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Epileptic Seizure Prediction by Graph Convolutional Network Based on
Graph Pooling of Attention

ZHANG Qianyun, QIAO Xiaoyan”
(College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China)

Abstract: Timely and accurate prediction of epileptic seizures can take intervention measures to prevent from accidental injury be-
fore epileptic seizures. In order to improve the accuracy of epileptic seizure prediction, a graph convolution neural network model,
based on graph pooling of attention, is proposed for epileptic seizure prediction. The multi-lead Electroencephalography (EEG) data
were converted into a graph structure, and an improved graph convolution neural network model was designed. By adding graph
pooling of attention, important node information was screened to avoid feature redundancy and improve the learning ability and ro-
bustness of the model. On this basis, the effects of different EEG rhythm, sliding time window and prediction duration on epilepsy
prediction were analyzed. The simulation results show that the accuracy, recall rate, specificity and F'1 value of the prediction model
can achieve separately 97.03% , 95.89%, 98.16% and 96.12% for 5 minutes before seizures, by using the sliding step size of 0.5 s in
the 4 s time window. Therefore, this model can improve the prediction accuracy of epileptic seizure and can be easily generalized.

Key words: prediction of epileptic seizure; EEG signal; graph convolution neural network; graph pooling of attention
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Table 3 Predictive performance of different EEG rhythms in epilepsy
o B UATEE: a y T
HETEE/ % (7 2) 86.567.92 89.254:0.72 82.1940.02 87.1140.96 93.3640.71
A/ % (F2) 82.4541.60 86.5542.14 74.2343.60 82.16+2.42 91.1942.25
s/ O 22) 92.7546.62 94.8748.72 94.33414.46 93.64+9.46 96.3649.22
FUE/ % (J52%) 82.1442.10 86.0142.65 72.7944.59 81.84+2.98 89.864-2.84
T4 RE TR B K e AL TR 4 R
Table 4 Prediction results of models with different prediction times
BAERI 5 min BAERT 10 min HKAEHT 30 min KAERT 50 min BAERT 90 min
AR/ 0 (F722) 97.034:0.01 96.854-0.01 96.7620.12 89.9440.45 84.9949.17
B/ % (%) 95.8940.21 95.5340.29 96.2320.12 88.63+0.45 78.7248.77
FESE/ (O 2%) 98.1640.05 96.1140.05 96.74+0.14 92.9440.74 92.8349.82
FUH/ % (J52) 96.1240.18 96.0240.15 95.8440.17 88.690.46 79.384-8.89

o, XF EE A3 AT U &2 AEHT 5 min ., 10 min ., 30 min,
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