeNet, when coupled with the zAI-8D-OSA
method, enabled explanation of the model’s out-
comes, allowing the detection of a subject-specific
trend among the most relevant channels as frequency
varies during motion initiation of HC and HO.

Asregards the training time, in Ref. 12 which isa double
branch DL model, the training time was of about 30 min
for one branch and 1.5 h for the other branch, per sub-
ject for 10 folds. In Ref. 11, the training time was of 10
min per subject for 10 folds, excluding the time neces-
sary to perform the inverse problem solution to recon-
struct cortical sources. In Ref. 4, the average training
time was of approximately 9min per subject, for 10
folds, but it is worth emphasizing that the approach
adopted in this paper is not comparable as classification
was carried out at frame level (one frame is a channel x
frequency map and one EEG trial of 1 s includes 512
frames), and not at trial level, like in this work. The
average training time of FEG CubeNet for one subject
was of 4.35 min for 10 folds and inference time was 23 s;
and the average training time of 3D EEGNet for 10 folds
was 65 min and inference time was 33 s.

5.2. Limitations and future works

Among the limitations of this work, the small number
of available trials per class per subject should be noted.
Future studies should consider larger datasets, also for
the purpose of validating the model in decoding more
complex tasks. This will also enable the extension of
the explainability analysis, whose effectiveness
depends on the classifier’s ability to generalize.
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Second, movement’s onset were marked by processing
the data collected by the motion sensors embedded in
the glove that the participant used to wear during the
experiment. Motion data collected through the glove
are smooth and do not allow one to detect onset in-
stantaneously, which means the epochs used for
training may have captured the early milliseconds of
motion implementation, which may have caused, in
principle, the similar activation patterns. Among the
future potentials of the proposed method is its appli-
cability to online frameworks, given the small number
of parameters that need to be updated to adapt the
model to the final user. Since EEGCubeNetis designed
to analyze 3D matrices representing EEG signals in
the space—frequency—time domain, it is capable of ef-
fectively capturing the complex mutual interactions
among the temporal evolution of EEG signal features
across both the spatial domain (i.e. across different
channels) and the spectral domain (i.e. across varying
frequencies). This inherent capability makes it rea-
sonable to assume that extending the model to other
applications, such as attention detection, emotion
recognition, sleep monitoring, neurological disorders
diagnosis, could be relatively straightforward. How-
ever, in order to validate this assumption, it is essential
to adapt and rigorously test the model on appropriate
datasets that are specific to each application domain.
This direction will be one of the primary goals of future
research, especially considering the growing impor-
tance of these topics in the fields of computational
neuroscience and neurotechnology.

6. Conclusions

This study presented EEGCubeNet, a novel ex-
plainable DL framework designed to decode EEG
signals with a particular focus on minimizing subject-
specific adaptation. By projecting EEG data into the
space—frequency—time domain and adopting a glob-
al-to-subject-specific training approach, EEGCube-
Net demonstrated strong decoding performance
while significantly reducing the training time re-
quired for new users. The model’s architecture,
which operates directly on scalp-level EEGs without
source reconstruction, offers computational efficiency
and avoids potential bias introduced by head models.
Coupled with the newly proposed zAI-3D-OSA

explainability  framework, @ EEGCubeNet also

provides transparent insights into the neural pat-
terns driving its predictions, making it especially
suitable for clinical and assistive applications. In
addition, EFEGCubeNet’s adaptability, efficiency,
and interpretability make it a good candidate for
integration into real-time BCI systems.
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