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Abstract

Objective. While virtual reality (VR) combined with action observation (AO) provides enriched visual
guidance for motor imagery (MI), the decoding stability of MI Brain-Computer Interface (BCI)
remains a challenge due to the inherent non-stationarity and low signal-to-noise ratio of
Electroencephalography (EEG) signals in dynamic environments. Enhancing decoding accuracy and
understanding neural representations in VR-based AO+MI tasks remain important challenges in
neural engineering. Approach. This study proposes a hierarchical graph learning framework tailored
for VR-based MI decoding, leveraging multivariate variational mode decomposition (MVMD) to
decouple complex EEG signals into rhythmic components for enhanced multi-domain feature
analysis, hybrid feature selection for compact representation, and functional brain network modeling
based on phase locking value. Each EEG trial is represented as a sparsified graph, and a hierarchical
graph convolutional network is designed to capture multi-scale spatial dependencies and high-order
interactions for classification. Main results. Experimental evaluations on a lab-acquired VR-MI dataset
demonstrate that the proposed framework achieves competitive three-class decoding accuracy. This
performance surpasses baseline models such as EEGNet, as observed under VR-based motor imagery
conditions. In addition to enhanced decoding performance, the study enables neurophysiological
interpretation by characterizing VR-induced modulations in brain network organization. Significance.
VR-based AO+MI paradigm is found to enhance sensorimotor connectivity and promote large-scale
network integration, indicating more coordinated neural dynamics during MI tasks. These findings
suggest that the proposed framework effectively improves VR-based AO+MI decoding while
providing interpretable insights into neural mechanisms, supporting its potential for advanced BCI
applications.

1. Introduction

Brain-computer interface (BCI) systems establish a direct communication pathway between
neural activity and external devices, bypassing conventional neuromuscular channels. Among various
BCI paradigms, Motor Imagery (MI)-based BCI has attracted extensive attention because it enables
users to generate controllable neural patterns without physical movement, showing considerable
potential in rehabilitation, assistive communication, and human-machine interaction [1-3].

Neurophysiologically, Ml induces task-related modulation of sensorimotor rhythms, particularly
in the p (8-13 Hz) and 8 (13-30 Hz) bands, which are commonly characterized by event-related
desynchronization (ERD). These EEG signatures provide important biomarkers for MI-BCI decoding
and neural rehabilitation[4-5].



Despite its considerable potential, the practical application of MI-BCI continues to face significant
challenges. Due to the low signal-to-noise ratio (SNR) and non-stationary characteristics of EEG data,
accurate classification of different types of MI-EEG signals remains highly challenging
[2].Implementing EEG-based BCI systems for Motor Imagery recognition in real-world application
scenarios is hindered primarily by inherent inter-individual variability and the low SNR of EEG
signals [6]. Recently, VR-assisted MI paradigms have emerged as a promising approach to improve
user engagement and provide immersive feedback. However, the neural mechanisms underlying VR-
induced modulation of MI representations remain insufficiently understood [4]. Nevertheless, how to
systematically elucidate the influence of VR on the neural representations of MI from both the signal
decoding and neuromechanistic perspectives remains a critical scientific question that urgently
requires investigation. Addressing the challenges of enhanced EEG non-stationarity, complex cross-
regional neural interactions, and limited decoding stability in virtual reality-based motor imagery
(VR-MI), this study presents an integrated decoding framework and a paired MI/VR-MI experimental
dataset. The main contributions are summarized as follows:

(1) A paired MI/VR-MI EEG dataset is established using a conventional cue-based MI paradigm
and a VR-based action observation plus MI paradigm. This dataset provides a valuable resource for
investigating EEG decoding and neural differences between MI paradigms, where public VR-MI
datasets remain limited.

(2) Anintegrated decoding framework combining MVMD, multi-domain feature extraction,
feature optimization, and hierarchical graph learning is developed. By integrating complementary
signal processing and graph learning strategies, the framework improves EEG representation and
functional interaction modeling.

(3) The proposed framework incorporates PLV-based functional connectivity into hierarchical
graph learning to capture multi-scale spatial dependencies and higher-order brain interactions,
achieving competitive decoding performance on three-class MI tasks.

(4) Comparative experiments on the paired dataset demonstrate the effectiveness of the
proposed framework and provide evidence for differences in decoding performance, functional
connectivity, and EEG feature representations between conventional MI and VR-based action
observation plus MI paradigms.

2. Related work

The traditional technical pipeline for MI-EEG decoding relies on the combination of manually
engineered features with shallow classifiers, such as Common Spatial Pattern (CSP) coupled with
Support Vector Machine (SVM) or Linear Discriminant Analysis (LDA) [7].To achieve effective sub-
band representation, earlier works integrated dual-tree complex wavelet filter banks with the
Common Spatial Pattern (CSP) algorithm for the purpose of hierarchical signal breakdown and
subsequent spatial profiling [8]. Although these methods achieve satisfactory performance under
specific conditions, their dependence on manually designed features limits their ability to
characterize the complex spatial-temporal patterns of non-stationary EEG signals.

Recent advances in deep learning have significantly improved MI-EEG decoding by enabling
automatic feature learning from raw EEG signals [9]. Convolutional Neural Networks (CNNs) have
demonstrated strong capability in extracting local spatial and temporal features. Representative
studies include EEG Conformer [10-11], which combines convolutional feature extraction with
Transformer-based global dependency modeling, ATCNet [12], which incorporates domain-specific
priors into temporal convolutional networks, and EEG-Deformer[13], which integrates dense
convolutional connections with Transformer architectures. Recurrent neural-network approaches
have also been proposed to model spatial and temporal dependencies in MI-EEG [14]. Despite these
advances, CNN-based methods mainly operate in Euclidean space and therefore cannot explicitly
model the complex topological relationships among EEG channels, limiting their ability to
characterize large-scale functional interactions in the brain.

To better characterize the non-stationary oscillatory properties of multi-channel EEG signals,
Multivariate Variational Mode Decomposition (MVMD) has recently attracted increasing attention. As
a multichannel extension of Variational Mode Decomposition (VMD), MVMD simultaneously



decomposes all EEG channels into frequency-aligned intrinsic mode functions, providing superior
consistency across channels and improved robustness for multivariate neural signal analysis [15].

Several studies have demonstrated the effectiveness of MVMD for MI-EEG decoding. Sadiq et al.
[16] first introduced MVMD into MI classification and reported substantial improvements over
MEMD-, MSWT-, and MEWT-based methods by combining MVMD with ReliefF feature selection. Jian
etal. [17] further proposed grouped multivariate variational mode decomposition for EEG analysis.
Nevertheless, existing MVMD-based approaches mainly employ conventional statistical or nonlinear
feature extraction after signal decomposition. The potential of integrating MVMD-derived multi-scale
neural representations with graph-based deep learning frameworks has not yet been fully explored.

To overcome the limitations of Euclidean feature learning, Graph Convolutional Networks (GCNs)
have been increasingly adopted for EEG decoding because they naturally model non-Euclidean
topological relationships among electrodes [18]. Existing studies have explored various graph
construction strategies. Hou et al.[47] proposed GCNs-Net based on Pearson correlation-derived
graph Laplacians. Dense-GCN [19] integrates dense graph convolutions with enhanced S-transform
features to jointly capture temporal, spectral, and spatial information. More recently, LGGNet [20]
introduced hierarchical graph learning based on functional brain partitions, whereas MGCANet [21]
fused multiple anatomical and functional brain graphs using adaptive attention mechanisms. Xue et
al. [18] proposed F-FGCN by constructing functional graphs from Pearson correlation matrices and
achieved competitive decoding performance on the PhysioNet dataset.

Although these methods effectively exploit graph topology, most rely on a single graph
representation and rarely consider the interaction between multi-scale signal decomposition and
graph representation learning. Consequently, the complementary advantages of frequency-aligned
neural representations and functional brain topology remain insufficiently utilized.

Recently, VR has been increasingly integrated into MI-BCI systems to provide immersive feedback
and improve user engagement. Previous studies have demonstrated the potential of VR-based
paradigms in enhancing MI performance and supporting rehabilitation-oriented applications [22-28].
However, existing VR-MI investigations mainly focus on behavioral improvements or conventional
EEG biomarkers, while the influence of VR on large-scale functional brain organization, dynamic
neural representations, and decoding-oriented mechanisms remains insufficiently explored.

Motivated by these gaps, this study develops a novel MVMD-FSGCN framework that integrates
multi-scale feature extraction, adaptive graph construction, and hierarchical graph representation
learning. Specifically, MVMD is utilized to decompose EEG signals into frequency-aligned intrinsic
modes, while a node-wise hybrid feature selection strategy—integrating mRMR, ReliefF, RFE, and
LASSO—is employed to extract compact and discriminative representations. To characterize
dynamic brain connectivity, each EEG trial is modeled as a graph based on Phase Locking Value
(PLV), complemented by an adaptive sparsification strategy using the upper quartile threshold to
preserve essential functional connections while mitigating noise. A hierarchical GCN architecture
with pooling is then implemented to capture both local and high-order topological interactions.

Experimental results indicate that the proposed framework outperformed the evaluated
traditional and deep-learning baselines under the reported subject-specific protocol. Notably, the
mean accuracy under the combined VR-based AO+MI condition was 70.30%, compared with 60.20%
under conventional MI (Holm-adjusted p = 0.006, Cohen's dz = 0.62). Further analysis indicates
condition-related differences in functional connectivity, with group-level graph measures showing
significant Beta-band changes in global efficiency and characteristic path length. Ablation analyses
further examine the contribution of decomposition, feature selection, graph construction, and
hierarchical pooling. Overall, the findings support the proposed framework for subject-specific
decoding and provide an interpretable comparison of the two experimental conditions.

3. Materials AND Methods
3.1. Dataset

Due to the limited availability of data sets regarding the Motor Imagery paradigm under VR
conditions, we utilized a variety of EEG data sets collected by our laboratory and designed specifically



for different rehabilitation paradigms. The study was approved by the Ethics Committee of Gansu
Provincial Maternity and Child-care Hospital (Gansu Provincial Central Hospital)((2023) GSFY Ethics
[90]) and conducted in strict accordance with the Declaration of Helsinki. These data sets are publicly
available at https://figshare.com/articles/dataset/A_Multi-

Paradigm EEG Dataset for Studying Upper Limb Rehabilitation Exercises Raw EEG_Dataset/28831730/2.

3.1.1. Participants

A total of 30 healthy subjects (15 males and 15 females, aged 20-33 years) were initially
recruited. However, two subjects (S207 and S218) were excluded prior to the analysis due to
excessive artifact contamination and suboptimal signal quality. Consequently, data from the
remaining 28 subjects (14 males and 14 females) were included in the final study. All participants
were right-handed according to the Edinburgh Handedness Inventory [29], and had normal or
corrected-to-normal vision. The study was conducted in accordance with the Declaration of Helsinki
[30], and written informed consent was obtained from all participants prior to the experiment. To
minimize confounding effects on cortical activity, subjects were required to maintain adequate sleep
and strictly abstain from caffeine-containing beverages for at least 12 hours before data collection
[31].

3.1.2. Experimental Paradigms

The experiment comprised two paradigms: a conventional Motor Imagery (MI) paradigm and a
virtual reality-based motor imagery (VR-MI) paradigm.

Paradigm 1 (MI): Participants positioned their arms on the desk surface while concentrating on a
central "+" symbol. Following the removal of this fixation point, they noted the specific side on which
a square emerged. Depending on whether the square appeared on the left, right, or both sides,
subjects imagined performing a grasping-releasing task with the corresponding hand(s) without any
actual motor execution. The experimental paradigm is illustrated in Figure 1 (a).

Figure 1. Experimental paradigms of the Motor Imagery (MI) task and the VR-based Motor Imagery
(VR-MI) task.



Paradigm 2 (VR-based MI): Participants wore VR glasses and focused on a central "+" symbol
within the VR display. In the virtual scene, participants observed the actions of virtual hands (left,
right, or both) and simultaneously performed the corresponding motor imagery. The experimental
paradigm is illustrated in Figure 1(b).

Each imagery task lasted for 4 s, followed by a 2 s rest period. Each experimental session lasted 3
minutes, during which 10 trials were performed for each hand. Each paradigm was repeated 4 times,
ensuring that each subject accumulated a total of 40 valid trials per task.

3.1.3. Data Acquisition and Preprocessing

This study employed the NeuSen W series wireless electroencephalography acquisition system,
manufactured by Neuracle Technology Co., Ltd. (China), for data acquisition. A total of 59 EEG
electrodes were positioned according to the international 10-20 system [32]. The initial sampling
rate was set to 1000 Hz, with electrode impedance maintained below 20 k(. In addition,
electrooculogram (EOG) and electrocardiogram (ECG) signals were simultaneously recorded for
artifact identification.

The raw data from 28 subjects were preprocessed using the EEGLAB toolbox in MATLAB as
follows [33]: (1) Electrode localization was performed, and non-essential channels (‘ECG’, ‘HEOR’,
‘HEOL’, ‘VEOU’, ‘VEOL’) were removed; (2) Common average referencing and band-pass filtering (8-
30 Hz, corresponding to motor imagery-related frequency bands) were applied [34-35]; (3) Data
were downsampled from 1000 Hz to 128 Hz; (4) Bad channels were visually inspected and removed,;
(5) Data segmentation and merging were conducted, where 4-second task execution periods (2-6 s)
from Paradigm 1 and Paradigm 2 were extracted for each subject and sequentially concatenated,
followed by quality control to discard low-quality segments [36]; (6) The processed data were saved
in the required format for subsequent analysis. For each subject, the final dataset included one MI
recording and one VR-MI recording (e.g., for subject S201: 201MI.fdt/.set and 201VR.fdt/.set).

The final number of usable trials per class across all subjects was 37.37+6.06. It is worth noting
that while the target was 40 trials, the actual counts ranged from 20 to 50. For a few subjects (e.g.,
S210, S202), the count exceeded 40 because additional backup blocks were recorded during the
acquisition phase to compensate for potential data loss. Conversely, for subjects with higher artifact
contamination (e.g., S205, S208), strict rejection criteria led to fewer remaining trials. In all cases, the
trials remained approximately balanced across the three classes for each individual, with the exact
per-subject trial counts provided in Table S1 of the Supplementary Material. This setup ensures that
classification fairness and the reliability of the reported accuracies were not compromised by class
imbalance.

3.2. VR Motor Imagery Decoding Based on the MVMD-FSGCN Framework

Based on an EEG dataset of multiple rehabilitation modalities collected in our laboratory, this
paper designs an MVMD-FSGCN decoding framework. We conduct a comparative analysis of neural
representations between the VR-based AO+MI paradigm and the cue-based MI paradigm, providing
theoretical support for the effectiveness of a new VR-MI rehabilitation paradigm and offering critical
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Figure 2. Overall architecture of the proposed MVMD-FSGCN decoding framework.

scientific evidence and practical guidance for developing more efficient neurorehabilitation
protocols. The overall decoding framework is illustrated in Figure 2.

3.2.1. Multi-Modal Decomposition and Multi-Domain Feature Extraction

Given an EEG trial X e R™" , MVMD decomposes the multichannel signal into K band-limited
intrinsic modes:

X - {uk}il u, e R (M

The decomposition is formulated as a constrained variational problem that minimizes the sum of
bandwidths of all modes while ensuring signal reconstruction:
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In this study, MVMD is applied independently to each trial with fixed parameters, yielding a four-
dimensional tensor:

U= I:u; (, n)] € REXCT*N (4)

which preserves both channel-wise and frequency-adaptive representations.

For each decomposed mode, a 54-dimensional feature vector is extracted, including time-domain,
frequency-domain, nonlinear, entropy-based, and geometric features. For each mode & and channel
¢, afeature vector f, e R* is extracted:
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Where ®(.) denotes a multi-domain feature mapping.

The extracted features include: Time-domain statistics: amplitude distribution and variability
[37]; Dynamic features: first- and second-order differences, Hjorth parameters [38]; Frequency-
domain features: band power in p (8-13 Hz) and B (13-30 Hz) bands [39]; Nonlinear measures:
signal energy, Teager-Kaiser energy [40]; Entropy measures: approximate entropy, sample entropy,
Rényi entropy [41]; Geometric descriptors: area, centroid distance, angular variation [42]. The
features are concatenated across all modes and channels:

FY = vec({ S b ) ™)

resulting in a high-dimensional representation:

FO c RKCS )

To further capture the morphological characteristics of EEG signals, a set of geometric features
was designed by mapping the temporal waveform into geometric structures. These include area-
based descriptors, centroid distances, vector lengths, angular variations, and shape-related metrics
(e.g. ellipse area and octagonal approximation), providing a novel perspective on EEG signal



Table 1. Summary of Extracted Features.

Category Feature Type Description
Time-domain Mean abs, RMS, variance, etc. Amplitude statistics
Dynamic Hjorth, FD, etc. Temporal complexity
Frequency Band power, etc. Spectral energy
Nonlinear Energy, TKEO, etc. Nonlinear dynamics
Entropy ApEn, SampEn, etc. Signal irregularity
Geometric Area, angle, centroid, etc. Morphological features

representation. Multidimensional features are shown in Table 1. These features jointly capture
amplitude, spectral, nonlinear, and morphological characteristics of EEG signals.

3.2.2. Feature Selection via Multi-Strategy Fusion

Given the high dimensionality and redundancy of the extracted features, a multi-strategy feature
selection scheme is proposed to obtain a compact and discriminative representation suitable for
graph-based modeling.

The original feature matrix is constructed by concatenating all modal-channel features:

Fe RNX(K-C-FO) )

where N is the number of trials; X is the number of MVMD modes; C is the number of EEG
channels; F, is the number of features per mode-channel.

To construct channel-based graph nodes, the feature tensor is reorganized along the channel
dimension. Specifically, features from all MVMD modes belonging to the same EEG channel are
concatenated:

X e RWOXKR) (10)

node

where each row corresponds to one channel node from one trial, and the feature dimension K - F,
represents all mode-feature combinations. The corresponding labels are expanded as:

Y . =repeat(Y,C) (11

node

Here, the node-wise formulation is used only to organize channel-consistent feature ranking for
graph construction. It does not imply that channels from the same trial are treated as independent
experimental observations during data splitting or evaluation. During model evaluation, all channel
nodes from the same trial are always assigned to the same cross-validation fold, ensuring that no
information is shared between training and testing sets.

To obtain robust feature importance estimation, four complementary feature selection strategies
are adopted, including minimum redundancy maximum relevance (mRMR) [43], ReliefF [44], LASSO
[45] regression, and recursive feature elimination (RFE) [46]. For the i-th feature, the importance

scores obtained from the four methods are denoted as:
(

s, m=1,2,3,4 (12)
where m represents the feature selection strategy. For mRMR, the feature score is calculated by
maximizing the relevance with class labels while minimizing redundancy among selected features:

Sf”=1(ﬁ;y)—ﬁzl(ﬁ;f,) (13)

where I (-)represents mutual information, f; is the i-th feature, y denotes the class label, and P =
K X Fyis the total number of mode-feature combinations. ReliefF evaluates feature importance
according to intra-class compactness and inter-class separability:
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where H, , and M,, ,,, denote the nearest neighbors from the same and different classes, respectively,
and K, represents the number of nearest neighbors. For LASSO regression, the feature coefficients
are obtained by solving:

p=argmin (Il y— X Bl + Al Bl ) (15)

where A controls the sparsity constraint. The corresponding feature importance is defined as:

P =B (16)

For RFE, a linear SVM is iteratively trained to evaluate feature contribution:
o =SVM(X",y) (17)

and the feature importance is calculated as:

l «r p
S]_(4) — ?Zm (wi( ))2 (18)

Since different feature selection algorithms generate scores with different numerical ranges, min-
max normalization is applied:

) S™ —min  (S™)

= - 19
max (S;’”’ )—min, (S;’”’ )+e (19)
where € is a small constant preventing division by zero.
The final feature importance score is obtained by weighted aggregation:
4 ~(m
S5 =3 0, 5" (20)

m=1

where w,,, denotes the weight assigned to the m-th feature selection method. The weights were
empirically set as: w=1.0,w,=1.0,w, =1.0,w,=1.5, where the larger weig
ht assigned to RFE reflects its wrapper-based evaluation capability through iterative model
optimization.
After feature score aggregation, the top Kdiscriminative mode-feature combinations are selected:
I =TopK(S™,K)) (2]

Where K;=100 and Ig,; = {il, iy, .ee) iKS} represents the selected feature index set.

Importantly, the selected indices correspond to mode-feature combinations rather than specific
EEG channels. Therefore, the same feature index set is applied to every EEG channel, while the
corresponding feature values remain channel-dependent.

For the n-th trial and c-th EEG channel, the final node feature vector is reconstructed as:

XmO=[x i s Xnei 1€ R* 22)

node

n,c,i ’x
where Xn,c,i; denotes the value of the j-th selected mode-feature combination for channel c.
Consequently, the final graph input feature tensor is represented as:

XGCN: RNXCXK\. (23)
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Figure 3. Unified Node Feature Selection Analysis and Top 20 Key Feature Distribution for GCN
based on the MVMD-FS Framework.

where each EEG channel is treated as a graph node containing a unified K;-dimensional feature
representation.

This reconstruction strategy ensures consistent feature semantics among different EEG nodes
while maintaining channel-specific neural information. Therefore, the graph convolutional network
can effectively learn spatial dependencies among EEG channels based on comparable node
embeddings. Meanwhile, computational complexity is effectively reduced through sample
subsampling, candidate feature preselection, and parallel processing; furthermore, by reshaping the
aggregated scores into the mode-feature space, feature importance is visualized to reveal the
contribution distribution across multiple modes and feature domains, thereby enhancing the
interpretability of the model.

As shown in Figure 3, the selected feature distributions exhibit clear inter-subject variability
across subjects and experimental paradigms. To determine whether this variability reflects subject-
dependent discriminative patterns rather than instability caused by the limited sample size, we
further evaluated the robustness of the proposed feature selection strategy using repeated stratified
cross-validation (Supplementary Material, Figure S1 and Table S2). The stability analysis
demonstrated that the selected feature subsets were consistently more reproducible than random
selection, indicating that the observed inter-subject variability is unlikely to arise solely from
selection instability. Instead, it more plausibly reflects subject-dependent discriminative mode-
feature patterns. Furthermore, the comparison between VR-MI and MI suggests that different
experimental conditions emphasize different modal-feature combinations rather than fixed intrinsic
mode identities. Overall, the proposed framework constructs stable and subject-specific node
representations with consistent channel semantics, thereby facilitating subsequent graph-based
decoding.

3.2.3. Graph Construction and GCN-Based Decoding Model

In this study, each EEG trial is modeled as a graph based on the underlying neurophysiological
topology. Specifically, each sample is represented as a node-feature matrix X e R““*"’, where C =59
denotes EEG channels (graph nodes) and F =100 represents the selected node-wise feature
dimension derived from MVMD decomposition and feature selection. In this study, to characterize



the dynamic functional connectivity of EEG signals across different trials, a trial-wise graph
construction strategy is adopted. Specifically, for each EEG trial, the phase synchronization between
channels is first computed on the 8-30 Hz bandpass-filtered signals, based on which a functional
connectivity matrix is constructed to define the graph structure.Phase synchronization is quantified
using the Phase Locking Value, which is calculated as follows:

1 & 6,00
i ! 7
s

t=1

PLV, = (24)

Where ¢,(r) and ¢,(r) denote the instantaneous phases of the i-th and j-th channels at time t,

respectively, typically obtained via the Hilbert transform of the analytic signal, and T represents the
number of time points. The PLV ranges from 0 to 1, reflecting the degree of phase synchronization
between two brain regions.

Based on this, a symmetric functional connectivity matrix PLV e R“ is obtained, where each
element represents the connection strength between a pair of channels. Considering the presence of
noise and weak correlations in EEG signals, a sparsification strategy is applied to the PLV matrix to
enhance the discriminative power of the graph structure and reduce redundant connections. For
each trial, an adaptive threshold is determined according to the distribution of PLV values. By
comparing different thresholding strategies (e.g., fixed thresholds and proportional thresholds), the
upper quartile is ultimately selected as the sparsification threshold. Only strong connections are
retained, and the adjacency matrix is defined as:

»_ :{PLVU., PLV,>1,
ij

25
0, otherwise 25)

where 7z, denotes the upper quartile threshold of the PLV matrix for the current trial. This

strategy preserves the most discriminative strong connections, effectively suppresses noisy links,
and improves the stability of graph convolutional learning.

The graph structure is defined by a predefined adjacency matrix 4 e R““, which is further
normalized as [47]:

1 1
A=D 2(A+1)D ? (26)

to ensure numerical stability during graph convolution. Based on this graph representation, a
hierarchical Graph Convolutional Network (GCN) is employed to model spatial dependencies across
brain regions. Each graph convolution layer performs neighborhood feature aggregation and linear
transformation as:

H" = c(AH"W®") 27

Where H® denotes node features atlayer / , W' is the learnable weight matrix, and () is a
nonlinear activation function. The first graph convolution layer projects node features from CxF to
a higher-dimensional space while integrating first-order neighborhood information.

To further enhance discriminative capability and reduce redundancy, graph pooling is applied to
perform node selection and hierarchical graph coarsening (e.g.,, 59—41). A second graph convolution
layer is then applied on the reduced graph to capture higher-order topological interactions.
Subsequent pooling further compresses the graph structure to obtain a compact high-level
representation.

Finally, a global readout operation aggregates node-level features into a graph-level
representation 4, € R’ ,which encodes the discriminative characteristics of the entire brain

network. This representation is fed into a fully connected layer followed by a Softmax classifier to
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Figure 4. Structural details of the GCN layers and coarsening pooling operations in the MVMD-FSGCN
framework.

produce class probabilities. The model is trained using cross-entropy loss and optimized via
backpropagation.

This framework establishes a hierarchical mapping from node-level spectral-statistical features to
graph-level discriminative representations, enabling unified modeling of spatial feature propagation,
graph structure reduction, and global classification in non-Euclidean EEG data. Figure 4 provides a
detailed schematic of the MVMD-FSGCN architecture, illustrating the specific computational flow
from graph convolutional layers for spatial feature propagation to coarsening pooling operations for
graph reduction. The specific architectural parameters and data flow dimensions for each layer of the
proposed model, including the convolutional, pooling, and fully connected stages, are summarized in
Table 2. The complete algorithmic logic of the MVMD-FSGCN framework is provided in
Supplementary Algorithm S1.

Table 2. Feature Dimension Variations.

Convolutional Graph Convolutional Graph
Input layer 1 Pooling 1 layer 2 Pooling 2 Readout FC
Feature 44 128 128 128 128 128 3
dimension
Number 54 59 a1 41 20 1 \

of nodes
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Figure 5. Cross-validation pipeline with trial-level data splitting and leakage prevention.

3.2.4. Data splitting and leakage prevention

To ensure the scientific rigor and generalizability of the proposed framework, a strict data
isolation and evaluation protocol was implemented. Although feature extraction (via MVMD) and
GCN-based classification are conducted as separate stages, the entire pipeline strictly adheres to the
following leakage prevention principles: Trial-level Data Partitioning: The dataset was partitioned at
the trial level using a stratified 5-fold cross-validation scheme. Importantly, the node-wise
representation (i.e., channel-wise samples derived from each trial) was used only for feature
organization, not for data splitting. All nodes (channels) belonging to the same trial were strictly
assigned to the same fold. Therefore, no samples originating from the same trial appear in both
training and testing sets, effectively preventing spatial-temporal leakage. Independent Feature
Extraction: MVMD-based feature extraction was performed independently for each trial. The
decomposition process and the computation of the 54 physical features relied solely on intra-trial
information, without using any cross-trial statistics or global data distribution. This ensures that each
trial is represented by fully self-contained features. Fold-specific Parameter Fitting: All normalization
and scaling operations (e.g., Z-score standardization) were fitted exclusively on the training data
within each fold. The estimated parameters (mean and standard deviation) were then applied to the
corresponding test data. Under no circumstance was test data used to compute normalization
parameters.

Internal Feature Selection: The multi-strategy feature selection methods were performed strictly
within the training data of each fold. The test fold remained completely unseen during feature
ranking and selection. The voting mechanism for feature aggregation was applied only within the
training partitions of the current fold and did not involve any information from other folds or test
data, thereby avoiding cross-fold information leakage.

One-time Final Evaluation: The test fold was used strictly once for final evaluation after model
training and feature selection were fully completed. No model tuning, feature selection, or
hyperparameter optimization was performed using the test data. This guarantees an unbiased
estimation of the model’s decoding performance. The overall data partitioning and validation
strategy, including the measures to prevent information leakage between training and testing sets,
are detailed in Figure 5.



4. Experiments and Results Analysis
4.1. Decoding Performance

Following the established MVMD-FSGCN framework, this section presents the performance
evaluation and comparative analysis of the experimental data. Initially, 30 subjects were recruited for
the experiment. However, after rigorous quality control, 2 subjects (S207 and S218) were excluded
due to poor signal-to-noise ratio. The efficacy of the proposed model is highlighted through the
analysis of the remaining 28 subjects. To ensure a fair and rigorous comparison, all models—
including the proposed framework and the baseline methods—were evaluated using identical
train/test partitions for each subject. This ensures that any performance differences are attributable
to the model architectures rather than data splitting variability. To improve readability, Table 3
presents the detailed decoding performance of 10 example participants together with the group-level
performance (Mean * Std, N = 28). For each participant, the reported accuracy represents the

Table 3. Decoding Performance of Different Models on VR-MI and MI Data

Databa L MVMD-  ~op, MLP  CSP+SVM  EEGNet  ATCNet EEG-
se Subject_id FSGCN (%) (%) (%) (%) Conformer

(%) (%)

S201 72.73 63.64 59.05 50.00 54.55 40.91

$202 70.37 68.89 59.26 70.37 64.29 62.96

S204 83.33 66.67 66.67 41.67 54.17 75.00

$210 86.67 56.67 70.00 40.00 53.33 60.00

S211 83.33 75.00 58.33 33.33 50.00 50.00

VRMI $212 75.00 50.00 58.33 37.50 66.67 45.83
$213 72.73 57.14 42.86 47.62 76.19 66.67

$219 72.73 52.38 52.38 33.33 61.90 45.46

S227 87.50 70.83 66.67 50.00 83.33 75.00

$230 83.33 75.00 75.00 33.33 70.83 50.00

MeanzStd  70.30 55.05 54.71 42.32 57.85
(N=28) +12.61 +14.64 +14.65 +1112  +1088 ~019¢1021

$201 55.65 54.60 50.00 50.00 49.21 44 44

$202 58.33 46.46 41.67 45.83 41.67 50.00

S204 50.00 35.56 36.84 26.32 52.63 70.00

$210 54.55 27.27 22.73 45.45 54.55 72.73

$211 50.00 50.00 50.00 37.50 41.67 50.00

MI $212 83.33 75.00 62.50 54.17 58.33 75.00
S213 58.33 56.52 52.17 34.78 41.67 66.67

$219 45.45 27.27 22.73 45.45 45.45 40.91

S227 79.17 66.67 58.33 20.83 70.24 62.50

$230 58.33 66.67 58.33 50.00 54.17 66.67

Mean#Std  60.20 50.74+ 47.22+ 39.15¢+  53.19 %
(N=28)  +9.45 12.06 13.20 8.29 789  °>+47+1031

Note: Detailed metrics are shown for 10 example participants to improve readability, while the complete results for all 28
participants are provided in Supplementary Table S3. For each participant, the reported accuracy was first obtained by averaging
the results over the five-fold cross-validation. The Mean * Std (N = 28) rows therefore represent the mean accuracy and the inter-
subject standard deviation calculated across the 28 evaluated participants, rather than the variability across cross-validation
folds. The theoretical chance level for this three-class motor imagery task is 33.33%. VR-MI: Virtual Reality-based Action
Observation and Motor Imagery; MI: Traditional Cue-based Motor Imagery.
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Figure 6. Individual-level decoding performance comparison across 28 subjects. Raincloud plots
illustrate the multi-model classification accuracy distributions under (a) the VR-MI environment and
(b) the traditional MI environment. Each plot dynamically combines data density profiles, box plots
(representing the median and interquartile range), and subject-specific jittered data points. The
horizontal red dashed line denotes the theoretical three-class chance level (33.33%).

average over the five-fold cross-validation, whereas the Mean + Std values were calculated across the
28 evaluated participants. The complete participant-level results are provided in Supplementary
Table S3, and the distributions of classification accuracies are illustrated using raincloud plots in
Figure 6. The classification performance was evaluated across both the traditional cue-based MI and
the VR-based AO+MI (VR-MI) datasets. To validate the robustness of the MVMD-FSGCN model, it was
compared against several baseline methods: the classical shallow architectures including common
spatial patterns (CSP) [48] combined with MLP and SVM, the standard deep-learning baseline
EEGNet [49-50], and two state-of-the-art networks, namely ATCNet and EEG-Conformer. The
comprehensive hyperparameter search strategies and architectural configurations for all
implemented models are detailed in Supplementary Table S4. All experiments were conducted on a
workstation equipped with an NVIDIA GeForce RTX 4090 GPU, ensuring efficient model training and
inference. The EEG data preprocessing and feature extraction procedures, including MVMD
decomposition and feature construction, were implemented in MATLAB R2021b (MathWorks, USA),
while the model training and evaluation of the proposed FSGCN framework and comparative
methods were performed in PyCharm 2025.1.1.1 using a Python-based deep learning environment.

As suggested by the statistical analyses summarized in Table 4, the proposed MVMD-FSGCN
framework achieved a competitive performance advantage over both traditional machine learning
and recent deep learning architectures across both experimental paradigms. Crucially, paired
statistical comparisons across the 28 subjects indicated that the VR-based paradigm was associated
with a statistically significant improvement in overall decoding accuracy compared to the traditional
MI paradigm (mean difference = 10.09%, 95% CI = [3.76%, 16.42%)], paired t-test: adjusted p = 0.006,
Cohen's d, = 0.62).

Furthermore, under the VR-MI condition, the performance of MVMD-FSGCN against all evaluated
baselines appeared notably higher (all adjusted p < 0.001), demonstrating meaningful effect sizes
over the classic EEGNet (mean difference = 27.97%, Cohen's dz = 1.99) as well as recent architectures
including ATCNet (mean difference = 12.44%, Cohen's dz = 1.09) and EEG-Conformer (mean
difference = 14.11%, Cohen's dz = 1.12).

Although EEGNet has achieved competitive performance on several public MI datasets, its
performance in our study was relatively limited. One possible reason is the small subject-specific
sample size. After artifact rejection, each subject contained only approximately 20-50 trials per class,
and the effective training set became even smaller under five-fold cross-validation with validation
splitting. Under such conditions, end-to-end models trained directly on raw EEG are more susceptible
to overfitting and optimization instability, which may lead not only to lower average decoding
accuracy but also to greater variability in performance across participants.



Table 4. Paired statistical comparisons of decoding accuracy across 28 subjects.

Mean : .
Comparison diff. 95% CI Test Raw p adjusted Col'cllen s
(%) P ;
VR-MI vs MI (MVMD- paired t-
FSGCN) 10.09 [3.76,16.42] test 0.0029 0.006 0.62
MVMD-FSGCN vs CSP+MLP paired t-
<0. <0.
(VR-MI) 15.25 [11.44,19.06] test 0.001 0.001 1.55
MVMD-FSGCN vs CSP+SVM paired t-
<0. <0.
(VR-MI) 15.58 [11.49, 19.68] test 0.001 0.001 1.48
MVMD-FSGCN vs EEGNet paired t-
<0. <0. .
(VR-MI) 27.97 [22.52,33.43] test 0.001 0.001 1.99
MVMD-FSGCN vs ATCNet paired t-
<0.001 <0.001
(VR-MI) 12.44 [8.00, 16.89] test 0.00 0.00 1.09
MVMD-FSGCN vs EEG- paired t- <
0.001 <0.001
Conformer (VR-MI) 14.11 [9.22,19.00] test 1.12
MVMD-FSGCN vs CSP+MLP g 47 1639 12551 Paredt 001 <0.001 1.19
(MID) test
MVMD-FSGCN vs CSP+SVM 12.98  [8.66,17.30] paired t- <0.001 <0.001 116
(MID) test
MVMD-FSGCN vs EEGNet ) oo 11662 2548] PAT4E 09001 <0.001 1.84
(MI) test
MVMD-FSGCN vs paired t- < <
ATCNet (MI) 7.01 [4.12,9.90] test 0.001 0.001 0.94
MVMD-FSGEN VS EEG- 570 1950 1031]  Wilcoxon 00099  0.010 0.58
Conformer (MI)

Note: Statistical analyses were performed on decoding accuracies from 28 subjects. Mean differences were calculated as the
performance difference between the first and second conditions in each comparison. The Shapiro-Wilk test was used to assess the
normality of paired differences. Paired t-tests were used when the normality assumption was not rejected; otherwise, Wilcoxon
signed-rank tests were used. Raw two-sided p-values and Holm-adjusted p-values are reported. The Holm correction was applied
across the complete family of 11 paired comparisons shown in this table. For paired t-tests, the 95% CI represents the confidence
interval of the mean paired difference. For Wilcoxon signed-rank tests, the 95% CI represents the Hodges-Lehmann confidence
interval for the location shift. Cohen's dz was calculated as the standardized mean paired difference. A two-sided Holm-adjusted p
< 0.05 was considered statistically significant.

In contrast, the proposed MVMD-FSGCN first performs signal decomposition and feature selection
before graph learning, substantially reducing the dimensionality and improving the signal-to-noise
ratio. Therefore, the graph classifier learns from compact discriminative representations instead of
high-dimensional raw EEG, making it more suitable for limited-data scenarios.

4.2. Ablation Study

To quantify the contribution of each component in the proposed MVMD-FSGCN framework,
ablation experiments were conducted by removing or replacing one module at a time. The evaluated
factors include the signal decomposition strategy, feature selection, graph learning architecture,



Table 5. Ablation study of the main components of the proposed framework.

Task Variant FS Classifier ACC(%) F1(%) Kappa(%)
VMD Multi-ps  Hierarchical oo o 1477 64.66:18.88  45.14+24.33
variant GCN
w/o FS / H‘ergéﬁncal 66.79¢11.31 60.97+14.27 45.12+19.51
w/oGraph  Multi-FS MLP 54.02+16.72 52.85+17.20 30.99+15.03
VR-MI p SVM 52.62+17.25 51.16+17.92 28.85+15.89
w/o
Hierarchical Multi-FS  Flat GCN 63.76+16.91 65261855 46.91+14.97
GCN
. Hierarchical 65.78
Proposed  Multi-FS GCN 70.30+£12.61 +15.09 53.10 +18.58
VMD Multi-ps  Hierarchical - og 00,0035 529741287 32.44+16.66
variant GCN
w/o FS / H‘ergécl\?lcal 59.30+7.79  52.39:12.93 36.18+17.12
. MLP 40.8149.55 38.76+10.23 31.08+14.41
MI w/o Graph  Multi-FS SVM 39.69+10.96 37.93+11.63 29.28+16.59
w/o
Hierarchical Multi-FS  Flat GCN 59.41+13.94 53.41+12.86 36.60+19.36
GCN
. Hierarchical 53.57 37.21 +
Proposed  Multi-FS GCN 60.20 +9.45 +13.87 16.08

Note. Values are expressed as Mean # Standard Deviation averaged across all 28 evaluated participants. Bold text indicates
the optimal results achieved by the fully integrated proposed framework. "VMD variant” denotes the implementation using
conventional channel-independent Variational Mode Decomposition instead of MVMD (K=5); "w/o FS" signifies the omission
of the multi-strategy feature selection stage; "w/o Graph" isolates the impact of the GCN architecture by directly feeding the
identical MVMD+FS features to classical flat classifiers; "w/o Hierarchical GCN" evaluates a standard flat GCN without the
multi-scale graph pooling operation.

hierarchical pooling, graph construction, and sparsification. Results are summarized in Table 5, with
the effect of the number of decomposition modes shown in Figure 7.

Replacing MVMD with the conventional VMD algorithm decreased the average accuracy on the
VR-MI dataset from 70.30% to 66.65% (Table 5), indicating that joint multivariate decomposition
better preserves inter-channel relationships than independent channel-wise processing. In the
proposed framework, the decomposition mode number was fixed prior to the final evaluation based
on preliminary methodological considerations and was kept unchanged throughout all cross-
validation experiments. Figure 7 presents a parameter sensitivity analysis to evaluate the influence of
different decomposition mode numbers rather than a hyperparameter optimization procedure.
Specifically, five representative configurations (K =1, 2, 3, 4, and 5) were evaluated. As shown in
Figure 7, K = 5 achieved the highest average decoding accuracy while exhibiting the lowest inter-
subject variability across both experimental paradigms, suggesting that finer multi-scale
decomposition captures richer frequency-specific information while maintaining mode alignment
across EEG channels. Larger values of K were not further investigated because increasing the number



Table 6. Ablation study of feature selection strategies.

Task FS Strategy ACC(%) F1(%) Kappa(%)
NoFS 66.79+11.31 60.97+14.27 45.12+19.51
mRMR 64.79 £ 13.00 67.42 £ 18.19 45.60 + 24.15
VR-MI ReliefF 63.98 + 15.73 65.43+17.76 43.66 + 22.97
LASSO 62.61 +15.22 65.78+17.43 42.87 +22.85
RFE 67.54 +12.85 66.81 £ 16.20 48.25 + 20.10
Multi-FS 70.30+12.61 65.78 +15.09 53.10 £18.58
NoFS 59.30+7.79 52.39+12.93 36.18 £17.12
mRMR 59.71 £ 13.67 53.87 +9.75 35.87 £9.75
MI ReliefF 59.25 + 14.39 52.96 £ 13.95 30.55+17.20
LASSO 55.49 £ 11.35 51.82 £+ 12.60 36.68 + 17.58
RFE 59.86 + 11.24 53.45+11.50 36.10 £ 15.30
Multi-FS 60.20 £9.45 53.57 +13.87 37.21+16.08

Note: All variants used the same hierarchical GCN classifier and PLV-based graph construction. "NoFS" denotes the model
trained with all extracted features without any feature selection. "mRMR", "ReliefF", "LASSO" and "RFE" denote variants using

a single feature selection method, while "Multi-FS" represents the proposed weighted aggregation of all four methods. Results
are reported as Mean # Std across 28 subjects.

of decomposition modes substantially enlarges the feature space, thereby increasing the
computational cost of feature extraction, feature selection, graph construction, and GCN training,
while excessively large K may also introduce redundant decomposition modes.

Removing feature selection (w/o FS) reduced VR-MI accuracy from 70.30% to 66.79% (Table 5).
Comparisons among individual methods (mRMR, ReliefF, LASSO,RFE) and the proposed weighted
aggregation (Table 6) showed that the ensemble strategy generally achieved competitive

performance, suggesting that different algorithms capture complementary discriminative
information.
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Figure 7. Parameter sensitivity analysis of the number of MVMD decomposition modes (K). The
proposed framework was evaluated using fixed values of K (1-5), while all remaining parameters
were kept unchanged. Error bars denote the standard deviation across all subjects, and the dashed
line indicates the chance level (33.33%) for the three-class classification task.



Table 7. Ablation study of graph construction methods

Task Graph Type Graph Source ACC (%) F1 (%) Kappa
. 64.11 + 59.49 + 50.02 +
Distance Electrode geometry 1571 10.06 1556
. . 64.72 + 5490 + 42.33 +
VRAMI Correlation EEG correlation 14.47 8.07 1414
KNN Electrode 63.40 + 54.29 + 43.08 +
neighborhood 15.35 9.37 15.17
Functional 65.78
PLV conneciivity 70.30+12.61 +15.09 53.10 £18.58
. 59.03 + 53.55+ 3792 +
Distance Electrode geometry 1067 13.41 1757
. . 60.08 + 56.21 + 40.14 +
i Correlation EEG correlation 10.82 14.75 19.78
KNN Electrode 57.10 53.79 £ 38.89 +
neighborhood 10.98 9.73 12.66
Functional 53.57 37.21+
PLV connectivity 60.20£9.45 1347 16.08

Note: All variants used the same MVMD feature extraction, multi-strategy feature selection, and hierarchical GCN classifier.

"Distance" denotes a graph constructed from Euclidean distances between electrode positions. "Correlation” denotes a graph
based on Pearson correlation coefficients between EEG channel signals. "kNN" denotes a k-nearest-neighbor graph based on
electrode spatial proximity. "PLV" denotes the proposed phase-locking value-based functional connectivity graph with upper-
quartile sparsification. Results are reported as Mean * Std across 28 subjects.

Table 8. Effect of PLV sparsification thresholds

Task Threshold ACC (%) F1 (%) Kappa
pct90 66.68 + 15.12 56.05+17.13 54.43 + 21.78
pct75 70.30+12.61 65.78 £15.09 53.10 £18.58

VR-MI pct50 66.19 £ 13.72 57.68 £ 19.78 55.04 + 27.89
Pct25 65.48 + 13.78 56.42 £ 19.92 53.53+27.86

Full / pct0 65.84 + 12.56 56.75 £ 19.26 53.74 + 26.80

pct90 55.83+9.92 49.63 +9.33 34.26 £11.98

pct75 60.20 £9.45 53.57 +13.87 37.21 £ 16.08

MI pct50 57.39£9.98 53.09 £ 14.30 36.24 £ 18.49
Pct25 54.00 £ 10.00 51.16 £ 10.98 34.95+12.80

Full / pct0 57.24+11.01 52.73+12.88 36.60 + 16.58

Note: All variants used the same MVMD feature extraction, multi-strategy feature selection, and hierarchical GCN classifier
with PLV-based graph construction. The threshold "pctX" indicates that only edges with PLV values above the X-th percentile
were retained. For example, "pct75" (the proposed setting) retains the top 25% of connections, while "pct90" retains only the
top 10%. "Full / pct0" denotes the fully connected PLV graph without any sparsification. Results are reported as Mean * Std
across 28 subjects.

To isolate the contribution of the graph architecture from feature engineering, the same MVMD-
derived features were fed to MLP and SVM classifiers. Both achieved substantially lower accuracy
(54.02% and 52.62%, Table 5), confirming that the GCN architecture contributes beyond the input
features alone. Replacing the hierarchical GCN with a flat GCN further reduced accuracy to 63.76%,
indicating that hierarchical pooling provides additional benefit through multi-scale graph
aggregation.

For VR-M], the PLV-based functional connectivity graph achieved the highest accuracy and F1
among the graph constructions evaluated (Table 7), although the different metrics did not uniformly
favour the same graph under MI. Among the sparsification thresholds examined (Table 8), pct75
achieved the highest accuracy and F1 in both conditions, whereas some alternative thresholds
yielded slightly higher Kappa values.



Overall, the ablation experiments demonstrate that the performance improvement of the
proposed MVMD-FSGCN framework results from the synergistic integration of multiple components
rather than from any single module. MVMD provides discriminative multi-scale signal
representations, the weighted multi-strategy feature selection enhances feature robustness, the PLV-
based graph construction captures meaningful functional interactions among EEG channels, and the
hierarchical GCN further exploits these graph structures through multi-scale representation learning.
These complementary components may reduce the influence of subject-specific signal variations and
contribute to more consistent decoding performance across participants, which is reflected by the
relatively smaller inter-subject standard deviation observed in the VR-MI experiments.

5. Discussion
5.1. Decoding Performance

Table 9 summarizes the decoding performance of the same 10 illustrative participants presented
in Table 3. For completeness, the detailed quantitative results across all 28 participants are provided
in Supplementary Table S5.

5.2. VR-MI Brain Network Analysis

From a neuroanatomical perspective, the cerebral cortex is partitioned into the frontal, central,
temporal, parietal, and occipital regions to provide a spatial framework for interpreting functional
connectivity. EEG signals are band-pass filtered into Alpha (8-13 Hz) and Beta (13-30 Hz) bands.
Task-related segments (0-4 s) corresponding to left-hand, right-hand, and both-hand MI are
extracted based on event markers. For clarity, Figure 8 presents a representative example of the PLV-
based functional brain network for the left-hand motor imagery task under the VR-MI paradigm in
the alpha and beta frequency bands. The complete set of network visualizations for all tasks and
paradigms is provided in the Supplementary Materials (Figure S3). Using the Hilbert transform, the
analytical signal x,(7) = x(¢) + jx(¢) is constructed to extract instantaneous phase ¢(f) [51]. The PLV is

calculated to quantify phase synchronization between channels i and j, following the procedure
described in Section 3.2.3 (Eq. 24).

Table 9. Decoding performance comparison between VR-MI and traditional MI paradigms across ten
representative subjects based on multiple evaluation metrics.

VR-MI MI

acc kappa F1 precision  recall acc kappa F1 precision  recall
S201 0.7273 0.5769 0.6833 0.8056 0.6944 0.5565 0.1667 0.3485 0.5565 0.4444
S202 0.7037 0.5556 0.6889 0.6854 0.7037 0.5833 0.5000 0.6722 0.5833 0.6667
S204 0.8333 0.7500 0.8222 0.8889 0.8333 0.5000 0.1935 0.3556 0.5000 0.4444
S210 0.8667 0.8000 0.8611 0.9048 0.8667 0.5455 0.2143 0.3905 0.5455 0.5000
S211 0.8333 0.7500 0.8222 0.8889 0.8333 0.5000 0.2500 0.3889 0.5000 0.3333
S212 0.7500 0.5625 0.7083 0.7083 0.7083 0.8333 0.6250 0.7368 0.8333  0.7500
S213 0.7273 0.5909 0.7182  0.7400 0.7100 0.5833 0.1818 0.3718 0.5833  0.4333
S219 0.7273 0.5823 0.7238 0.7238 0.7222 0.4545 0.1724 0.4404 0.4545 0.4464
S227 0.8750 0.8125 0.8721  0.8737 0.875 0.7917 0.7500 0.8320 0.7917 0.8333
S230 0.8333 0.7500 0.8320 0.8500 0.8333 0.5833 0.375 0.5582 0.6667  0.5833
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Figure 8. Representative PLV-based functional brain network patterns for the left-hand motor
imagery task under the VR-MI paradigm in the alpha (8-13 Hz) and beta (13-30 Hz) frequency
bands. For each frequency band, the left panel shows the distribution of PLV values, the middle panel
presents the weighted connectivity matrix, and the right panel illustrates the corresponding
thresholded (sparse) functional network. In the histogram plots, the red, green, and blue vertical
lines indicate the lower quartile, median, and upper quartile of the PLV distribution, respectively,
with the upper quartile used as the threshold for sparse network construction. The complete
network visualizations for all tasks under both MI and VR-MI paradigms are provided in the
Supplementary Materials (Figure S2).

BrainNetViewer [52] is utilized for network visualization. To ensure robustness across thresholds,
a multi-threshold construction method based on sparsity (ranging from 0.10 to 0.40) is employed
[53]. The Area Under the Curve (AUC) of the node degree ( %,) for key regions (C3 for right-hand, C4
for left-hand) is calculated as a stable metric of local integration. By using a quantile thresholding
strategy to retain the strongest s% of connections, the weighted matrix is converted into a series of

binary adjacency matrices AY . Ateach sparsity level, the node degree of key regions in the
contralateral motor cortex is calculated as an indicator of local network integration capacity.

k()= 4" (28)
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Figure 9. Brain network topology and connectivity distribution across MI and VR-MI paradigms.

The region of interest (ROI) is defined according to the contralateral control principle: the left-
hand task corresponds to electrode C4, and the right-hand task corresponds to electrode C3 [54]. To
obtain robust network indicators that are insensitive to the threshold, the node degree curve across
different sparsity levels is integrated to calculate the AUC [55]:

AUC = jss“ k. (s)ds 29)

Using the anatomical framework of the cerebral cortex, the study visualized brain networks across
five regions: Frontal, Central, Temporal, Parietal, and Occipital [56].

As depicted in Figure 9, Traditional MI networks showed sparse connections primarily localized in
the sensorimotor area (C3/C4), whereas VR-MI showed broader interactions involving posterior
areas (01/02 and P3/P4) and increased cross-regional connectivity in representative networks.
These patterns suggest the involvement of additional visuomotor-related regions beyond the
primary sensorimotor cortex during VR-based AO+MI. These topological diagrams are intended
solely to provide a visual demonstration of functional patterns, whereas formal conclusions
regarding network integration are based strictly on the group-level statistics (Table S6).

Group-level graph-theoretical analysis based on weighted PLV networks (Table S6) revealed
frequency-dependent network alterations. After FDR correction, VR-MI significantly increased global
efficiency and reduced characteristic path length in the Beta band (13-30 Hz) for both left- and right-
hand tasks, indicating enhanced network integration. In contrast, Alpha-band changes did not reach
statistical significance. Group-level analysis across 28 subjects evaluated the contralateral ROI
connectivity strength (quantified by AUC) in the motor cortex between the two paradigms (Figure
10). Two-tailed Wilcoxon signed-rank tests were performed, with Holm-Bonferroni correction
applied across frequency bands (Alpha/Beta) and task conditions (Left/Right hand). For the Beta
band (13-30 Hz), the VR-based AO+MI paradigm showed a non-significant increasing trend in
functional connectivity during left-hand MI tasks (raw p=0.0332, adjusted p.¢j=0.1328), as well as a
slight positive trend for right-hand tasks (raw p=0.0855, adjusted paqj=0.1711).Within the Alpha
band (8-13 Hz), a positive trend was similarly observed for left-hand tasks (raw p=0.0438, adjusted



(a) leftHand, Alpha band (N =28) rightHand, Alpha band (N =28)

I
i |
! g Al " :
: Wilcoxon pry=0.0438 , p,g=0.1328 Wilcoxon pry=0.6202, pagi=0.6202 |
| ; |
! ; 61 - ; & !
g g S 261 |
I g & = ) |
I3 ‘g‘ Z - - I
1547 i = g [
! 8 =i
I i o £ § !
| § 3 o g o |
i ;; & g 2] o !
I 25 E '
i 87 S !
i I
i ' i
i !
| 0 T 0 T |
| Pure MI Pure MI |
r_ O P P S
; ® leftHand, Beta band (N =28) rightHand, Beta band (N =28) :
i Wilcoxon py=0.0332 , p,gi=0.1328 Wilcoxon pray=0.0855 , p,gi=0.1711 :
: 3 ~ 81 !
) 9) [
2 g ° 2 8
12 A = '
k = 8
g . : ! ¢ |
[ 5 61 ° |
I & 67 Y & ° i
L2 < !
: : ; |
. E I T 41
I 34 3 |
g § E 3 ’ '
- : g : |
IRy 0 =29 !
I o @ |
i & ¢ i
i S i
: 0 - 0 . :
: Pure MI VR-MI Pure MI |

Figure 10. Statistical comparison of contralateral ROI connectivity strength (AUC) between Pure
MI and VR-MI across Alpha (a) and Beta (b) bands for left and right hand tasks.

pagj=0.1328), whereas right-hand tasks exhibited no noticeable differences (raw p=0.6202, adjusted
Pai=0.6202).

5.3. Limitations

A major limitation of this study is the confounding effect between VR-induced immersion and
action observation (AO) cues. Our current setup cannot fully isolate whether the decoding
enhancement stems from the immersive head-mounted display (HMD) or the virtual-hand movement
cues, which are absent in traditional cue-based MI.

To address this, we conducted a preliminary pilot experiment using a screen-based AO+MI control
condition with two participants (5227 and S230) who were available for additional data collection
after the main study due to time constraints (see Supplementary Figure S3). Descriptive results
(Supplementary Table S7) showed that while transitioning from abstract cues to screen-based
virtual-hand feedback did not yield consistent improvements (S227: -5.10%; S230: -1.66%), the
transition from screen to HMD-based VR presentation resulted in marked improvements for both
participants(+13.43% and +26.66%, respectively). Importantly, this post-hoc observation serves
strictly as a preliminary feasibility check and must not be used to establish an immersion effect or
support the main statistical conclusions of this study. Future studies with larger sample sizes should
employ a comprehensive control design—incorporating cue-based MI, screen-based AO+MI, VR-
based AO+MI,—to strictly disentangle these factors.
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Additionally, the present findings support subject-specific decoding under the stated five-fold
cross-validation protocol, but they do not establish cross-subject or external-dataset generalisation.
The limited per-subject trial counts and the practical burden of subject-specific calibration should
therefore be considered when interpreting the results. Future work should evaluate the framework
using cross-subject and independent-dataset protocols and, where appropriate, prospectively assess
real-time performance in rehabilitation settings.

6. Conclusion

This study proposed a novel MVMD-FSGCN framework to investigate and enhance Motor Imagery
decoding performance, with a particular focus on the impact of virtual reality-based motor imagery
on neural representations. By integrating multivariate variational mode decomposition, multi-
domain feature extraction, multi-strategy feature selection, and graph convolutional network-based
brain network modeling, the framework establishes a unified pipeline for capturing the complex
spectral-spatial characteristics of non-stationary EEG signals. Experimental results across 28
subjects demonstrate that the proposed method achieves superior decoding performance compared
with traditional approaches (CSP+MLP, CSP+SVM) and deep learning baselines (EEGNet). Notably,
the model attains a mean accuracy of 70.30% under VR-based AO+MI paradigm, significantly
outperforming (Holm-adjusted p = 0.006, Cohen's d, = 0.62) the traditional MI paradigm (60.20%),
confirming the effectiveness of VR-based AO+MI paradigm in enhancing motor imagery decoding.

From a methodological standpoint, the MVMD-based decomposition provides a fine-grained,
multi-scale representation of EEG signals, while the hybrid feature selection strategy effectively
reduces spectral-temporal redundancy. The GCN-based modeling further captures the intrinsic
topological structure of brain networks, enabling the learning of complex spatial dependencies.
Crucially, this framework facilitates neurophysiological interpretability—a step toward addressing
the 'black box' nature of deep learning in healthcare. Brain network analysis indicates that VR-based
AO+MI paradigm fosters stronger functional connectivity and enhanced cross-regional integration,
particularly within sensorimotor and parietal-occipital regions. These findings suggest that the
combination of action observation and motor imagery facilitates neural decoding by promoting more
effective neural coupling and multisensory integration.
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