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Review of Application of Neural Networks in Epileptic Seizure Prediction

HUANG Honghong*, ZHANG Feng?, LYU Liangfu*, SI Xiaopeng*
1. Academy of Medical Engineering and Translational Medicine, Tianjin University, Tianjin 300072, China
2. School of Mathematics, Tianjin University, Tianjin 300354, China

Abstract: Epilepsy, a central nervous system disease caused by abnormal discharge of brain neurons, has a
significant impact on patients’ normal life. Early prediction of epileptic seizures and timely preventive measures
can effectively improve the quality of life of patients. With the development of data science and big data technology,
neural networks are increasingly being applied in the field of epilepsy prediction and have shown great potential for
application. This paper provides a review of the application and deficiencies” of neural networks in the field of
epilepsy prediction, discussing the construction process of epilepsy prediction models in the following order: data-
sets, data preprocessing, feature extraction, and neural networks. ‘After introducing the characteristics of EEG
signals, common types of datasets, common data preprocessing methods, and common feature extraction methods,
especially manual feature extraction methods, this paper focuses on analyzing and summarizing the principles and
applications of multi-layer artificial neural networks and spiking neural networks in the field of epilepsy prediction.
The disadvantages of neural networks are systematically-analyzed, and further application of neural networks in the
field of epilepsy prediction is prospected.

Key words: epilepsy; EEG signal; neural networks; epilepsy prediction

eGSR A AR E R (R B2+ " L iR 43 ) (200CZDJC00810,22JCYBJIC01080) .

This work was supported by the Natural Science Foundation of ‘Tianjin (the “Medical+” Special Foundation of Tianjin University)
(20JCZDJC00810, 22JCYBJC01080).

WoRs H 97 :2023-02-02 &Ml H 1] : 2023-06-09



2544 Journal of Frontiers of Computer Science and Technology & B2 5iF&

2023, 17(11)

SR 2 — i P R b 2 T 58 e PR S R
() K G DI e 1 B e o BB TR DA dH At 4
BRZIA 7000 77 NABA RIS BN AR TE A I 5
PRILIA Fh 43 W PR HE iRt e A8k . T
RAE B ARYE , B A T RETE = a5 Bl UK A
F& B LT & I 2k B AR A 7 AR B AN S
FLOFWRA RS MAT WP, Jageit, Wi R
it RAET I LR LA R = T 3 A5, BReE R
F W, 0 AR TC T o8 TR A (E R AT D 1 24
YRR G TR GG T T BORE T AR Y, i
ST R PSSR | A R Z R AT R, T DL 4G
R R A 114 BT ] SR BT R T R it K 3 4R
e T R T AR

1E Ji%i £, I8 (electroencephalography, EEG) f4 % i
T, BE AR 2GR i R 3% 906 e 1 #E AT 2 .
i P T v ) ik FL A 51 SR A TR 22 A ) e H A B
TG 80 o TR SR R T A P T I 2 S 0 g (0
N U SR R 8, B A TS B RRAE B A TR I 12
Wr o il FEL R PR AT 98 L 288 70 24810 11 5219 7
b 25 B A R ST A AT 32 T E T A T ] R
M AT, JRAELEZ AT A KR gl a2
> B T S O T AE AR R I I S 2T B

PEHURRAFE Z AP 22 55 M) 8, M M4 Rk 2
H a4 BURAIE AR 1A 22 4538 22 P a5, AT H] T Ak 2
KA S .

H A 7E S0 TR0 2, R R 178 A 428 Do 2 B3k 2 L
13522 )2 N\ T 41 25 M 2% artificial neural network, ANN)
01k v #2225 (spiking neuron networks, SNN) ., f&
G Z = N T M4 A 8 AT 2 )2 BN
(multilayer perceptron, MLP) . % £ ## 22 % 4% (convolu-
tional neural networks, CNN) {35 #ift £ % 4% (recurrent
neural network, RNN) | 2 i Xf 47T [ 45 (generative
adversarial networks, GAN ) . Transformer 25 il 25 % & K¢
AR, FEN A2 BT RO R R A A PR
BERIPEREAN R E N R B TG 2 2 N T2 241
SR PO AT R ik — 20 % ™, SNIN 2 —Fh 5 T4
22k o5 5 A% 3 B P 28 X 28 AR B AR R 5 — AR pR &
D2 o 52 X 4 T A e N T A 48 I 28 S TR [
ok it 28 X 28 ASLAEL 1 A 28 T IOk s L A% 38 £ R
AT A R K A28 5 R B RA YR

"L 1R TR AR R e R R L TR TR R AT
A AR SO R U ABE TR 118 4 A O R A U B i
A BAE TAL B R AE SR ICCRE SR T TR TR AR 2
B AR LB A TR A

Pel 1 L S 26 1 o ol B B
Fig.1 Modules of epilepsy prediction model
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Fig.2 EEG signals during seizures
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Fig.3 Dataset classification
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Fig.4 Comparison of time-frequency.plots of EEG
signal before and after removing power line noise
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Fig.5 Example of CNN structure
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% EEHT ARIES AL, Transformer 3 %
A1 35 G i 25 R AL 2, HG o G B 2 A A 28 T R 22
NHEZ W B EE T Z R W42 AR,
Transformer [ [ 2% 25 k4 4 181 7 FiF s o

Pl7 Transformer 25§y
Fig.7 Structure of Transformer
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Table 4 Comparison of different epilepsy prediction models based on neural network
SOk Y SRR FEAE$ pAEITES T di br 5 A7 P Ey s
Freiburg Hospital dataset ¢ {4-#{/ak {4 : 81.4% .81.2% . 75.0%
[15] 2018 CNN I S+ 47 CHB-MIT dataset 14122 (false positive rate, FPR) ; RV RETE S T
Kaggle dataset” 0.06(f/NiT) (0,16 (Fj/ NI ) (0.21 (BN )
A WER S (97.8620.5)%
B S+ I X
[41] 2018 CNN+SVM CTN?;’ ﬁi:m Kaggle dataset” U - (96.4720.5)% 17 7E I ] 31
TS (98.8140.5)%
Freiburg dataset R B
o /ﬁi‘l . .68% . 479 N2 1 b PR
[53] 2019 GAN+CNN [ +45i0, CHB-MIT dataset AUC:77.68% .75.47% PEM bR R
[31] 2019 ZWEICNN  HpI+5 CHB-MIT dataset AUC:82% .89% Bt A R
Bl e —
[43] 2019 BIi-LSTM fif 3k Kaggle dataset” AUC:84% H A A 07
M br i —
[17] 2020 CNN MFCCs CHB-MIT dataset ER % - 88.81% .91.54% WA HE bR B —
U 1 93.5% ,98.8%
|
4] 2020 CNN ONN Fr gt forodle datset FPR:0.083(fg bt 007ackhap) - o T EEC
AUC:98.1% .98.8% e
PR AU 1 99.31% ,97.53%
FPR:0.20( 45/ M) ,0.07 (45716 i)
v i s CHB-MIT dataset X 4% F 1] EE
[26] 2021 1D-CNN H SR U T SWEC_ETHB‘Za;:taset VETEE - 99.54% .99.73% iﬁg;]ﬁﬁ G
e £ 88.14% .90.09% DA
FE 52 £ 99.62% .99.81%
HER L - 80.5% "
i 7 80.5% B
[28] 2021 3D-CNN i 3+ 91 35, CHB-MIT dataset fHUR N - 85.8% [EErn—
. 75.1% TR
[29] 2021 CNN Wty egle dataset iUV - 88.45% .89.52% FEA bR —
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LSTM+BPTT+ \ \ . R :93.7% B A B —
42] 2021 i dok -+ 451 F M
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) AUC_ROC: 83.80%
HAFEA+CNN N Bt B f—
[19] 2022 1D-CNN e CHB-MIT dataset AUC_PR: 50.38% 3 e
A i F1: o4 I A AT B
HFUEE : 93.3% B B F—
I Ja, + 7 45 -
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33] 2022 . g+ 47 3 ; e
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(DAmerican Epilepsy Society Seizure Prediction Challenge—iEEG,,

(@Melbourne University AES/MathWorks/NIH Seizure Prediction Challenge—iEEG,
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