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Finding Neural Biomarkers for Motor Learning
and Rehabilitation Using an Explainable
Graph Neural Network

J. Han", Graduate Student Member, IEEE, A. Embs, Graduate Student Member, IEEE,

F. Nardi

Abstract—Human motor learning is a neural process
essential for acquiring new motor skills and adapting
existing ones, which is fundamental to everyday activities.
Neurological disorders such as Parkinson’s Disease (PD)
and stroke can significantly affect human motor functions.
Identifying neural biomarkers for human motor learning
is essential for advancing therapeutic strategies for such
disorders. However, identifying specific neural biomarkers
associated with motor learning has been challenging due
to the complex nature of brain activity and the limitations
of traditional data analysis techniques. In response to
these challenges, we developed a novel Spatial Graph
Neural Network (SGNN) model to predict motor learning
outcomes from electroencephalogram (EEG) data using
the spatial-temporal dynamics of brain activity. We used
it to analyse EEG data collected during a visuomotor
rotation (VMR) task designed to elicit distinct types of
learning: error-based and reward-based. By doing so,
we establish a controlled environment that allows for
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precisely investigating neural signatures associated with
these learning processes. To understand the features
learned by the SGNN, we used a set of spatial, spectral,
and temporal explainability methods to identify the brain
regions and temporal dynamics crucial for learning. These
approaches offer comprehensive insights into the neural
biomarkers, alighing with current literature and ablation
studies, and pave the way for applying this methodology
to find biomarkers from various brain signals and tasks.

Index Terms— Brain—computer interface, EEG, human
motor learning, graph neural network, explainable Al, XAl.

. INTRODUCTION

UMAN motor learning is a complex mechanism that

involves acquiring, refining, and retaining skills that
enable us to execute a wide range of movements, from basic
to highly specialised tasks [1]. This process is facilitated
by two primary mechanisms: error-based and reward-based
learning. Error-based learning is characterised by continuous
sensory-visual error signals, while reward-based learning relies
on integrating feedback information about rewards to improve
task performance [2]. In everyday life, a combination of
these learning mechanisms occurs, making the isolation of
unique neural biomarkers challenging [3]. This complexity
is further compounded in patients with neural disorders such
as Parkinson’s Disease (PD), where dopamine deficiency can
impair reward-based learning [4]. Consequently, investigat-
ing the distinct neural biomarkers of these learning types
becomes crucial, especially in the context of PD, to develop
more effective treatment strategies. Finding unique biomark-
ers of human motor learning could offer significant insights
into motor learning mechanisms and their rehabilitation
applications [5].

Building on the foundational understanding of motor learn-
ing mechanisms, previous research attempted to conduct
experiments under controlled environments to isolate specific
features of motor learning and study them individually [6],
[71, [8], [9], [10], [11]. Functional brain imaging methods
such as Functional magnetic resonance imaging (fMRI) [6]
and Electroencephalography (EEG) [11], [12], [13] were used
to record the neural activities in the brain during these exper-
iments. Compared to fMRI, EEG can provide much higher
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temporal resolution, good portability, low acquisition cost,
and a trade-off in signal-to-noise ratio (SNR). Considerable
research efforts have been dedicated to understanding and
identifying distinct neural signatures for motor learning from
EEG signals. Specifically, Feedback-related Negativity (FRN)
has been identified as a marker for reward-based learning,
whereas P300 waves have been linked to general adaptation
processes [9]. Furthermore, variations in post-movement beta
rebound (PMBR) have been found to correlate with these
learning types: an increase in PMBR is observed in error-
based learning, while a decrease is noted in reward-based
learning [13], [14].

Despite these advancements, the methodologies employed
in these studies primarily rely on a statistical analysis of
manually extracted features and focus narrowly on specific
brain regions associated with movement and motor control.
These approaches may overlook more complex yet potentially
more informative features, which are often more challenging to
discern. Consequently, the identified features might represent
superficial markers, failing to capture the complex neural
activities and high dimensional correlations between other
cortical and subcortical areas. This limitation underscores the
need for a novel method to understand the neural biomarkers
of motor learning fully.

With the rapid development of deep learning algorithms,
there has been a surge of research interest in develop-
ing advanced computational models for EEG classification
[15], [16] and representation learning [17], [18]. Most of
these EEG decoding methods have backbone models based on
convolutional neural networks (CNN) [15], [16] and Recurrent
Neural networks (RNN) [19], or Transformers [20], [21],
which outperformed conventional classification models [22]
and feature extraction methods [23]. However, these architec-
tures process spatial information of the channels by stacking
them in a grid, similar to how pixels are stacked together in an
image [24]. These stacked representations of the EEG sensors
do not account for spatial positioning, which neglects the
functional neural connectivity within different brain areas [25].
Additionally, despite advances in explainable Al (XAI) meth-
ods, the black-box nature of these deep neural networks
hinders the determination of what specific spatial relationships
or features are important. These factors limit the ability to
use these state-of-the-art models for identifying biomarkers
during the human motor learning process since the process is
heavily influenced by both functional connectivity and spatial
connectivity [26], [27].

Inspired by the graph theory, Graph Neural Networks
(GNN) have been increasingly used to learn complex features
from EEG data for emotion recognition, motor imagery (MI),
and neurological disorders [28]. GNNs can effectively leverage
the spatial structure within EEG data to extract features,
uncover patterns, and make predictions based on the com-
plex interactions between different electrodes. Furthermore,
when paired with specialized GNN XAI methods, they offer
enhanced explainability regarding the features they learn due
to their inherent nodes and edge structure. While GNNs have
shown promise in standard BCI applications, their application
in deciphering the physiological patterns of human movement

remains underexplored. We aim to harness the capabilities of
GNN models to uncover neurologically significant biomarkers
for human motor learning.

Existing work has explored various biomarkers associated
with motor learning, such as FRN, P300, and PMBR, and the
application of machine learning techniques, including CNNs,
RNNs, and GNNs, to decode EEG signals. However, these
studies often face challenges in fully capturing the complexity
of neural dynamics and ensuring the interpretability of their
findings. In our work to find motor learning biomarkers. Our
contributions are listed below,

We conducted novel experiment setups to collect EEG
signals during a specific learning type. This research collects
high-density EEG data gathered during a VMR task specifi-
cally designed to provoke either error-based or reward-based
learning. This approach provides a controlled environment
to investigate the neural signatures of these distinct learning
processes.

We developed an SGNN model to predict motor learning
states and learn important features from EEG signals.
This research designed and implemented a GNN model to
learn neural activities from EEG data during error-based and
reward-based learning. The model was used to perform two
classification tasks: 1. classify EEG activity as occurring
before learning or during reward-based learning and 2. classify
EEG activity as occurring before learning or during error-
based learning.

We deployed a set of spatial, spectral, and temporal
explainability methods to find the important biomarkers
for our GNN model. The GNN-SST-Explainer consists of
multiple steps to determine different brain regions (spatial),
different frequency bands (spectral), and time points (tempo-
ral) responsible for error-based and reward-based learning.

[I. RELATED WORK
A. Human Motor Learning

Motor learning processes are essential for acquiring and
refining new motor skills and involve a combination of adap-
tive and strategic mechanisms. These two mechanisms are
known as error-based learning, which adjusts movements
based on sensory feedback, and reward-based learning, driven
by outcomes or reinforcement. Studies have found that error-
based learning, associated with cerebellar activity, leads to
stable task learning through continuous feedback [1], [29].
In contrast, reward-based learning, linked to basal ganglia
activity, focuses on retention and involves more variable
learning processes through reward signals [7], [30].

Most of the existing studies often isolate these learning
mechanisms under lab conditions to identify specific
biomarkers [6], [8]. Specifically, VMR tasks were commonly
used to measure learning while inducing error-based or
reward-based learning through the provision of specific
feedback [7], [9]. Among the various biomarkers, feedback-
related negativity (FRN) and P300 activity have been
investigated in the recorded EEG signals between different
learning types. FRN is characterised by a shift in event-related
potentials (ERPs) 200-400 ms after feedback is provided
to an individual [31]. Positive voltage potential shifts are
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associated with a desirable reward outcome, and negative
voltage potential shifts are associated with an undesirable
reward outcome [9]. The P300 wave is another positive shift
in ERPs that occurs 300-600 ms after feedback is provided
to an individual [32]. This wave is hypothesised to aid in
the processing of unexpected stimuli and adaptive responses.
Ultimately, FRN was identified as a biomarker for reward-
based learning and P300 as a general adaptation biomarker
present in error-based and reward-based learning [9]. In addi-
tion to this, Post-Movement Beta Rebound (PMBR) has been
investigated as a biomarker of motor learning [13], [14], [33].
PMBR consists of increased beta power in the sensory-motor
cortex after movement termination [13]. Error-based learning
has been found to be associated with an increase in PMBR
over learning [14], [33], whereas reward-based learning has
been found to be associated with a decrease in PMBR [34].

While these measures play an important role in the study
of learning mechanisms and their underlying neural dynam-
ics, manual feature extraction may overlook critical features
and focus narrowly on known event-related patterns. Deep
learning methods have the potential to automatically extract
high-dimensional biomarkers and explore a broader range of
brain regions, enabling a deeper understanding of the neural
basis of motor learning.

B. EEG Signals Decoding

EEG analysis has significantly impacted clinical diagnos-
tics and patient monitoring by identifying critical biomarkers
within EEG signals. Traditionally, this process began with the
extraction of relevant features, informed by expert knowledge,
such as analysing different frequency bands [35], [36] or
graph theoretical metrics to model the functional connectiv-
ities [37]. Subsequent steps involved conducting statistical
analyses to identify correlations within the data, followed by
employing straightforward machine learning models like logis-
tic regression or decision trees for classifying neurological
conditions, including Alzheimer’s [35], [37] or Parkinson’s
disease [36]. While these conventional methods have demon-
strated effectiveness in condition prediction, they heavily rely
on manual feature extraction based on existing domain knowl-
edge. This requirement for manual intervention presupposes
certain assumptions about the data, potentially neglecting
unrecognised yet pivotal features or complex relationships.

The evolution of deep learning has revolutionised this
paradigm, enabling direct analysis of raw EEG data through an
end-to-end approach without the necessity for manual feature
extraction. These advanced deep learning models, based on
Convolutional Neural Networks (CNN) [15], [16], Recurrent
Neural Networks (RNN) [19] and Transformers [20], [21],
have expanded EEG applications to fields such as emotion
recognition [15] and sleep monitoring [17]. The superiority
of deep learning models lies in their ability to discover
high dimensional patterns in EEG data that were previously
inaccessible to conventional classification [22] and feature
extraction approaches [23]. This capability has led to enhanced
accuracy in classification tasks and opened up new avenues for
understanding brain activity in unprecedented detail.

However, the application of deep learning models in iden-
tifying biomarkers for clinical data or human behaviours
remains less explored. While adept at handling structured
pixel data, these deep learning models often overlook the
intricate spatial relationships and neural connectivity patterns
inherent in EEG signals, a gap noted by recent research in the
field [24], [25]. Another significant challenge is the “black
box” nature of these models, where the features or biomark-
ers learned may not be interpretable through neuroscience
knowledge. Furthermore, the low data quality and variability
across patients add to the difficulty of employing deep learning
models for biomarker identification [38].

C. Graph Neural Networks

Leveraging the principles of graph theory, GNNs have
become a pivotal tool in deep learning, significantly impacting
the field of network neuroscience [39]. GNN enables the
modelling of the brain as a graph, with nodes representing
anatomical brain regions and edges representing morpholog-
ical, functional, or structural connectivities. It can preserve
the topological properties of graphs while capturing complex
relationships and neural connectivity patterns across different
brain regions [28], [39].

Several studies have successfully used GNNs for EEG
decoding, particularly for classification tasks such as motor
imagery [25], emotion [40], [41], [42] or disease diagnosis
[43], [44]. Previous works such as [40] and [41] used fre-
quency features instead of the raw signals as input, which
requires the domain knowledge of important features for
the training target. Yet, the area of biomarker identification,
which focuses on developing GNN models that can identify
discriminative biomarkers while classifying brain graphs with-
out needing domain knowledge, remains less explored [39].
Few studies attempted to explain what biomarkers their GNN
models used for EEG decoding [45], [46]. The challenge
here lies in creating reproducible models, ensuring consis-
tent identification of biomarkers across various datasets, and
explanation-agnostic, which means they can interpret the rea-
soning behind their predictions [39]. Achieving reproducibility
is crucial for establishing model reliability in network neu-
roscience while enhancing explainability would increase the
model’s trustworthiness, which is one of the most important
aspects of healthcare models.

D. Explainability Methods

As discussed in the previous section, the explainability of
deep learning models is crucial for gaining trust from the
human user, especially for their application within the health-
care domain. The field of XAI attempts to make the operations
of complex models transparent and understandable to humans.
The most commonly used XAI methods are LIME [47] and
SHAP [48].

While significant efforts have been directed towards devel-
oping explainability methods for conventional deep learning
models, adapting these methods to GNNs faces unique
challenges, particularly in explaining the graph structure.
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Surrogate methods like GraphLime [49] and PGM-
Explainer [50] simplify GNN predictions using interpretable
models. GraphLime, focusing on node-level explanations,
assesses feature importance through a surrogate model
but does not extend to graph-level classifications or edge
information [49]. Conversely, PGM-Explainer, suitable for
both node- and graph-level tasks, employ probabilistic models
to indicate crucial components but also overlooks edge
details [50].

Perturbation methods, including PGExplainer [51], and
GNNExplainer [52], modify inputs to identify influential graph
components. PGExplainer uses a perceptron for edge weight
learning, optimizing model predictions through cross-entropy
reduction. The goal of the GNNExplainer method is to identify
a subgraph of the complete graph that maintains the same pre-
dictions and classification accuracy as the original graph [52].
This process identifies the nodes and edges that are most
important to the classification decision and removes nodes
and edges that are unnecessary to the classification decision.
These approaches aim to enhance GNNs’ transparency and
interpretability, which is crucial for their application in com-
plex domains. Due to the successes of these methods in other
domains, they provide promising potential for explaining the
high dimensional biomarkers identified by our GNN model
during motor learning tasks.

1. MATERIALS AND METHODS
A. Data Collection

We conducted a novel experimental setup to collect EEG
signals during specific learning types, isolating the error-based
and reward-based learning mechanisms. The EEG data was
recorded in a Faraday cage using a High-Density EEG system
(GTEN 200) at a sampling rate of 1000 Hz from 20 healthy
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(a) Nustration of the digital panel and computer screen set up during the VMR task. (b) The screen displays the error-based (left) and
reward-based conditions (right). (c) An overview of the experiment trials.

participants (12 men and 8 women) during a Visuomotor
Rotation (VMR) task. The task was designed to isolate and
provoke either error-based or reward-based learning in a
controlled environment. Each participant performed both tasks.

The VMR task setup (Figure 1 (a)) included a digital panel
for interaction and a screen for visual feedback. Participants
made reaching movements using an electronic pen on the
digital panel, guiding a cursor on the screen from a starting
point to a target. For the error-based condition, as shown
in Figure 1 (b), visual feedback was provided by displaying
the cursor, allowing participants to adjust their movements
based on the visual discrepancy from the target. In contrast,
the reward-based condition utilised binary feedback signals,
with a smiley face indicating successful target acquisition
or the target’s disappearance signalling a miss. The reward
zone during the rotation phase ranged between the median
of the last 10 reach angles and the 15-degree perturbation
angle [7].

As shown in Figure 1 (c), each task comprised 300 trials
across three phases: baseline, rotation, and washout. The
baseline phase did not involve any perturbation, allowing
direct correspondence between the pen’s location and the
cursor’s movement. The rotation phase introduced a 15-degree
perturbation angle, challenging participants’ motor adaptation
skills. The final washout phase removed the perturbation to
assess participants’ ability to readjust to the original settings
and measure the proportion of the retained perturbation.

The participants were divided into four groups to ensure
a counterbalanced design by rotation direction (Clockwise or
Counter Clockwise) and order of the tasks (error or reward
first). This study was approved by The Imperial College
London Research Ethics Committee (ICREC), reference num-
ber: 211C6754 and informed consent was obtained from all
participants.
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Fig. 2. An illustration of our proposed SGNN architecture and its SAGPooling process. The framework first uses 2 temporal CNN blocks to learn
the node features from the EEG signal, then combines with the graph structure defined by an adjacency matrix to learn the spatial relationships

using 3 GNN blocks.

B. Data Pre-Processing

Our High-Density EEG recordings were average referenced
and high pass filtered using a 1 Hz finite impulse response
(FIR) filter. A notch filter was applied at 50 Hz and its harmon-
ics to address power line interference. We selected 168 sensors
in the centre of the brain area out of the 256 available on the
EEG cap, targeting the cranial region to minimise muscular
noise from the neck for training.

The continuous EEG recordings were then segmented into
300 trials. We identified the duration of the longest trial to
standardise the length of all trials, marking the start of each
trial one second before the starting cue and extending to the
end of the longest trial’s duration. This approach ensured
comprehensive coverage of neural activity during the planning,
execution, and completion of each movement, facilitating
uniform trial lengths suitable for analysis via convolutional
and graph neural networks.

We selected relevant trials from the dataset for the classi-
fication task, discarding any trials where the go cue was not
properly engaged. Specifically, we included the initial 50 trials
of the baseline phase and the final 50 trials of the perturbation
phase for model training (Figure 1 (c)). These two classes
of trials represent EEG activity before and after the learning
process, capturing the neural adaptations attributable to motor
learning.

C. GNN Decoding Framework

The proposed Spatial-GNN (SGNN) framework as shown in
figure 2 follows a similar design to our previous work where
a multi-branch GNN was developed to aggregate multiple
Motor Imagery (MI) EEG datasets with varying numbers
of channels [25]. In this approach, we first represent our
EEG data as brain graphs, where an adjacency matrix A of
dimensions C x C denotes the graph’s structure. The matrix’s
elements, A; j, represent the connection strength or edge

weight between nodes i and j. A stronger connection between
two nodes results in a higher edge weight, while an absence
of connection is indicated by A; ; = 0.

To calculate the edge weights, we utilised the nearest
neighbour method in a non-binary fashion [42]. This involved
organizing the EEG channels into a grid matrix according to
their positional coordinates, with each channel occupying its
own grid cell. Channels C; and C, were considered neighbours
if their grid cells fell within a specified radius, defined as 25%
of the grid matrix’s dimensions. All neighbour relationships
were assigned a weight of w = 0.5¢~1D_ with distance being
the number of grid cells between them. While this method
emphasises the connectivity between closer sensors, it might
overlook the brain’s functional connectivity across different
regions. Recognising the brain’s intricate network of both local
and global circuits [25], [42], we incorporated global edge
connections to reflect these broader anatomical and functional
linkages, critical for the brain’s efficient activity transfer and
synchronisation. Specifically, we established global connec-
tions involving central sensors between F3 and F4, and CP5
and CP6, respectively (see figure 3 (a)), capturing the com-
prehensive connectivity landscape. The resulting adjacency
matrix with both local and global connections is illustrated
in figure 3 (b).

Our Spatial-GNN (SGNN) framework, illustrated in
figure 2, is designed to process EEG data through a graph-
based approach, where each EEG sensor corresponds to a
graph node. The overall architecture takes two inputs: the raw
EEG signals as node features, with dimensions C x T (where C
is the number of nodes or channels, and T signifies the time
points), and the graph’s structural information, as a C x C
adjacency matrix representing the connectivity (edge weights)
among the nodes.

The framework begins by performing two 1-D CNN convo-
lutions along the time axis of the raw EEG signals to extract
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the temporal features of the nodes. The temporal convolution
blocks can learn frequency information in the EEG signal.
Additionally, by performing temporal convolution prior to
the graph convolution, the feature dimensions of the nodes
are drastically reduced. This aids in preventing over-fitting
which GNNs are prone to [25]. Batch normalisation, the
PReLU activation function, average pooling, and dropout are
implemented following each CNN convolution.

These newly extracted node features are then passed to
the 3 GNN blocks with the adjacency matrix. Each of the GNN
blocks involves a Chebyshev graph convolution to propagate
information across neighbouring and functionally connected
sensors followed by an additional self-attention graph pooling
(SAGPooling) layer. Lastly, in the final portion of the network,
the node features underwent two additional convolutional
layers, which reduced the number of features per node to
one and summarised these final features across all the nodes.
SAGPooling leverages self-attention mechanisms to prioritise
nodes based on their relevance. It employs a GATConv layer to
calculate self-attention scores Z € RE*!. A selection of top-k
nodes C;g, is made based on these scores, retaining only the
highest-ranking nodes for further processing. In our model, the
nodes with the top 50% self-attention scores are retained after
each convolutional layer, with updates to both node features
and the adjacency matrix to reflect the pruned graph structure.
Finally, the remaining latent features are flattened and fed
into a Linear layer for binary classification between the EEG
signals before and after motor learning. Overall, all blocks and
layers minimise a cross-entropy loss.

where N is the number of samples.

D. GNN-SST-Explainer Pipeline

Taking inspiration from the literature [51], [52], we then
explored a range of GNN XAI methods aiming to interpret

the Spatial, Spectral and Temporal (SST) characteristics of the
biomarkers our SGNN learned during the training process.

For the spatial step of our XAI pipeline, we first used
the SAGPooling node attention scores, Z, to visualise node
importance. To obtain the aggregated node importance scores
for a model, the Z scores for each SAGPooling layer were nor-
malised between 0 and 1 to make the values comparable across
layers. Nodes not selected during the pooling process were
assigned a Z score of zero. The scores were then averaged
across all three layers to obtain an overall importance value
for each node. This process of normalisation and averaging
was repeated to obtain node importance scores for each fold,
each subject, and across subjects. Since attention scores are not
fixed weights and instead depend on both learnable weights
and the input data, we separately visualize the attention scores
of the model for the EEG segments prior to learning, and after
learning to observe if the network had learned to attend to
different brain regions based on the learning type.

Inspired by [52], we used node and edge masking methods
to explore the spatial characteristics of our biomarker. This
involves freezing the weights of the trained SGNN model and
applying a learnable node mask, M, € RE*!, to the raw
data, X € RE*T and an edge mask, M, € RE*E across
the GNN'’s edges, where E denotes the number of edges and
C is the number of nodes or channels. The sigmoid function is
applied to each mask to encourage discrete binary masking of
nodes and edges, thus refining the model’s ability to highlight
significant spatial features within the biomarker identification
process. These learnable masks are then trained with a loss
function made up of 5 terms: classification cross-entropy loss
LR, node mask size loss Lyps» edge mask size loss LEvs»
node mask entropy loss L\ME. and edge mask entropy loss
LEME- The classification cross-entropy loss L ensures that
the classification accuracy of the original SGNN model is
maintained when applying the masks, only non-essential nodes
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and edges will be removed from the graph. The loss in node
mask size Ln\S. the loss in edge mask size Lppg are the
sum of all elements in the masks:

C E
LNMS =B D My, Lpms =a D M, (1
i=1 i=1
where = 1.0 is the node size coefficient and o = 0.005 is
the edge size coefficient. The purpose of these loss terms
is to penalise extraneous nodes and edges, thus reducing
the complete graph as much as possible. Finally, the mean
element-wise entropy of the node and edge masks are calcu-
lated using:

A=
Mo

LNME = — (My;log(My,) + (1 — My)log(1 — M,,,))
i=1
E

A
LEME = — % D (Melog(Me)) + (1 = Me)log(1 = ;)

i=1

2

where y = 0.1 is the node entropy loss coefficient and

A = 1.0 is the edge entropy loss coefficient. The entropy loss
terms assist the mask elements in being discrete values of zero
and one. Given this, the entire loss function can be summarised
as Liotal = L£CE + £NMS + £EMS + £NME + LEME-
The importance score of a node or an edge is determined by
the corresponding value of its mask after optimisation since a
higher mask value indicates higher importance for the model
to minimize the classification loss. However, continuous or
“soft” masks can lead to the ‘introduce evidence’ issue, where
non-binary values inject noise into the input graph, com-
plicating the explainability process [52]. In contrast, binary
or “hard” masks enhance intuitiveness and interpretability.
To address this, the method combines the use of the sigmoid
activation function with element-wise entropy in the loss func-
tion to promote mask discretisation. Specifically, the hard node
mask technique calculates gradients for each mask element
after the initial backward pass in the learnable mask training.
Elements with non-zero gradients are set to one in the hard
mask, effectively filtering out nodes that do not impact the
classification outcome through an element-wise multiplication
with the soft mask. This strategic application ensures only
influential nodes are retained, simplifying the explainability
process.

To assess the significance of individual frequency bands
on classification accuracy, we implemented spectral ablation
studies. These studies apply either bandpass or bandstop
filters of specific frequency bands onto the test data and
test the trained models on these processed data to understand
the impact of each frequency band on model performance.
The bandstop spectral ablation study involves isolating a
specific frequency band from the signal and removing all other
frequencies outside this range. Whereas the bandpass spectral
ablation study involves removing a specific frequency band
from the signal while retaining the rest of the signal intact.

Finally, for temporal explainability, we further executed
temporal ablation studies by applying either band-pass or
band-stop filtering to distinct temporal segments of the test

data, specifically the pre-movement, movement, and post-
movement segments. Subsequently, the trained models were
evaluated on this altered data to assess the impact on classifi-
cation performance. However, the resolution of this temporal
ablation approach is limited and does not offer a continuous
perspective on temporal significance. Therefore we extend a
similar concept of [52] to the temporal domain for continuous
evaluation of temporal importance. The goal is to identify
a subset of temporal features, X, that maintains the same
classification accuracy as the full set of features, X. In this
instance a feature mask, F € R!*T was applied across
each node feature vector. This allows for the identification of
temporal time points that are most essential to classification
decisions and removes those that are least essential. The loss
function is composed of the prediction cross-entropy loss Lc g,
the feature mask size loss Lr s, the feature mask entropy loss
LryE similar to the spatial explainability method.

T
Lems =B F
t=1
% t
LEME = — D (FilogF; + (1 = F)log(1 = F))  (3)
=1
where B = 1.0 and y = 0.1. The importance score of a

temporal segment is determined by the value of its mask after
the optimisation.

IV. EXPERIMENTS AND RESULTS
A. Classification Accuracy

We evaluated the classification performance of our pro-
posed SGNN model in comparison with state-of-the-art EEG
decoding models, including CNN-based models such as EEG-
Net [15], DeepConvNet [16], and ShallowConvNet [16] and
GNN-based models such as EEG Graph Convolutional Neural
Network (EEG-GCNN) [40] and self-attention dynamic graph
neural networks (SDGNN) [41]. These models were selected
for their demonstrated effectiveness in EEG classification and
the clarity of implementation details. For implementation,
our model and the CNN-based models used the EEG signal
as input whereas the EEG-GCNN models used the power
density of 6 different frequency bands (delta, theta, alpha,
lower beta, higher beta and gamma) as input node features
and the SDGNN model takes the EEG spectrogram as the
node features for input. All models were implemented using
PyTorch. We calculated the mean accuracy and F1-scores of
within-subject five-fold cross-validation to assess the model’s
performance of classifying EEG signals before and after learn-
ing. A Wilcoxon signed-rank test was utilised to determine
statistical significance due to the non-normal data distribution
and the paired nature of the samples. Figure 4 displays the
obtained accuracy and F1-scores with their standard deviation.

As seen in Figure 4 (a), our SGNN model, which uses
CNN layers to automatically extract relevant features, achieved
higher classification performance compared to other GNN-
based methods. Its performance was comparable to EEGNet
and ShallowConvNet, both of which have significantly fewer
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parameters, underscoring the robustness of our model on small
datasets.

Furthermore, apart from evaluating the GNN architecture’s
performance relative to the CNN architectures, an additional
analysis was undertaken. This involved testing the
performance of the GNN models trained with each subject’s
error-based or reward-based data with test data from their
opposite condition. This experiment was conducted to
determine if the models learned the same or differing neural
signatures. Figure 4 (b) shows that, while the models per-
formed very well with the test data under the same condition,
the cross-condition performances are significantly lower. This
indicated a significant domain shift between the data collected
under the error-based learning task and the reward-based learn-
ing task of the same subject. Therefore, this finding suggests
that the models learned distinct neural activity biomarkers
from error-based and reward-based learning data, and the
learning types have different neural circuitry mechanisms.

B. Explainability Analysis

The attention visualisation method across our networks
reveals a broad engagement of brain regions, with some
emphasis on the prefrontal, sensorimotor and visual cortex,
as shown in Figure 5 (a) and (b). However, this pattern does
not consistently emerge across all spatial maps for both
error-based and reward-based models in the datasets.

In our Node Masking approach our model identified the
bilateral prefrontal cortex in both reward-based and error-
based tasks as shown in Figure 5 (c). Furthermore, we also
investigated the importance of the nodes when the models
are trained on all 256 sensors in the dataset. Figure 5 (d)
revealed that the model relied on muscle fatigue signals from
the neck for the classification instead of the functional brain
area. Although the model could perform the prediction of
learning, it did not learn any useful biomarkers. This result
demonstrated the growing importance of explainability in Al,
particularly in healthcare applications.
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The results of our bandpass and bandstop spectral ablation
studies are shown in 6 (a) and (b), respectively. The bandpass
spectral ablation results demonstrated the significance of the
Delta band as the most significant biomarker. Having the Delta
band in the EEG can still enable our model to achieve over
70% mean accuracy.

The temporal bandpass and bandstop ablation results are
shown in Figure 6 (¢) & (d). The three main temporal
periods investigated were pre-movement, movement, and post-
movement. Both ablation studies showed the post-movement
period as most vital to learning classification.

Furthermore, the resulting temporal importance score aver-
aged across all subjects determined from the temporal masking

method is displayed in Figure 6 (e). These results also
confirm that the GNN model relies most heavily on the
during-movement and post-movement temporal periods to
make the classification decision for error- and reward-based
tasks. In particular, the period of 300 ms following the
termination of movement is considered most vital.

V. DISCUSSION
The classification results demonstrate that our proposed
SGNN model outperforms the two GNN baseline models,
in terms of both accuracy and Fl-score for error-based and
reward-based motor learning conditions. The superior perfor-
mance of our model can be attributed to its end-to-end learning
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capability, where CNN layers automatically learn important
features from EEG data, as opposed to the manually extracted
frequency features used in EEG-GCNN and SDGNN. This
approach enables our model to better capture the complex
spatial-temporal relationships inherent in motor learning.

Furthermore, while deeper models like DeepConvNet and
Deep-EEG-GCNN suffered from overfitting due to the small
training sample size, our model’s architecture strikes a balance
between complexity and robustness, allowing it to achieve high
performance without sacrificing explainability.

The spatial explainability results show the prefrontal, senso-
rimotor and visual cortex as the most important areas for the
model to classify the EEG data before and after learning the
visuomotor rotation. The divergences in the attention scores
before and after motor learning, outline a significant difference
between the areas of interest, which are given higher attention
values by the network. The shift in the error-based task from
the whole brain to the prefrontal and parietal cortex represents
perfectly the learning of the visuomotor rotation, as they
are related to sensory-motor adaptation [53] and integration,
as well as to reaching and grasping movements [54]. On the
other hand, the reward-based learning attention values before
and after learning show a major importance of the parietal cor-
tex, related to the task—reward associations [55], coherently
with the nature of the task and the feedback provided.

The node masking method identified the bilateral prefrontal
cortex as the most important area for both reward-based
and error-based tasks. This finding aligns with the known
involvement of the prefrontal cortex in higher-order cognitive
functions such as learning, memory, planning, and problem-
solving, as well as associative learning, where associations
between events and stimuli are learned [56]. Both reward
and error-based learning, subsets of associative learning that
link actions to outcomes, likely engage the prefrontal cortex’s
association formulation activity, aiding in signal classification
related to learning phases. Furthermore, the prefrontal cortex’s
connection to working memory, essential for retaining infor-
mation for problem-solving and adjusting movements based
on motor error information, underscores its relevance to motor
learning [57], [58]. Additionally, spatial mapping highlighted
the contralateral sensorimotor cortex, though less prominently,
supporting the integrated role of cognitive processing and
movement execution in motor learning, especially given the
task’s performance with the right hand, suggesting left cortex
sensorimotor activity [59].

The spectral ablation results show the Delta and Theta bands
as surprisingly fundamental for the accuracy of the model.
Delta activity is traditionally linked to memory consolida-
tion [60] and attention [61], as well as its oscillations and
their relation with the Beta band shape motor behaviours and
sensorimotor processes [62]. The Theta band is related to the
coordination and timing of neural activity, which is essential
for encoding and integrating new motor experiences.

In contrast, the importance of the Beta band, tradition-
ally and strongly linked to motor learning, seems not to be
used as the main driving factor by the model. In particular,
we would have expected it to be more important due to
the Post-Movement Beta Rebound (PMBR), an increase in

beta power following the termination of movement, found to
be different across the different learning mechanisms [13],
[14], [34]. However, the PMBR could be relevant to the
temporal ablation and masking, as the post-movement window
is of main importance for the network predictions and this peak
in the Beta could occur up to 1000ms after the movement
onset [63], which is exactly corresponding to the second peak
visible in figure 6 (e).

Our temporal explainability methods identified the post-
movement period, especially 300 ms after the movement
termination to be the most important temporal segment for
classification. This period likely corresponds to error detec-
tion and feedback processing which are crucial for motor
learning. It involves the assessment of discrepancies between
the intended and actual movement outcomes, enabling the
fine-tuning of future motor actions.

Looking further at the importance of temporal aspects of the
signals, the difference in the peak around the movement onset
between error- and reward-based tasks could be explained by
the timing of the reward provision, as in the error task it is
immediately visible, while in the reinforcement-based task, the
participants can retrieve the trial outcome just at the end of it.

VI. CONCLUSION

In this study, we developed an SGNN model and applied
an explainability pipeline to identify biomarkers in EEG
data related to motor learning. Our SGNN model achieved
comparable performance to conventional CNN-based EEG
classification models and outperformed other GNN-based
methods by effectively leveraging the graph-like structure of
EEG data and employing temporal CNN layers to automat-
ically extract important features from the EEG signals. This
highlights the model’s ability to maintain high classification
accuracy on small training datasets while providing enhanced
interpretability for biomarker identification.

Furthermore, we introduced the GNN-SST-Explainer
pipeline, incorporating spatial, spectral, and temporal analysis
to enhance model interpretability. Our spatial analysis iden-
tified the prefrontal and sensorimotor cortices as key areas
for classification decisions before and after learning. Spectral
analysis revealed the model’s emphasis on lower frequencies,
especially the Delta band, while temporal analysis identified
the post-movement phase, particularly 300 ms and 1000 ms
following movement termination, as biomarkers for motor
learning. In addition, our proposed explainability method has
led to identifying theta band activity in the post-movement
prefrontal cortex as a novel biomarker for error- and reward-
based learning.

Our research addresses a gap in behavioural neuroscience by
employing deep learning methods, especially GNN, to extract
explainable biomarkers from EEG signals. The implications of
our proposed method extend well into the healthcare domains,
facilitating the adoption of deep learning and data-driven
strategies for biomarker identification across various biosignals
linked to neurological diseases. Our research has potential
applications in personalised rehabilitation programs and the
development of neurofeedback systems, offering new avenues
for targeted interventions in motor learning and recovery.
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This advancement sets the stage for innovative interdisci-
plinary research and cultivates new collaborative prospects
between computer scientists and medical professionals, aiming
to create trustworthy Als for rehabilitation and healthcare.
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