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Abstract: Epileps logical disorder, and recurrent seizures and persistent tendencies will lead to

physical damage. Th rly detection of epilepsy seizures can help improve patients’ quality of life. In order to
comprehensively and deepl®y explore the research progress and trends of Artificial Intelligence (Al) in predicting
epilepsy seizures, this paper first introduces commonly-used and publicly available EEG ( Electroencephalogram)
datasets for predicting epilepsy, evaluation indicators, and preprocessing techniques. Then, it divides the research on
Al-based epilepsy seizure prediction into two categories: machine learning and deep learning, and analyzes them
separately. The analysis results show that in deep learning-based epilepsy seizure prediction, the accuracy can reach
over 95% . Based on the above research results, it can be concluded that the application of Al in epilepsy seizure
prediction has promising prospects.
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1 HURE & FIF M $547 (Datasets and evaluation

indicators)
1.1 BiE&E

Jii H, &l ( Electroencephalogram, EEG) B4 dE A {2 1 H v
DI I 1) 22 R A5 6L . DR e ) vz FH T 00 1) & A Tl e
Gt R HFH A TR 00 A el 2 TR R S A L
5 5t FIURRAS P T~ BE 3k B 1 8 0 00 o e, P 280498 4 (Children' s
Hospital Boston and Massachusetts Institute of Technology,
CHB-MIT)™ | g 3 42 B B 6 2t i 400 0 i el P10 48 46
(Freiburg)™ F1 3¢ [ 5 % P 25 (American Epilepsy Society,
AES) BIE A BARAE . WU 2 1 T AR % F RIS SR 1 36 1
FR7R o

x1 EBRAETNEERE RS

Tab.1 Common datasets for seizure prediction models

NN - FRAE a8
Bebadls b BB/ REER/Hz WA SRk
CHB-MIT  3kj¥ 22 256 22 198
Freiburg fBN 13 256 6 59

AES fBN 48

1.2 FFMIERR
R (Sensitivity, SEN) FI4F 54 (Specificity, 8PE)
AR VT i e RE O B AR AR . R E {2 H
BHEAE 2 (True Positive Rate, TPR) , 1M 42 5 14 W) & 715 B 3 4
HE# (True Negative Rate, TNR) , NN
NA(2) 5 LR FRE e, Hop
SBAPESS ; TN Ry BB PE , B IE
BV EF A 2 F00 A B 5 N A fl)
SR AR T v SR A AT IR

TR RSB R SR B

TP

SEN=75 1T FN (D
TN

SPE_TNJrFP 2

PEM B PRI Z 3R 1 TAEHRRE i1 28 (Receiver Operator
Characteristic, ROC) K H i1 4 #49 1f] #1 ( Area Under Curve,
AUO™ o ROC J& R A2 1 1] Bk 3910 0800 42 18 i 11 (6 TPR
45 FPR #E479FA , AUC J& % TPR 5 FPR #4740 K F A M fg
2,

TG 114 A AE TR0 2 FE A A 1 11 &t B 4, 7R 3R A5 1
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IO R A ME 25 & A Y B ) B, RO RO R AR I (Seizure
Occurrence Period, SOP) FIH A AE T ( Seizure Prediction

2 5 000 16 ‘ )

o AR BEONIE IS . A O — B IR T AR B L 6 UL A 2

Horizon, SPH) W2 A i & 1F T 1 & PERE A 4 bR . SOP

AT BE % AR B 0 i 8] BE , SPH Ry % 4247 1) SOP #2 4R 15 %

il B

2 B & AT 77 7% 5122 (Methods and models
for epileptic seizure prediction)
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1 BHEIRmAAEN eIk S
F EEG status of a patient during epileptic seizures
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Fig. 2 Method of removing artifacts from EEG signals
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Fig. 3 Flow chart of epileptic seizure prediction based on
traditional machine learning

2.2.1 HERNEEE

EEG nl $241k 5 5500 % 1 115 % Y1AH 5 4 % 72 SR8 RRAE 1R
K RAE SR IR i i A5 5 v e B 5 SO AR R SRR ke 1
SR, AP SRR L 0GR AF R R O E R E K T
S T B4 8 T I 485 SR A A R M i EEG REAIE i
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i LA PP R A 1 MR 7 R O 3 8 A5 R AE R L 0 AL 3 R
B2, 2] (Deep Learning, DL) &ML a8 % 2 1 — A0 3,
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Fig. 4 Flow chart of epileptic seizure prediction based on

de ning

B2 2% (Co %eural Network, CNN) 5 H:

fib DL /45 4H Lt vﬁﬁﬁ@ﬂﬂﬂ TR BRI G R
2D®Wﬂﬂ%wgiﬁzQZmemﬁ?ﬁWﬁﬁﬁW
I, B el I i 2 15 I B 5 5 A e ol Ak IR oK
A ONGR HEAT/3 26000 . TRUONG 455 42 1 7 —
S IR A ETIOM Jr  7E 30 s MR HL BT A1 |
754 (Short-Time Fourier Transforms STFT)
@F MNSRIE R, A 38— 08 F A R AL R AE
ERTAAZ AR B Y EEG #E4T — 4328, 3R A5 1 R g%

81. 206, 1D-CNN A5 [H] S BR ] (7 A 500 25 AR 00 Ak
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2.2.2 H#%
S RALGNLAS 2] (Machine Leghgi

L4
N1 Bk K L

(Decision Trees,DTs) , FiHL £k #k (Random Forest, RF) , #ph % Il
4 (Naive Bayes, NB) Fll K-t T 4B 44 1 (K-Nearest Neighbors,
KNN) 4,

USMAN 5520 13 H EMD #E4T EEG i 4b B, JF: 412 Ui 35k
FSFIAFAE L 23 B0 F T KNNLNB Al SVM iE 4720 25, R
THREIRH 92. 23 %6, i K WU BT 1E] 24 33 min, P 2 35000 65 [11) Sy
23.6 min, MAHMOODIAN"* % (i i Freiburg 5% i H %k
It 42 38 SRR 5 i AR BCIE e v 228 B AR AE i AL SVML R TN
Wi &AL 313 T 100% (9 R . SAVADKOOHI 255 F|
FH B T 0 It o8 L 72 3 A0 /N I8 72 46 4 1) 7 B i) 3 A9 3K
TRV 5 S BUIG FELARAAE , 51 T ARG B8 R e BRI ) 7 A e Bl AT
FRAETESE SR SVM Fl KNN i il L5 5 #E4T 20 28, SVM i
FHTFR & AR T L 76 28 SR8 Aok S v £ T HA 2R AR Y
Ayedi . ML TR & A8 1000 (4 32 22 )5 B 2 025 1E A T A

CNN FFI A 0 7 36 F00 2235 09 H SRR AR ORI 43
Je A 22 AN EEIE AR R 6 A4S, 315 T X 4 SR R
A 99. 47 % SEYREKIE N 97. 83% -4 M 92. 36 %1
s EgE .

M EEG 55 A0 [ 2w B s 28 1 L JE 2t 1 it ] 7 571
B, R K 48 19242 (Long Short-Term Memory, LSTM) 7£
PR A N A L CNN B B L3, BT DL s S [FPRE T
KRG e T AR AE . TSIOURIS 2657 75 % V6 i e |
AT LSTM W 2%, £ BT i 38 00550 3o 5 £1E , 68 6% 5000 fr 5
185 YU 4 11 . SINGH %55 4R 1 T — AN T A58 R AE 14 15
2 LSTM A5 FH 90 & AR 000, 4 FH 30 s Ay e
BE AR A 0 2EET RN 98, 14 % S RN 98.51% .
SRR MR 97, 78% . USMAN 259 fdi fif EMD 2 B3 i v (5
S I R Sl A R T I 44 A A e VR T O RR AR L DA B
KATAGR RS, =2 CNN A SHRBURE, ] LSTM i#
AT S MR AR T B30 1) 43 58 A9 310 93 %0 1 R AL A 92, 5%
BORESEE . S2BRI TR LSTM AR 24k T4 o H8 2 A 0
Il K METI0I L Z A RE 15555

N TR AL RE T, T DL R A R 2R )
(Ensemble Learning, EL) {77, £ 2% > &l Yl gk 24>
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FEAE 46 . 2 JE 4% L JC A L JE 2% ~] (Model Agnostic Meta

Learning, MAML)¥ SVM,CNN il LSTM ¥ i 1 20 & . i FH

f& CHB-MIT $dla g b A5 2 AYF 3 R BRE 96. 2800, 344

SR 95. 65 %0, I HUHIRT E] 2 33 min,

3 Z5it(Conclusion)
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