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Research on adolescent schizophrenia EEG recognition based on MSAPNet
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2. Key Laboratory of Industrial Internet and Big Data, China National Light Industry. Beijing Technology and
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Abstract: Aiming at the problem that it is difficult to fully extract deeper features using single-scale convolution and
traditional RelLU activation function when using deep learning models to identify EEG signals of adolescent
schizophrenia. Put forward a kind of multi-scale convolutional neural network model with adaptive ReLU(MSAPNet)
for adolescent patients with schizophrenia and healthy adolescent brain electrical signal classification. Firstly, a multi-
scale cascade module is used to extract the input 3D feature matrix containing the original EEG spatial information.
Secondly, the features at different levels were fused through the designed feature fusion module. Multi-scale down
sampling module is then used to decrease the dimension of feature maps. Finally, using the classification module to
complete identification and detection of disease. The experimental results show that the MSAPNet of disease
identification accuracy, sensitivity, specificity and accurate rates and F1 score can be achieved respectively 97.21% ,
97.51%, 96.86%, 97.29% and 97.40%, compared with the related research has better detection performance,
proved the effectiveness of the proposed method.
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Fig. 1 Electrode distribution map
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Fig. 2 Electrode mapping method
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T 5 T £ B 14 RS MY 08 7 651 T 4% ¢ 1) L 4% 2% ~J B B i 4 B 8
A RCHT R RE AT X 3. S GE M HLAs 5 S B R L, AR
SCHE ST B 4R 1 MSAPNet HA B 4 i 8 80 v BE L M4 T
4 Fh A& BERL 4% 5 > M S B - B9 XGBoost £ 7 , MSAPNet
PV 8 R M RS L FL A SR A S A R T T
4.00%.2.99%.4.36%.3. 69% .5.17% ., 55K ML 5=
STRET SR L, TR BE 2 ST TR R A 2% ) B T 4 1 R AR
5 2. R B A% 38 B BE 4P (9 7 et fg .

K3 ERENBZEIFEONULIBRER

Table 3 Compared with traditional machine learning method experimental results %
Al HiRIES T LS F1 74 i e
LR 80. 07 83. 87 79.96 81. 85 75.69
LDA 80. 50 85.67 79.58 82.48 74.54
RF 90. 44 94. 67 88. 33 91. 38 85. 54
XGBoost 93.21 94. 52 92.93 93.71 91. 69
MSAPNet 97.21 97.51 97.29 97. 40 96. 86
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NE 7 FH S TR) 35 06 o 50 st I 4 A 00 ) 1k BB AR b, g 25 B
APReLU 1y MSAPNet it 24 1 % MDSM & MDCNN
(MCNN with MDSM, MDCNND , fiff JiI A 5] 38375 bR B3t i 5
ek RNk 4 fron, S8 45 R F W, 24 MDCNN 45 &
APReLU B4 BREIHT W 45 45 7Y 5L A5 S - 14 9 o TR 1 B

T H Al JUR O B ECD , LReLU #iG BR £0 B AT fefd: 00 2K 4
B R EUR L B AT BT 6] ReLU 3803 pRECUER T T
0. 120, M 2% V5 RE 1Y $2 TH HOR IF A B, 2 5 — J5 M.
PReLU 1 ELU i pfi BCAR 5 REA 2801 Bt N 25 P g
ZE T AN Re LU 349 sRERT WA T FE .

R4 FREMERBERILL

Table 4 Results comparing different activation function %
A iRTIES B GRS F1 /-4 TR
MDCNN-+RELU 96. 37 96. 44 96. 78 96. 60 96. 29
MDCNN-+LRELU 96. 49 96. 86 96. 63 96. 74 96. 07
MDCNN-+PRELU 95. 96 96. 36 96. 15 96. 25 95.49
MDCNN-+ELU 96. 35 96. 70 96. 51 96. 60 95.93

MSAPNet(MDCNN-+ APReLLU) 97.21

97.51 97.29 97. 40 96. 86
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FEAE— BT SE A . FR TR Pl 43 2808 20 R 1) 28 4R 4
I B A 5 A7 B AR R b B (W) J TS ol o S0E A9 i
H R AR 22 1B T BB A7 AE 8K 1 25 53, T Bk APReLLU A1
by B4 PR ESCLE Ak B S R A s, R P B9 S — 41 R B AR 2k
PEAF I 1% T T A I 4 0 T IE B 8 2 S5 0 K A R A ke 5
EF—ZH Y, Bk, B PReLU Al ELU # & F
RelLU fig M JL 2 40 22 S0 3 A o U I 015 B BT 3%
REA S FH R4 19 4 JEPERE . 1T APReLU LA 9 45 455 B
BIE 3k A B 45 R, BEAS H 302 S R4 S IR i 3k 2k
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. B SR 3k F , MDCNN fil A APReLU B B A
o A 9 5 RE TR 0 BE
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FH 0 B ARARAIE 11 248 32 1) i » R A TR G AR 0T LE S5
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original CNN, MOCNN) , 1§ 2y [ 2 J7 36 %t Lb 55 36 19 5 vf
BEA FEARBFIT A, B SR T 3 RO [ By B AR R AE 1 4
FER 7558 1 O S AR/ 2 X2 B Rt ik
2 R AF B OE B E 4T BE R FE. 32 4 MOCNN +
MAXPooling; 55 2 R 77 B H 1 X1 K/ANBBERE FEA
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+1X1Conv; % 3 R MM AL KN 2 HEASATH AR
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B B KAk 2 A8 AT I SR AR I AU AE SRy 3 X 38 P 2R AT
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Table 5 Comparison of different feature map dimensionality reduction methods %
FEAY HiRTES R GRS F1 734 i e
MOCNN 96. 61 96. 86 96. 83 96. 84 96. 33
MOCNN-+ MAXPooling 94. 69 95. 10 95. 04 95. 06 94. 21
MOCNN+1 X 1Conv 96. 68 96. 74 97.04 96. 89 96. 60
MOCNN+4 X 4Conv 96. 90 96.93 97.27 97.10 96. 86
MSAPNet(MOCNN-+MDSM) 97.21 97.51 97.29 97. 40 96. 86
x6 EIEMRERILE
Table 6 Comparison results of related studies
% it Wi R e
[12] e K IRE RF 84. 50
[29] Ji ¥, 1 22 R iE A AR 92. 30
[30] BEIR b F KL CNN 90. 00
[14] ORI L IS R A5 VGG16 95. 00
[31] i NIRRT Vision Transformer 91. 00
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