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ABSTRACT

Most existing schizophrenia studies employ graph neural network classification based on static brain
network structures, neglecting temporal dynamics. Alternatively, they typically introduce dynamic
elements solely at the node feature or graph structure level, thereby limiting the models' expressive
capabilities. To fully explore the spatio-temporal characteristics of EEG signals, this paper proposes
a temporal dynamic graph convolutional network (TDGCN) based on temporal features. It
simultaneously introduces temporal dynamic modeling mechanisms at both the node feature and
graph structure levels. Wavelet packet-based statistical features and LSTM are used by the model
to generate time-varying dynamic weight. Dynamically optimized graph structures and node features
are fed into the GCN by the model, and then features are adjusted through a channel gating
mechanism after the convolutional layer. Thus, the approach facilitates efficient modeling and
classification of the dynamic evolution of brain regions. Experiments on the first-episode
schizophrenia resting-state EEG dataset demonstrate that TDGCN achieves optimal performance
in the gamma band, achieving an accuracy of 93.85% and outperforming baseline models across
multiple evaluation metrics. Ablation experiments validated the crucial role of temporal dynamic
weight and dual-layer dynamic graph modeling, demonstrating TDGCN's ability to effectively capture
the spatiotemporal non-stationarity of brain networks in schizophrenia patients. This offers novel
insights for intelligent auxiliary diagnosis of psychiatric disorders.
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1. INTRODUCTION

Schizophrenia is a highly debilitating chronic mental disorder that significantly impairs an
individual's cognitive and social functioning [1, 2]. In recent years, electroencephalography (EEG)
has been extensively employed in the auxiliary diagnosis of psychiatric disorders owing to its high
temporal resolution and non-invasive nature as a method for assessing brain function [3-5]. Given its
pronounced temporal non-stationarity and complex spatial distribution, effectively extracting its
discriminative spatio-temporal features has become a significant area of current research [6, 7].

Compared to traditional machine learning approaches, graph neural networks (GNNs) within deep
learning can more effectively process data with non-Euclidean structures, thereby demonstrating
significant advantages when modeling the complex spatial relationships between EEG signal
channels [8, 9]. Yin et al. [10] proposed a GCN-based automatic identification model for
schizophrenia, achieving an accuracy rate of 90.01% and enabling effective classification of first-
episode schizophrenia patients. Ma et al. [11] achieved an accuracy rate of 91.07% across 65 hand
gestures in a gesture recognition task using high-density surface electromyography (HD-SEMG). This
was accomplished by constructing muscle maps and integrating spatio-temporal convolutions.
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However, existing methods predominantly employ fixed graph structures, failing to capture the
dynamic characteristics of connection relationships as they evolve over time. This limitation
constrains the model's ability to analyze non-stationary signals.

Furthermore, node features often neglect temporal information. EEG signals inherently exhibit high
dimensionality, multi-channel characteristics, and strong time-varying properties. Most methods
employ only a single feature or simple concatenation, which adversely affects recognition and
classification performance. Zhao et al. [12] proposed the Mutual-Cross-Attention (MCA) mechanism,
which fuses bidirectional attention with differential entropy (DE) and power spectral density (PSD)
features, achieving over 99% accuracy on the DEAP dataset. However, such methods still lack
effective utilization of dynamic temporal information.

To address the aforementioned issues, dynamic neural networks (DNNSs) [13] have gained increasing
attention in recent years by modeling graph structure evolution through attention mechanisms or
sequential networks [14, 15]. Guo et al. [16] proposed the dynamic graph convolutional network
(DGCN), which utilizes long short-term memory (LSTM) networks to learn the dynamic evolution
of theroad network's Laplacian matrix, thereby enhancing traffic prediction accuracy. Leng etal. [17]
employed a prototype embedding-based dynamic graph network to construct structural brain
networks from T1-weighted MRI, achieving state-of-the-art performance in predicting cognitive
impairment. However, existing dynamic networks typically only consider unilateral dynamics of
nodes or graph structures, lacking a dual-level dynamic mechanism.

To this end, this paper proposes a temporal dynamic graph convolutional network (TDGCN), which
introduces dynamic mechanisms at both the node feature construction and graph structure modeling
levels. By employing wavelet packet transform (WPT) and LSTM to model node temporal variations,
it achieves dual dynamic regulation. Additionally, a channel gating mechanism is incorporated to
enhance the network's ability to capture the dynamic evolution characteristics of EEG in
schizophrenia.

2. METHODS

The TDGCN schizophrenia classification model proposed in this paper features an overall structure
as depicted in Figure 1. It primarily comprises three submodules: (1) temporal dynamic weight (TDW)
construction; (2) dual-level dynamic brain network modeling; and (3) a graph convolutional neural
network classification framework.
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Figure 1. TDGCN model structure diagram

103



2.1. Temporal Dynamic Weight

In the construction of temporal dynamic weight, this paper employs a sliding window approach to
extract wavelet packet statistical features for building the temporal input sequence. An LSTM is then
utilized to generate dynamic connection weight associated with nodes across various brain regions.
The TDW generation structure is shown in Figure 2, comprises four components: sliding window
partitioning, WPT sub-band decomposition, sliding window feature sequence construction, and
LSTM-based temporal dynamic weight generation. The specific process is described as follows.
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Figure 2. Temporal dynamic weight (TDW) Generation Structure
2.1.1. Sliding Window Partitioning

Divide each subject's 200-second EEG signal into five frequency bands. Then apply sliding window
processing to each 10-second EEG sample using a 4-second window with a 2-second stride and 50%
overlap. A 4-second window can cover typical EEG rhythm cycles, facilitating stable extraction of
frequency-domain features [18]. Meanwhile, 50% overlap ensures temporal continuity while
increasing sample size, enhancing the model's ability to perceive fine-grained changes [19, 20].

2.1.2. WPT Sub-band Decomposition

Each of the 59 channel signals within the sliding window undergoes a two-level wavelet packet
decomposition using the Daubechies 4 wavelet basis function, yielding four sub-band components.
WPT offers finer frequency resolution, enabling effective capture of the local spatiotemporal
characteristics of EEG signals [21].

2.1.3. Sliding Window Feature Sequence

For each sub-band, extract four statistical features: mean, variance, energy, and entropy. Concatenate
all channel features to form the feature vector X, € R% for the current window, where t =1, 2, 3, 4,
d, =NxNyxN; (N =59 is the number of channels, N, =4 is the number of sub-bands, and N; =4
is the number of features). Each 10-second sample contains 4 windows, ultimately generating a
feature sequence of length T=4: X =[X1,X2’X3’X4]€Rm‘ , Which serves as input for the
subsequent LSTM maodel.

2.1.4. LSTM Temporal Dynamic Weight Generation

LSTM is suitable for modeling non-stationary EEG time series due to its robust ability to capture
long-term dependencies [22]. By feeding sliding window feature sequences into the LSTM network,

it outputs a sequence of hidden states at each time step:

f. = G(va[ht—l’xt] +by) Q)
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I = O-(\Ni[ht—l’xt] +b) (2)

C: = tanh(W,[h_,, X,] + b;,) (3)

C, =f=*C+i*C 4)

o = oW,[h_ X,] +b,) 5)

h, = o, *tanh(C,) (6)

Among these, f., i, 0, respectively denote the input gate, forget gate, and output gate; C,

represents the memory cell state; W, W,,W,,W, € R"®**%) s the leamnable parameter matrix;
b, bbb, € R™ s the bias vector; o () denotes the Sigmoid activation function; X, is the input

at the current time step; h._, is the hidden state from the previous time step, h € R* is the updated
hidden state, assuming dimension d, =64,

Take the final hidden state h, and map it through a fully connected layer to obtain the node dynamic
weight vector we R" .

w = Sigmoid(W,_ - h, +b) )

W, €eR"™ and beR" represent trainable parameters, where each element W, €(0, 1) indicates

the dynamic activity level of the i-th EEG channel within the current time slice. To construct the
connection weight matrix between arbitrary node pairs, an unsqueeze operation is further applied to

w, expanding its dimension to we R"™. A symmetric dynamic connection weight matrix is then
constructed via the outer product:

Wmatrix =W- WT (8)

W, i € RN represents the degree of joint activity between any two brain regions and serves as a
weight matrix that modulates static connection strengths during dynamic brain network construction.

2.2. Dual-Level Dynamic Brain Network Modeling.

To achieve dynamic modeling of brain functional connectivity networks, this paper introduces
temporal dynamic mechanisms at both the node feature and graph structure levels.

2.2.1. Dynamic Node Feature

To enhance the discriminative power of node features, this study extracts DE and PSD features from
10-second EEG segments. By introducing the MCA for feature fusion, the complementary properties
of DEand PSD in information complexity and energy distribution are leveraged [12], yielding a static
node feature matrix.

Subsequently, utilizing the node dynamic weight vectors generated by LSTM, a residual weighting
strategy is applied to dynamically weight static features, thereby generating a dynamic node feature
matrix for graph convolutional input. The construction process is shown in Figure 3, with specific
steps as follows.
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Figure 3. Process of constructing the dynamic node feature matrix
(1) DE Feature Extraction

DE is used to measure the information complexity of continuous variables. Its theoretical definition
formula is as follows:

h(x)=~["_p()log p(x)dx ©)

Where X is a general continuous random variable, and when the signal 7 follows a Gaussian
distribution N(u,0°):

P(©) = o) (10)
o

Substituting into the defining expression yields the closed-form solution for the difference entropy
h(z) of the Gaussian-distributed random variable 7 :

h(r) = % log(27e?) (1)

Previous studies have demonstrated [23] that after bandpass filtering, EEG signals approximately
follow a Gaussian distribution across a series of subbands, thereby satisfying the prerequisite for
differential entropy calculation. Since multi-band feature combinations often yield superior
classification performance compared to single-band inputs [24, 25], this study calculates variance
o’ for each channel across five frequency bands to extract DE features, Foe € R Me serving as

network input, where N, =5 denotes the number of frequency bands.

(2) PSD Feature Extraction

PSD serves as a crucial metric for measuring signal energy distribution in frequency domain analysis.
This paper employs the Welch method to compute the power spectral density of each channel signal
[26], defaulting to Hanning windowing for weighted smoothing. This approach reduces spectral

leakage and enhances the stability of spectral estimation [27]. The specific process is as follows.

Divide the original signal into K overlapping windows. Apply a window function to each segment
and perform a Fast Fourier Transform (FFT) to compute the estimated power spectral density at
frequency for the kth window segment:
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1 2
pk(f)=V\TL|Fk(f)| (12)

Where f is the frequency variable F, () represent the spectral coefficient at frequency f forthe

kth window segment, and W, denote the normalization factor of the window function with length

L. Finally, averaging the spectral density values at frequency f across all window segments yields
the power spectral density of the entire signal segment at that frequency:

P(f) =13 n.(1) 13

To construct EEG node features, this paper performs discrete approximate integration of spectral
density values across five frequency bands for each channel signal, obtaining the total power within

each band to form a 5-dimensional PSD feature Fogy € R"™ for each channel.

(3) Feature Fusion

This paper employs a bidirectional cross-attention mechanism [12] to fuse DE and PSD features.
Calculations are performed using Scaled Dot-Product Attention [28]:

Attention(Q,K,V) = softmax(QKT Y% (14)

N

Where d, represents the size of the last dimension of the query vector. The original Fpe and Fpsp
are mapped to the query matrix Q, key matrix K, and value matrix V in the attention mechanism via
Q=FW,, K=FW, and V =FW, respectively. Inthisprocess, F and F’' correspond to either

Foe or Fosp, while W, eR™™" denotes the learnable linear mapping weights. The output
dimension is set to d; =64 Compute the attention outputs for each direction separately:

A, = Attention(Feqy, Foe s Fog ) (16)

Sum the results to obtain the fused node feature matrix X € R

Xstatic = Ai + A2 (17)
(4) Dynamic Node Feature Matrix

Based on the dynamic weight vector we R™* output by the LSTM, the residual weighting method
is applied to the static feature vector X; € R" of each node i. Its dynamic feature representation is:

Xidyn =X WX = (1+W) X (18)
Perform element-wise multiplication between W'=14+w and X to obtain the dynamic feature
matrix:
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Xdyn = Xstatic O] (1+W) (19)

Where O denotes the Hadamard product (element-wise multiplication). During multiplication, W
is automatically broadcast to we RV, thereby enabling dynamic weighting of each node's features.

Xon € R provides more discriminative node inputs during feature propagation.

2.2.2. Dynamic graph structure

The Pearson correlation coefficient (PCC) between channels is computed from multi-frequency
signals. A static functional connectivity graph is constructed as the base structure. A dynamic node
weight matrix is introduced to dynamically adjust the edge weights, resulting in a time-varying
adjacency matrix, i.e., the dynamic brain network. The construction process is shown in Figure 4.
The specific steps are as follows.

TDW
PCC
_—
()
EEG Time Window Wmulrix
Asmlic — Adw

Figure 4. Structure for generating dynamic graphs
(1) Static Functional Connectivity Graph

Previous research by our team confirmed that the brain functional connectivity graph constructed
based on the PCC demonstrates stable and robust performance in schizophrenia classification tasks
[29]. In this study, we employed the PCC to compute the correlation between corresponding time
series of any two EEG channels for signals across all frequency bands:

~ Cov(X;, X))
PCC(X,, X ) = — "2 (20)

Oy, *Ox,

Where X; and X; are the EEG time series for channels i and ], respectively, Cov(X;,X;) is
the covariance, and Ox, and Ox, are the standard deviations. The basic correlation matrices for the
five frequency bands are calculated to construct the initial adjacency matrix Ay € RV

(2) Dynamic Weighting Mechanism

Since the validity of edge connections depends not only on the statistical correlations between
channels but also on the active status of the channels themselves, the dynamic weight matrix

Wi =W-W' e RV output by the TDW module is introduced. This paper multiplies the static
correlation matrix Apg € R™" element-wise with W to generate the final dynamic adjacency

. NxN
matrix Ay, €R:

Aﬁyn = A%tatic O Wmatrix (21)
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Where the i-th and j-th elements of W_,..x are W, and W;, respectively, then the weight of each
connection in the dynamic adjacency matrix A is given by:

(Adyn )i,j - (Astatic )i,j W - Wi (22)

The aforementioned dynamic weighting mechanism can be understood as soft gating for connection
strength: if channels i and j exhibit high correlation and both demonstrate strong activity within the
current time slice, the connection is retained and strengthened. Conversely, if a node's current state is
weak, its connection weight will be reduced even if statistical correlation exists. This mechanism
enhances the graph structure's ability to represent temporal state changes.

2.3. GCN Classification Framework

After obtaining the dynamic node feature matrix Xq, and thedynamic graph adjacency matrix Ayx,
a two-layer graph convolutional network is employed for classification based on these dynamic
structures.

The basic propagation mechanism of GCN is as follows:

1
2

HOD _ (5 2AB TH W) (23)

Where | denotes the identity matrix, A= Ay + | denotes the adjacency matrix with self-loops

added to the dynamic graph structure, D is the corresponding degree matrix, f)“ =Zj5\,— |
denotes the number of convolutional layers, H® < RN*? represents the node feature matrix of layer
I, where d is the dimension of node features, H O = Xan, W is the learnable parameter matrix of

this layer, where F is the dimension of the output features, and H!*? < RNF is the output feature
matrix.

To enhance the ability to identify key channels, this paper introduces a channel-wise gating
mechanism [16] after the convolutional output of each layer. Following batch normalization, Split(-)
divides the output features into two groups along the channel dimension: a gating branch
H e € R™'2 and a feature branch Hyawe € RV, Aftercomputing the gating and feature responses,

they are fused to obtain the input features for the next layer. The specific formula is as follows.

(Hgate’ Hvalue) = Spllt(H (I+l)) (24)

H('*l) :SlngId(H )@ I—eakyReLU(Hvalue) (25)

gate

The second layer adopts the same structure as the first layer, employing the GCN-BN-Gate
architecture. The gated output features from the first layer serve as the input for the second layer. The
output undergoes global average pooling before being fed into a fully connected layer and a Softmax
classifier to complete the classification task.

Each of the two graph convolutional layers has 64 output channels, which are compressed to 32
dimensions via a channel gating mechanism after convolution. Following the second graph
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convolutional layer, global average pooling is applied, and the classification result is output through
a fully connected layer reducing dimensions from 32 to 2.

3. EXPERIMENTAL SETTING AND RESULTS ANALYSIS

3.1. Dataset

The dataused in this study were obtained from Beijing Huilongguan Hospital, comprising 59-channel
EEG recordings collected from 103 first-episode schizophrenia patients and 92 matched healthy
controls during closed-eye resting state [10]. Participants were matched for gender, age, and
education level. Demographic characteristics and clinical data, including PANSS scores, for both

groups are summarized in Table 1.
Table 1. Demographic and clinical data of the two groups of subjects

Features Schizophrenic  Healthy subjects Statistical values
(n =103) (n=92)
Average age (years) 30.5548.002 30.5547.287 F1,195< 1
Length of schooling (years) 14.1742.494 14.79+2.557 F1,195=3.022, p = 0.084
Sex (male/female) 51/52 48/44 c12=0.182, p = 0.670
PANSS scores 74.31+10.87
Positive score 20.5344.72
Negative scores 17.1845.63

Raw EEG data were preprocessed using EEGLAB [30], with electrodes positioned using the default
BESA electrode template. The reference electrode was converted to an average reference. The EEG
signals were then bandpass-filtered between 1 and 50 Hz, with a 50 Hz notch filter applied.
Independent Component Analysis (ICA)was applied toremove eye and muscle activity artifacts. Bad
leads were interpolated, and corrupted segments were removed. The EEG dataunderwent resampling
and frequency division processing, standardizing the sampling rate to 500 Hz and filtering the signals
into five frequency bands: Delta (1-3 Hz), Theta (4-7Hz), Alpha (8-12Hz), Beta (13-30Hz), and
Gamma (31-49Hz). After removing redundant electrodes, 59 electrode channels were selected as
EEG nodes to provide the foundation for subsequent feature extraction.

3.2. Experimental Setting

The experiment used 10-fold cross-validation, randomly dividing the dataset into 10 folds. In each
iteration, one fold was selected as the test set, with the remaining nine folds used for training. The
final model performance was evaluated by averaging the results from all 10 iterations. Training was
performed using the Adam optimizer with an initial learning rate of 0.001, weight decay of 1le-4, and
cross-entropy loss as the objective function. Additionally, a learning rate scheduling strategy and an
early stopping mechanism were implemented. When the validation set accuracy failed to improve for
five consecutive epochs, the learning rate was halved. If no improvement occurred for ten consecutive
epochs, training was terminated early to prevent overfitting. The maximum training epochs were set
to 200, with a batch size of 64.

3.3. Results

This paper independently trained models on five classic frequency bands: Delta, Theta, Alpha, Beta,
and Gamma, and compared their classification performance. The results are shown in Table 2. Where
these are, the Gamma band demonstrated the most outstanding performance, achieving an accuracy
rate of 93.85% and an AUC of 94.16%; it also attained the best values across all other metrics.

110



Additionally, the model demonstrated superior performance in the Beta band, significantly
outperforming lower frequency bands such as Theta and Alpha. This further suggests that mid -to-
high frequency EEG activity may carry more pathological information associated with schizophrenia.

Table 2. Experimental results across different EEG frequency bands
Frequency band = Accuracy (%) Precision (%) Recall (%) @ Fl-score (%) AUC (%)

Alpha 79.74 82.78 75.63 79.05 79.79
Beta 87.18 85.44 89.80 87.56 87.17
Delta 82.56 84.06 83.25 83.65 82.51

Gamma 93.85 94.82 92.89 93.72 94.16

Theta 79.23 82.65 78.28 80.00 79.36

The experimental results above indicate that functional connectivity changes under the Gamma
rhythm are most pronounced in schizophrenia classification tasks, validating the effectiveness of the
temporal dynamic modeling mechanism proposed in this paper. By capturing the dynamic evolution
of node and connection relationships within this frequency band, the TDGCN model achieves high-
precision recognition of schizophrenia brain states, demonstrating the advantages of dynamic graph

neural networks in modeling spatiotemporal EEG features.
3.4. Ablation experiments

To further evaluate the independent contributions of key modules within the TDGCN model, this
paper designed four ablation structures and conducted comparative experiments in the gamma band.
TDGCN-noW: Removes the temporal dynamic weights generated by LSTM, using only static node
features and static graph structure; TDGCN-noF: Removes dynamic node features, retaining only
static node features and dynamic graph structure; TDGCN-noS: Removes dynamic graph structure,
retaining only dynamic node features and static graph structure; TDGCN-noGate: Removes only the
channel attention gating mechanism. Table 3 presents a comparison of the classification performance
of each model in the Gamma band.

Table 3. Ablation experiment results for different modules of TDGCN
Methodology Accuracy (%) @ Precision (%) @ Recall (%) F1-score (%) AUC (%)

TDGCN-noW 81.74 83.01 80.36 81.63 81.45
TDGCN-noF 88.92 89.85 87.63 88.72 88.91
TDGCN-noS 87.56 88.73 86.28 87.49 87.63
TDGCN-noGate 9241 93.02 91.34 92.17 92.21
TDGCN 93.85 94.82 92.89 93.72 94.16

The results indicate that the complete TDGCN model achieves optimal performance across all
evaluation metrics, where temporal dynamic weights contribute most significantly to model
performance. Removing this module caused the model accuracy to drop from 93.85% to 81.72% and
the AUC to decrease from 94.16% to 81.45%, confirming the critical role of temporal dynamic
weights in capturing the complex spatiotemporal dependencies of EEG's non-stationary
characteristics during modeling.

Additionally, removing either the dynamic node features (TDGCN-noF) or the dynamic graph
structure (TDGCN-noS) resulted in a performance drop of approximately 5%-6%, indicating a
significant synergistic effect between the two submodules. Together, they jointly construct a high-
quality graph structure representation and spatio-temporal modeling capability. While removing the
gating mechanism (TDGCN-noGate) had a relatively minor impact on the model's overall

performance, it still played a positive role in model convergence and feature regulation.
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Insummary, the ablation experiments validate that the performance advantages of TDGCN stem from
the synergistic interaction of multiple modules—including temporal modeling, dynamic graph
structure, and channel regulation—rather than improvements in any single component. This fully

demonstrates its effectiveness and sound design in modeling EEG spatiotemporal features.
3.5. Comparison experiment

To objectively evaluate the performance of the TDGCN model, this paper selected SVM, EEGNEet,
and LSTM as baseline models. Gamma band data was chosen, and identical training-testing splits
and feature inputs were constructed under the same preprocessing workflow and evaluation metrics

for comparison with the proposed model. The results are shown in Table 4.
Table 4. Results of comparison experiment
Methodology Accuracy (%) Precision (%) Recall (%) @ Fl-score (%) AUC (%)

SVM 78.21 77.29 79.90 79.71 85.45
EEGNET 85.90 86.34 85.35 86.28 86.19
LSTM 87.95 88.68 89.10 88.89 89.95
TDGCN 93.85 94.82 92.89 93.72 94.16

Experimental results demonstrate that TDGCN outperforms the baseline model across all metrics,
where the F1-score reaches 93.72% and the AUC reaches 94.16%. Analysis indicates that while
LSTM can model temporal information, it neglects spatial topological relationships between channels;
EEGNet possesses some spatial feature extraction capabilities but cannot explicitly construct and
utilize global functional connections between channels like graph neural networks. As a traditional
classifier, SVM exhibits limited expressive power when handling high-dimensional nonlinear EEG
data. In contrast, TDGCN effectively integrates spatiotemporal information through dual-level
dynamic modeling of node features and graph structure, enabling efficient identification of brain
network features in schizophrenia. This demonstrates its significant advantages in modeling complex
brain states.

4. CONCLUSION

This paper proposes the TDGCN model for schizophrenia identification, introducing dynamic
modeling mechanisms at both node feature and graph structure levels to achieve efficient
spatiotemporal joint modeling of EEG signals. Experimental results demonstrate that TDGCN
outperforms competing methods across multiple evaluation metrics, validating the critical role of
temporal modeling and dynamic graph structures in enhancing model performance. This study offers
novel insights for EEG analysis based on dynamic graph networks and confirms the method's
potential in supporting psychiatric diagnosis. Future work will focus on adaptive parameter
optimization, multimodal data fusion, and cross-center validation to further enhance its clinical
applicability.
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