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Spatial-temporal graph convolutional neural network for schizophrenia recognition
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Abstract: A spatial-temporal convolutional neural network-based method is proposed for schizophrenia classification. Unlike

the mainstream methods that only analyze the temporal frequency features in EEG and ignore the spatial features between

brain regions, the model mainly obtains the spatial-frequency features by convolving the adjacency matrix composed of

wavelet coherence coefficients between different channels and EEG sequences, and then extracts the temporal-frequency

features through one-dimensional temporal convolution. The processed matrix is flattened after multiple convolutions and

input to the classification model. Experimental results show that the method has a classification accuracy of 96.32% on the

publicly available dataset Zenodo, demonstrating its effectiveness and exhibiting the advantages of fusing temporal-

frequency and spatial-frequency features for schizophrenia diagnosis.

Keywords: schizophrenia; temporal-frequency characteristic; spatial-frequency characteristic; graph neural network
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Figure 1 Flowcharts of different deep learning models
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Table 1 Classification results of traditional classifier
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WIRES HERR  HEPR ORI FLO%
PSD+SVM  69.02 7343 6591 69.47

PSD+KNN  77.56 87.29 76.10 81.31
PSD+LDA  69.28 65.92 66.01 65.96
ST-GCN 96.32 91.02 95.60 93.25
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Table 2 Ablation experiment results (%)

ik HEFR Gl ER%E FLME
ST-GCN 9632  91.02 9560  93.25

Only-GCN ~ 91.63 89.21 93.45 91.27
Only-TCN  93.39 90.81 91.94 91.37

23 SEYERE

PR IEAR B 3 28 ) E A, AR 98 R H K-Fold
2 SR A B0 TIE AR TR (1) B e M K SE i T Ak B A
AT I 08 22 O T B R 40 1 10 3, ARV B0 B
PEAE R AR A , HAY o Ve AN R4 B b7 24 2] o
P 2 R T AE 338 X6 IE i 7 v B YR A 56 E 4
W3R, AT LA B 10 UG5 SRR R T, 10 iF T
AigkE R R EE

100

HEWR/%
O O O
= ol ®

Nl
o

O
(=]
I

1 23 4 5 6 17
Y

8 9 10

B2 +F 2 XEIELER

Figure 2 Results of ten—fold cross—validation
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