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Highlights (for review) 

• We proposed DGCSA: dynamic graph convolution and self-attention for EEG attention. 

• We used the Bayesian-optimized band weights to fuse PSD and DE while controlling 

dimension. 

• The DGCSA model reached 91.67% accuracy for three-class attention, beating baselines. 

• Collected a 3-level Schulte Grid EEG dataset with 873 segments from 20 participants 

• VR learning showed higher and more stable attention than 2D, with p < 0.001 

•  

Abstract: Attention is a fundamental cognitive function in learning, and its precise recognition is 
essential for advancing personalized educational interventions. Conventional EEG-based methods 
are constrained by limited feature integration and inadequate modeling of dynamic spatial 
relationships, thereby restricting recognition accuracy. To address these challenges, a framework 
termed DGCSA (Dynamic Graph Convolutional Network with Self-Attention mechanism) is 
proposed for EEG-based attention recognition, particularly in virtual environment. The framework 
employs a Bayesian-optimized frequency-band weighting strategy to integrate power spectral 
density and differential entropy features, while combining dynamic graph convolution with self-
attention to capture both spatial dependencies and global contextual information. Evaluation on 
EEG data from 20 participants performing standardized and virtual/2D learning tasks demonstrated 
that DGCSA achieved 91.67% accuracy in three-class classification, outperforming SVM, CNN, 
and LSTM baselines. Statistical analyses further indicated significantly higher and more stable 
attention levels in virtual learning compared to 2D scenarios (p < 0.001). These findings establish 
DGCSA as a robust solution for EEG-based attention decoding and provide neurophysiological 
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evidence that immersive virtual environments could effectively enhance cognitive engagement. 
 

Keywords Electroencephalogram (EEG); Attention level recognition; Virtual learning environment; 
Dynamic Graph Convolutional Neural Network (DGCNN) 
 

 

1 Introduction 

Attention is a crucial psychological process in learning and cognitive activities, directly 
influencing task performance efficiency and learning outcomes [1]. Objective and real-time 
evaluation of individual attention states has long been a central research topic in cognitive 
neuroscience and educational technology. Electroencephalography (EEG), with its high temporal 
resolution, low cost, and noninvasiveness, has been widely applied in attention research and brain–
computer interface (BCI) systems, providing reliable neurophysiological indicators for attention 
recognition [2]. 

In recent years, substantial progress has been achieved in EEG-based attention recognition. 
Traditional approaches typically employ frequency-domain features such as power spectral density 
(PSD) and differential entropy (DE), combined with machine learning classifiers including support 
vector machines (SVM), k-nearest neighbors (KNN), and linear discriminant analysis (LDA)[3, 4]. 
However, these approaches often rely on handcrafted features and struggle to fully capture the 
spatiotemporal dynamics of EEG signals. With the advancement of deep learning, models such as 
convolutional neural networks (CNN), recurrent neural networks (RNN), and Transformer 
architectures have been introduced into EEG analysis, leading to notable improvements in 
automated feature extraction and classification performance. Nevertheless, most existing studies 
simply concatenate multi-band features without incorporating effective adaptive fusion mechanisms. 
In addition, current research has primarily focused on 2D screen-based paradigms, while systematic 
investigations of EEG-based attention recognition in immersive virtual reality (VR) learning 
scenarios remain scarce. 

VR technology, characterized by immersion and interactivity, has demonstrated unique 
advantages in education and training [5]. Behavioral studies have shown that VR environments 
could enhance learning concentration and task engagement [6]. However, neurophysiological 
evidence based on EEG remains lacking regarding the impact of VR on attention levels. The 
limitation not only restricts objective evaluation of VR-based learning effectiveness but also 
constrains the development of intelligent learning systems and educational BCIs. Consequently, 
exploring the feasibility and mechanisms of EEG-based attention recognition in VR learning 
scenarios holds both theoretical significance and practical value. 

2 Related Work 

Attention is a key cognitive function that enables individuals to selectively process information 
in complex environments. It encompasses fundamental characteristics such as concentration, 
stability, allocation, and shifting, and is closely associated with dynamic interactions among the 
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prefrontal cortex, parietal regions, and related neural networks [7-9] . In virtual learning 
environments, instructors face challenges in evaluating students’ attentional states in real time 
through traditional methods, underscoring the need for objective and automated approaches to 
attention recognition. 

Existing research on attention recognition could be broadly categorized into two types, with 
one focusing on behavior-based methods and the other on physiology-based methods. The former 
utilize facial expressions, body posture, and eye movements for modeling, offering the advantage 
of being noninvasive but suffering from susceptibility to external noise and deliberate disguise, 
which limits recognition accuracy [10, 11] . In contrast, EEG directly reflects neural activity of the 
brain and provides greater objectivity and temporal resolution, thereby demonstrating considerable 
potential for attention recognition in learning contexts [12, 13]. For example, Gao et al. [14] 
compared online instructional videos with different presentation styles, finding that attention levels 
were significantly enhanced when the instructor appeared alongside the teaching content and 
pointed to the corresponding information. 

Traditional EEG-based approaches primarily rely on handcrafted features such as PSD, DE, 
and wavelet transforms, combined with classifiers including support vector machines (SVM), k-
nearest neighbors (KNN), and random forests (RF). Zhang et al. [3] employed a fourth-order 
Butterworth filter to extract tri-band ratio features and achieved favorable classification 
performance using SVM and linear discriminant analysis (LDA). Peng et al. [4] adopted a DE-based 
strategy that incorporated both spectral features and spatial channel distributions. Zuo et al. [15] 
compared classifier performance in 2D and 3D VR environments, reporting that RF was more 
suitable for handling high-dimensional EEG data. Although these methods have demonstrated the 
capacity to reflect frequency-band differences associated with attention, they remain limited in 
addressing the high-dimensional and nonlinear characteristics of EEG signals. 

With the development of deep learning, models such as convolutional neural networks (CNN) 
and long short-term memory networks (LSTM) have been introduced into EEG analysis. Pathak et 
al. [16] classified real-time EEG signals recorded from learners during online courses using CNN 
and LSTM, achieving classification accuracies of 68% and 97%, respectively. Rivas et al. [17] 
exploited the temporal sequence modeling capability of recurrent neural networks (RNN) to 
evaluate the effectiveness of LSTM and gated recurrent units (GRU) in predicting future cognitive 
states, while struggling to capture cross-channel spatial dependencies. To overcome such limitations, 
graph neural networks (GNN) have been increasingly adopted to model topological relationships 
among EEG channels, while attention mechanisms have been employed to weight salient features 
and thereby enhance both accuracy and robustness of classification models [18, 19]. Li et al. [20] 
proposed a hybrid model combining graph attention mechanisms with a Transformer encoder, which 
improved performance in emotion recognition. Yang et al. [21] developed an attention-based GNN 
algorithm, where empirical mode decomposition was used to construct graphs and optimize 
adjacency matrices, achieving 99.83% accuracy in EEG classification tasks. The integration of GNN 
and self-attention offers a promising research direction for attention recognition based on EEG 
signals. 

There still remain two major limitations despite the technological advancement . First, multi-
band features are often fused through simple concatenation, which fails to fully exploit the 
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discriminative information across frequency bands. Second, most existing graph convolution 
approaches rely on fixed adjacency structures, limiting their ability to represent dynamic spatial 
relationships among EEG channels, while integration with attention mechanisms remains 
insufficient. Future research therefore requires further exploration of adaptive multi-band feature 
fusion combined with dynamic graph modeling and global attention mechanisms. Building upon 
this perspective, the present study proposes a frequency-band weighted representation that 
integrates PSD and DE features could achieve more accurate attention recognition from EEG signals 
in virtual learning scenarios. 

To address the aforementioned limitations, we develop an EEG-based attention recognition 
approach that integrates multi-band feature fusion, a dynamic graph convolutional neural network 
(DGCNN), and a self-attention (SA) mechanism. The SA module learns band-specific attention 
weights across frequency bands, enabling adaptive emphasis of the most informative spectral 
components. In contrast to conventional methods that treat EEG spatial relationships uniformly, the 
DGCNN explicitly captures the directional organization of brain activity by modeling interactions 
along the different axes. At the feature level, weighted fusion of power spectral density (PSD) and 
differential entropy (DE) is employed to capture discriminative information across different 
frequency bands. At the modeling level, DGCNN is introduced to characterize dynamic spatial 
relationships among EEG channels, where adjacency matrices are adaptively updated based on 
feature similarity to better capture spatiotemporal dependencies. The incorporation of the SA 
module further enhances global dependency modeling and strengthens feature discriminability.  

Finally, experiments are conducted in both VR and conventional 2D learning scenarios to 
examine the impact of environmental settings on attention levels. Experimental results demonstrate 
that the proposed approach significantly outperforms multiple baseline models, achieving superior 
classification performance and confirming that VR environments effectively enhance learning-
related attention. The study introduces a novel methodological framework for EEG-based attention 
recognition, which provides empirical evidence for the objective evaluation of VR-based 
educational effectiveness. 
 

The main contributions of this study can be summarized as follows: 
1. A controlled VR and 2D Schulte Grid protocol with three attention levels is introduced, and 

EEG is labeled using behavioral indicators to produce a curated dataset for classification. 
2. A PSD and DE fusion method with Bayesian optimized band weights is proposed, 

improving feature discriminability and adaptability while controlling dimensionality. 
3. The DGCSA model combines dynamic graph convolution and self attention, outperforming 

MLP, CNN, and LSTM on multi class attention recognition; VR shows higher accuracy 
and stability than 2D, and band level topographies (Theta, Alpha, Beta) illuminate the 
neural mechanisms of attention in immersive learning. 
 

2.1 DGCSA Model Architecture 

To overcome limitations of conventional classifiers in EEG-based attention recognition, such 
as strong reliance on handcrafted features, weak generalization, and inability to model complex 
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spatiotemporal relationships, a hybrid deep model integrating DGCNN and SA, referred to as 
DGCSA , was developed to achieve high-precision classification of multichannel EEG signals. 

The model consists of three primary modules. The DGCNN module dynamically models the 
spatial topology of EEG signals, while the SA module captures global temporal dependencies across 
channels. Outputs from both modules are combined through a weighted fusion mechanism and 
subsequently fed into a fully connected layer for classification. The overall architecture of the 
DGCSA model is depicted in Fig.1. 

 

Fig. 1. Overall architecture of the DGCSA model 

2.1.1 DGCNN Module 

In the DGCNN module, EEG channels are modeled as nodes in a graph, and a learnable 
adjacency matrix is employed to dynamically characterize the latent functional connectivity 
between channels. Let the input feature be X ϵ Rb×n×f, where b denotes the batch size, n is the 
number of EEG channels (i.e., graph nodes), and f represents the feature dimension of each channel 
corresponding to the fused sub-band features. A learnable adjacency matrix A ϵ Rn×n  is first 
initialized. To ensure numerical stability and incorporate self-connections, the adjacency matrix is 
symmetrically normalized as Eq. (1) : 

ܣ̃                    = ܣ)12−ܦ +  Eq. (1)                   12−ܦ(ܫ

Here,  denotes the symmetrically normalized adjacency matrix; I ϵ Rn×n  denotes the  ܣ̃ 
identity matrix, and D is the degree matrix with diagonal elements defined as ܦ௜௜ = ∑ ௜௝௝ܣ . 

To enhance the modeling capacity for high-order graph structural information, Chebyshev 
polynomial-based graph convolution is adopted. The Chebyshev polynomials ௞ܶ(̃ܣ)  are 
recursively defined as Eq. (2):            0ܶ = ,ܫ 1ܶ = ,ܣ̃ ௞ܶ = ܣ2̃ ௞ܶ−1 − ௞ܶ−2              Eq. (2) 

 

where k denotes the polynomial order. 
The node representation at the l-th graph convolution layer is updated according to Eq. (3): 

(௟)ܪ                                   = ∑)ߪ ௞ߠ ௞ܶ(̃ܣ)ܪ(௟−1)ܹ(௟)௄௞−0 )            Eq. (3) 
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where, ܪ(௟)  and H(l−1)  denote the output and input node representations of the l-th layer 
(with  H(0) =  X),  ܹ(௟) is the learnable weight matrix, ߠ௞ represents the Chebyshev coefficients, 
K is the maximum polynomial order, and ߪ(∙) denotes the nonlinear activation function. ReLU is 
used in this work. By setting K=40, the DGCNN is able to capture high-order spatial dependencies 
among EEG channels over a large receptive field, producing 64-dimensional topology-aware feature 
representations. 

 

2.1.2 Self-Attention (SA) Module 

The SA module is introduced to explicitly model global dependencies among EEG channel 
nodes, thereby enhancing the representation of node features with respect to overall inter-channel 
interaction patterns. Linear projections are first applied to generate the query (Q), key (K), and value 
(V) matrices in Eq. (4). In addition, the input feature be ܴܺ߳௕×௡×௙, where b, n, and f denote the 
batch size, number of EEG channels, and feature dimension per channel, respectively. 

             ܳ = ܺ ொܹ, ܭ = ܺ ௄ܹ , ܸ = ܺ ௏ܹ            Eq. (4) 
 

where ܳ, ,ܭ ܸܴ߳௕×௡×ௗ , ொܹ, ௄ܹ , ௏ܹ are learnable weight matrices, and d denotes the 
dimensionality of the query and key feature space. The attention weight matrix is then computed as 
Eq. (5): 

                     ܵ = ொ∙௄೅√ௗ)ݔܽ݉ݐ݂݋ܵ )             Eq. (5) 

where SϵRb×n×n. The scaling factor √݀ is used to alleviate gradient instability caused by 
large dot-product values, and the Softmax operation is applied along the node dimension to ensure 
that the attention weights for each node sum to one.  

The output of the SA module is obtained as ܼ = ܸܵ, ܼܴ߳௕×௡×ௗ , representing globally 
attention-weighted node features. To facilitate feature fusion with the DGCNN module, the SA 
output is further projected to a 64-dimensional feature space via a linear transformation. 

2.1.3 Fusion Mechanism and Classifier Design 

The outputs of the DGCNN module and the SA module are denoted as ܪ ∈ ܴ௕×௡×64 and ܼ ∈ ܴ௕×௡×64 , respectively, which share the same dimensionality. A weighted fusion strategy is 
adopted to construct the final feature representation, defined as Eq (6): 

ܨ  = ߙ ∙ ܪ + (1 − (ߙ ∙ ܼ  , ߙ = 0.5                 Eq. (6) 
 where ߳ܨ ܴ௕×௡×64  denotes the fused feature, and α controls the relative contribution of 

graph-based spatial features and self-attention-based global features. In this study, equal weights are 
assigned to both branches to balance local topological information and global dependency modeling. 

Following graph structure modeling and attention feature extraction, the fused features were 
flattened and fed into three successive fully connected layers for dimensionality reduction and 
classification. The first and second fully connected layers produced 32-dimensional and 8-
dimensional feature representations, respectively, each followed by a ReLU activation function to 
enhance nonlinear modeling capacity. Dropout was employed during training to mitigate overfitting. 

The final output layer applied a Softmax activation function to map the low-dimensional 
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features to a three-class attention-level label space, enabling multi-class classification of low, 
medium, and high attention states. Model parameters were optimized via backpropagation, with 
cross-entropy loss serving as the objective function and the Adam optimizer selected to improve 
convergence speed and generalization capability. The configuration ensured robust classification 
performance and stability of the model in virtual learning scenarios. 
 

3 Methodology 

The complete pipeline for developing and validating DGCSA, a dynamic graph convolutional 
network with self-attention, for EEG-based attention recognition in immersive learning is presented. 
Participant recruitment and task design are described first, followed by EEG acquisition and 
preprocessing. Feature extraction using power spectral density and differential entropy is then 
presented, together with a frequency band weighted fusion tuned by Bayesian optimization. Finally, 
the model architecture, training protocol, and evaluation metrics used to assess performance are 
outlined. 

3.1 Data Acquisition and Preprocessing 

3.1.1 Participants  

A total of 20 university students (aged 18 to 23 years; mean 21.7; equal gender distribution) 
participated in the study. All were neurologically healthy, had no history of psychiatric disorders, 
had normal or corrected-to-normal vision and hearing, were right-handed, and reported no prior 
attention-related training. Written informed consent was obtained from all participants, who were 
advised of their right to withdraw at any time. 

 

3.1.2 Experimental Design 

In the Schulte Grid study, a completion time of 25 seconds is considered the passing threshold 
for adults, while 8 seconds indicates a higher level of attention [22]. A completion time exceeding 
25 seconds may suggest attention deficits, further confirming the sensitivity and discriminative 
capacity for attention assessment. In related research, Wang et al. employed a 5×5 Schulte Grid in 
an attention induction experiment, classifying attention levels based on task completion time and 
accuracy [23]. Drawing on a large body of prior studies, the present research adopted a scientifically 
grounded classification of attention levels. Specifically, high attention was defined as a completion 
time of 10–18 seconds with 100% accuracy, medium attention as 18–26 seconds with at least 95% 
accuracy, and low attention as an eyes-closed resting state with no clicks. These criteria considered 
both the statistical distribution of completion times and the physiological characteristics of EEG 
signals, ensuring the validity and reliability of attention-state labeling. 

The experimental paradigm of the Schulte Grid task is illustrated in Fig. 2B and comprises 
both practice and formal testing phases. At the beginning, participants received standardised 
instructions and completed training trials to familiarise themselves with the procedure. In the formal 
phase, participants were required to sequentially click numbers from 1 to 25. Any incorrect click 
triggered an immediate red flash on the grid as an error prompt. Upon task completion, the 



 

Page 8 of 28 

 

experimenter securely stored the data and documented both task completion time and accuracy, 
providing essential metrics for subsequent analysis. 

Two complementary experimental paradigms were designed to capture EEG signals across 
different attention levels. In the first paradigm, a dynamic Schulte Grid task developed in Unity3D 
was used to construct a standardized attention-level dataset. Participants sequentially clicked 
numbers from 1 to 25 in a randomly arranged 5×5 matrix, with task completion time and accuracy 
jointly determining attention levels. Based on previous studies and the present data, attention was 
categorized as high (10–18 s, 100% accuracy), medium (18–26 s, ≥95% accuracy), or low (eyes 
closed, no clicks). Each participant completed three rounds of the task with 15-minute breaks 
between rounds to minimize fatigue. The dataset comprised 873 EEG segments (3 seconds each), 
including 242 high-attention, 266 medium-attention, and 365 low-attention segments, recorded 
across 64 channels with 1,500 sampling points per segment. 

The second paradigm involved a comparative experiment between virtual and 2D learning 
scenarios to examine the influence of environmental context on attention. Both scenarios were based 
on the theme of petroleum extraction and are shown in Fig. 2E. The 2D scenario was created in 
Unity 3D and Photoshop, incorporating voice narration and dynamic images. The virtual scenario, 
on the other hand, integrated SteamVR and the VRTK plugin, delivering an immersive experience 
via an HTC Vive headset, as shown in Fig. 2D. Participants were randomly assigned to complete 
the two tasks in either virtual–2D or 2D–virtual order. Fig. 2F. shows set up the 2D environment 
and Fig. 2G. shows set up the VR environment to collect the attention EEG signal. Each task lasted 
90 seconds, with a one-day interval between sessions. EEG signals were continuously recorded 
throughout both tasks for subsequent analysis of attention differences. 
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Fig. 2. Experimental setup and task materials. (A) Neuroscan SynAmps² amplifier with 64-channel 
Quik-Cap used for EEG acquisition. (B) Electrode layout following the international 10–20 system. 
(C) Sample Schulte Grid (5×5) used for attention induction. (D) HTC Vive headset for immersive 
VR. (E) Learning scenario theme: petroleum extraction. (F) 2D learning environment created in 
Unity3D with narration and dynamic images. (G) VR learning environment implemented with 
SteamVR and VRTK on an HTC Vive headset. 
 

3.1.3 EEG Acquisition 

To ensure the quality of EEG data acquisition, all experiments were conducted in an 
electromagnetically shielded room that met the standards for electrophysiological recordings. This 
setting effectively suppressed 50 Hz power-line interference and minimized electromagnetic noise 
from the external environment. The laboratory temperature was maintained at 22 to 25 °C, and the 
relative humidity was controlled at 40% to 60% to prevent fluctuations in electrode impedance 
caused by sweating, thereby ensuring stable electrode–scalp contact. 

Participants underwent standardised preparation procedure for EEG data collection and 
informed consent for use of data and EEG experiment regulation by the university. Neuroscan 
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SynAmps 2 were used in this study and are shown in Fig. 2A. The scalp was cleaned to improve 
conductivity, and a 64-channel Quik-Cap was fitted according to the international 10-20 system. 
The outline of the scalp is shown in Fig. 2B. The cap was connected to a Neuroscan SynAmps 2 
EEG amplifier via an interface box, with electrode positions aligned to anatomical landmarks 
(nasion and inion) to ensure full cortical coverage, including frontal (Fp1/Fp2/Fz), central 
(C3/C4/Cz), parietal (P3/P4/Pz), occipital (O1/O2/Oz), and temporal (T7/T8) regions. Participants 
received detailed instructions before testing to minimize anxiety and non-neural artifacts, supporting 
stable and high-quality data acquisition. 

3.2 EEG Data Preprocessing 

EEG was processed in MATLAB R2022b using EEGLAB. Data were average-referenced, 
band-pass filtered (0.05–50 Hz), and notch-filtered at 48 to 52 Hz to remove power-line noise. 
Ocular channels (HEO/VEO) were excluded; noisy electrodes were corrected by interpolation. To 
facilitate artefact inspection, recordings were initially segmented into 2s epochs with baseline 
correction, and gross-motion artefacts were removed following visual review. Independent 
component analysis (ICA) was then used to identify and reject ocular/muscle/environmental 
components (semi-automatic labeling with manual confirmation). For downstream modeling and 
feature extraction, the cleaned signals were re-segmented into non-overlapping 3s windows, 
aligning with the dataset specification in Section 3.1.2. Cleaned data were stored in MATLAB 
format for subsequent analysis. 

EEG data were processed in MATLAB R2022b using EEGLAB. Signals were re-referenced to 
the common average, band-pass filtered between 0.05 and 50 Hz, and notch-filtered at 48–52 Hz to 
suppress power-line interference. Ocular channels (HEO/VEO) were excluded, and channels 
exhibiting abnormal noise were corrected via spherical interpolation based on neighboring 
electrodes. To facilitate artefact inspection, continuous recordings were initially segmented into 2-s 
epochs with baseline correction. Segments containing gross motion artefacts were identified and 
removed through visual inspection. Independent component analysis (ICA) was subsequently 
applied to decompose the EEG into temporally independent components. Artefact-related 
components (e.g., ocular, muscular, and environmental noise) were identified using EEGLAB’s 
semi-automatic component labeling and subsequently verified through manual inspection of scalp 
topographies, time-domain activations, and power spectral characteristics, following standard 
EEGLAB practice (see Fig. 3 for an illustrative example). Only components confirmed as non-
neural were rejected. For downstream modeling and feature extraction, the cleaned EEG signals 
were re-segmented into non-overlapping 3-s windows, consistent with the dataset specification 
described in Section 3.1.2. The final preprocessed data were stored in MATLAB format for 
subsequent analysis. 
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Fig. 3. An illustrative example of manual ICA artefact inspection using EEGLAB 

3.3 Feature Extraction and Fusion for Attention Level Modeling 

Two complementary feature families were extracted from each 3-s window: power spectral 
density (PSD) and differential entropy (DE). PSD characterizes frequency-domain energy, whereas 
DE quantifies signal complexity under an approximate Gaussian assumption after band-limited 
transformation. Signals were partitioned into eight frequency bands (Delta 0.5 to 4 Hz, Theta 4 to 8 
Hz, Alpha1 8 to 10.5 Hz, Alpha2 10.5 to 13 Hz, Beta1 13 to 21.5 Hz, Beta2 21.5 to 30 Hz, Gamma1 
30 to 40 Hz, Gamma2 40 to 50 Hz). For each 3s window, PSD and DE matrices of size 62×8 
(channels × bands) were computed. 

To leverage complementary information while avoiding dimensional inflation from simple 
concatenation, we employed a Bayesian-optimized frequency-band weighting strategy that assigns 
band-specific weights to PSD and DE and fuses them into a single representation. The optimization 
used a Gaussian-process surrogate with expected improvement, exploring discretized weight grids 
to maximize validation accuracy efficiently. The resulting fused features served as input to the 
downstream DGCSA classifier. 

3.2.1 PSD-Based Feature Extraction 

PSD characterizes the energy distribution of EEG signals across frequency components and is 
one of the most informative frequency-domain features for attention level recognition. In this study, 
the Welch method was employed to estimate the PSD of EEG signals, as it produces smooth and 
robust spectral representations through signal segmentation, windowing, Fourier transformation, 
and power averaging. 

Specifically, given an EEG signal ݔ௡ of length N, the Welch method divides the signal into K 
segments, each with a length of L, and with an overlap of D samples between adjacent segments 
(typically D = L/2). The number of segments K is calculated as Eq. (7):                ܭ = ⌊ே−஽௅−஽⌋                 Eq. (7) 

where N denotes the length of the original signal. 
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After segmentation, a window function is applied to each segment to reduce spectral leakage. 
In this study, the Hanning window was adopted, which is mathematically defined as Eq. (8): 

(݊)ݓ           = 0.5 (1 − ݏ݋ܿ (2గ௡௅−1)) , ݊ = 0,1, . . . , ܮ − 1       Eq. (8) 

The window length was set to 1,000 samples, corresponding to 2 seconds of EEG data. The 
Hanning window attenuates signal edges and effectively suppresses spectral leakage, thereby 
improving spectral estimation accuracy. 

Let ݔ௜(݊) denote the i-th segmented signal (1≤i≤K). The windowed signal yi(n)is obtained 
by multiplying xi(n)  with the Hanning window. The windowed time-domain signal is then 
transformed into the frequency domain using the fast Fourier transform (FFT). The spectrum of the 
i-th segment, ௜ܻ(݇), is computed as Eq. (9): 

              ௜ܻ(݇) = ∑ ௜(݊)݁−௝2ഏಽݕ ௞௡௅−1௡=0  , ݇ = 0,1, . . . , ܮ − 1      Eq. (9) 

where L denotes the window length, j is the imaginary unit, and k represents the frequency 
index. Through the FFT, each windowed EEG segment is converted from the time domain to the 
frequency domain, yielding complex-valued spectral coefficients containing both amplitude and 
phase information. 

The power spectrum of each segment is obtained by computing the squared magnitude of its 
spectrum. The PSD estimate is then calculated by averaging the power spectra across all segments, 
as expressed by Eq. (10): 

                        ܲ(݇) = 1௄ ∑ | ௜ܻ(݇)|2௄௜=1               Eq. (10) 

To further enhance frequency resolution and align with the neurophysiological characteristics 
of brain rhythms, the EEG signals were divided into eight sub-bands (see Section 3.3.3). For each 
channel, the average PSD value within each frequency band was computed. The resulting PSD 
feature matrix has a dimensionality of 62 × 8, capturing the spatial–spectral energy distribution 
across EEG channels. 

3.2.2 DE-Based Feature Extraction 

DE is a continuous extension of Shannon entropy and is commonly used to quantify the 
uncertainty and complexity of signals. It is particularly effective in characterizing nonlinear and 
diverse frequency-domain properties of EEG signals. Previous studies have shown that EEG signals, 
after band-pass filtering and frequency-domain transformation, exhibit sub-band features that 
approximately follow a Gaussian distribution. Under this assumption, DE can be employed to 
quantify the energy complexity of different frequency bands. For an EEG signal segment that 
approximately follows a Gaussian distribution N ( μ，ߪ௜2), the DE is defined as Eq. (11): 

ܧܦ                 = − ∫ ௕௔ݔ݀((ݔ)݂)݃݋݈(ݔ)݂ = 12  Eq. (11)    (௜2ߪ݁ߨ2)݃݋݈

where, f(x) denotes the probability density function, [a,b] represents the range of signal values, 
and σi

2 is the signal variance. This formulation indicates that the DE corresponds to the logarithm 
of the energy spectrum within the target frequency band. 

In practice, the time-domain EEG signals were first transformed into the frequency domain 
using the FFT. The variance and DE values were then computed for each frequency band. Finally, 
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the DE features from all EEG channels were stacked row-wise to form a feature matrix of size 62×8 
for each sample, which was subsequently used as input for downstream modeling and classification. 

3.2.3 Frequency-Band Weighted Fusion of PSD and DE Features 

To fully leverage the complementary strengths of different features in attention-level 
recognition, a frequency-band-weighted fusion strategy based on PSD and DE was proposed. 
Specifically, preprocessed EEG signals were segmented into non-overlapping 3-second epochs and 
divided into eight frequency bands: Delta (0.5–4 Hz), Theta (4–8 Hz), Alpha1 (8–10.5 Hz), Alpha2 
(10.5–13 Hz), Beta1 (13–21.5 Hz), Beta2 (21.5–30 Hz), Gamma1 (30–40 Hz), and Gamma2 (40–
50 Hz). PSD and DE features were subsequently extracted from each segment and frequency band, 
resulting in two feature matrices of dimension 62×8 for each sample. 

During the feature fusion stage, distinct fusion weights were assigned to PSD and DE within 
each frequency band to reflect the relative contribution of each feature. Given the large number of 
frequency bands and two tunable weight parameters per segment (PSD and DE), exhaustive grid 
search would result in 1116 possible combinations, leading to high computational cost and 
inefficiency. To address the issue, a Bayesian optimization algorithm was employed to efficiently 
explore the weight parameter space and identify optimal fusion weights. 

Bayesian optimization constructed a Gaussian process model to simulate the distribution of the 
objective function, defined as classification accuracy, within the parameter space, and employed an 
expected improvement (EI) strategy to dynamically balance exploration and exploitation. In 
implementation, fusion weights were discretized into grid points with a step size of 0.1, which 
substantially reduced the search space complexity. The optimization procedure followed a two-stage 
strategy. In the initial stage, ten candidate weight sets were generated through random sampling to 
cover the global parameter space. Subsequently, fifty iterative rounds were conducted, guided by 
the model to focus on regions with potential high performance, resulting in a total of sixty 
evaluations, which offered significant efficiency advantages over exhaustive search. 

In the training iteration, the candidate weight combination was applied to fuse PSD and DE 
features. Classifiers including Support Vector Machine (SVM), Random Forest (RF), and Gradient 
Boosting Decision Trees (GBDT) were trained on the training set and evaluated on the validation 
set, with classification accuracy used as the objective function. The weight configuration that 
achieved the highest average performance was selected as the final feature fusion strategy. 

The optimized weights are summarized in Table 1. Low-frequency bands were predominantly 
weighted toward PSD features, high-frequency bands were dominated by DE features, and mid-
frequency bands adopted a balanced weighting strategy. This frequency-specific fusion reflects 
distinct neural mechanisms underlying attention states. Energy changes in low-frequency signals 
largely corresponded to cortical inhibition associated with dispersed attention, whereas complexity 
in high-frequency signals was more sensitive to synchronized neuronal firing linked to focused 
attention. All preprocessed and feature-extracted data were subsequently used for constructing and 
comparing attention-level classification models. 

 

Table 1. Frequency Band Definitions and Optimal Feature Weights 

Frequency Band Range (Hz) PSD Weight DE Weight 
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Delta 0.5–4 0.7 0.3 

Theta 4–8 0.6 0.4 

Alpha1 8–10.5 0.5 0.5 

Alpha2 10.5–13 0.5 0.5 

Beta1 13–21.5 0.4 0.6 

Beta2 21.5–30 0.4 0.6 

Gamma1 30-40 0.3 0.7 

Gamma2 40-50 0.3 0.7 

 

4 Results  

4.1 Effectiveness of the Frequency-Band Weighted Feature Fusion Method 

To assess the effectiveness of the proposed frequency-band–weighted fusion of PSD and DE 
for attention recognition, we evaluated with support vector machine (SVM), random forest (RF), 
and gradient boosting decision tree (GBDT). The experimental configuration and detailed results 
are reported below. 

  4.1.1 Experimental Settings and Classifier Configuration 

All classifiers were implemented in scikit-learn and evaluated using five-fold cross-validation 
to ensure stable estimates. For SVM, we used an RBF kernel and tuned the regularization parameter 
C via grid search to balance bias–variance. The RF model employed 100 trees with bootstrap 
sampling and randomized feature selection at each split (random_state = 42) to enhance ensemble 
diversity. The GBDT model used 100 estimators, learning rate = 0.1, and random_state = 42. Each 
classifier was trained on the same dataset under four feature configurations on PSD only, DE only, 
PSD+DE concatenation, and the proposed frequency-band–weighted fusion—and validation 
accuracy was recorded for comparison. 

  4.1.2 Classification Performance Comparison and Analysis 

To validate the effectiveness of the proposed frequency band weighted fusion strategy, we 
evaluated four feature representations across three classifiers (SVM, RF, and GBDT). The feature 
sets were PSD only, DE only, PSD plus DE concatenation, and the frequency band weighted fusion. 
Fig. 4 presents the classification accuracy of these feature sets for each classifier. 

The results demonstrate that frequency-band weighted fusion features achieved the highest 
performance in all classifiers, with accuracies of 84.8% (SVM), 87.9% (RF), and 81.8% (GBDT), 
which were markedly higher than those of the other feature combinations. By comparison, PSD 
only performed relatively well for RF and GBDT but was substantially weaker for SVM, whereas 
DE only produced the lowest accuracy across classifiers, indicating limited discriminative power 
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for attention recognition when used in isolation. 
Concatenated PSD and DE features showed a slight improvement over PSD-only features with 

SVM, but resulted in marginally reduced performance with RF and GBDT. This reduction could be 
attributed to the doubled feature dimensionality, which introduced redundant information, thereby 
increasing model complexity and negatively affecting recognition performance. In comparison, the 
frequency-band weighted fusion approach enhanced feature discriminability by automatically 
learning the optimal combination weights of PSD and DE in each frequency band through Bayesian 
optimization. The method further improved classification performance while maintaining controlled 
dimensionality. 

An additional observation is that the performance gain from the weighted fusion was more 
pronounced for SVM and RF, whereas GBDT showed relatively limited improvement. This likely 
reflects different sensitivities to feature representations. RF, as an ensemble with subspace sampling 
and majority voting, better exploits the complementarity between PSD and DE. In contrast, GBDT 
follows a residual driven, sequential learning strategy in which the dominance of PSD within the 
fusion can suppress contributions from auxiliary features such as DE, limiting the gain. Even so, the 
weighted fusion still outperformed both concatenated and single feature inputs under GBDT, 
indicating robust generalizability. Overall, the frequency band weighted fusion consistently 
demonstrated superior adaptability and performance across classifiers, confirming its effectiveness 
for attention level recognition. 

 

Fig. 4 Comparison of classification performance across classifiers 

4.2 Performance Evaluation of the DGCSA Model 

The section systematically evaluates the attention recognition performance of the proposed 
DGCSA model on multi-channel EEG signals in virtual learning scenarios, based on the previously 
constructed sub-band weighted fusion feature set. The experimental design includes training 
convergence analysis, confusion matrix visualization, ablation experiments of model modules, and 
comparative analysis with typical deep learning models (such as MLP, CNN, and LSTM), in order 
to comprehensively validate the effectiveness and robustness of the model. 
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4.2.1 Model Performance Evaluation and Confusion Matrix Analysis 

To evaluate DGCSA for attention-level recognition, we trained on the frequency-band–
weighted feature set using an 85:15 train–test split. Optimization used AdamW with cross-entropy 
loss (maximum 100 epochs, batch size = 8, dropout = 0.2, learning rate = 5×10⁻⁴). During training, 
performance was tracked on a held-out validation subset drawn from the training split, and the 
checkpoint with the highest validation accuracy was used for final test evaluation. 

Fig. 5 shows the Training and validation curves and test-set confusion matrix for the DGCSA 
model. Training accuracy rose rapidly within the first ~20 epochs and stabilized near 95% by  
about epoch 32; test accuracy followed a similar trajectory and stabilized around 92%. Training and 
validation losses decreased markedly over the first ~30 epochs and then plateaued with a small, 
stable gap. Minor late-stage fluctuations in validation loss were observed without evidence of 
overfitting, indicating stable optimization and good generalization. 

Applying the trained DGCSA to the held-out test set yielded a three-class confusion matrix that 
illustrates discrimination across attention levels (Fig. 5c). Class labels are SL (low), SM (medium), 
and SH (high). DGCSA achieved its best performance on SH, with all 37 samples correctly 
classified (100%). Performance on SM was slightly weaker, with 35 correct and 5 misclassified 
samples. For SL, overall accuracy was high, although 7 instances were misclassified as SH, 
suggesting partial feature overlap between low and high attention states. Together with the learning 
curves, these results indicate that DGCSA provides strong discriminability and generalization for 
attention recognition in virtual learning scenarios. 

 

Fig. 5 Training and validation curves and test-set confusion matrix for the DGCSA model: (a) 
accuracy vs. epoch, (b) cross-entropy loss vs. epoch, and (c) confusion matrix on the held-out test 

set. 
 

 

4.2.2 Model Performance and Module Contribution Analysis 

To rigorously assess the advantages of DGCSA for EEG-based attention recognition and 
quantify the contribution of its key modules, we conducted two complementary experiments. First, 
in ablation studies, DGCSA was decomposed to isolate the effects of dynamic graph convolution 
DGCNN and SA modeuls. Second, in comparative evaluations, DGCSA was benchmarked against 
three representative MLP, CNN, and LSTM deep models analyze recognition accuracy and 
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robustness. All models were trained with the same sub-band–weighted fusion features, identical data 
partitions, and matched hyperparameters. Performance was reported using accuracy, precision, 
recall, and F1-score. 

In the ablation studies, DGCNN alone achieved 87.9% accuracy, 3.8 percentage points below 
the full DGCSA, highlighting its central role in dynamically modelling inter-channel topology. The 
self-attention (SA) module provided additional gains by capturing cross-channel dependencies, but 
its impact was limited without a graph structure. A static-topology GCNN reached 84.8%, which is 
6.9 % less than DGCSA, indicating that fixed adjacency is insufficient to represent individualised 
EEG connectivity patterns. Taken together, these results show that coupling dynamic graph 
modelling with self-attention enables DGCSA to encode both spatial topology and channel salience, 
substantially enhancing discriminative capacity. 

In comparative evaluations, DGCSA consistently outperformed on the MLP (85.61%), CNN 
(84.8%), and LSTM (87.88%), baseline models across accuracy, precision, recall, and F1-score, 
with the largest gains in accuracy and F1. Fig. 6 presents a radar-chart comparison of the four 
performance metrics. The CNN underperformed due to limited capacity to model higher-order 
spatial dependencies; the LSTM leveraged temporal cues but insufficiently captured cross-channel 
structure; and the MLP, lacking explicit structural modeling, performed worst. By contrast, 
DGCSA’s synergistic combination of dynamic graph modeling and self-attention yielded markedly 
higher overall recognition performance and demonstrated stronger generalization and robustness on 
complex EEG data. 

In summary, DGCSA not only delivers substantial gains in attention recognition under virtual 
learning conditions but also offers a principled, structured and interpretable EEG modeling 
framework by jointly leveraging dynamic graph topology and self-attention within a multi-module 
fusion architecture. 

 

Fig. 6. The chart comparison of different models across four performance metrics across 
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different models. 

4.3 Cross-Scenario Analysis of Attention Differences 

To comprehensively compare attention between VR and 2D learning scenarios, we examined 
not only subjective attention ratings and global EEG measures but also the topographical 
distribution of band-limited activity. Integrating behavioral outcomes with frequency-specific EEG 
maps enabled a more systematic characterization of scenario-dependent attention differences and 
clarified the neurophysiological mechanisms underlying these variations. 

 

4.3.1 Attention Score Statistics 

According to the experimental setup in Section 3.1, all participants completed the same task in 
both 2D and VR conditions, with 90 s of EEG recorded in each scenario. For scoring, the 90-s 
sequence was partitioned into nine 10-s scoring segments, each composed of ten non-overlapping 
1-s windows. From each 10-s segment, EEG features were extracted using the sub-band–weighted 
fusion method (Section 3), and the trained DGCSA classifier produced a three-class attention label, 
low (L), medium (M), or high (H) mapped to scores of 10, 20, and 30, respectively. 

 

Based on this procedure, mean and standard deviation of attention scores over the 90 s were 
computed for each participant. As shown in Fig. 7, most participants achieved higher mean attention 
with smaller variability in the VR condition than in 2D, indicating that immersion not only elevates 
overall attention but also stabilizes attentional performance. These results provide initial evidence 
that VR confers an advantage for maintaining high and stable attention during learning.

 

Fig. 7 Mean and standard deviation of attention scores in 2D and VR learning scenarios 

4.3.2 Paired t-Test and Statistical Significance Analysis 

To further validate the statistical reliability of the observations, paired-sample analyses were 
conducted from two perspectives, including correlation analysis and significance testing. 



 

Page 19 of 28 

 

Firstly, Pearson correlation analysis was performed to assess the synchronous trend in attention 
means under the two learning conditions. As shown in Table 2, the correlation coefficient between 
the attention means of the virtual and 2D learning scenarios was 0.5335, with a significance level 
of p=0.0154 (< 0.05). This indicates a statistically significant positive correlation between the two 
conditions, suggesting that participants' attention trends were consistent across scenarios. 

Table 2. Paired sample correlation 

 N Correlation Sig. (2-tailed) 

Mean Attention Scores in VR and 

2D Learning Scenarios 
20 0.5335 1.5424e-2 

 

Subsequently, paired-sample t-tests were performed to evaluate the significance of differences 
in mean attention scores for the 20 participants between the two scenarios. As shown in Table 3, the 
mean score in the VR scenario was 19.32 ± 0.82, significantly higher than 18.16 ± 0.95 in the 2D 
scenario, with a mean difference of 1.16. The paired-sample t-test yielded t = 5.84, p = 1.27 × 10⁻⁵, 
and a 95% confidence interval for the difference of [0.78, 1.54], which does not include 0. These 
results further confirm that the VR scenario has a significant effect on enhancing attention levels. 

 

 

 

Table 3. Statistical comparison of attention scores between 2D and virtual learning scenarios 
using a paired-sample t-test 

Condition Mean ± SD Mean Diff 95% CI of Diff t p-value 

Virtual 19.32 ± 0.82 — — — — 

2D 18.16 ± 0.95 — — — — 

Virtual - 2D — 1.16 [0.78, 1.54] 5.84 1.27 × 10⁻⁵ 

In conclusion, the virtual learning environment demonstrated a statistically significant 
advantage in improving average attention levels and maintaining stability. Moreover, the strong 
correlation with 2D performance indicates consistent behavioral trends. These results provide 
empirical support for the effectiveness of virtual environments in cognitive regulation and EEG-
guided attention enhancement. 

 

4.3.3 EEG Frequency Band Differences 

Beyond behavioral performance and overall attention level differences, the study further 
explored the neural mechanisms underlying attention variations between VR and 2D learning 
scenarios by comparing the topographical distributions of EEG frequency bands. Considering prior 
evidence indicating that Theta, Alpha, and Beta rhythms are closely related to attention processes, 
the following focuses on the results of these three bands. Fig. 8 shows the Topographical graph on 
VR–2D, VR and 2D differences in Bayesian-weighted fused EEG features across Delta (0.5–4 Hz), 
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Theta (4–8 Hz), Alpha (8–13 Hz), Beta (13–30 Hz), and Gamma (30–50 Hz) using EEGLab. 
Previous studies have indicated that frontal Theta activity is closely related to attentional state 

and arousal level. Specifically, when individuals are in an externally oriented attentional state with 
heightened focus and alertness, frontal Theta power tends to exhibit a relative decrease [24, 25]. In 
the present study, compared with the 2D condition, VR elicited a significant decrease of Theta in 
the fronto-central regions, whereas occipital Theta was notably enhanced Fig. 8(a). These findings 
suggest that VR environments may help learners reduce “endogenous attention” or mind-wandering, 
leading to greater focus on external stimuli. Meanwhile, the increase in occipital Theta may reflect 
enhanced visual–spatial processing and the ongoing integration of spatial information during 
immersive virtual exploration. 

Alpha rhythms are widely regarded as indicators of inattentive states and relaxation, and 
decreases in occipital Alpha, known as Alpha suppression, are classic markers of visual attention 
[26, 27]. In this study, VR elicited a pronounced reduction of occipital Alpha relative to the 2D 
condition, demonstrating typical Alpha suppression and suggesting stronger visual cortical 
activation and external attentional engagement in the immersive environment. Additionally, the 
increase of Alpha in left temporal and parietal regions may reflect the higher demands for semantic 
processing and information integration under VR conditions. Overall, the results align closely with 
classical models and further indicate that immersive environments can substantially enhance visual 
attention. 

Beta rhythms are closely associated with cortical excitability, active cognitive processing, and 
sensorimotor integration [25, 28]. In this study, VR elicited significant increases of Beta activity in 
parietal and occipital regions, while frontal Beta was relatively reduced. This pattern suggests that 
learners in virtual environments face higher demands for multimodal information integration, 
particularly in parieto-occipital regions where visual, spatial, and proprioceptive inputs are 
simultaneously processed. Meanwhile, the relative decrease of frontal Beta may reflect a shift of 
attentional resources toward external sensory signals rather than internal abstract reasoning or 
planning. The results provide a more spatially detailed complement to existing research on Beta 
rhythms and attention concentration. 

Integrating subjective evaluations, statistical analyses, and frequency-band topographical 
results, the study demonstrates that VR environments are more effective than 2D environments in 
maintaining learners’ attention. On one hand, attention scores in VR were generally higher and 
showed significant differences in statistical tests. On the other hand, EEG band analysis revealed 
decreases in Theta, suppression of Alpha, and enhancement of Beta under VR conditions, 
collectively reflecting increased external attention, visual cortical activation, and multimodal 
information integration. These converging results from behavioral and neurophysiological levels 
indicate that immersive virtual environments provide a significant advantage in promoting sustained 
attention. 
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Fig. 8. Topographical graph on VR–2D, VR and 2D differences in Bayesian-weighted fused EEG 
features across Delta (0.5–4 Hz), Theta (4–8 Hz), Alpha (8–13 Hz), Beta (13–30 Hz), and Gamma 
(30–50 Hz) using EEGLab. Warm colors indicate higher values in VR; cool colors indicate higher 
values in 2D. 

 

5 Discussion 

 

This study introduces DGCSA, a dynamic graph convolutional network with self-attention 
mechanisms, for EEG-based attention recognition in immersive learning environments. The 
research evaluates differences in attention between VR and 2D learning scenarios. Using a 
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standardised Schulte Grid paradigm, we assembled a three-tiered attention dataset (SL/SM/SH) 
comprising 873 EEG segments, each lasting 3 seconds, recorded across 64 channels. The DGCSA 
model demonstrated robust three-class discriminability on the reserved test set, achieving optimal 
performance on high attention (SH), with all 37 SH samples accurately classified, yielding a 100% 
accuracy. Furthermore, cross-scenario analysis indicates that VR is associated with higher mean 
attention levels and lower variability than 2D learning, suggesting that immersive environments 
may enhance and stabilise learners' attention. 

 

The primary motivation of DGCSA is that attention is not solely indicated by local spectral 
alterations but also by temporal variations in coordination across distributed neural networks, which 
manifest as dynamic dependencies among EEG channels. A static adjacency matrix enforces a fixed 
connectivity prior that may not accurately represent transient, task-dependent coupling patterns. 
DGCSA mitigates this limitation by learning a dynamic inter-channel topology, while the self-
attention (SA) module captures global dependencies and emphasises channel-wise salient 
information. Empirical evidence from module contribution analysis supports this modelling 
approach: a static-topology GCNN demonstrated inferior performance (84.8%), whereas DGCSA 
attained higher accuracy; further ablation studies indicate that dynamic graph modeling is a crucial 
factor for the observed improvement (DGCNN alone 87.9%, 3.8 percentage points below the full 
DGCSA). Collectively, these findings suggest that integrating dynamic topology learning with self-
attention enhances the representation of both spatial structure and global channel interactions 
relevant to attentional-state decoding. 

 

Although the comprehensive confusion matrix demonstrates robust discrimination across 
attention levels, a prominent error pattern involves the misclassification of certain low-attention 
samples (SL) as high-attention (SH). This pattern likely reflects partial feature overlap between 
segments labelled “low” and brief intervals characterised by transient arousal or alertness. It may 
also originate from a labeling asymmetry: in the current protocol, SL corresponds to an eyes-closed 
resting state with no clicks, whereas SM/SH are defined using task completion time and accuracy 
thresholds. This discrepancy could introduce distributional differences between SL and task-
engaged states, thereby complicating the decision boundaries for short windows. Practically, this 
analysis suggests several avenues for improvement. Firstly, incorporating sequence-level smoothing 
(e.g., aggregation across consecutive windows) to mitigate isolated fluctuations. Secondly, 
enriching the “low attention” definition with low-engagement periods during task segments, which 
would be more ecologically valid. Finally, evaluating ordinal or cost-sensitive objectives to reduce 
confusion between extreme classes. 
 

The comparison between VR and 2D was conducted with a counterbalanced order and a one-
day interval, incorporating 90 seconds of EEG recording in each condition. The analysis of attention 
scores reveals that the majority of participants exhibited higher average attention levels and lower 
variability in the VR environment than in the 2D environment. One plausible interpretation is that 
immersive interaction enhances sustained engagement and minimises attentional fluctuations during 
learning. However, it is worth considering a novelty effect in VR, in which initial exposure to 
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immersive environments temporarily elevates attention independently of deeper cognitive processes. 
The current experimental design- employing randomized scenario order and a one-day interval-
serves to mitigate but does not entirely eliminate this effect. Consequently, longitudinal studies 
involving repeated VR sessions are required to determine whether the observed attention benefits 
persist after habituation. 

 

Limitations and future work  

Several limitations must be acknowledged. Firstly, the sample size and population diversity are 
restricted, which may constrain the generalizability to other age groups and learner populations, and 
may result in overfitting of the model.  EEG-guided attention feedback should be evaluated within 
personalised intervention pipelines, such as children’s attention training or cognitive rehabilitation, 
to assess real-world feasibility and impact [29, 30]. Although segmentation produced 873 EEG 
samples, the relatively small number of participants remains a significant constraint for the 
generalisation of deep learning models. Secondly, the risk of overfitting remains noteworthy 
considering the dataset size and the utilisation of an 85:15 train–test split for DGCSA evaluation. 
Future studies should prioritize subject-independent protocols (e.g., leave-one-subject-out or nested 
cross-validation) and external validation on independent cohorts. Thirdly, EEG acquisition in VR 
introduces additional confounding factors, including motion-related artefacts and an increased 
sensory load. While preprocessing involved visual inspection, removal of gross-motion artefacts, 
and independent component analysis (ICA) with semi-automatic labeling combined with manual 
confirmation, residual VR-specific artefacts might still influence high-frequency features and the 
learned connectivity patterns. Fourthly, the current scoring pipeline is based on windowed analysis, 
and the VR/2D attention scoring depends on non-overlapping short windows aggregated into 90-
second summaries. This methodology may overlook finer temporal dynamics and could be sensitive 
to brief fluctuations. Lastly, the interpretability of the learned dynamic topology remains partial, 
while ablation studies indicate the benefits of dynamic graphs over static adjacency.  Further 
explainability analyses are required to correlate the learned connectivity changes with 
physiologically meaningful patterns. 

 

Future studies should validate DGCSA across larger, more diverse cohorts and employ more 
robust, subject-independent evaluation methods. It is also recommended to incorporate longitudinal 
virtual reality exposure to measure habituation and isolate effects of novelty. Furthermore, 
integrating motion and physiological data channels, coupled with stricter artefact quantification, 
will enhance robustness in virtual reality applications. Expanding interpretability through GNN-
specific explainers and connectivity visualizations will further elucidate how dynamic topology 
learning correlates with attention mechanisms. These measures will serve to strengthen confidence 
in the deployment of this technology for clinical and educational purposes. 
 

6 Conclusion 

This study proposes and validates an EEG-based attention recognition framework that 
combines a Bayesian-optimized, frequency-band–weighted fusion of features with DGCSA, a 
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model integrating dynamic graph convolution and self-attention. In a three-class task, DGCSA 
achieved 91.67% accuracy on a self-collected dataset, outperforming traditional machine-learning 
and deep-learning baselines. Ablation analysis confirms the complementary contributions of the 
dynamic graph and attention modules to capturing complex spatiotemporal dependencies. Cross-
scenario experiments further show that immersive virtual environments yield significantly higher 
mean attention scores with lower variability (p < 0.001) frequency-band analyses corroborate these 
behavioral effects, indicating enhanced attentional stability under VR. Collectively, the results 
establish DGCSA as a reliable tool for assessing cognitive states across learning contexts and 
provide neurophysiological support for deploying virtual reality to sustain attention in educational 
settings. 
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