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Epilepsy prediction model based on 2D-CNN and Cox-Stuart early stopping mechanism
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Abstract: An epilepsy prediction model based on two-dimensional convolutional neural network and Cox-Stuart test for non-
independent patients is proposed to address the problem of how to effectively predict whether epilepsy patients are going to
have an attack or not. After EEG data normalization and EEG signal noise removal using a notch filter and a high-pass filter,
the filtered signals are inputted into the two-dimensional convolutional neural network model for feature extraction and
classification, and Cox-Stuart test is used to determine whether an early stopping is needed or not, thereby reducing the
computational and time complexities of the model. The model is tested under the conditions with pre-seizure periods of 10,
30 and 60 min, respectively, and the results show that the model performs best when the pre-seizure period is 10 min. The
model has an average accuracy, sensitivity and specificity of 97.70%, 97.36% and 98.04% on the test set, demonstrating its
superior performance.
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Table 1 Number of channels and electrode names for some patients
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Figure 1 Classification of different states in epilepsy

123 BiEEL 2770 HAT, A R0 0G0 15 %
el 73 75 3o BE b ST 00 RS AN R ST R R
(1) JBFE L BRI R 73 - B SRR B4 R
AR R 0 g N Al (IS AT A . AR5 K X
VAR EI0E S N Rt b I 3N o TT L= W ]
TEANAE B S B AR A L, PRAG G R 4. (H
I, 1207 T B AR AR BEE, RA AR
A B AN TR] e A U RN | A BE I 2R 12 R0 PR A

TR BTG 0 s 0 8 A A A A IR ¢ (2) Al R
A7 AR oy« AR RE SRR R TR R B A
LS i NS PR CTE SR bl EZ SN AT S
MR o %7 ik R A A I SR 4R 412 A I 2 A5t
T A R0 AR Wi 19 32 10 B AT 2 2, B
PR o AELIE: , IR0 R 23 07 A R A 5w 25K,
ARz AL RE 1B , A REAS BB AF I 0 264
1.3 CNN

CNN 2 —Ff 32 L W 0 4022 I8 A L = > O
%, BT e BRSOl LR LT R B MR
XA, HIE S IR AE S EARGHAT
AJZ EBRZ G E AR )= )2,
B2 s o g A2 ST Kt s fan i J= AR k4
LRIAT S5 ISR, P AR IR

' N _%fﬂ)%i%dﬁ@ﬁz I';mt)% ie@x% i;muwﬁ:—

2 CNNEARLEHE
Figure 2 Basic structures of CNN



1

, . 2D-CNN  Cox-Stuart

- 85 -

ERUZJE ONN i it P R 2 — . BRUZRE
1 B Ut 2R 4T AR 5, th T8 BUZ B9
TEAEAE (B B B R /N J /N T A BH ) R/
T AT LA /N RIS P A5 PR 412 B R LA ) B
FHAIE, Bl S HGa T, S R R A AR ISR o TS
FRUZ Z 18] 5 A AE L = 2 B . 3% 9 I AE 28 1) A7 75
R IR B A ACR . B S BUZ B3,
& P A BEZ 4R ORI K i) SRR o FEEA T8
BB, B T A S BUZ S ICEARAE 38 fe i e
T i B, AR Y 2 AR RE T o AT IR, DAk A i BE
i 1 B i NS BOC AT R — 2 B B A 1 L

a5 R R FEREA T B ARA BT, 2 1) g A K
F8 i PSR 70 [ i o (R, AN S I E n] i &
HORWE AR 2 WS AR o nT RE R IR AR L
ZACRE S . N TR S IR DD RRE R, A2
VBRI A B LA THIA — R IE , 3 R
A LI AT UK e A5 2 AR A
BN o H B IR AR, 23 W UG U AR o0 &R
i, TC A B AT BARHAE 3 BURRIE SR BOR 78 43, A
R ACRE 108555 o A SO IR A R fin B, BEAT
S FELE, B A G R P IR 1. 38
Eog S RuR N

*, K K () {-
0 0 0 0 0*et0F[+ | 0%etOFF | 0%etO*[+ 8* eio*}i:r 0*et0*f+ l(:)* e+([))*1t::
O*g+a*h | a*g=b*h | b*g+0*h & ia a*g+b*h & ;
0 a b 0 .
— e - *otakf e (k[
&S O¥erarfh |arerbifre | brer0Rs T el amerbrie [ﬁ’*:g*lt
\ " 4 . h 0*a+c*h *a+d*h d*g+0*h W g *gtd*h <
0 c d 0 o 1 L
" S . OYetc*f+ | cretd*f+ | d¥etO*f+
Oerctial Feterd b Fdten0= e
0 0 0 0 0%at0%h | 0% 0%h | O%ai0%h Ut [(O4 b | [ et e
= 2 = 1 i i
A% K N . . L
i A Ehs ESA e i e AR
a: BRURELIEA
v \}j\
0 0 0 0
0%e+0%+ | 0*e-0%f+ OiFar || Wi
0 a b 0 O*gta*ht | b*g+0*h
O*g+a*h | b*g+0*h =
I . = et i i
& 1Y
- - h L
. 3k, o (T *, L
0 (C d 0 5 OFerc*fs | d¥etO*Er el NdEC i SE
0*g+0*h+ | 0*g+0*h+
0*g+0*h | O*g+0*h = ; -
0 0 0 0
A1 K N . N ~
iy AN BE EayitA i a1 K

b: EFRIELIRA 2

3 BREHILE

Figure 3 Convolutional operation process

B 2 K {8 F Sigmoid . ReLU , LeakyReLU %5
BRSO BCHE AT AR LR R e, A 2 2 AR L
PE R 28 o0, DT 42 B 2 R0 2% Y G e 0
Sigmoid PRELZS 5y th BEER FE T 25 A [R] R, 17 ReLU PRy
B AR AR RO 2 T LSS B P, (R A x < O B
A 2 B Le i 22 U 7E U o B Hh RGN S B
L IERCAET M40, LeakyReLU 7E x < O FHIAE
IEPR 45 570 8GR o0 B S AN 0, R ReLU R
oy ax — i, (1) .20 (2) 2 ReLU bR £ AN
LeakyReLU PREL. &4 M0 # 1R A

B, ReLU

%

= 1

Efl

=9

-20 -1.5 -1.0 -05 0.0 0.5 1.0 1.5 2.0

A P RS A

%2_ LeakyReLU

N

=N

UJO

20 -15 -10 -05 00 05 10 15 20
AL HE B

4 ReLU # LeakyReLU &K #
Figure 4 ReLU and LeakyReLU function diagrams



- 86 - rhE R AR AR AR

A2

fxx=0
hReLU(x)_{O’x<O (1)
x,x =0
(0 =7 @

WACHRAEAE T4/ R T7 1) L A 23 6], AR 4
&, T /> S8, AR AR, B 1k K AR 4
BIG. HHh, G AREE A O INVE A il
VEAS 22 52 i i b3 B30 9 R/ AT ket A ok 3 ) ok
INVEREAT BRI e BB )T A ot
e SFREAL | A SE R R o R R A R Y
AN RFE [T 15 5 X3 1) e KA R e AR J= 1 5 F
P A5 AR P 08 R DR BT A (B P2
(EAE S AL 2= A0 5 3 P 24 A A 25 i i A
R INENUPNANS 5 N SR TR 2 NN N = B A A
Mo AR AT Bl Al . S R AR -2t
) TAER BN 5 7R o A2k b —
JZ 0 i 1 RSP B — 2H — 1) i, 55 AN A o
153 4 R RHAE , B T 02 . AR SCHR T A AR AR
il LA — AL 2 T — A2 IF A8 T CNN g JEA
R EE N R S EP SN e PO BRSSO NE RV L (1
PEIEAT VA — P AL BE (AT ) = o] 382 bR | ok 240
DR ELA 2 LA S M i 45

1[2]3]
4R
B 1273
6 4156
71819 7189
Rtk XAk

Es5 sAMLMES B TIERER
Figure 5 Schematic diagrams of maximum pooling and average

pooling operations

1.4 Cox-Stuart {55 i%

Cox-Stuart £ 45 75 F| FH 1E £ 455 H Wy — 20 )7 91 i
AR G S 207 EAE N T 2 Fh 28R A 4508, B
AN 08 53 A0 1 0, ISR I A5 6 36 W 7 A
ETFECT RS 2R I S 3 AT i Rk 4
H R 2 ORI PR 20, JH S 2 340 e S A s 2
PFB o P HIME A3 2 T IEA R 2EH, IEZEER
B I 21020 1 e S DR T i 40 1) e 1A (P
BT ; 1 22 H R BTS2 B B SIE /N TR
AP B (AT REA T SR o AR R AR, A
N IE AR TS, SR B A R

Rt , 75 HEBOE 22 (A MR 22 AR G R . HIE2EE
W/ (ATREA T Bk A ) LRI I 2208 H BLAY E RAR
IS, VEBI B T a3 Hh 4 SRR ; [ 8R4 61 22
EHF A (AT REA L Fh a3 ) H a6 2205 H B0 A AR
RAR, B P9 IS a4 i . A e 25 (H
D AHAE ZE(H 1A 32 R RS T AR, S B BB oKk
7 91 2 Rk A, D Tk o D A g [ B, 5 1 22
(R /D 67 2 1 A M58 eR B AR, AN K DB o ok
AP 51 5 1T S A JT i A i 5 4 IE R 25
o [FAE 2 ULBZ P H ok 3 2 R R . —
AR HE SR R BB (M 0.05. 18] 6 A Cox-Stuart K 5
R . BRI E IR T s o (OIRE : H,:
JE A TC BN H T 50 A R 5 (2) i A F 5
(o0 oo, I ¢ BOH K BE S, n (8 BT
c=nl2,n HAEHE,c=[(n+ 1)2]- 1; )i 4
X E - {d, = x, - x,d,
X, b Bt d R IERF S AN B num, FIAAF SN E num
4>k = min (num,, num_); (4) {5 F =30 537 () R FUE
FRBOT MR peor - swarop N HI—UIE T B—
5o o#M % E Peox -suan = P(x < k) =

2 (Z)p"(l -p)™h (5) & mum. > mm Hop <

=X - xla'“adu =X, -

i=0

0.05, N MR EUEA FFHEHE, Fnum, < num_ Hp <
0.05, A K eREIEAT T BEEH, A WA AT B b a3

W 7511 B — A |
!

4¢3 num, \num F i

|
|
‘ v
|

k=min(num, ,num_) ‘

6 Cox-Stuart i1 3£ R IEE
Figure 6 Flowchart of Cox—Stuart test



1 9

2D-CNN  Cox-Stuart

2 CNN %EiJm T i & 2

AR S (0 A R85 S A s ) oy O ik, gk
25436 M , BEPLIEHL 20% MBS 4E R 4R, F
03 5 R R A K0 3 ) DR A 2 T S e v
UGB AT ARSI, BE AL 8 IR A B 19 20% 1R b 56
TEAEE AR U2 o DR SRR Dk
SRR AR 73 LA 6:2:2.

T TR I R R R AT UL B A R U — 1k
B 5 5 TUUAL BT 54 Y11 5 2 5408 1 6 i 2 50 ik
ABEIH4F £ CNN AR rp AT Y R 600 5 XoF B i 52
AR 45 G PRI Cox-Stuart A5 55, F W72 A7 b T 3
FHAE s RAF I ZR A5 AR SRR 2580, I T 14
RO I R R RE L 19 20 1 4R 09 RABUE Ve St
HERR R SERR AR . K7 SRR AR

’ BRIA— 1 ‘
|
l

‘ Y25 CNN Y ‘

!
B A 515k o F

‘ 2 1F VI RAT B S5

l

| Wi |
!

| FEEIF S |

7 SEHIRIZE

Figure 7 Experimental flowchart

2.1 TAbEE

Ab T AN [R) A RS B 1l AR FE i B2 LT e Ay
KRB /NI 22 57, A () ik PR 38 T8 1) 175 5 R 2 A
A 25, T ST bl DA A TR] I FRURE A& AR
HHA X R B s A 7 U — e A B R 5 A B
A 3 Adi ] Scikit-learn JE 51 (1) MinMaxScaler # #E 4k 7

- 87 -
7. MinMaxScaler 7] LUK Bl 25 P 5% 30 21 45 2 1930
L, AT
X = T Ywin (max - min) + min (3)
max xmin

Horb o A B IR B x0T X, 20 5002 90 (1 e /M
FR KAE , max il min 43 312 B bR 40 Bl _E R A
TR, FEARSCH ERIATE B R [0,1] 0 x e SRR IR
b I B -

PR3 v 11 Hh DR R B A AR B A AR Y P S 2
XoF AR B wh Eb 55 A 55 A0 A EL 1 5 3 A R ) R R
oo BT TH TR, — MR A 50 Hz 3% 60 Hz [
D8 e A AL PR A SO B L edf SCE BY B
mne J2 9 47 114 I 5 D08 D52 o 50T s U I8 o 4800 S U
Bi 60 Hz (1) T A5 M 75 F/NTF 1 Hz B2 & 8~[A]
10 43 311 chb01_01 ST JR 4R Dy 53 2 JE 1 28
U 0 U S 1) Ty SRR T R 4 v B U T T R

)L i /dB

40 60 80 100 120
fIHz

8 chb01_01 RIRTNZEILZEE
Figure 8 Original power spectral density map of chb01_01

0 20 40 60 80 100 120

9 chb01_01 F3R 8K BT L 2 B B
Figure 9 Power spectral density map of chb01_01 after notch filtering

[E 10 chb01_01 =@ iEK EHINEEEZEE
Figure 10 Power spectral density map of chb01_01 after high—pass

filtering



- 88 -

] 22

AR HaE

2.2 CNN Cox-Stuart {2 !

XTESHE AT PAL BRI, BRI BT ) ) %
H AT AR BR IBOR 2028 o AU T 34 2 4E G R
2AHEIH— 102 2 B KA E 2 4T R A T
— NI B A AR BEAIG AR AR R AR Iz AR RE T iR A 2
Y 5 LM 22 W 2% (Two-Dimensional Convolutional
Neural Network, 2D-CNN ) #& A58 ZEF 4 1&] 11 fir
TNo 72 ARERIZER I BAR S H . B A U0 PR AL
A1 LeakyReLU, i 2k p& %5 & CrossEntropyLoss, 1L 1k
#54 Adam, %% 2] %4 0.000 1, it K /A 128

4

% W

i SR
SRIIES ery

[E 11 2D-CNN & RI51g
Figure 11 2D—CNN model structure
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Table 2 Model structural parameters
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Figure 12 Results on the training and validation sets for the 1st experiment
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Figure 13 Results on the training and validation sets for the 2nd experiment
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Figure 14 Results on the training and validation sets for the 3rd experiment
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Figure 15 Results on the training and validation sets for the 4th experiment
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Figure 16 Confusion matrixes for 4 experiments

Table 3 Results on 4 test sets and their averages (%)

SEIGIREL iR REE Sk
1 97.05 95.95 98.15
2 97.99 98.58 97.40
3 97.92 98.62 97.21
4 96.97 97.37 96.58
- {E 97.48 97.63 97.34

SRR T 95%, & 20 7T %01, epoch 7E 2 55 LU
IS UEAE B R R BT DURT, HERR, R
JE R SR T 355 90% K L b o dE ad R e o A
17~ 20 % P, epoch ¥J7E 150 LAY , Yl 25 4E FI G IE
SEMUER R  REUE PR PEIITE 90% DL o i T
T AEXT Cox-Stuart A1 CNN AU JEF 7P BEPEAL , 4 il
TRAE S A5 TR IA R MR A i an 1] 21 iR . R4

4RSI E R R A

8 T SC T, S A Cox-Stuart -5 ML 5 #Y



1 , . 2D-CNN  Cox-Stuart

- 91

FUPNI]
SOOO0COC0SCO000C0000~

il

EUl

COCCOOOOOOOOOO0O0O0O0—
SO AN NI

SNONONONONONONSNSNONDS
e
< RO OO
SO=r=EINIWLI L NNV IO

kil

EUl

el

M

S G 25 JERR I Cox-Stuart F (5= 1L i 1) 52 56 25 S AH
22AR /N BTN A Cox-Stuart 545 HL & AT AT Y -

o

— train-loss
—— Validation-loss

=t

R
REiR
COOOCOCO0OCOOOOOO0OO0O—
OO EINILILIE R NIV I~I000OOD
SHONSNSNSHSNSNOSNSNSRS

— train-accuracy — train-sensitivity —— train-specificity

S

SO —itoLILIE B I~gooololo s

STHONSHSNONSNS NSNS NSHS
b %
. 5 oo
OO I B A NNRNII000OOD

SHE
SOECCOCOoOConO000000~
OO IR L NN NI~IC0OO\OD
DNONSNSNONONSNSONONSNS

—

X i — Validation-accuracy —— Validation-sensitivity —— Validation-specificity
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
epoch/IX epoch/IK epoch/IkX epoch/IkX.

E 17 A Cox-Stuart #3637 5 1R LM A ILAE I IEER L RE

Figure 17 Results on the training and validation sets for the 1st experiment after combining with Cox—Stuart test
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Figure 18 Results on the training and validation sets for the 2nd experiment after combining with Cox—Stuart test
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Figure 19 Results on the training and validation sets for the 3rd experiment after combining with Cox—Stuart test
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Figure 20 Results on the training and validation sets for the 4th experiment after combining with Cox—Stuart test
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Table 5 Comparison of experimental results on the test set with and

without Cox—Stuart early stopping mechanism
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Figure 21 Confusion matrixes for 4 experiments after combining with Cox—Stuart test
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Table 6 Comparison of experimental results of different models based on non—independent data partitioning method
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Table 7 Comparison of experimental results with different models based on patient independent data partitioning method

YER K 89.98%
SCHk[31] CHB-MIT - [4 40 3:+Lightweight-2D-CNN ¥ :92.90% 15 min
FESE87.04%

SCHik[32] CHB-MIT - YR IF 1%+CNN-SVM HER 2R . 86.25% 60 min

HER K :94.60%
R : 94.50%
HERITR :94.80%
RILE : 94.90%

CHB-MIT
k[ 14] - CGAN- TACNN-LSTM

Bonn

HEH1%.97.70%
AT CHB-MIT g i U0 , e 3 DB 2D-CNN F1 Cox-Stuart REUE.97.36% 10 min
FESE :98.04%

HER % . 88.84%
ATk CHB-MIT A I I I8, re A D 2D-CNN I Cox-Stuart REUE91.17% 60 min
R 86.51%




- 94 - N e a2
4 Q:él: -L/k\' detection using GAN with cramer distance and a temporal-spatial-

ARSCHRE Y 2D-CNN A RVEF ek 7 R 3, R
X} BCHIE B80T — Pl R0 0k Ak AR T g AL B ASE AR rp ot B
P HCERAE $2 UM 4325 5 HoUk , £ FH Cox-Stuart 6 56 72
BEE P, AR08 it 8] 52 2% B R HE A R
FIH A SCHRAR LU , AR SCHE H AT AUZE A T B T HRL R
Z% RV ) 2 2% FE 3R 2 A Re ) i, 1B AR R A
U, MR AVERTIN 10 min B, 78 R4 1 00 v 6 %
H97.70% , RAE K 97.36%, ¥ F 1M 98.04%,
AARSCIRAFAE LI AL : (1) SER B o T 5, A
SCfeft FH 1 2 P S AR B | R AR A R
B2 LRI HL 0 AN T R AE LAt S 7R 1 i
M AR L AR 5 (2) I 25 R RS RS
Pk ET A e .

(5% k)

[1] Scheffer IE, Berkovic S, Capovilla G, et al. ILAE classification of the
epilepsies: position paper of the ILAE commission for classification
and terminology[ J |. Epilepsia, 2017, 58(4): 512-521.

(2] RK, Zkin, 2045, ok 3m a5 A6 97 (1], B3R E 2, 2019,
31(6): 821-827.

Zhou D, Wu XT, Li JM. Diagnosis and treatment of comorbidities in
patients with epilepsy[ J]. Medical Journal of West China, 2019, 31(6):
821-827.

[3] Liu GD, Xiao RL, Xu LY, et al. Minireview of epilepsy detection
techniques based on electroencephalogram signals [J]. Front Syst
Neurosci, 2021, 15: 685387.

(4] IPEMW, ABk . A THEL T LT A % ROEM 69 R 8 Sham[J].
AU A 5 B, 2023, 40(3): 137-141.

Shuai GB, Hu WB. Automatic detection of epilepsy based on new
energy operator and multi-scale entropy[J]. Computer Applications
and Software, 2023, 40(3): 137-141.

[5] Bao XQ, Xu YJ, Kamavuako EN. The effect of signal duration on the
classification of heart sounds: a deep learning approach[ J]. Sensors
(Basel), 2022, 22(6): 2261.

[6] PanYY, Zhou XY, Dong FY, et al. Epileptic seizure detection with
hybrid time-frequency EEG input: a deep learning approach [J].
Comput Math Methods Med, 2022, 2022: 8724536.

[7] Takahashi H, Emami A, Shinozaki T, et al. Convolutional neural
network with autoencoder-assisted multiclass labelling for seizure
detection based on scalp electroencephalography [J]. Comput Biol
Med, 2020, 125: 104016.

[8] Golmohammadi M, Ziyabari S, Shah V, et al. Gated recurrent networks
for seizure detection[ C 1//2017 IEEE Signal Processing in Medicine
and Biology Symposium (SPMB). Piscataway, NJ, USA: IEEE, 2017:
1-5.

[9] JanaR, Mukherjee 1. Efficient seizure prediction and EEG channel
selection based on multi-objective optimization [J]. IEEE Access,
2023, 11: 54112-54121.

[10] Li Z, Fields M, Panov F, et al. Deep learning of simultaneous
intracranial and scalp EEG for prediction, detection, and lateralization
of mesial temporal lobe seizures[ J]. Front Neurol, 2021, 12: 705119.

[11] Toraman S. Preictal and interictal recognition for epileptic seizure
prediction using pre-trained 2D-CNN models [J]. Traitement Du
Signal, 2020, 37(6): 1045-1054.

[12] Aslam MH, Usman SM, Khalid S, et al. Classification of EEG signals
for prediction of epileptic seizures[J]. Appl Sci, 2022, 12(14): 7251.

[13] Ma YH, Huang ZT, Su JY, et al. A multi-channel feature fusion CNN-
Bi-LSTM epilepsy EEG classification and prediction model based on
attention mechanism|[ J|. IEEE Access, 2023, 11: 62855-62864.

[14] Palanichamy I, Sundaram V. Improving deep learning for seizure

frequency loss function[ J]. Int J Recent Innovation Trends Comput
Commun, 2023, 11(6s): 424-432.

[15] 234, 3 E, 288, % 8 T LSTMAEA 69 33 i o, i A
AT (1], 3+ SEAUE R AR 7, 2018, 35(11): 3251-3254.

Shan SJ, Li HJ, Wang LL, et al. Epileptic seizure prediction from
single channel scalp EEG based on LSTM model[J]. Application
Research of Computers, 2018, 35(11): 3251-3254.

[16] Shoeb AH. Application of machine learning to epileptic seizure onset
detection and treatment[ D ]. Cambridge: Massachusetts Institute of
Technology, 2009.

[17] Lai CQ, Tbrahim H, Suandi SA, et al. Convolutional neural network
for closed-set identification from resting state electroencephalography
[T]. Mathematics, 2022, 10(19): 3442.

(18] 8- Fahik, A B - KER, B4 BLER REFIT (M)A
¥ &, A E, AR, FiF . AT ARIRE HRAE, 2017: 203-210.
Goodfellow I, Bengio Y, Courville A. Deep learning[ M ]. Translated
by Zhan SJ, Li YJ, Fu TF, et al. Beijing: Posts & Telecom Press, 2017:
203-210.

[19] FiE R A F I NI LT Python #9236 5 LI [M]. B F A&
AL ARBRE B RAE, 2018: 184-216.

Saito Y. Introduction to deep learning: theory and implementation
based on Python[ M ]. Translated by Lu YJ. Beijing: Posts & Telecom
Press, 2018: 184-216.

[20] Zhou WC, Zheng W, Feng YB, et al. LMA-EEGNet: a lightweight
multi-attention network for neonatal seizure detection using EEG
signals[ J]. Electronics, 2024, 13(12): 2354.

[21] Lai DK, Cheng ES, So BP, et al. Transformer models and
convolutional networks with different activation functions for
swallow classification using depth video data [T]. Mathematics,
2023, 11(14): 3081.

[22] ¥ s, 3K MR, sk K9 . Cox-Stuart & Wilcoxon 45 5 Fk#s 35 £ /=
S B e A [T]. 5500 R R FIR(A KAFR), 2020, 36(2):
80-85.

Hu CY, Zhang HM, Zhu JM. Application of Cox-Stuart and Wilcoxon
symbol rank test in product quality inspection[J ]. Journal of Qigihar
University (Natural Science Edition), 2020, 36(2): 80-85.

[23] Raghu S, Sriraam N, Vasudeva Rao S, et al. Automated detection of
epileptic seizures using successive decomposition index and support
vector machine classifier in long-term EEG[ J . Neural Comput Appl,
2020, 32(13): 8965-8984.

[24] Liu YH, Chen L, Li XW, et al. Epilepsy detection with artificial neural
network based on as-fabricated neuromorphic chip platform[J]. ATP
Adv, 2022, 12(3): 035106.

[25] Luque A, Carrasco A, Martin A, et al. The impact of class imbalance
in classification performance metrics based on the binary confusion
matrix[ J]. Pattern Recognit, 2019, 91: 216-231.

[26] Zeng GP. On the confusion matrix in credit scoring and its analytical
properties[ J ]. Commun Stat Theory Methods, 2020, 49(9): 2080-2093.

[27] Jemal I, Abou-Abbas L, Henni K, et al. Domain adaptation for EEG-
based, cross-subject epileptic seizure prediction [J]. Front
Neuroinform, 2024, 18: 1303380.

[28] Choi W, Kim MJ, Yum MS, et al. Deep Convolutional gated recurrent
unit combined with attention mechanism to classify pre-ictal from
interictal EEG with minimized number of channels[J]. J Pers Med,
2022, 12(5): 763.

[29] Halawa RI, Youssef SM, Elagamy MN. An efficient hybrid model for
patient-independent seizure prediction using deep learning[J]. Appl
Sci, 2022, 12(11): 5516.

[30] Wei XY, Zhou L, Chen ZY, et al. Automatic seizure detection using
three-dimensional CNN based on multi-channel EEG[J]. BMC Med
Inform Decis Mak, 2018, 18(Suppl 5): 111.

[31] Zhang SS, Chen D, Ranjan R, et al. A lightweight solution to epileptic
seizure prediction based on EEG synchronization measurement[J]. J
Supercomput, 2021, 77(4): 3914-3932.

[32] Hu WB, Cao JW, Lai XP, et al. Mean amplitude spectrum based
epileptic state classification for seizure prediction using convolutional
neural networks[ J]. J Ambient Intell Humaniz Comput, 2023, 14(11):
15485-15495.

(%3 5w %)



