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Imbalanced classification for epileptic EEG signals based on deep learning

Fei Honglei', Yuan Qi', Zheng Yuye’

(1. School of Physics and Electronics, Shandong Normal University, Ji'nan 250358, China;
2. Peoples' Hospital of Rizhao, Rizhao 276800, China)

Abstract ; Automatic seizure detection is of great significance to the diagnosis and treatment of patients with epilepsy. Due to the short
duration of epileptic seizure period, the EEG signal distribution between the seizure period and the non-seizure period is imbalanced. To
solve this problem, an automatic detection method of epilepsy based on the fusion of imbalanced classification and deep learning is
proposed. Firstly, the Borderline-SMOTE algorithm is applied to one-third training set to prevent the boundaries between different classes
from blurring. Then, a pyramidal one-dimensional convolutional neural network is designed, which is trained with the balanced
processing data. Different from the common 2D convolutional neural network, the 1D convolutional neural network reduces the number of
training parameters. The training rate is improved, and the overfitting is avoided effectively which is caused by the small number of
training samples. By utilizing the 991 hours long scalp EEG database, the effectiveness of the seizure detection after balanced treatment
is significantly improved. The sensitivity, specificity, positive predictive value, and negative predictive value reach 92. 35% , 99. 88% ,
90. 68% , and 99.91% , respectively. Meanwhile, the comparison with other seizure detection methods shows that the proposed method
has better performance. It is suitable for satisfying requirements of clinical application.
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Table 1 Information of dataset

E 7] 5 AEi RAEW/ s FERAEH s
1 F 11 420 12 600
2 M 11 164 118 800
3 F 14 384 111 600
4 M 22 368 532 800
5 F 7 544 122 400
6 F 1.5 120 147 600
7 F 14.5 316 216 000
8 M 3.5 908 54 000
9 F 10 216 212 400
10 M 3 380 129 600
11 F 12 796 115 200
12 F 2 1372 36 000
13 F 3 504 82 800
14 F 9 148 61 200
15 M 16 1 846 93 600
16 F 7 56 46 800
17 F 12 288 61 200
18 F 18 248 104 400
19 F 19 232 97 200
20 F 6 268 82 800
21 F 13 192 97 200
22 F 9 196 100 800
23 F 6 400 68 400
24 - - 484 36 000
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Fig. 1 Three kinds of minority samples
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o FELA5 5 R — e R[] P 3, ot AR B ST T — A
SRR 1D-CNN AR H PR ZE R an el 2 iR, iX
R Fm AL, 54 CNN AR TR, A
AR LR R E KBS K k> — g
ANLBFERTUA . BRZEMEeERZNBm ARG S
2 ) R UMK SN = BRI, 85 B T SRR B R E
Ve M APEA BN B G — 2 1 softmax 732848+, X AR
o HEL A 5 P e A T

CNN 753 H R PR R 2 40 0 0 1 h s, BIIRZ A
T RS, R 2 KENE B, X Fhas
P RS E ) BB AR50 R B 4
TR CNN, EARZ P & KRB, &2 & &
BRI KK/ D T Al 2 ) BB BCR: , B T
PIA RS, 26 2 s 455 7 CNN FIZ L CNN 1
AZGSET ., k3 iR, B/ 12 B2 2 &
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UAHFAE , 1 A 20 B B8 B R AE 500 5 /0 H I 1) P 45
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Fig.2 The architecture of neural network
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Table 2 Parameters comparison
o0 245 JZ 2 &R 1D-CNN 241 1D-CNN
ConV1 192 48
BN 128 32
ConV2 3 864 656
BN 96 64
ConV3 1168 1176
BN 64 96
ConV4 392 2 336
BN 32 128
FC1 4 340 17 300
Dropout 0 0
FC2 42 42
Total 10 318 21 878
x3 HHANKSH
Table 3 Detailed network parameters
L SRS . Dr =T
24 7 G opont - B
NS e AL
A2 1 024x1 - - -
ConV1 32,1%x5,3 - ReLU
HRRY1
kA —1k - - -
ConV2 24,1x5,,3 - ReLU
B 2
HH—1k - - -
ConV3 16,1x3,2 - ReLU
B3
e)a—1k - - -
ConV4 8,1x3,2 - ReLU
HR 4
HH—1k - - -
FC EERR)Z 1 20 - -
Dropout Dropout - 0.5 -
FC PIEEE 2 - -
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fit, TR 5 — R E PR LT —Z2 0 8 4, U
TRFFE T A5,

2) fH—fL)Z

e R Fe b, i T2 B A B2 AL, Ak 0
A 23 e HE AR Ak 33 R 38 A ) 265 41 FH 50 /0 1) 27 2] R
IS, TR AR LA RIS BT | X Bl B 23
18 27 o] R FEIRAR G 7 T RE Ty, X R B R FR o A 7
PSR R A7, 3 ] BN 7 R i X — Rl L, A
BN A B2 A A /Nt B S0 AR O TE AR, A B T
HE G2 B R R W) B AL, [ B B (3t BB A i S
FEZRI R FATT A I Zhoid 72 ) B — 2 8 BRUZ il
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FETA R 20 FC1 BT A Moo 1%, FCL B9 i A
MZTCE FC2 YA Bi 28 70 56 42 i 2, Fe 4 i 410 331

45



%3 PRULA S ST ORI A T A FGO IR L A VA 20 207 T 235

3 XIRER

3.1 XWiEE

AWFFE Y K W SL g i R 3 R4 A R T
ARBR NP4 2 A0 B R AE R A2 BOHE AL
BB, B SR AR BT R Z 800 1 b, 2 K 0 80806 AS F)
T 28 2 > B A R AR AT S, DR Sk K2 ik AR 5 43
F AR N BB AR SIS BRI A EI BT KR 4 s R
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BEHL 33 2K A 4L P SMOTE A1 BLSM % ¥k Ab ¥ H o
BLSM 73 51| BE ML B 2R 48 i 40 172 F1 173 Y 2R

NAEE

OE AL BE K 6 Fh 2 40 B (4 K08 20 ) A — 4
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SR AR R (G K B8 1, ALK AR ME 3
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%4, Intel (R) Core (TM) i7-7700 CPU 4t ¥, GeForce
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Fig.3 The flow of experiment
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FXNGERINEREHEAT VAl . FEAS SCrb ) TE 1) 2 7 0 & A
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1) HUBSE (true positive rate, TPR) . Fi R 71 1 1F
il i B A E A A
TP (2)
TP + FN
2) K5 (true negative rate, TNR) : #fiid 1R 51 H A9
Gl 5 BT A G Ee i
TN
TN + FP (3)
3) FHE TN 2 ( positive predictive value, PPV) : ik
U H A4 TE A1) 3 F00 Sk TE A5 R L]
TP (4)
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4) BAPEFIUM >R ( negative predictive value, PPV) . ik
U H Y G451 T Sy £ 45 L]
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TPR =

TNR =

PPV =

NPV =
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i FH 3 Ff BLSM J5 i Ab PRI R 8E I 250 25 28 I 70 B
AR AT A5 2] 1 4 2845 A 4 TR,

B 4 FTLLFE Hfd ] BLSM B b 3 1/3 Il 454
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Fig. 4 The classification results using three methods of BLSM
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Table 4 The classification results of different

imbalance treatment methods %
LY
WRES
TR s PPV NPV
Ak 55.23 95.79 57.69 99.78
BB RAE 81.12 93. 86 67.70 99. 92
SMOTE 84. 41 93.35 69. 21 99. 89
BLSM 85. 66 99. 85 85.32 99. 89
BLSM( 1/2) 90. 81 99.91 89.79 99.93
BLSM(1/3) 92.35 99. 89 90. 68 99.91
4 it @

TERAE S BE LA R 6 44 F8 2 9 40E 36 17 % [ ik
55, E5 MK 1~4 By 1D-CNN 7ESEFEA [ M 25 1L fh i
AIIEBL T PERER I, & fd T RMSProp AR ALARET, 5
11~ 4 VR N 54.87% | 81.96% | 94.45% I
85.96% , V- ¥ #: S ¥E A 95.68% . 93.81% ., 93.42 I
99.76% , F- ¥4 PPV Jy 57.76% . 68.78% . 69.21% Fl
85.67% , F ¥ NPV & 99.68% . 99.92% . 99. 88% FiI

99.9% , 4 F adam F1 sgd 11k 28, %5 L Arik, ¥ H
RMSProp ik f 45 (1) o 2 e fe A

FE8H RMSProp 1 MR AL 1 SE A1 I, 2 e B A
[F]#Y MiniBatchSize FRRSEFTXT 325 . MiniBatchSize 43
W] 32,64,128,256,512] 525 1.2.3 Fl 4 By45 R0
6 fiiR, A LIFE H, MiniBatchSize {H 4 128 B i1
HREE N 54. 82% .82. 05% . 84. 85% I 85. 92% , - 1 4
SN 95.12% 93, 94% 93. 79% F199. 9% ,F-14 PPV Jy
57.68% . 68.32% . 69.62% FI 85.46% , ¥ ¥ NPV K
99.87% . 99.92% . 99.9% il 99.89%, i T H &
MiniBatchSize, %% I It ¥ , MiniBatchSize HJ{HH 128 B,
By i A E

S R) A 4G 00 7 1 76 CHB-MIT i H 35040 4 T 9
RFIWNER 5 iR, —LWF o fE o i g Lk T
TIE, Orosco %5 45 H Sk — il 35 T /)N ke 25 48 A 2 4 4 531
S3HT R SR R 2, B AT B HURE 92. 6% |
FE5EPE 99. 9% ; Chandel %7 412 T —Fp 3L T = J0/h
I35 KNN 3 A5G W0 A VRN 7 7, i 415 3]
U 98. 36% FESEPE 99. 62% ; Chen 2513 2 Hy T —F
H 38R DWT & & Wm0 o I 7 2, i 2445 3 UK
91.71% % 5 ¥ 92.89  PPV92. 80, NPV91. 80% , fH iX
3 WU W T o B AR A A IR T AN B
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Fig.5 The classification results of the experiments 1 to 4 with different optimizers
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Table 5 The results of different methods using the CHB-MIT database
VRS ESIEe At /h R /% RS/ % PPV/% NPV/%
CNN+MIDs! "% 23 - 74. 08 92. 46 - -
Data augmentation*’ 23 - 72.11 95. 89 - -
LRCN( CNN+LSTM) (2! 24 - 84. 00 99. 00
Dyadic WT,LDA 18 152. 80 92. 60 99.90
Triadic WT,KNN 3 18 397.00 98.36 99. 62
Dyadic WT( coif 3) ,SVM[* 18 76.92 91.71 92.89 92. 80 91. 80
KNNC!! - - 88. 00 88. 00 - -
Kernel Machine( SVM) [ - - 85.59 91.32 90. 81 86.38
25% BN g7 23 - 89. 10 94. 80
509% K217 23 - 88.27 93.21
R AL KA +CNN 81.12 93. 86 67.70 99.92
SMOTE+CNN 84.41 93.35 69.21 99. 89
BLSM+CNN 24 991. 00 85. 66 99. 85 85.32 99. 89
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