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Abstract. Accurate identification of Alzheimer’s disease (AD) from non-
invasive brain signals remains an important challenge. Electroencephalog-
raphy (EEG) provides a cost-effective approach for monitoring brain
activity, yet existing methods often overlook temporal dynamics and
rely on simplified handcrafted features that poorly characterize nonlin-
ear neural activity. We propose a Dynamic Graph Attention Network
(DGAT) with Multiscale Entropy (MSE) for EEG-based AD classifica-
tion. MSE quantifies nonlinear EEG dynamics within sliding temporal
windows, while phase-locking value (PLV) constructs dynamic functional
connectivity graphs, enabling DGAT to jointly model spatial brain net-
work topology and temporal variations. GNNExplainer further identifies
brain regions and temporal windows most relevant to model predictions.
On an OpenNeuro public dataset, the proposed method achieves 85.7%
classification accuracy, outperforming conventional approaches based on
static connectivity or power-spectrum features, while ablation studies
confirm the contributions of MSE and dynamic graph modeling. Inter-
pretability analysis identifies the frontopolar (Fp2, Fp1) and frontal mid-
line (Fz) regions as the most influential, followed by posterior temporal
(T6) and occipital (O1) regions, providing biologically plausible candi-
dates for further investigation. Cross-dataset evaluation demonstrates
above-chance zero-shot transfer (AUC = 0.751) to an unseen eyes-open
photic-stimulation paradigm, while revealing substantial domain shift
from eyes-closed resting-state EEG. Fine-tuning improves accuracy from
66.2% to 84.6% and AUC from 0.751 to 0.950, demonstrating the po-
tential of domain adaptation to improve robustness across acquisition
conditions. Overall, the findings support the value of combining nonlin-
ear EEG complexity with dynamic graph learning for interpretable AD
classification and provide a potentially generalizable framework for other
neurological disorders.

Keywords: Alzheimer’s Disease · EEG · Dynamic Graph Neural Net-
work · Multiscale Entropy · Brain Functional Connectivity.
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4 T. W. Deng

1 Introduction

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder charac-
terized by gradual cognitive decline and irreversible impairment of brain func-
tion. Traditional diagnosis mainly relies on clinical symptom assessment and
neuropsychological testing, which often suffers from strong subjectivity and lim-
ited sensitivity for early-stage detection. In recent years, electroencephalography
(EEG) has attracted increasing attention for AD early-stage classification due
to its non-invasive nature, high temporal resolution, and low acquisition cost [4].
However, effectively modeling the nonlinear dynamics and time-varying func-
tional connectivity of EEG signals remains a significant challenge.

Existing EEG/fMRI-based AD classification methods can generally be cate-
gorized into traditional machine learning, deep learning, graph neural networks
(GNNs), and entropy analysis methods. Traditional methods (e.g., support vec-
tor machines (SVMs)), rely on handcrafted features and have limited representa-
tion capability [1, 2]. Deep learning methods (e.g., convolutional neural networks
(CNNs)) can automatically learn features but often ignore the intrinsic topolog-
ical structure of brain functional networks [5–7]. GNN-based methods introduce
graph-based representation learning for brain connectivity analysis and have
shown promising performance [8, 11, 16], but most existing GNN approaches are
built on static brain graphs and fail to capture the temporal evolution of func-
tional connectivity networks. On the other hand, entropy-based methods, such
as multiscale entropy (MSE), can effectively characterize the complexity and ir-
regularity of neural signals [3, 9, 13], but their discriminative ability is limited
when used alone.

To address these limitations, this paper proposes a novel Dynamic Graph
Attention Network with Multiscale Entropy (DGAT-MSE) framework for EEG-
based AD classification. Specifically: MSE is first used to extract nonlinear com-
plexity features from EEG signals across multiple temporal scales [13]; mean-
while, dynamic functional connectivity graphs are constructed using phase-locking
value (PLV), where nodes represent EEG channels and edges characterize inter-
channel synchronization [10, 14]; then, a DGAT is introduced to jointly learn
spatial topological dependencies and temporal evolution patterns [12]; finally,
GNNExplainer is incorporated to improve model interpretability by identifying
important brain regions and critical time windows associated with AD [15].

Experimental results demonstrate that our framework achieves superior per-
formance compared with several baseline methods, validating the effectiveness
of integrating nonlinear complexity analysis, dynamic functional connectivity
modeling, and graph attention learning for EEG-based AD classification. Recent
studies on brain functional connectivity and graph-theoretical analysis further
support the feasibility of exploiting dynamic neural interaction patterns for AD
diagnosis [17–19].
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Synergistic DGAT-MSE Framework for EEG-Based AD Classification 5

2 Related Work

2.1 Traditional Machine Learning Methods

Traditional machine learning methods have been widely applied in AD early clas-
sification. Researchers typically extract handcrafted features from neuroimaging
or electrophysiological data and subsequently perform classification using con-
ventional machine learning algorithms. For example, Wee et al. [1] constructed
brain functional connectivity networks and used SVMs for AD classification;
Rabeh et al. [2] utilized SVMs and decision trees to distinguish AD, mild cogni-
tive impairment (MCI), and healthy controls. In EEG-based studies, Ieracitano
et al. [4] projected EEG signals into the time-frequency domain and combined
spectral representations with logistic regression for dementia classification.

These methods have relatively low computational complexity and strong in-
terpretability, but their performance heavily depends on manually designed fea-
tures and prior expert knowledge. Consequently, they often struggle to capture
the highly nonlinear and complex spatiotemporal patterns of brain activity.

2.2 Deep Learning Methods

Deep learning methods can automatically learn discriminative representations
from raw data and have shown remarkable potential in AD early classification.
For instance. Li and Liu [5] proposed a multiple-cluster DenseNet architecture
that effectively captures complementary multi-scale features from MRI data, im-
proving the discriminative power and robustness of AD classification compared
with conventional CNN approaches. Farooq et al. [6] designed deep CNN archi-
tectures for multi-class AD diagnosis using MRI, demonstrating the effectiveness
of deep feature learning.

Although deep learning methods have strong feature extraction capabilities,
most of them process neuroimaging data in Euclidean space and ignore the intrin-
sic graph topology of brain functional networks. Therefore, they are insufficient
for modeling complex interactions among brain regions and EEG channels.

2.3 Graph Neural Network Methods

GNN methods can directly model the topological structure of brain functional
networks and have attracted widespread attention in AD research. Zhang et al.
[8] utilized graph convolutional networks (GCNs) to classify brain functional con-
nectivity networks and achieved competitive results. Recent studies have shown
that abnormal functional connectivity and neural synchronization are important
pathological characteristics of AD. Smailovic et al. [21] demonstrated that EEG
functional connectivity disruptions are strongly associated with regional brain
glucose metabolism abnormalities in AD and amyloid-positive MCI patients.
These findings support the importance of graph-based brain network analysis
for AD diagnosis.
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6 T. W. Deng

However, most existing GNN-based approaches rely on static brain graphs
and cannot capture the dynamic temporal evolution of functional connectivity.
Moreover, the interpretability of GNNs remains a significant challenge in medical
applications. Inspired by GNNExplainer research [20], incorporating dynamic
graph modeling and explainability mechanisms into GNN frameworks is highly
important for reliable AD classification.

2.4 Entropy Analysis Methods

Entropy analysis methods evaluate brain functional states by measuring the
complexity and irregularity of physiological signals. Costa et al. [13] proposed
MSE analysis to characterize signal complexity across multiple temporal scales.
Furthermore, Grieder et al. [9] applied MSE to resting-state fMRI data and
found that AD patients exhibit significantly reduced brain functional complex-
ity compared with healthy controls. Entropy methods can effectively characterize
nonlinear dynamic properties of brain activity and provide complementary in-
formation to functional connectivity analysis.

Nevertheless, entropy analysis methods are usually used alone and lack the
ability to model spatial interactions and temporal dependencies within brain
functional networks. Therefore, combining entropy analysis with dynamic graph
representation learning may provide a more comprehensive framework for AD
early-stage classification.

3 Proposed Method

3.1 Problem Overview

Traditional graph structure models focus on pairwise relationships between two
nodes. This modeling approach has significant limitations: it can only capture
simple pairwise correlations, ignoring the complexity and multi-dimensionality of
real-world relationship networks. In recent years, graph networks have gradually
been applied in the medical field, but many challenges remain to be addressed
promptly. Once the graph topology is constructed, it remains fixed throughout
the entire model training cycle, lacking the flexibility for dynamic adjustment.
This static graph structure cannot flexibly adapt to dynamic changes in the
data or the evolution of internal data structures, nor can it capture the tem-
poral evolution characteristics of brain networks during cognitive tasks. Can a
dynamic spatiotemporal graph neural network that integrates multiscale EEG
complexity and time-varying functional connectivity improve the classification of
Alzheimer’s disease from cognitively normal controls, and what spatiotemporal
EEG patterns contribute to its predictions?

3.2 Overall Framework

Our proposed DGAT-MSE framework models the nonlinear, spatial, and tem-
poral characteristics of EEG signals in a unified manner. The overall pipeline is
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Synergistic DGAT-MSE Framework for EEG-Based AD Classification 7

illustrated in Figure 1. Given preprocessed EEG signals, we first extract non-
linear node features using MSE. Next, dynamic functional connectivity graphs
are constructed based on PLV, where nodes represent EEG channels and edges
encode inter-channel synchronization. Finally, the resulting graph sequence is
fed into a DGAT to jointly learn spatial topology and temporal dynamics for
classification.

Fig. 1. Proposed DGAT-MSE Architecture

3.3 Multiscale Entropy Feature Extraction

To characterize the nonlinear dynamics of EEG signals, we employ MSE as node
features. For a time series {xi}Li=1 of length L, MSE is computed via coarse-
graining followed by sample entropy estimation.

For a scale factor τ , the coarse-grained time series is defined as:

y
(τ)
j =

1

τ

jτ∑︂
i=(j−1)τ+1

xi, j = 1, 2, . . . ,

⌊︃
L

τ

⌋︃
. (1)

Sample entropy is defined as:

SampEn(m, r) = − ln
A

B
, (2)

where m = 2 is the embedding dimension, r = 0.15 × std(x) is the tolerance,
and A and B denote the number of matched patterns of length m + 1 and m,
respectively.

20
26
 S.
 -T
. Y
au
 H
igh
 Sc
ho
ol 
Sc
ien
ce
 A
wa
rd

仅
用
于
20
26
丘
成
桐
中
学
科
学
奖
论
文
公
示



8 T. W. Deng

MSE is obtained across multiple scales:

MSE = {SampEn(y(τ)) | τ = 1, . . . ,K}. (3)

To capture temporal variations, a sliding window strategy is adopted with a
window length of 0.5 s and a step size of 0.1 s. For each time window t, node
features are represented as:

Xt ∈ RN×K , (4)

where N is the number of EEG channels and K is the number of scales.

3.4 Dynamic Functional Connectivity Construction

To model interactions between EEG channels, we construct dynamic functional
connectivity using PLV. After obtaining instantaneous phases ϕi(t) and ϕj(t)
via the Hilbert transform, PLV is defined as:

PLVij =

⃓⃓⃓⃓
⃓ 1T

T∑︂
k=1

ei(ϕi(tk)−ϕj(tk))

⃓⃓⃓⃓
⃓ , (5)

where T is the number of windows. The adjacency matrix At is then constructed
as:

At(i, j) =

{︄
PLVij , if PLVij > θ

0, otherwise
(6)

where θ is a predefined threshold and set to 0.3 in this study [21, 22]. This
value ensures that only moderately strong phase synchronization is retained as
functional connections while filtering out spurious low-level coupling.

Thus, we obtain a sequence of dynamic graphs {Gt = (Xt,At)}Tt=1.

3.5 Dynamic Graph Attention Network

The constructed graph sequence is fed into the DGAT model to learn spatiotem-
poral representations.

Spatial Encoding For each graph Gt, a GAT is applied to capture spatial de-
pendencies. GAT uses an attention mechanism to compute an unnormalized
attention score eij between node i and node j:

eij = LeakyReLU
(︁
a⊤[Whi ∥Whj ]

)︁
, (7)

where eij ∈ R, hi,hj ∈ Rd are the input feature vectors of node i and its neighbor
j (with d being the feature dimension), W ∈ Rd′×d is a learnable shared linear
transformation matrix projecting each node feature from dimension d to d′, ∥
denotes concatenation of the two projected vectors, a ∈ R2d′

is a learnable
attention weight vector, and LeakyReLU(·) is the leaky rectified linear unit with
negative slope 0.2.
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Synergistic DGAT-MSE Framework for EEG-Based AD Classification 9

The scores are normalized across all neighbors of node i via softmax to obtain
attention coefficients αij :

αij =
exp(eij)∑︁

k∈Ni
exp(eik)

, (8)

where αij ∈ [0, 1] is the normalized attention coefficient representing the relative
importance of neighbor j to node i (satisfying

∑︁
j∈Ni

αij = 1), exp(·) is the
exponential function, and Ni denotes the set of first-order neighbors of node i
(including i itself via a self-loop).

The updated representation h′
i of node i is then computed as a weighted

combination of the projected neighbor features:

h′
i = σ

⎛⎝∑︂
j∈Ni

αijWhj

⎞⎠ , (9)

where h′
i ∈ Rd′

is the output feature vector of node i after one GAT layer (the
prime symbol denotes the updated representation, equivalent to h

(l+1)
i at layer

l + 1), σ(·) is the ELU (Exponential Linear Unit) nonlinear activation function
applied element-wise, αij serves as the attention weight for neighbor j, and the
summation runs over all neighbors in Ni.

After the GAT layer, we stack the updated feature vectors of all N nodes at
each time step t to form the spatial feature matrix:

Ht =

⎡⎢⎢⎢⎣
h′ ⊤
t,1

h′ ⊤
t,2
...

h′ ⊤
t,N

⎤⎥⎥⎥⎦ ∈ RN×d′
, (10)

where Ht is the spatial feature matrix of graph snapshot Gt, and h′
t,i is the GAT-

updated feature vector of node i at time step t. Stacking multiple GAT layers
yields the final per-snapshot spatial encoding HGAT

t , producing the sequence
{HGAT

t }Tt=1.

Temporal Encoding After aggregating node features at each time step into a
global vector, we feed the sequence into a Transformer encoder to capture tempo-
ral dependencies. Mean pooling at each time step is applied to obtain a compact
global representation: zt = 1

N

∑︁N
i=1 h

GAT
t,i ∈ Rdout , which forms the temporal se-

quence Z = [z1, . . . , zT ] ∈ RT×dout . The core operation is the scaled dot-product
self-attention:

Attention(Q,K,V) = softmax
(︃
QK⊤
√
dk

)︃
V, (11)

where Q ∈ RT×dk is the query matrix, K ∈ RT×dk is the key matrix, V ∈
RT×dk is the value matrix, dk is the dimensionality of the query/key vectors,
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10 T. W. Deng

QK⊤ ∈ RT×T computes pairwise similarity between all time steps, the scal-
ing factor

√
dk prevents large dot-product values that would push softmax into

regions of vanishing gradients, and softmax(·) normalizes each row to a proba-
bility distribution over the T positions. In self-attention, Q, K, and V are all
linear projections of the same input sequence Z. Stacking L Transformer layers,
the output of the final layer is Z(L) ∈ RT×dout . The final spatiotemporal repre-
sentation h is extracted by reading out the last time step: h = Z

(L)
T ∈ Rdout ,

which aggregates information from the entire temporal sequence through the
self-attention mechanism.

Classification The learned spatiotemporal representation h is passed through a
linear layer and softmax function to obtain predicted probabilities for each class:

p̂ = softmax(Woh+ bo), (12)

where p̂ ∈ [0, 1]C denotes the predicted probability vector over C classes. The
predicted class label is obtained as:

ŷ = argmax
c

p̂c. (13)

3.6 Training Strategy

The proposed DGAT-MSE model is trained in a supervised manner using cross-
entropy loss for AD classification. The cross-entropy loss function is adopted
as:

L = −
C∑︂

c=1

yc log(ŷc), (14)

where yc and ŷc denote the ground truth label and predicted probability for class
c, respectively.

Model optimization is performed using the Adam optimizer with an initial
learning rate of 0.001. A batch size of 16 is employed during training, where each
sample corresponds to a graph sequence derived from one subject.

To improve generalization and prevent overfitting, we use early stopping, in
which training is stopped if the validation loss does not decrease for 15 con-
secutive epochs. Moreover, a data augmentation strategy is applied by using
a sliding window with a step size of 0.2 seconds. This effectively increases the
number of training samples and enhances the robustness of the model. Dropout
regularization is also utilized to mitigate over-fitting.

3.7 Interpretability Analysis

To enhance model transparency and clinical interpretability, we employ GNNEx-
plainer to identify the most informative brain regions and temporal segments
contributing to the model’s predictions.
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Synergistic DGAT-MSE Framework for EEG-Based AD Classification 11

Given a trained DGAT model and an input graph sequence {Gt}Tt=1, GN-
NExplainer aims to learn a compact subgraph and a subset of node features
that are most influential for a specific prediction. This is achieved by optimizing
a mask over the adjacency matrix and node features.

Specifically, let At and Xt denote the adjacency matrix and node features
at time step t, respectively. GNNExplainer learns a mask MA over edges and
a mask MX over node features by maximizing the mutual information between
the model prediction ŷ and the masked input:

max
MA,MX

I (ŷ, (At ⊙MA,Xt ⊙MX)) , (15)

where ⊙ denotes element-wise multiplication.
In practice, this objective is approximated by minimizing the following loss:

Lexpl = − logPθ (y | At ⊙MA,Xt ⊙MX) + λ1∥MA∥1 + λ2∥MX∥1, (16)

where λ1 and λ2 control the sparsity of the edge and feature masks.
By applying GNNExplainer to each time window, we obtain importance

scores for both spatial connections and temporal segments. The edge mask high-
lights critical functional connections between EEG channels, while the feature
mask identifies the most informative MSE scales.

This enables the identification of key brain regions and time periods associ-
ated with cognitive processing, providing neurophysiological insights into AD-
related alterations and improving the interpretability of the proposed model.

4 Experiments and Results Analysis

4.1 Experimental Settings

Dataset The experiments were conducted on two complementary and pub-
licly available EEG datasets obtained from the OpenNeuro repository. The first,
ds004504 [23], contains resting-state scalp EEG recorded with the eyes closed; the
second, ds006036 [24], contains recordings of the same participants acquired un-
der an eyes-open condition with photic stimulation (photomark). Both datasets
include 88 participants, divided into three clinical groups: Alzheimer’s disease
(AD, n=36), cognitively normal controls (CN, n=29), and frontotemporal de-
mentia (FTD, n=23). For this study, we restricted the analysis to the AD and
CN groups, excluding the 23 FTD participants to maintain a specific focus on
AD classification; this yielded a final cohort of 65 participants (36 AD and 29
CN) in each dataset.

Dataset Partitioning To ensure the reliability of the model evaluation and
avoid data leakage, the datasets were partitioned as follows: The 65 participants
from the OpenNeuro dataset (36 AD and 29 CN) were split into a training set
and a testing set with a ratio of 8 : 2, and 5-fold cross-validation was further
performed on the training set. Critically, both the initial partitioning and cross-
validation were conducted at the subject level, ensuring that all EEG segments
from a single participant were assigned exclusively to the same subset or fold.
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12 T. W. Deng

Evaluation Metric To quantitatively evaluate the classification performance
of the proposed framework for AD classification, several standard metrics are
employed, including Accuracy, Precision, Recall, F1-score, and the Area Under
the Receiver Operating Characteristic curve (AUC-ROC).

Let TP , TN , FP , and FN represent the number of True Positives, True Neg-
atives, False Positives, and False Negatives, respectively. The specific definitions
of these metrics are as follows:

1. Accuracy: The proportion of correctly predicted instances (both AD and
CN) among the total number of cases.

Accuracy =
TP + TN

TP + TN + FP + FN
(17)

2. Precision: The ratio of correctly predicted positive observations to the total
predicted positives, reflecting the reliability of the AD detection.

Precision =
TP

TP + FP
(18)

3. Recall (Sensitivity): The ratio of correctly predicted positive observations
to all observations in the actual class, which is crucial in clinical classification
to avoid missing potential patients.

Recall =
TP

TP + FN
(19)

4. F1-score: The harmonic mean of Precision and Recall, providing a balanced
measure especially when the class distribution is uneven.

F1-score = 2× Precision × Recall
Precision + Recall

(20)

5. AUC-ROC: The Area Under the Receiver Operating Characteristic curve.
The ROC curve is generated by plotting the True Positive Rate (TPR)
against the False Positive Rate (FPR) at various threshold settings. The
AUC value provides an aggregate measure of performance across all possi-
ble classification thresholds, where a value closer to 1.0 indicates superior
discriminative capability.

4.2 Comparison with Existing Methods

To evaluate the effectiveness of the proposed DGAT-MSE framework, we com-
pare its performance with several representative methods for AD classification
based on the OpenNeuro dataset ds004504. Table 1 summarizes the comparison
results in terms of accuracy, precision, recall, F1-score, and AUC-ROC.

As shown in Table 1, the proposed DGAT-MSE framework achieves the
best overall performance among all compared methods. Specifically, our method
attains the highest classification accuracy of 85.71%, outperforming Dynamic
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Synergistic DGAT-MSE Framework for EEG-Based AD Classification 13

Table 1. Performance comparison with existing AD-EEG classification methods

Method Acc. Prec. Recall F1 AUC
DGAT-MSE (Ours) 0.8571 1.0000 0.8571 0.9231 0.9048
Dynamic Graph + Power Spectrum 0.7692 0.7000 1.0000 0.8235 0.7619
Dynamic GCN 0.6923 1.0000 0.4286 0.6000 0.6429
Static Graph + Power Spectrum 0.6718 0.8000 0.5714 0.6667 0.6190
CNN-LSTM 0.5385 0.5385 1.0000 0.7000 0.5238

Graph + Power Spectrum, Dynamic GCN, and CNN-LSTM by 8.79%, 16.48%,
and 31.86%, respectively. Moreover, DGAT-MSE achieves the highest F1-score
(0.9231) and AUC-ROC (0.9048), indicating superior classification consistency
and discriminative capability.

Compared with traditional static graph-based methods, the proposed frame-
work demonstrates the advantage of modeling dynamic functional connectivity.
Static graph representations fail to capture temporal variations in neural inter-
actions, resulting in relatively lower classification performance. By constructing
time-varying functional connectivity graphs, DGAT-MSE is able to better char-
acterize dynamic brain activity patterns associated with AD.

Compared with CNN-LSTM, graph-based approaches achieve significantly
better performance, highlighting the importance of explicitly modeling brain
network topology. Although CNN-LSTM achieves high recall, its low precision
indicates a high false-positive rate and poor classification stability. In contrast,
the proposed method achieves perfect precision while maintaining high recall,
demonstrating a more balanced and reliable classification performance.

Furthermore, compared with Dynamic GCN, the proposed DGAT-MSE frame-
work achieves substantial improvements in accuracy, F1-score, and AUC-ROC.
This improvement can be attributed to two key factors. First, MSE effectively
captures nonlinear temporal complexity in EEG signals across multiple scales.
Second, the graph attention mechanism adaptively assigns importance weights
to functional connections, enabling the model to focus on disease-relevant brain
regions and discriminative neural interactions.

Overall, these results demonstrate that the integration of multiscale nonlinear
feature extraction and dynamic graph attention learning provides a robust and
effective framework for EEG-based AD classification.

4.3 GNNExplainer Interpretability Analysis

To elucidate the decision-making mechanism of the DGAT-MSE model, we em-
ployed GNNExplainer to quantify the contribution of each EEG channel and
temporal window to the classification outcome. The explainer was applied to
representative AD and CN subjects, generating node-level importance masks
and temporal importance profiles.

Brain Region Importance We conducted interpretability analysis on all
AD and cognitively normal (CN) subjects in the test set. We employed GNNEx-
plainer [15] to quantify the contribution of each EEG channel to the model’s
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14 T. W. Deng

classification decision on a per-window basis. For each subject, the explainer
was applied to 30 consecutive time windows, yielding a channel-wise impor-
tance vector per window. These vectors were then averaged across windows to
obtain a subject-level importance profile over the 19-channel montage, as well
as a window-level importance score reflecting the temporal informativeness of
each segment. The resulting channel importance distributions were compared
between the AD and CN groups to identify neurophysiological divergences cap-
tured by the model. A summary of the group-level findings is presented in Table
2, followed by detailed per-subject analyses in Figure 2, Figure 3 and Figure 4.

Channel-level Importance As shown in Table 2 (Panel A), the AD and
CN subjects exhibit markedly different channel importance profiles. For AD, the
top three contributing channels are Fp2 (0.351), Fp1 (0.343), and Fz (0.336), all
located in the prefrontal region. This strong frontal dominance suggests that
the model relies primarily on prefrontal EEG patterns to identify AD-related
abnormalities, which aligns with established evidence of prefrontal cortical dys-
function in Alzheimer’s disease. In contrast, the CN subject displays a mixed
temporal-frontal profile, with T6 (0.378), F4 (0.376), and T5 (0.364) as the top
three channels. The emergence of temporal lobe electrodes (T6, T5) as the most
informative channels in the healthy brain is consistent with the known role of
temporal regions in normal resting-state EEG dynamics. Notably, F4, the least
important channel in the AD subject (rank 19, 0.277), rises to rank 2 in the CN
subject (0.376), representing the most prominent divergence between the two
profiles (∆ = 0.099, Panel E).

Lobe-level Analysis Aggregating channel importance by cortical lobe (Panel
C) reveals a systematic shift in the spatial distribution of informative activity.
The CN subject yields higher mean importance than the AD subject across all
five lobes, with the largest gaps observed in the temporal (∆ = 0.042), parietal
(∆ = 0.037), and occipital (∆ = 0.040) regions. This global reduction in impor-
tance for the AD subject suggests that pathological EEG signals are not confined
to a single region but reflect a diffuse degradation of cortical information, consis-
tent with the widespread nature of AD-related neurodegeneration. At the lobe
level, the frontal lobe ranked first in both groups, with a mean importance of
0.327 in AD and 0.359 in CN. This result confirms that the frontal lobe serves
as the dominant and most discriminative brain region for EEG-based AD classi-
fication, consistent with its established role as the primary locus of AD-related
neurodegeneration and compensatory recruitment.

Temporal Dynamics The window-level statistics (Panel D) reveal that the
mean window importance is lower for AD (0.307) than for CN (0.342), indicating
that individual time segments in AD contribute less discriminative evidence on
average. However, both subjects exhibit comparable temporal variability (stan-
dard deviation of 0.062 vs. 0.061), suggesting that fluctuation in signal informa-
tiveness over time is a shared characteristic rather than a disease-specific effect.
The similar temporal variance also rules out a simple signal-to-noise interpreta-
tion, as the AD signal is not merely noisier but rather differs in its spatial-channel
composition (Panels A–C).
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Synergistic DGAT-MSE Framework for EEG-Based AD Classification 15

Table 2. Channel-wise importance analysis via GNNExplainer for representative AD
and CN subjects. Importance scores are averaged over 30 consecutive time windows
per subject. Higher values indicate stronger contribution to the model’s classification
decision.

Panel A: Top-5 contributing channels

Rank AD Channel Importance CN Channel Importance

1 Fp2 0.351 T6 0.378
2 Fp1 0.343 F4 0.376
3 Fz 0.336 T5 0.364
4 T6 0.336 Fp1 0.358
5 O1 0.331 Fp2 0.358

Panel B: Bottom-5 contributing channels

Rank AD Channel Importance CN Channel Importance

1 F4 0.277 T4 0.280
2 T3 0.279 Cz 0.311
3 C3 0.279 C3 0.318
4 Cz 0.282 C4 0.320
5 T4 0.283 T3 0.321

Panel C: Lobe-level mean importance

Lobe AD CN

Frontal (Fp1, Fp2, F3, F4, Fz) 0.327 0.359
Central (C3, C4, Cz) 0.296 0.316
Temporal (F7, F8, T3–T6) 0.296 0.338
Parietal (P3, P4, Pz) 0.306 0.343
Occipital (O1, O2) 0.313 0.353

Panel D: Window-level statistics

Metric AD CN

Mean window importance 0.307 0.342
Range [0.241, 0.399] [0.262, 0.404]
Standard deviation 0.062 0.061

Panel E: Largest cross-group differences (∆)

Channel AD CN ∆ Direction

F4 0.277 0.376 0.099 CN ↑
T5 0.288 0.364 0.076 CN ↑
O2 0.296 0.355 0.059 CN ↑
F7 0.292 0.343 0.050 CN ↑
T6 0.336 0.378 0.043 CN ↑
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16 T. W. Deng

Clinical Interpretation The observation that all top-difference channels
(Panel E: F4, T5, O2, F7, T6) show higher importance in CN than AD implies
that the model leverages normal functional patterns in CN that are attenuated
or distorted in AD. This is consistent with the “disconnection hypothesis” of
Alzheimer’s disease, wherein pathological processes disrupt the coordinated ac-
tivity of distributed cortical networks. The shift from temporal-frontal balance
in CN to prefrontal dominance in AD (visualized in Figure 2) may reflect a
compensatory mechanism or a consequence of progressive temporal lobe dys-
function. From a model interpretation perspective, these results demonstrate
that the proposed DGAT-MSE model attends to neurophysiologically plausible
features, enhancing confidence in its clinical applicability.

Moreover, Figure 2 shows the channel-wise importance for the AD subject.
The GNNExplainer node importance reveals that prefrontal channels dominate
the model’s decision for the AD subject. The top five contributing channels are
Fp2 (0.351), Fp1 (0.343), Fz (0.336), T6 (0.336), and O1 (0.331). The three
highest-ranked electrodes are all located in the prefrontal region, indicating that
frontal EEG patterns are the primary discriminative markers leveraged by the
model for AD classification.

Fig. 2. Channel-wise importance for the AD subject

Figure 3 shows the channel-wise importance for the CN subject. For the cog-
nitively normal control, the importance distribution exhibits a mixed temporal-
frontal pattern. The leading channels are T6 (0.378), F4 (0.376), T5 (0.364), Fp1
(0.358), and Fp2 (0.358). Compared to the AD case, temporal lobe electrodes
(T6, T5) gain higher relative importance while frontal involvement becomes more
bilateral.

Figure 4 shows the comparison of channel importance between AD and CN.
Direct comparison highlights the most divergent regions. The largest differences
are observed at F4 (∆ = 0.099, CN > AD), T5 (∆ = 0.076, CN > AD), O2
(∆ = 0.059, CN > AD), and T6 (∆ = 0.043, CN > AD). Notably, all top-
difference channels exhibit higher importance in CN than in AD, suggesting that
these regions carry discriminative information that the model attenuates when
classifying AD subjects. This pattern implies that AD pathology may manifest
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Synergistic DGAT-MSE Framework for EEG-Based AD Classification 17

Fig. 3. Channel-wise importance for the CN subject

as a disruption of the normal functional contribution patterns seen in temporal
and right-frontal regions.

Fig. 4. Comparison of channel-wise importance between AD and CN

Temporal Window Importance Figure 5 illustrates the temporal impor-
tance profiles across 30 consecutive sliding windows for representative AD and
CN subjects. Both profiles exhibit oscillatory patterns, reflecting the dynamic
nature of neural information processing over time. However, distinct character-
istics differentiate the two groups.

For the AD subject, temporal importance exhibited pronounced fluctua-
tions with a mean score of 0.307 (SD = 0.062). Several windows demonstrated
markedly elevated importance (windows 6, 9, 13, 16, 21 and 28, all exceeding
0.39), punctuated by intervals of reduced importance (windows 1, 2, with scores
below 0.25). This alternating pattern of high-salience and low-salience windows
suggests that AD-related discriminative features are concentrated in specific tem-
poral segments, which may reflect transient spontaneous oscillatory patterns or
time windows with greater discriminative relevance in resting-state EEG.

The CN subject displayed a higher baseline temporal importance (mean =
0.342, SD = 0.061) with a more evenly distributed profile. While periodic fluc-
tuations were still present, the troughs were shallower relative to the AD profile,
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18 T. W. Deng

indicating that CN neural activity maintains consistently informative features
across a broader temporal span. This pattern aligns with the neuroscience lit-
erature documenting reduced trial-to-trial variability and more sustained task-
related activation in healthy brain function [9].

The contrasting temporal dynamics between AD and CN subjects suggest
that AD pathology not only alters the spatial distribution of discriminative EEG
features but also compresses the temporal window during which diagnostically
relevant neural activity can be reliably detected. This finding reinforces the im-
portance of joint spatiotemporal modeling, as implemented in the DGAT-MSE
framework, for capturing the full complexity of AD-related EEG alterations.

Fig. 5. Temporal importance profiles across sliding windows for AD (top) and CN
(bottom) subjects. The dashed red line indicates the mean importance. Note the more
pronounced peaks and deeper troughs in the AD profile.

4.4 Ablation Study

To systematically investigate the individual contribution of each key component
in our proposed DGAT-MSE framework, we conducted a series of ablation
experiments. Specifically, several model variants were constructed by removing
or replacing core modules of the proposed architecture.

– w/o MSE: The MSE features are replaced with traditional Power Spectral
Density (PSD) features to evaluate the contribution of nonlinear temporal
complexity.
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Synergistic DGAT-MSE Framework for EEG-Based AD Classification 19

– w/o Dynamic Graph: The dynamic functional connectivity graph is re-
placed with an identity adjacency matrix, thereby removing inter-channel
connectivity modeling and retaining only node-wise features.

– w/o Temporal Transformer: The Transformer-based temporal evolution
modeling is replaced with simple mean pooling to evaluate the effectiveness
of temporal dependency learning.

The experimental results are summarized in Table 3. As shown in Table 3, the
complete DGAT-MSE framework achieves the best overall performance, demon-
strating the effectiveness of jointly modeling nonlinear EEG complexity, dynamic
functional connectivity, and temporal evolution.

When MSE features are replaced with conventional power spectrum features,
the classification accuracy drops significantly from 85.71% to 61.54%. This sub-
stantial degradation indicates that nonlinear temporal complexity plays a critical
role in characterizing AD-related neural activity. Traditional spectral features
are insufficient to capture the irregular and multi-scale dynamics of EEG signals
associated with neurodegenerative processes.

Removing the dynamic graph structure also leads to a noticeable perfor-
mance decline. Specifically, the accuracy decreases to 82.63%, suggesting that
modeling inter-channel functional connectivity is essential for capturing disease-
related brain network alterations. The dynamic graph representation enables the
model to characterize time-varying neural interactions that cannot be effectively
represented by independent channel features alone.

In addition, replacing the Temporal Transformer with simple mean pooling
reduces the classification accuracy to 84.48%. This result demonstrates that
temporal evolution modeling contributes substantially to the final performance.
The Transformer module effectively captures long-range temporal dependencies
and dynamic transitions in EEG patterns, which are important for identifying
AD-related cognitive abnormalities.

Overall, the ablation results confirm that each component of the proposed
framework contributes positively to the final classification performance. In par-
ticular, the combination of multi-scale entropy features, dynamic graph model-
ing, and Transformer-based temporal learning provides complementary informa-
tion for robust EEG-based AD classification.

Table 3. Ablation study of the proposed DGAT-MSE framework

Method Accuracy Precision Recall F1 AUC-ROC
w/o Dynamic Graph (identity adj) 0.8263 0.8000 0.8571 0.8276 0.8968
w/o MSE (Power Spectrum only) 0.6154 0.6154 1.0000 0.7619 0.7571
w/o Temporal Transformer (mean pool) 0.8448 0.8333 0.8571 0.8450 0.9161
DGAT-MSE (Full Model) 0.8571 1.0000 0.8571 0.9231 0.904820
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20 T. W. Deng

Table 4. Subject-level zero-shot transfer performance of DGAT-MSE on ds006036 (36
AD / 29 CN).

Aggregation Acc Precision Recall F1 AUC

Majority vote 0.6308 0.8750 0.3889 0.5385 0.7510
Probability threshold (0.5) 0.6615 0.85 0.47 0.6071 0.7510

4.5 Cross-Dataset Generalization to OpenNeuro ds006036

To assess the generalizability of the proposed DGAT-MSE model beyond the
distribution on which it was trained, we conducted a zero-shot cross-dataset
transfer experiment on the OpenNeuro dataset ds006036 [24]. Unlike the train-
ing set ds004504, which contains eyes-closed resting-state EEG, the recordings
in ds006036 were acquired under an eyes-open condition with photic stimulation
(photomark). All test recordings share the same acquisition settings as the train-
ing data: 19 EEG channels in the Fp1. . . Pz montage, a sampling rate of 500Hz,
and EEGLAB .set format, with the label encoding A = AD and C = CN.

Feature Extraction and Experimental Settings To ensure a fair compar-
ison, the feature extraction pipeline was kept identical to the one used during
training. Raw EEG was band-pass filtered to 0.5Hz to 40Hz, re-referenced to
the average, and resampled to 256Hz. Only the first 60 s of each recording were
used. Sliding windows of length W = 128 samples (0.5 s) were extracted with a
stride of 51 samples (0.2 s). For each window, three complementary feature rep-
resentations were computed: (i) multiscale entropy (MSE) across 5 scales, (ii) a
dynamic functional connectivity graph based on the phase-locking value (PLV)
thresholded at 0.3, and (iii) band-power features over five frequency bands (delta
0.5Hz to 4Hz, theta 4Hz to 8Hz, alpha 8Hz to 13Hz, beta 13Hz to 30Hz, and
gamma 30Hz to 40Hz) with a log(1 + x) transform. The normalization statis-
tics for the MSE and power features were those fitted on the source domain
(ds004504), following the standard zero-shot protocol in which the target do-
main is processed without any adaptation.

For inference, windows were aggregated into sequences of length 10 with a
stride of 5, and the pre-trained model DGAT_MSE_viz.pth was applied to each
sequence without any fine-tuning. Subject-level predictions were obtained by
aggregating the sequence-level outputs via majority voting and via a probability
threshold of 0.5 on the mean predicted probability of AD.

Results and Analysis Table 4 reports the subject-level classification perfor-
mance on the 65 test participants. The corresponding confusion matrix under
majority voting is given in Table 5.

Several observations emerge from these results. First, the model retains a
non-trivial discriminative ability on the target domain: the area under the ROC
curve is 0.751, markedly above the chance level of 0.5. This indicates that the
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Synergistic DGAT-MSE Framework for EEG-Based AD Classification 21

Table 5. Confusion matrix of the majority-vote aggregation on ds006036.

Predicted CN Predicted AD

True CN 27 2
True AD 22 14

Table 6. Subject-level fine-tuning performance of DGAT-MSE on ds006036.

Method Acc Precision Recall F1 AUC

DGAT-MSE (fine-tuned) 0.8462 0.8750 0.8750 0.8750 0.9500

representations learned from eyes-closed resting-state EEG still carry informa-
tion that transfers to an eyes-open photic-stimulation paradigm. Second, the
model exhibits a pronounced sensitivity–specificity imbalance. It achieves high
specificity (27/29 CN correctly classified, 93%) but substantially lower sensitiv-
ity for AD (only 14/36 AD correctly classified under majority voting, 39%). The
probability-threshold aggregation alleviates this somewhat (recall improves from
0.3889 to 0.4722, with F1 rising from 0.5385 to 0.6071), but a large fraction of
AD participants are still assigned to the CN class. This bias toward predicting
CN is a typical signature of domain shift: the AD-related spectral and connec-
tivity patterns captured during eyes-closed rest drift when the same participants
are measured under eyes-open photic stimulation.

In summary, the transfer experiment demonstrates that DGAT-MSE gen-
eralizes above chance to a previously unseen acquisition paradigm, while the
observed domain shift highlights the sensitivity of EEG-based AD markers to
the recording condition (eyes-closed rest versus eyes-open photic stimulation)
and motivates domain-adaptation strategies as a direction for future work.

4.6 Fine-Tuning on OpenNeuro ds006036

The zero-shot results above indicate that the domain gap between eyes-closed
rest and eyes-open photic stimulation degrades the sensitivity of the model to-
ward the AD class. To quantify how much of this degradation can be recov-
ered with a modest amount of target-domain supervision, we fine-tuned the
pre-trained DGAT_MSE_viz.pth model directly on ds006036. Because the test
cohort contains only 65 participants, the fine-tuning was carried out under a
k-fold cross-validation protocol, keeping the feature-extraction pipeline and se-
quence construction identical to the zero-shot setting described in Sec. 4.5. The
pre-trained weights were adapted with a reduced learning rate, and each held-out
fold was evaluated in the same way as before.

Table 6 reports the performance of the fine-tuned model.
Fine-tuning yields a marked and consistent improvement over the zero-shot

baseline. Accuracy rises from 0.6615 to 0.8462, and the AUC increases from
0.7510 to 0.95. Most importantly, the sensitivity–specificity imbalance observed
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22 T. W. Deng

Fig. 6. Group-averaged PLV functional connectivity on ds006036: CN (n = 29, left),
AD (n = 36, middle), and AD−CN difference (right). Connectivity below the 0.3
threshold is set to zero and self-loops are fixed to one, matching the graph construction
used by the model.

under domain shift is essentially resolved: recall climbs from 0.47 to 0.875, and
the balanced precision, recall, and F1 (all 0.875) indicate that the model no
longer collapses toward the majority CN class. This confirms that the spectral
and connectivity features are inherently discriminative for AD, and that the zero-
shot degradation stemmed primarily from a shifted decision boundary rather
than from a loss of information content in the representation.

Figure 6 visualizes the mean dynamic functional connectivity estimated from
the PLV features, averaged over all 0.5 s windows of each participant. The AD
group shows a modest overall increase in connectivity relative to CN, with the
largest difference concentrated over parieto-occipital channels (notably P4–O2).

These results strongly suggest that a small amount of target-domain adapta-
tion substantially recovers cross-paradigm generalization performance, and rein-
forces domain adaptation as a practical strategy for deploying EEG-based AD
classifiers on previously unseen acquisition protocols.

5 Discussion

5.1 Methodological and Scientific Significance

The significance of the proposed DGAT-MSE framework extends beyond its clas-
sification performance and lies in the way it represents AD-related alterations
in brain dynamics. From a neuroscience perspective, the framework treats EEG
not merely as a collection of independent temporal signals, but as a dynamically
evolving network in which the complexity of local neural activity and the interac-
tions among brain regions change over time. MSE provides a nonlinear descrip-
tion of the temporal complexity of individual EEG channels, while dynamic func-
tional connectivity captures time-varying relationships among channels. There-
fore, their integration offers a representation that simultaneously reflects local
neural complexity, inter-regional coordination, and temporal evolution.
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The ablation results support the complementary nature of these components:
replacing MSE with conventional power-spectrum features reduced accuracy
from 85.71% to 61.54%, while removing dynamic graph modeling reduced it to
82.63%. These findings suggest that biomedical time-series problems may benefit
from architectures that preserve the multiple scales at which biological systems
operate, rather than forcing heterogeneous information into a single static rep-
resentation. More importantly, the cross-dataset experiment provides additional
methodological insight: although the model was trained on eyes-closed resting-
state EEG, it retained above-chance discriminative information when directly
transferred to eyes-open EEG with photic stimulation (AUC = 0.751), suggest-
ing that part of the learned representation captures AD-related structure that
is not entirely specific to one recording paradigm. Thus, the contribution of this
work is not simply a more accurate classifier, but a framework for investigating
how nonlinear neural dynamics and evolving brain connectivity jointly encode
disease-related information.

5.2 Limitations

Several limitations should be considered. First, the relatively small and het-
erogeneous public cohorts may not fully capture the clinical and demographic
variability of AD, while differences in recording paradigms between datasets
introduce substantial domain shift and limit generalizability. Second, the frame-
work assumes that PLV-based connectivity and MSE-derived complexity pro-
vide stable representations of disease-related dynamics across acquisition condi-
tions, which may not hold under different preprocessing procedures, recording
devices, or cognitive states. Finally, EEG functional connectivity reflects statis-
tical synchronization rather than direct causal communication; therefore, model
attention weights and discriminative connectivity patterns should not be inter-
preted as definitive physiological mechanisms. The improvement from zero-shot
transfer (AUC = 0.751) to target-domain fine-tuning (AUC = 0.950) further
demonstrates both the strength of the learned representation and its sensitivity
to distributional differences. Thus, the present findings demonstrate a promising
computational representation of AD-related EEG dynamics rather than evidence
of clinical diagnostic validity.

5.3 Future Work

Future work will investigate whether the proposed representation captures ro-
bust and reproducible neurobiological signatures of AD. First, EEG will be inte-
grated with structural and functional MRI to link electrophysiological dynamics
with complementary anatomical and functional information. Second, longitu-
dinal studies will examine whether changes in MSE, functional connectivity,
and spatiotemporal representations can track individual cognitive decline and
progression from cognitively normal states to mild cognitive impairment and
AD. Third, systematic domain adaptation and generalization across datasets
and acquisition protocols will be explored to separate disease-related patterns
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24 T. W. Deng

from recording-specific variation. Together, these directions aim to determine
whether the learned nonlinear complexity and dynamic connectivity patterns
reflect stable, subject-independent, and acquisition-independent signatures of
neurodegeneration.
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