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Abstract 

Accurate assessment of working memory load (WML) is 
important for cognitive neuroscience and brain-computer 
interfaces, as WML reflects the recruitment of attentional 
control and memory resources during encoding, maintenance, 
and updating. However, WML-related EEG is highly 
nonstationary: ERP signatures vary in latency and amplitude, 
and these variations are amplified across subjects, leading to 
distribution shifts. We propose CMDA-GCN, an adaptive 
spatiotemporal graph convolutional network based on 
Confidence-Margin Semi-Supervised Domain Adaptation 
(CMDA). The model combines multi-scale temporal 
convolutions with time attention to capture transient ERP 
dynamics and accommodate latency variability, and uses 
adaptive graph convolutions to learn task-dependent inter-
electrode interactions. To mitigate domain drift, CMDA-GCN 
integrates multi-source adversarial alignment with confidence-
based pseudo-label learning and a hard-sample margin 
constraint, jointly suppressing pseudo-label noise and 
sharpening decision boundaries. Experiments on two datasets 
show consistent performance gains, and visualizations 
highlight workload-sensitive time windows and distributed 
interactions, supporting robust and interpretable WML 
estimation.  

Keywords: working memory load; domain adaptation; ERP; 
graph convolutions 

I. Introduction 
Cognitive working memory load (WML) reflects the degree 
to which information-processing resources are engaged 
during task execution and is a key determinant of 
performance and reliability (Arvidsson et al., 2020). As high-
risk settings such as education, human-computer interaction, 
and transportation increasingly demand sustained attention 
and efficiency, both overload and underload can impair 
performance and elevate error risk, underscoring the need for 
objective, real-time assessment. Applications have expanded 
from online learning  (S. Kim et al., 2024; Tang et al., 2024) 
and driving/aviation (Yiu et al., 2025) to auxiliary diagnostic 
contexts including depression, schizophrenia, and autism 
spectrum disorder (Cheng et al., 2025; Han et al., 2026; 
Sarisik et al., 2025). Compared with subjective scales, 
physiological measures are better suited for continuous 
monitoring (Li et al., 2025; Tao et al., 2019), and EEG is 
particularly attractive due to its noninvasiveness, portability, 
low cost, and high temporal resolution  (Das Chakladar & 
Roy, 2024; Zhou et al., 2022), with demonstrated utility in 
related decoding tasks such as emotion and sleep monitoring 
(Tan, Pan, et al., 2025; Tan, Xu, et al., 2025). 

Despite its promise, EEG-based WML decoding remains 
challenging because EEG is weak, noisy, and nonstationary, 
with pronounced inter-subject variability that limits robust 
feature learning and cross-subject generalization. Traditional 
pipelines rely on handcrafted features—e.g., increased theta 
and decreased alpha power with higher workload (Pergher et 
al., 2019; Tan et al., 2024), ERP markers such as P300 
attenuation (Brouwer et al., 2012), and complexity or fused 
features (Tian et al., 2019) combined with classifiers (e.g., 
SVM/LDA), but these approaches are sensitive to temporal 
variability and depend heavily on feature engineering. End-
to-end deep learning offers a more flexible alternative: CNNs 
can learn hierarchical representations from raw or minimally 
processed EEG (Chen et al., 2025; Chen et al., 2026), with 
compact models such as EEGNet showing strong efficiency 
across paradigms (Lawhern et al., 2018), and later work 
exploring multi-band 2D mappings (Yuan et al., 2025), 3D 
convolutions with attention (Zhang et al., 2021), and deeper 
architectures for applied scenarios (Chen et al., 2026). 
However, existing approaches still face limitations in joint 
spatiotemporal modeling: while 1D-CNNs and multi-scale 
designs capture temporal dynamics effectively (Ding et al., 
2020; Zhang et al., 2025), spatial modeling via electrode 
sequences or 2D image-like mappings often fails to explicitly 
represent inter-regional functional connectivity and 
coordinated interactions (Siddharth et al., 2022). Given that 
higher-order cognition involves both region-specific 
activations and large-scale cooperation, a framework that 
jointly models temporal dynamics and spatial topological 
interactions remains needed. 

Motivated by these considerations, we propose CMDA-
GCN, an end-to-end adaptive spatiotemporal graph learning 
framework for cross-subject EEG-based WML decoding (Fig. 
1). The framework jointly learns discriminative and domain-
invariant representations from temporal and spatial 
perspectives. Temporally, multi-scale modeling with time 
attention captures time-varying ERP dynamics and 
accommodates latency variability; spatially, an adaptive 
graph explicitly models inter-regional topological 
interactions. For optimization, multi-source adversarial 
domain learning is combined with target-domain semi-
supervised learning to reduce performance degradation 
caused by cross-subject distribution shift. Experiments on a 
public N-back dataset and a self-collected delayed match-to-
sample dataset show consistent improvements, and 
visualization further highlights task-relevant temporal 
windows and inter-regional interactions, supporting robust  
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Figure 1: Overall architecture of the proposed CMDA-GCN framework. 
 

 
and interpretable WML assessment. The main contributions 
are summarized as follows: 

1. Multi-scale temporal modeling with time attention: 
We develop a temporal module that combines parallel 
convolutions with different receptive fields and a time-
attention mechanism. This design captures workload-related 
dynamics at multiple time scales and adaptively highlights 
informative post-stimulus windows, improving both the 
modeling and interpretability of transient ERP patterns and 
latency variability. 

2. Adaptive graph-based spatial interaction modeling:   
We propose a data-driven spatial learning scheme that end-
to-end optimizes inter-electrode relationships as an adaptive 
graph. Residual connections and normalization are 
incorporated after graph propagation to stabilize training and 
enhance representation capacity, enabling more effective 
characterization of functional coupling topologies across 
channels. 

3. Multi-source adversarial learning with confidence-
margin semi-supervised optimization: We split source 
subjects into multiple sub-domains and perform multi-source 
adversarial alignment via gradient reversal to learn domain-
invariant features. For the unlabeled target domain, we 
integrate high-confidence pseudo-label self-training with a 
hard-sample margin constraint and a warm-up schedule, 
reducing pseudo-label noise and negative transfer and 
thereby improving cross-subject generalization. 

II. Methodology 

A. Overview of CMDA-GCN Model 
Let a single-trial EEG segment be denoted as B C LX × ×∈ , 
where B  is the batch size, C  is the number of electrodes, 

and L  is the number of time points. As shown in Fig. 1, 
CMDA-GCN learns representations that are discriminative 
for WML while robust to inter-subject variability. The 
backbone comprises temporal representation learning and 
spatial topological interaction modeling. Temporally, multi-
scale convolutions capture transient dynamics across time 
scales, and a time-attention module highlights informative 
windows. Spatially, electrodes are treated as graph nodes; 
inter-electrode relations are encoded by a learnable adjacency 
matrix and propagated via graph convolution. During training, 
supervised learning on labeled source data is complemented 
with domain-invariant representation learning and target-
domain self-training, improving stability under cross-subject 
evaluation. 

B. Multi-scale Temporal Feature Extraction and 
Temporal Attention 
EEG/ERP signals under WML exhibit strong transients, 
including latency shifts and amplitude fluctuations, and 
contain dynamics at multiple temporal scales. Therefore, 
single-scale filtering is often insufficient to capture both brief 
ERP transients and slower task-related modulations. As 
shown in Fig. 1, our temporal module employs parallel multi-
scale temporal convolution branches with different receptive 
fields to perform time-domain filtering and downsampling. 
Let the kernel length of the k-th branch be { }5,15,31ks ∈ . A 
2D convolution (1 )ks× is applied to the input with the kernel 
sliding only along the time axis, producing the branch-
specific feature map ( )kH : 
 ( )( ) ( )( ( ( )))k kH Drop Pool BN X Wσ= ∗  (1) 

where ∗  denotes convolution, BN is batch normalization, 
is the ELU activation, Pool is temporal pooling, and Drop is 
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dropout. The outputs of all branches are concatenated along 
the feature dimension and fused by a 1 1×  convolution: 
 ( )(1) (2) (3); ; .H Merge H H H =    (2) 

To explicitly capture the unequal importance of different 
time windows, we further introduce time attention to 
adaptively reweight each electrode’s temporal sequence. Let 
the fused features be B C T DH × × ×∈ . For node n, an attention 
score and its normalized weight are computed for the feature 
vector ,

D
n th ∈  at time step t: 

 , ,tanh( )T
n t n te w h b= +  (3) 

 ,
,

,
1

( )
.

( )

n t
n t T

n

exp e

exp e τ
τ

α

=

=


 (4) 

The temporal features are then reweighted to emphasize 
informative segments: 
 { }, , , , ,

,n t n t n t n t n t
h h H hα= =   (5) 

The attention weight ,n tα  contributes to representation 
learning and also supports interpretability by localizing task-
relevant time windows. Finally, each node’s attended time-
series features are flattened and linearly projected to obtain 
the node embedding (0) B C F

gX × ×∈ , which is fed into the 
graph convolution module. 

C. Adaptive Graph Convolution 
Along the spatial dimension, each electrode is treated as a 
graph node, and the topology is learned end-to-end to avoid 
the limited transferability of fixed adjacencies across subjects. 
Inter-electrode relations are parameterized by a learnable 
matrix C CP ×∈  and symmetrized to model undirected 
interactions, )( 2TP P P= + . We then apply an exponential 
mapping and add self-loops to obtain a nonnegative, scale-
comparable weight matrix ( )S exp P I= + , and construct the 
propagation operator via symmetric degree normalization 

ii ijD S=  to mitigate degree-related scale bias and 
improve numerical stability during message passing 

1 2 1 2A D SD−= . In practice, P  is initialized using Pearson 
correlations to speed up convergence and is further refined in 
a data-driven manner during training. 

Given the high noise level and pronounced inter-subject 
variability of EEG, we further introduce residual learning and 
normalization after each propagation layer to stabilize 
optimization and mitigate representation drift. The 𝑙-th graph 
propagation is computed as: 
 ( 1) ( ) ( )ˆ ( )l l l

g gX AX Wσ+ =  (6) 

 ( )( 1) ( 1) ( )ˆl l l
g g gX LN X X+ += +  (7) 

Here, ( )l B C F
gX × ×∈  denotes the input node 

representations, ( )lW  is a learnable parameter matrix, and 
( )σ ⋅  is a nonlinear activation function.  

Finally, the resulting node representations are aggregated 
across electrodes and fed into a classification head for 
workload prediction. 

D. Confidence-Margin Semi-Supervised Domain 
Adaptation 
In cross-subject settings, substantial distribution shifts exist 
between source- and target-domain EEG data. To improve 
generalization, we jointly enforce class discriminability and 
domain invariance by combining adversarial alignment with 
target-domain self-training. A domain discriminator imposes 
an adversarial constraint on the extracted features to suppress 
subject-specific information, while unlabeled target samples 
are optimized via self-training with confidence-based 
filtering and a margin regularizer to reduce the influence of 
noisy pseudo-labels on the decision boundary. Formally, let 

B df ×∈  denote the global features extracted by the 
backbone, and let (GRL( ))q D f=  be the output of the 
domain discriminator ( )D ⋅ . The GRL is an identity mapping 
in the forward pass, but multiplies the gradients by α−  
during backpropagation, encouraging domain-
indistinguishable representations. The coefficient α  is 
scheduled to increase over training to strengthen alignment at 
later stages. 

For unlabeled target-domain samples, the model constructs 
pseudo-labels based on the predicted probabilities 

Softmax( )p z= , with ˆ arg maxc cy p= . A confidence-
thresholding strategy is then applied: the cross-entropy loss 
on pseudo-labels is enforced only when highˆ maxc cp p τ= ≥  
thereby suppressing noisy supervision during early training 
and on uncertain samples. Meanwhile, for samples falling 
into an uncertainty interval ˆlow highpτ τ≤ < , we introduce a 
logit-margin regularization term to sharpen the decision 
boundary. Let the largest and second-largest logits be (1)z  
and (2)z , respectively, and define the margin as 

(1) (2)z zΔ = − . The margin constraint can then be formulated 
as: 
 max(0, ),m m= − Δ  (8) 

Here, m is a predefined margin. This term encourages a 
larger separation between the top two competing outputs, 
thereby reducing unstable predictions for hard samples near 
the decision boundary.  

E. Loss Function 
Combining the above objectives, the overall training loss 
consists of a supervised classification term on the source 
domain, an adversarial domain discrimination term, and a 
target-domain self-training regularization term. Let sy  
denote the source-domain labels and sz  the classification 
logits. The source-domain classification loss is defined as: 
 ( , ),cls CE s sz y=   (9) 
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The domain discrimination loss is formulated as a cross-
entropy term, computed on both the source and target 
domains and then averaged: 

 ( )1 ( ( ), ) ( ( ), ) ,
2dom CE s s CE t tD f d D f d= +    (10) 

where sd  and td  denote the corresponding domain labels. 
The target-domain pseudo-label loss under confidence 
thresholding is defined as: 
 highˆ ˆ( , ) ( )pl CE tz y p τ= ⋅ ≥   (11) 

Together with the margin term m , this forms the target-
domain regularization. The final optimization objective is 
given by: 
 ( ),cls dom dom ssl pl pl m mwλ λ λ= + + +      (12) 

Here, 0.1domλ = , 1.0plλ = , and 0.5mλ =  are weighting 

coefficients, and ( )ssl 1, 10w min e=  is a scheduling factor 
that varies with training progress. This objective maintains 
source-domain discriminability while mitigating cross-
subject distribution shift via adversarial alignment and target-
domain self-training regularization. In our implementation, 
the confidence threshold 0.8highτ = , the uncertainty lower 
bound 0.6lowτ = , and the margin m=0.3. 

 
 

Figure 2: Experimental paradigms of the datasets. 

III. Results 

A. Datasets and Preprocessing 
Twenty healthy participants (normal or corrected-to-normal 
vision; no psychiatric/neurological history) completed a 
delayed match-to-sample task (DMT) while EEG was 
recorded with a 64-channel NeuroScan system. Three 
workload levels were included: 2 (low), 4 (mid), and 8 (high) 
items, administered across six sessions (60 trials/session; 
conditions equiprobable). As shown in Fig. 2(a), each trial 
consisted of a 50 ms flashing fixation, a 200 ms memory 
sequence, a 3000 ms retention interval, and a 100 ms probe; 
participants reported whether the probe appeared in the 
memory set (F = absent; J = present). We also evaluated on a 

public N-back dataset with EEG from 26 right-handed 
participants recorded using 30 electrodes. Participants 
performed 0-back, 2-back, and 3-back tasks corresponding to 
low, mid-level, and high workload levels, respectively (Fig. 
2(b)); details are provided in (Shin et al., 2018). 

 
 
Figure 3: Overall confusion matrices for (a) the DMT dataset 
and (b) the N-back dataset. The top number denotes trial 
count and the bottom number denotes the percentage. 

B. Baselines and Experimental Setup 
We compare the proposed method with widely used deep 
learning baselines for EEG classification, including models 
originally developed for ERP decoding, BCI applications, 
and motor imagery. The baselines are ShallowNet/DeepNet 
(Schirrmeister et al., 2017), EEGNet (Lawhern et al., 2018), 
EEG-Inception (Santamaría-Vázquez et al., 2020), JMNet (J. 
M. Kim et al., 2024), EEGNex (Chen et al., 2024), and 
Jalilpour et al. (2025). These architectures have been applied 
to P300, movement-related cortical potentials, sensorimotor 
rhythms, and other BCI paradigms. Performance was 
evaluated using subject-independent 10-fold cross-validation 
and reported in terms of Accuracy (ACC), Cohen’s kappa 
(Kappa), Macro-Sensitivity (MS), Macro-F1 (MF1), and 
Macro-Precision (MP). 

C. Working Memory Detection 
On the DMT dataset, as summarized in Table 1, CMDA-
GCN achieved 70.10%, 55.10%, 70.12%, 70.27%, and 71.02% 
in Accuracy, Kappa, MS, MF1, and MP, respectively, 
representing the best performance among all compared 
methods. Compared with the strongest baseline (Jalilpour et 
al.), CMDA-GCN improved these five metrics by 4.85, 7.30, 
4.87, 4.92, and 4.88 percentage points, respectively. Further 
inspection of the confusion matrix in Fig. 3(a) indicates more 
stable recognition of the mid-level load (4 items) and high-
load (8 items) conditions, with class-wise accuracies of 67.0% 
and 72.4%, respectively. The dominant confusions occur 
between adjacent load levels, with 22.8% of mid-level load  
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Table 1: Performance comparison between the proposed method and baseline models on the DMT dataset. 
 

Model ACC Kappa MS MF1 MP 
ShallowNet 59.17±3.41 38.68±5.16 59.21±3.42 58.72±3.55 59.38±3.44 

DeepNet 58.19±2.75 37.21±4.14 58.23±2.81 57.64±3.39 59.18±2.59 
EEGNet 59.37±2.88 39.02±4.33 59.42±2.93 59.12±3.16 60.29±3.12 

EEG-inception 60.64±2.75 40.89±4..15 60.69±2.77 60.57±3.14 61.64±3.03 
EEGNeX 62.34±2.99 43.49±4.33 62.47±2.89 61.83±3.45 62.81±2.61 

JMNet 60.85±4.38 41.25±6.57 60.99±4.40 60.01±5.17 61.41±3.67 
Jalilpour et al. 65.25±2.81 47.80±4.20 65.25±2.80 65.35±2.85 66.14±2.92 

ours 70.10±3.33 55.10±4.95 70.12±3.35 70.27±3.35 71.02±3.24 

Table 2: Performance comparison between the proposed method and baseline models on the N-back dataset. 
 

Model ACC Kappa MS MF1 MP 
ShallowNet 50.59±3.83 25.62±5.71 50.22±3.77 47.90±4.34 49.98±4.10 

DeepNet 49.17±3.21 23.68±4.80 48.98±3.17 47.38±3.58 49.40±3.53 
EEGNet 52.82±3.86 29.11±5.76 52.52±3.76 51.26±4.20 52.85±4.25 

EEG-inception 50.50±3.80 25.66±5.73 50.27±3.73 49.23±4.36 50.61±4.03 
EEGNeX 52.93±4.39 29.21±6.63 52.59±4.42 50.44±5.73 52.77±4.89 

JMNet 49.87±3.66 24.63±5.47 49.57±3.62 48.10±4.25 49.45±4.05 
Jalilpour et al. 56.79±3.73 35.19±5.59 56.68±3.74 56.72±3.92 57.81±3.84 

ours 58.67±4.46 38.08±6.44 58.67±4.42 58.73±4.49 60.80±4.16 

trials misclassified as high load and 21.2% of high-load trials 
misclassified as mid-level load, suggesting improved 
robustness in discriminating neighboring workload states. 
Overall, CMDA-GCN shows a clear advantage in identifying 
the mid- and high-load conditions and effectively suppresses 
severe cross-level errors, particularly high-load trials 
misclassified as low load (misclassification rate 6.3%), 
demonstrating its ability to separate adjacent workload levels 
more reliably and reduce cross-level confusion. 

On the N-back dataset, as reported in Table 2, CMDA-
GCN achieved 58.67%, 38.08%, 58.67%, 58.73%, and 60.80% 
in Accuracy, Kappa, MS, MF1, and MP, respectively, 
outperforming all competing methods overall. Compared 
with Jalilpour et al. (2025), CMDA-GCN improved 
Accuracy, Kappa, and MF1 by 1.88, 2.89, and 2.01 
percentage points, respectively. The confusion matrix in Fig. 
3(b) further shows that CMDA-GCN attains a 60.9% 
recognition accuracy for the high-load (3-back) condition, 
with most errors arising from misclassification as medium 
load (28.8%) and low load (10.3%). For the mid-level load 
(2-back) condition, the accuracy reaches 51.5%, and 
misclassifications are primarily shifted toward the high-load 
class (37.1%), indicating that some ambiguity remains at the 
mid–high workload boundary. Nevertheless, the overall 
discriminative performance and agreement metrics are the 
best or near-best among all methods. In summary, the 
confusion-matrix patterns are consistent with the 
improvements in Table 2, suggesting that CMDA-GCN 
enhances the separability of medium and high workload 
states and reduces severe misclassifications in the more 

challenging cross-subject three-class workload recognition 
setting, thereby yielding superior overall performance. 

D. Visualization 
To enhance interpretability, we visualize key representations 
on the DMT (Fig. 4) and N-back (Fig. 5) datasets. For DMT, 
Fig. 4(a) presents event-locked whole-brain ERP waveforms 
and representative channels (Fz, Cz, POz), showing 
workload-dependent differences with notable latency and 
amplitude variability in early transients. Fig. 4(b) shows that 
temporal attention peaks in an early post-stimulus window 
and then stabilizes, indicating that the model emphasizes 
informative transient intervals rather than weighting the 
entire epoch uniformly. Fig. 4(c) further reveals that only a 
subset of electrodes receives high contributions during this 
key window, suggesting adaptive selection of workload-
relevant spatial cues. Fig. 4(d) visualizes the learned adaptive 
adjacency, which is sparse yet structured, capturing both 
local coupling and long-range interactions with partial left-
right consistency. Consistent patterns are observed on N-back: 
electrode-wise weights in Fig. 5(a) emphasize a subset of 
channels with stronger concentration over anterior regions, 
temporal attention in Fig. 5(b) again highlights an early 
window across workload levels, and the adaptive adjacency 
in Fig. 5(c) exhibits a similarly sparse but structured topology 
that preserves local coordination while supporting long-range 
interactions, collectively providing evidence for stable 
spatiotemporal cues used in cross-subject workload 
recognition. 
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Figure 4: Visualization results on the DMT dataset. 
 

 
 

Figure 5: Visualization results on the N-back dataset. 

IV. Discussion 
ERP evidence and the attention visualizations provide a 
convergent temporal account of the model’s decision cues. In 
DMT (Fig. 4(a)), workload effects are prominent in early 
components (around the P200/N200 range) and later positive 
activity (P300), consistent with reports that cognitive load 
modulates both early perceptual-attentional processing and 
later updating-related processes (Ren et al., 2023; Yu et al., 
2024). Notably, temporal attention in Fig. 4(b) concentrates 
around ~200 ms, suggesting that the model preferentially 
weights an early post-stimulus window rather than 
integrating the entire epoch uniformly. This is a plausible 
cross-subject strategy because early sensory–attentional 
operations tend to exhibit more stable timing across 
individuals than later components, which can be more 
sensitive to strategy and inter-subject variability. A similar 
early-window emphasis is observed in N-back (Fig. 5(b)), 

supporting the view that early transient responses provide 
more transferable discriminative cues across subjects. 

Spatial visualizations further indicate that workload-
relevant information is spatially sparse. In DMT, the 
electrode-weight map (Fig. 4(c)) assigns higher contributions 
to a subset of channels within the key interval, implying that 
discriminative information is concentrated in localized sensor 
clusters rather than being globally distributed. The N-back 
weights show a comparable pattern (Fig. 5(a)), with stronger 
emphasis over anterior electrodes, consistent with greater 
engagement of control-related processes in updating 
demands (Huang et al., 2025; Ren et al., 2023).. Finally, the 
adaptive adjacency patterns reveal task-consistent interaction 
structures. DMT exhibits denser local coupling within frontal 
and posterior regions (Fig. 4(d)), compatible with a 
functional division in delayed match-to-sample processing in 
which frontal systems support maintenance/control and 
posterior systems support representational fidelity and 
matching-related comparisons (Li et al., 2022). In contrast, 
N-back shows more frontal-dominant strengthening (Fig. 
5(c)), aligning with sustained monitoring, interference 
control, and online updating requirements (Huang et al., 
2025). In both tasks, the emergence of sparse yet structured 
graphs is consistent with network accounts emphasizing 
efficient cognition through a balance of local specialization 
and selective long-range integration (Palma-Espinosa et al., 
2025). Overall, Figs. 3-5 suggest that CMDA-GCN’s gains 
likely derive from emphasizing transferable early temporal 
signatures, focusing on informative channel subsets, and 
learning task-consistent structured interactions that support 
robust spatial propagation under cross-subject shifts. 

V. Conclusion 
This paper proposes CMDA-GCN for cross-subject working 
memory load recognition and validates it on two paradigms: 
delayed match-to-sample and N-back tasks. CMDA-GCN 
integrates multi-scale temporal modeling with time attention, 
adaptive spatial graph propagation, and a unified 
optimization strategy that combines multi-source adversarial 
alignment with target-domain semi-supervised learning, 
enabling stable and transferable representations under noisy 
EEG and pronounced inter-subject variability. Experiments 
show that CMDA-GCN outperforms all baselines on both 
datasets and reduces confusions between adjacent workload 
levels, indicating improved cross-subject generalization. 
Visualization further supports the neurophysiological 
plausibility of the learned cues: temporal attention highlights 
workload-sensitive time windows, electrode-wise weights 
emphasize informative spatial clusters, and adaptive 
adjacency patterns are task-consistent—showing stronger 
frontal–posterior local coupling in DMT and more frontal 
connectivity in N-back, consistent with 
maintenance/matching versus cognitive control and online 
updating demands. Overall, CMDA-GCN provides an 
effective end-to-end solution that improves both performance 
and interpretability, and future work will explore source-
space analyses and broader multi-device/multi-site validation. 
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