H40% S5
20234F 5 H

] BRI 2
Chinese Journal of Medical Physics

Vol. 40 No.5

May 2023 - 595 -

DOI:10.3969/j.issn.1005-202X.2023.05.012

EFfE5 4G EFMNE

BT ST 5 5 3 E 25 R 2 7] 45 B TR A B 45 %

TR, X4 IR R

L B RAA AR AR AR 2B, IR 775 2660715 2.7 8 HEEERE, 1R 715 266000

AE)BM R —A T S48/ 5 £ 2 B ARV Z R %6080 10 b 5 £ 7 ik, Bk B B A 2 W 25 78 00 s, 2 40
BRI E AR iR o AR BRI 2 AZ 5 6 1 AN SRR AE 3 AN B SR IRAFAE A 2 AN AE R F) ) PR AEAE A
AR B AGAFAE, PRI b8 3 Z 9] 69 5 R AR LM AR SR AR AL Bk 7 AR 8 A AR DLMEAE A BARE T B Z R 6930 K R 4E
M. 258 £ TUBPAIESE Litt AT 5200 e 5 A5 5 B = & F1 4% AUC £ R 451 % :0.87+0.02.0.91+0.04 . 0.82+0.04 .
0.86£0.02.0.90+£0.03, £5if: 42 h ey 48 A 5 B e X 2 69 B B ARAY 2 W 45 A0 bk, 5 T 0 i o, 5 25 a9 3R A 2OR A .o

(XBRADSCE; B AR EML; 5 X4 H
[ E 425 ]R318;TP391

[ZEkiRERG]A

(2242 )1005-202X(2023)05-0595-07

Classification of epileptic electroencephalogram signal using graph convolutional neural network

with multiple features and multiple relations
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Abstract: Objective To present a graph convolutional neural network (GCNN) based on multi-feature and multi-relations for

the electroencephalogram (EEG) signal classification in epilepsy for promoting the application of GCNN in epileptic EEG

signal classification and improving the classification accuracy. Methods One frequency domain feature, 3 time frequency

domain features and 2 nonlinear dynamical features of epileptic EEG signals were taken as features of model nodes. The

spatial similarity and spectral similarity between EEG channels were extracted and fused as the edge relationship matrix

between the overall graph nodes. Results Experiments were conducted on the TUEP dataset to evaluate the classification

performance. The proposed model achieved an accuracy, precision, recall, F1-score, and AUC of 0.87+0.02, 0.91+0.04, 0.82+

0.04, 0.86+0.02, and 0.90+0.03, respectively. Conclusion The proposed model is advantageous over the single-feature and

single-relation GCNN in the classification of epileptic EEG signal.
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Figure 5 Comparison of ROC results of E-GCNN with single—feature graph or single-relation graph
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Table 3 Performances of E-GCNN and single—feature models
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