o W & # R F 46 % 12 M
ELECTRONIC MEASUREMENT TECHNOLOGY 2023 4F 6 H

DOI:10. 19651/j. cnki. emt. 2211244

ETEAT I_Jéﬁﬁfﬂi,.,\jﬂ‘)l%l]lﬂ@f.‘ﬂlﬂlﬁ
?FI]’EBEEH B RTTERE

f&%ﬁﬂ—l’z ﬁ}é'ﬁﬁﬁ' 1,2 i)&\z-_? 4&_‘\&%1,2 3" 4&1’2
AT E X FERLEE D LEETERSFRLBREELELLE K& 300130;
20T RKFREFTAD G IS EREEEL LT KF 300130; S.AETFTARERELES$4 X3 30012D

# OE: AP S MARLE (PSD) EAF W LM AEZ —, HBEMER A PR ENMEE, BA7 PSD Mgl =T
IR ARNIGERER RS ER, IR T EAE—SHWEWME. WL R (EEG) S 4T E ¥ I ARETHEHN PSD £
PR MAT I, AW RE 28 & % P 5 TR Z iR % (PSND) I 38 4 i 2 H J5 12 FBE M4k 28 % (PSMD) 19 EEG {3
LRI T R TR LR Y K A A I AZ B 4 (LSTMD 13 AR 2 W 4% (EEGNet) $51F B4 1 3% 3| 3% 19 PSD 2 W
HEZR, RH LSTM RISk 2% 3] EEG {55 7E# 7 LRI R 51 AR ERZ A HLHI % LSTM 8 A v it S8l A5 B 174
EEOREEA G EMA AR, B8 EEGNet #BORE R EEG 5 E BB MEMERRME., @it 10 18X
W F 15 R VR B RS A B L 7 [ 3% F1-Score 1 Kappa R0, 43510 95.90%.95. 75% .96 % .95. 82% 11 91.60% ., H3
Tt B VR B 2 ST AR AH L, AR ST O Bk AR AR R AR 2 RO B M BB, X PSD A0S W7 B A B = RO ME R 1 , b PSD B9 5 A Fis
BIET WS E,
KR A S AR E ; KA IHOAZ 4 B R M4 E R W HLE RS2 Mm%
HESFES: TNILL XEKERIRAD: A ERFEFRSERBD: 520

Research on early screening and classification method of poststroke
depression based on hybrid neural network and attention mechanism
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Abstract; Poststroke depression (PSD) is one of the common complications alter stroke, which seriously allects the
rehabilitation of stroke patients. At present, the diagnosis of PSD is mainly based on the clinical manifestations of
patients with various scales, but this method has certain subjectivity, Electroencephalography (EEG) combined with
deep learning techniques has the potential to provide objective criteria for the diagnosis of PSD. In this study, we
collected EEG signals from 28 subjects without poststroke depression (PSND) and 38 subjects with poststroke mild
depression (PSMD), and proposed an end-to-end PSD diagnostic framework, which combines long short-term memory
(LSTM) based on attention mechanism with convolutional neural network (EEGNet). LSTM model is used to learn
the time-series dependencies of the EEG signal. attention mechanism assigns weights to the time domain information to
improve the utilization of useful information. Finally, EEGNet module is used to extract more representative deep
features in the EEG signal. The results showed that the accuracy, precision, recall, F1-Score and Kappa coefficient
obtained by 10-fold cross-validation were 95.90%, 95.75%, 96%, 95.82% and 91.60%. Compared with the basic
deep learning model for EEG-based PSD classification, our method maintains stable model performance and has high
accuracy for the diagnosis of PSD, which provides a certain reference for the screening and diagnosis of PSD.
Keywords: poststroke depression; .STM; EEGNet;attention mechanism ; hybrid neural network
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AR SE (poststroke mild depression, PSMD) 2 ik 2~ 1 & 5
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FNd ST BB IR AE 1740 25 . Peng VSR H T MM MR
5 Bk # 1) B T L R T SVML A5 B 1 X AR AE AR
B 25 0 I 4 kAR HEAT 40 5. 5@ VAR AE A L
PSD 9 EEG {5 5 B A & 2« A 2t etk , W B A K 2500
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1E EEGNet B IAI 77 E 5 % — A TR EEG Y S FF1E
R4 22 o 2 5 4 . Ma P B Y — R B K S A2 M 4%
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PR U2 (A AR AR 1 B, R B 7E LSTM BRI 5[ A TR
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ZALRR IR PR R . T EEGNet AL R T DURE A&
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HEBELM T BHEREEN. ARFEREDM
EEp O N RAAME LS. TAS5EHES
MTERmEERMT R, LRZIAAFES N 2 438 FIK
R 5 1% BE IR B 2 41 (PSMD) | 28 4l [ 25 = JG 4 AR &
# (poststroke non-depression, PSND),

X} F PSMD F PSND i . 9 AFRAEN T : 1) & ki
YR BUARE ST R 1 & Bl P A . 2D 58 R B 1 IR AR
MEBMEE. DFEPEEBRAARE 12 HUW, HF
o AR SRS KA PESY >15 47,

i 258 HBRARMEU T : 1) 12 W7 0 £ B AE X #
A3 GLAE SR LA RS B BE AR RS MO M. 20 R SR L AR
TR B TP M L A TP R R A 5 3D H R BRIA T
R RIS WRG TS AR A e AR E . T RS
AR B 3208 2 W7 o A R T8 B AR AR

WA ABEEAF B WE 2 Frox, PSMD 1l PSND % 41
BEEER Y AR NSRRI FREERFHRAAS
P23 L (P>>0.05), PSMD 41 #1 PSND £ &) Hamilton 3
SEGI R E R A SRR L (P<0.05),

R2 AEZRARELRER

g Tk Y PR/ (/2O Hamilton {f R/ A
PSND 60.39£7. 31 23/5 4.14£1.99 1.73%1.57
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AT B T, AR WU R A A S K, AR
Bl i B2 0k X R R RS 4 0 iR RS AUE

i MATLAB EEGLAB T H 4 4b 8 Jf 4 EEG %
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JEW L I A 50 Haz [ Uk 08 I 28 4 bR AR T3k, 2 J5 fl
A28 57 5% 43 43 (independent component analysis, ICA) Y
FEEERA  CBRETFIRES, RABIMHES EEG
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FOTHEEAL MBE O ZMEAES. B, RITWEAR
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1 782 A~ mai T4, 198 /4~ Hdi 1 S X 48 FH F v Ay
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FH LR SR #T I %, LR EAMILEER, &4
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loss) s 5k A Adadelta 753 %42 AL 17 4k 90 16 5 2 3R
0. 01, R YISk BN 100, AL BYR BUA 16,
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&3 10 H7r 38 XEiE

BEE  FEILMERREEHE MW Z e . W
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ZWih PSMD & & i, S B B (TP ; & W 2 8 5 4
(FP), SR PSND #2152 PSND &4 i 5 5B
PECTND & W AR B (FND . (# ) LLT 48 45 ok PEAG AR 1Y
SRR : D Accuracy GEBRI M) : IE# - 2K 50E 5 BREA 1
He A 5 2) Precision CRE 1 %) - 1E A% F0UIU ) 1A A B0 7 R4
IEREA S = 1 LB 5 3) Recall CF B8 « IF 4 T3 U %) 1E 4% 4
5T A IEREAS [ L 4] 5 4) F1-Score; precision F recall #H H.
R, BT LA O T P A G S G A 36 B3 O P A SR
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— BB AE bR 8 DR R R AR . — B R R
RN S5 IR 5 SR 5 | — W B bR, X L4
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BEEES TSR

B E

RIE psvD

PSND

PSMD
PSND

1) Accuracy =

2) Precision =

3) Recall =

PEAH A bR

4) Fl-score =

5) Kappa =

True positive( TP)
False positive(FP)

P, —P,
1_

False negative( TN)
True negative(TN)

TP+ TN
TP+ TN+ FP +FN’
TP

TP+ FP’

TP
TP +FN’
2 X Precision X Recall

Precision + Recall
B TP + TN
~ TP+TN+FP+FN’

P,
P,

p,

_ (TP + FP)(TP + FN) + (FN+ TN)(FP + TN)

(TP + TN+ FP + FN)*

&

R

AR ) LSTM-EEGNet-Attention 5 Z filt 45 £
(LSTM.EEGNet,DeepConvNet, ShallowConvNet) DL } /&
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3.1 BEFEAVFIERIT PSMD 2512 319500

R 4 iR, T B AR AL, FE N A B I HLE S  HERR
BIEHMMNEMAERKRIBENRES. MR —EUmE R
BRI R T ER TR R, 5 LSTM M AH L B M
EEIER RIS T 30.81% ;5 EEGNet M 45 AH L, 1B & 5
ARG R LS T 6. 0620, X UL AR B A RIFE % PSMD 4
PO ERRIAINRE ST B G N RS E L2 HZ
WA B IFHE . IRABEAN 4O R ILSIA T HEE L
il B A P 45 ) S S i R s . TR R D LR AR S — AR
R BTBAL T s BN A BOHE AT D I R B IR AN BE X A
BESRURRAE , BRI T - JetERe 4R ™ . MR 4 AT, 5 A
THER IV TR S M4 AR S — X 48 5%t PSD 14y 2834
SRR X VAW £5 G 1 B I HLRI B0IR & R 48 T LA K2
PSD # EEG 155 A FIRHIE AT . 38 55 50 JS A 28

R4 FMEBAVNHRRI SR ERELHIM

S A T %
A4 (Neo) LSTM 0.606 0
Z t

¢ EEGNet 0.853 5
LSTM+ Attention 0.652 4

Net—+ Attention )
EEGNet+ Attention 0.882 0
BE W% LSTM-+EEGNet 0.914 1

BE W&+ Attention LSTM+EEGNet+ Attention 0. 959 6

3.2 BHEARREFEIFEX PSMD E2EIAFFRHA

R T BAERE RS A R S M FE B S A
AR 5 & Rl A A (DeepConvNet, ShallowConvNet ) Fi
LSTM-EEGNet B#I3X 3 F ik HEAT 3 I

IR 4 FoR A CHNI T 4 B B 2 3 Bk 1A
G AR CAETR R S35 )¥ . F1-Score, 7 [0 %l kappa 250 .
LIFRAL PR G 9155 b A, LSTM-EEGNet-Attention F5 %
B VT 3R (G 24 1 L 95. 96 %6, Wik TR T L il 2 Tl IR0 4% B
BRI R IEA M, HAb 4 T8 bR 9 50E CFE 5
Br.95.73%; B % .95. 73% ; F1-Score: 95. 86 % ; kappa %
9L 7300 4 MIREEIELPRE. BRAKWE
L AN P-4 11 i) S, (LSS0 B8 9 RS o B O 1T SR B0 TOXT L
D55 1 3 i KF
8 DeepConvNet ### ShallowConvNet &8 LSTM-EEGNet LSTM-EEGNet-Attention

100

I s,

A Y

2!

e WHE | BEE
K 4 LSTM-EEGNet-Attention 5 HABIEE % 2 7 i b

0

: Z
F1-Score Kappafi

3.3 RiEEK

P ABEGRVESERE M 5 FimR., thE 5 w5, A
R of T 246 A B3R 38 3 1y, B A %6F PSNID (191151 %24
94.12% , % PSMD B iR M=K 97. 35% . MIRIEIERE
T LR PR Y R SRR A 2 B0 5 H YRV R B
AT, PSND 2 51 4 48 50 % g o 5L B R 0 A 4l 4R b
PSND #l PSMD %% it % ¥ & 77 16 22 5 (PSMD: 38 4~ A;
PSND:28 A~ N, %R PSMD 2 1) 5 Bt g /b, o] fig 5
FOMHR A 2 I SRR R RE R

11.38%
S

PSMD 0.7

0.6

0.5

04

PSND 03

103 02

PSMD PSND PSMD PSND PSMD PSND
TRAAR L TRAR A AR RS
(a) LSTMAH K] (b) DeepConvNet A& 7 (c) ShallowConvNetFE %]

11.81%
15

BRI

PSND PSMD PSND

PSMD PSND PSMD
TR LTS T r2E
(d) EEGNetifi % (¢) LSTM-EEGNe (i %! (f) LSTM-EEGNet-Attention#giZ!
F 5 REHERE
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