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Epileptic seizure prediction model based on multichannel spatiotemporal feature extraction
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Abstract: A novel epileptic seizure prediction prediction model based on multichannel temporal and spatial feature
extractions is presented. The model applies Stockwell transform to the original multichannel electroencephalogram (EEG)
signals for extracting time-frequency components. To address the issue of insignificant difference between preseizure and
interseizure time-frequency features, an adaptive feature module composing of ConvNeXt, SENet and pyramid pooling
module is designed to enhance the ability of capturing key time-frequency features in each EEG channel. Meanwhile, a
prediction model based on Bi-NLSTM is constructed to improve the spatiotemporal dependence between the time-frequency
features of multichannel high-order EEG for further promoting the epilepsy classification performance. On the CHB-MIT
dataset, the model has an accuracy, sensitivity, specificity and AUC of 96.0%, 97.8%, 96.8% and 0.987, respectively, and the
false positive rate per hour decreased to 0.038, outperforming the existing mainstream methods. In addition, the effect of each
component on the model performance is verified by ablation study. The proposed method improves the overall performance
for seizure prediction effectively by optimizing local time-frequency feature extraction and enhancing multichannel
spatiotemporal dependence.
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Table 1 Main statistics of CHB—-MIT database

Biegms MR EES RIEREC BRIERTE)s
chb01 i@ 11 7 442
chb02 5B 11 3 172
chb03 i 14 7 402
chb04 5 22 4 378
chb05 © 7 5 558
chb06 “ 1.5 10 153
chb07 I 14.5 3 325
chb08 5 3.5 5 919
chb09 & 10 4 276
chb10 L 3 7 447
chb11 s 12 3 806
chb12 s 2 40 1475
chb13 & 3 12 535
chbl4 & 9 8 169
chb15 % 16 20 1992
chbl6 % 7 10 84
chbl7 I 12 3 293
chb18 u 18 6 317
chb19 % 19 3 236
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chb23 k8 6 7 424
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Figure 1 Stockwell time—frequency transform of an EEG segment
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Figure 2 Architecture of multichannel spatiotemporal feature extraction and epileptic seizure prediction model
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Figure 3 Adaptive feature extraction module structure
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Table 2 Ablation study on the CHB-MIT dataset

MR ERRR/%  FERPE% REUE/%  AUC FPR/A
Mi 81.5 76.3 87.2 0.823 0275
M2 90.0 88.0 91.0 0.920  0.200
M3 93.0 89.5 93.0 0.935  0.170
M4 93.5 91.0 94.5 0.950  0.130
M35 95.0 93.0 95.5 0.965  0.090
M6 96.5 96.8 97.8 0.987  0.038

FPR/h - f5 /MR P
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BARRORAT R . Sun 54 H 1 CADCNN LAY 5| A
T E R MR, ST T PERE (R BE A e 8 1 W) 30
AACH o AR SCHRE R BT A PR 8 bR L3 IS

% 3 TR 75357 CHB-MIT R RS4RI
Table 3 Comparison of experimental results of different methods on the CHB-MIT dataset

TR HERI /% RS % R % AUC FPR/h
TFHybridNet'2! 94.30 94.30 94.30 - 0.220
CSP+CNN'2) 90.00 - 92.20 - 0.120
DWT+DenseNet+LSTM!!3) 93.28 93.65 92.92 0.933 0.063
Dilated CNN'24] - - 93.30 - 0.007
STFT+ResNet+LSTM 23! 91.90 94.20 89.64 0.942 0.058
CADCNN!15 - 95.60 97.10 - 0.029
ARSIk 96.50 96.80 97.80 0.987 0.038

BAEFLEM . 5 DWT+DenseNet-LSTM J5 % AH [, i
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