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EEG Parkinson’s disease identification based on spatiotemporal and
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Abstract; Electroencephalography (EEG) contains rich information about brain function, which is very important for
the detection and diagnosis of different types of neurological diseases. In view of the fact that a single feature cannot
fully express the EEG signal, this paper combines frequency domain features and spatiotemporal information to better
represent the signal, and proposes an attention network based on spatio-temporal and frequency domain features
(STFACN) for automatic detection of Parkinson's disease (PD). From the perspective of frequency domain, the
average power characteristics of Delta, Theta and Alpha [requency bands were obtained [rom the multi-channel EEG
using the [ast Fourier translorm method. In terms ol spatiotemporal [eature extraction, a compact convolutional neural
network based on spatiotemporal features is constructed, and the channel attention mechanism is embedded into the
network, and the adaptive extraction can characterize the effective features of PD. Finally, the model based on
frequency domain features is fused with the compact convolutional neural network model based on spatiotemporal
features, and experiments are carried out on the University of New Mexico (UNM) dataset. The specificity, sensitivity
and accuracy reach 87.97%, 84.39% and 86.89% respectively. Cross-dataset experiments are performed on the
University of Iowa (UID) datasets and the accuracy rate reaches 77. 33%. The experimental results show that compared
with the existing methods, the method proposed in this paper can mine effective features from the original EEG, and
has high accuracy and strong generalization ability in the EEG-based Parkinson’s identification problem.

Keywords: EEG signal;frequency band average power;spatiotemporal features;channel attention

BATHEBHG . 8] 2030 4F ARG B —F . WS TR R
3k () — P iZ B BETG B — AR M R AT R AT
A 4> #5%5 (Parkinson disease, PD) 258 — % UL i # & SEALIR TP IR 7% 1 BR % ( Alzheimer disease, AD) B 4E —

0 3

i

W B H 3t - 2022-07-01
x B4 T H . KR T E KB R AR TEIE (2019-YF09-00120-SN) ¥%

- 121 -



546 W F W

¥ #H K

TP 2IRAT YRR . PD By X 4F i 7E 60 2 L b,
R EWMAABE LT, X HAERSTEFR AT N HBEE
B, PEaRIT MR B R B AT R R AR E LR T
M EZFEE W 65 5 U E AR 1% ~2%, #HiHdE
R, 4Rk PD B FHLET M 1996 51 250 78N %] 2016
AR 610 JT L, BRAEL R 1 000 JTH . FEMA 4 A0 5 10, e H
W EE SRR S S R A A IR R AE . i T BT eIt
BIE, R Z B MER2 N PDERIEFEE" . AW H
B4R, PD HR IR IR A A0, R B i T B 200 4 200 1938
I IR R PD AN O Bk R B B, D AE G R
J DT 5 70 A A P AR R

A2 AR LL2 3R 22 L LRR B L LR MR AR 8 B IR
SRR R B, R (A RBEVRAR | AT | B B T S5 AR
1B SR S BEANE S Wl PD R A T, 2 R W 2R B
— R FVARIE FE AR A0 A IR RS R R R 1SRN O E M TR
RERET . X eefE L ER X PD M By H W A R A
Wi o R, LA — 2612 WA < B BT A - DA A5 ) K
BT AT SRR

FARTE PD (W12 W7 b A 2% i A 28R 34 B, {HL X
S 2 B0 IS B SRy IR 4 Bk B R 9 A 4 1t 58 B TR
TEAR WL E B B 1932 3 53R 8 S IR B, 0 B 12 R AR
KEGEHE ., B BA WH R —EWin &Y, 7T LR
XTI PD R AT A6 T, A AN 58 38 Ao i A 4 s R At ) 4k
RESS W1 A2 T iA 4 AR . H Bl & B ey T B A & 7E PD
WA B A e 2 BT AU IR F LT, B B AR AR R
3 S AT R R A2 ) i) BE AT I PR 2 W, TR Bl S 2k
Ui » R PEAN R B B R R 2R . AR BB A B B
SERFIEE R A Y RE ML Wk se M &0 £ KA f21E,
W A PRI ¥ A B 1 MR AE SRR AR B, 32 0T B 2o AR R A
Xf THRLL L) PD B2, R AT 9RCAE IR B A A2 00 E AR
Ao WSRO —F H 5™ E 0B, X 8 E 040 R
B A R, B T I PR 5 E D B35 PTG IE 4 AR 4 I
5/ e 2 VR P I R B A 20 RX — i R B £
WP, B I3 U0 B — i 2 U2 W7 O 3 B B AR X G & AR
BE BT SR SRR LA T R -2 AN BRI Ga B Be . i
(electroencephalogram, EEG) & —FhAE 1R A F AR, B
7 1o B 8] 43 R A R s, W] DAPR VT Al 1 B i T R 1k A
B X i I A A 2 A B P AR AR R B R A Y Uk
PEN LM R S SR KR B 2 R R B S S S A
1545 ST HE L R DX 8 b 22 50 7= A i R R L
e pl T BRI LA SR

AR, M B AE B 3 T s e I R A
Wyman %6 F T 4% Bk A 0 82 % 05, DAVEAS B A0 I
PREET » MEAE PD A4 3 42 B A %08 55 (mild cognitive
impairment, MCD , SR i 53K 5] 67. 4% fH 2 A FH0 %
WA 25 2 A7 £ TR T FLRE %I E] . Cavanagh %48 T —
o DA v I 12 BT R T < AR A0 ik, i 0 R A3 A i

- 122 -

(principal component analysis, PCA) M & H. {5 5 1 48 Bt —
SO SYERR AL A -LAS  (8] B T 8 SRR i R AILAE O 4 26 AR
ARAF T 8200 WM AR A, (A 43 BT AUBR F S 385 4E AF A1 e [] 4
TiE s B 5 FR A LA 52 B 48 B O AR AE . Chu ZE5 42 T
— R zs EEG WORA B 7 85 T I04 BE  ATT a 5e
B E518 . PD A LLLUAS [R]85 320 3 09 1l e 2 Rl e
Rik SR L FE R G287k 1 51 PD ALIE B B
B, A i L R Z R M5 BT IE 40 . Geraedts
VL HL 8] 5 30 S i A T0000 258 T 4 S i i % 112
EFMEENAEANNBEIEERTTE EWNEH
BB IR S ] AR AR = R (R ik A T B
2 J VR L B O AR BT 9 PD BCE . Wang %R T
— e ] P 4 R 7 3 0 i R £ 5 P A e R e B AR R
T BT R 4 X I 4 FR R UEAT A 2SR AN, 3
R BRANNES A BE 4 E B R e, O PD By 582 R I DR iR
SRR AL T VAR I FRAE 48 A5 o (H R s 32 PSR 2 )
P J7 T B LA, A 5 4 ) P i Fi PR o) ] 4 T 4R E
FETF LR B, A SO T — B R A A SRR 1
T B 7 M 4% (spatio-temporal-frequency attention convolutional
network, STFACN) F T 4 2R 95955 19 5 gh A6, o 7° 58
—HRAETC I A 22 0 T o i P AR 5 AT 40 AR SCIR BBUAR R
A5 B 1 - 349 T 2R S TR HL A 5 B AR RAE . TR] Bl S 8
WEEE B AR BT CNN Ay % 72 B 45 0 22 R 4%
b BRI LS 5 B 2SRRI . I A 7 28 7Y B OK 2R B 4k
(University of New Mexico, UNM) F gE47 5258, /Bt A T
B UEAS SC B L O vk I AL R Rz AR, AE B AR R
(University of Towa, UD ¥ 8 b i 47 B5 50 im 5008 .

1 AXEBEFE

ASSCHR T B 7 B AT a3 R A A 20 B B A B LR B
B BR300 A AR AN A 1 R .
FRIEHREIK

BoEmE BRI A g

EahBom

BI1 AR SCHR H B vk i B AR R

1.1 E{ESHtE

AT RBEMERNE LSRRGS AL AR .
2R SC v LA - B T A B o A A A L uE U Dk
%% FHH8 4 18 58 DU 4

WA BT UNM S84 5 UL B @ E SR —
BLASCAY B 2 UNM A UL B2 S Z il CPz 5
Pz, {R & PRI A K 62 MM,



AR E £ LTS Rmkeg s EEG 4 & % 55 7 5

% 3 3

DB < T DI 0 L AR O T 3 0 D A 0 fi R £ S
Frug PB4, LW AR B E N 0.5~ 12 Hz, [ I JE BR
60 Hz () AR,

PRI 2 % A AL T 8 I 43 B8 b ik S 3 R a3 W
BARAE 5 00 BUH B 1 25 S KR IR Z) 0o d A
JUUHL T Y £ 325 .

BRI . B TR E RN AR LN, R T SRR
RO RESF AT T PIRR B g 0 7 oL R R
f1or& —RAFE SIS MBI . FEIT IRIIZRTET, DR 1R
SR 1 s BYE S, A SOk UNM 348 42 % B fe) o
B\ HE 300 MEZ 50% 1 HXBEATHE . BT UL Sl
ST RUEB A 3z Ak Rtk HE & B 0 Oy U AT
I3l

Bl 2 hARZTAL B PD B2 M55, B 3 A HAk
HZ 50 PD BE KA S K 4 AW Z 50 IER 2
WEMBGFS ., ELWEr RN, E¥ZiXE S PD &
H A I AR S A KB, X IR A EEG 55
U WA <5 AR5 98 ) AT BE

it

S e D
B2 KWLM PDRERBEES

F 3 WABZEH PDEHXMAES

4 BAL I ZJF B IE W 2 AR

X T[] — S FAS IR i [6] BE S A B B3R 25 2 ol LR
R . R TR R A A A 22 S o AR R I 22
St PRI g T 5 R i T R TR R R A R Az AL e

A Sy %ot 15 L B4 AT Z-score AR HEAL AR B, R (D
s

x (k) =25t (O

Ho, 2 RARGBESWHMHE,. s RABT MR HkE,
x (k)" FmIA—L)E M5 S e .
1.2 [aay

A SCHE Y STFACN BLEIRE SR Q& 1 %6 3 5 i
2 1 34 M # {55 Delta, Theta, Alpha “F# B S 19 3 4%
TE (BRI, BB 7 B2 53 BT PD BB 5 T X B4 (7% fig v 2%
5o I H 2 R RIS R RHE R P IR ALE . 5B 2 AR
FE T I 25 AL Y K T G R 2 IO 8%, ) 445, I 25 SRR AE Y
RIS IE B R LR, B R A s A B
B 1 5 RR o 22 o 245 v B2 IO A R 1] 4% 5 1 22 8] 19 AH ELAK
A OC FR I SR A YRR P AT I . 5 AR SO [B] R
HEATALEE R B 28, RPN AL B 1 S A T (A .
1.3 SRS EREX

25 SCAR A AL BR IS 194545 X 0. 5~12 Hz 1955 Bt #E 47
A4 K AL B8 S B LS 5 2 fi# 8 Delta, Theta, Alpha
EARBRAES, 4 FH  RTE E BOAE N R R R 1 B
TN o HEAE O I b A B AR B A 1 A ] AR B Y
REE, TFR SR (2 FB3) PR,

—izmkn

X&) =FFT[x(n) = Zx(n)e ¥ k=0,1,,N—1

2

E=X(®)« X7 (3
Hep, FFT FRPodi @B 28l 12, N 2REEARR
FEEANE. 200 HFEBFES, X HETEEZRE
BES, ERRESHEEE, X®T XRR XG®) WEE,
FARRERITE B F U B M E R TR, e a K BT a 90
B 0935 Th SR AE B AL — A — 2 ) B 7R A ik rL A AR AR AE

HEAERMA DG .
E
P = N (4)
T = concate{P,,P,,*,P,) (5)

P FR MBI 3R, concate INFEPHEIRIE, P, F
IREE m NREAR, T REPHER R . Bk R iE e
By B 7E RUSBoost . SVM.KNN.RF 432528 N i#E1702%,

®1 PDESTFHHERENHR

g Bt/ He T it A

) 0.5~3 W2 FBE 95 55 0 IR B e IR
] 4~7 T8 3% P AT SRS o AT e
a §~12 AT TR L P AR A

1.4 B4R
2 ST B F TR A AR AE R B R BRI M 4% B T
S A BB AT 4328, B HEZR N & 5 JI 7, Conv fm

- 123 -



546

W F oW

¥ #H K

BRRIZ . At FoR TR Output Rz .
16621

496x1x1
Y

4x2x32 4x8x4

predict

Convl Att

B 5 T I oS A Y 5K 088 Y A AR o 0 I 45 L

Attt Conv3 Conv4 Qutput

Conv2

F &3] EEG [MARAE M bk B dis 4 /0 Wl o A 20 & 2
R, SRS EMEE RS, AT MR EER
CNN 2844, i F Il i A5 5 B 2 A AE I 4R B, IR RIFE SR 1
RS 3 R HEATAS RIRRAE Y SR B, 758 2 )2 AR AT B IR AR AE
BEE U R E A AT R EE R VBB TR
RIS . SEARNR A TS 1s WRBRES W
ARSHHR 62X500,

HEHELIR.EIT 16 RN 62X WEHRE. AT
$& TG HL AR 5 44 ) ) A B 23 [RVRRAIE L $2 25 fE F] ELU 0%
RS B AR e M B 45 R, ELU AW h R (6) %R

i =0
ELU(z) = { _ (6)
e —1, x<TO

W R AR WA 28 3 AT A — (L R VR SRR R A AL 1 2 1K
HRE: . T B AU GRS B A TR sy 2D X 2%
SRR SRR dropout 2 0. 25, Ffa¥shitl TR E, L
A BB R e RS . B AU E R RE, 82 2
BHRTES 1 BEBARE L2 4 A R/ANR 2X32 4k
B, BESH 2X}X4 MR ES RS, 53 2,
T AN KRNR X4 W AR, AR 2 X4
FIm R AL S IR B 4t . 58 2 B 5% 3 By ELU
BTG R 4L 3 — 1L L dropout  BUIE E FEAME 55— 2 —FL
TR 4 B, i X5 = R D R AR O E Ak AR R 2%
A FC, Hy B &1l softmar MEERIWL MR, A
BURE R A8 AT I 1) 26 3] Sy A B 5 435 2

AR A 38 XA (cross entropy) VB it 2 s &0, B E
HEAT A 4 AR AN IEH P AN X 4 JB F 0~1 43 i, 28 SUHi
TR RPN (DR

H(p.@) = — > (p(xlogg(z)+(1—p(x))log(l—

gz D
Horh, p FOREERIE B B BER , g FOR AT SR
R,
1.5 FEAER
AR SO ) S VT D B AN P 6 T il I R IR
e A B CNN w5 38 137 3 3557 A o e I IR, L% 58
T SCHYHRFAE (R I 0 06 250 55 A R AR . R T B4~ 18 L A 4
PEFE AR A R BB IR R M0 & KRR IR 2 70 8 R
CAHABEREENFL. X CAMFERIBAGBEBRAEE S
ERERBAF R AL A O C Al 38 2 B A [R] A AL EE, B
] 7R AN 1) 1 T 2 RS HL A S DG BE AR B B A DG T

- 124 -

HH T R SC i AT LA T R B PRI AR 5 B SC R ) i
BIHEBR R B H .

W
6 38 T R I 4% AR A

AT 4 R YA 3 i A PR IE ML X = (20,
xyyeersx, ] HEATHAE, Hith 2, € R™Y U488 , A4
—AIXIXC WA EIT Ez. B4 B 4% A 38 38 19 i 2 38
I SRBOT-H o I as [ 4E 8 G R E R, ey T
3 T REAE 0 RS 9 4 SR o A 5 BE RS AR I R I Z BT I 45 8L, 1
HAREMRGB) .
m:ﬁz DV, G )

i J

z, IEZEIG 2 METWE m M, x., (07D B AR
EEBEE m 2.5 4758 7 FIMME, H B4 IERB &, W 2
RRAIE B 5 .

ZIEHEAMAEEEEN z | EHTHED . S H5 45
WM EEE < B —N2EHEZE @A ReLU #0% F
oz m BT AR R MR TR RER (O FR

2 = W,(ReLUW ,2)) 9)

Wi W, 35CAE 1L A2 EREME 2 25 %EN
NHE,

TG BT —A sigmoid WECKBEEEZEE Y B0,1]
DX 1) P oK A R A 1) B 5 R R AL PR AR 3fe , 3k 2 X TR R
R E E A B 8 A R Q0O PR

X' =[ri0(z) 2.0z 2,0 (2] (10)

Hoi, X REH MBI , 0 %R sigmoid ¥AE,
BT INEOW R AR EAE A 5 222 P i Ak 2 514,
1.6 45 #

AT R A SRR SR AE B ZEME M &
[ & f85 # (spatio-temporal attention convolutional network,
STACNY B, I i i G M 2R 45 R . Al £L0, 1]
[ A LL 0. 05 Y TE B HEAT 4 R, TR PR A E (. =%
%y STACN 43HL 0. 60, S MU REAE AL BY 23T 0. 40,

2 ZWHERKESH

2.1 HES

RPN KRR SN STREE 27 &, EW X
JRU 27 £ . L 500 Hz B R R Z I H 64 Ptk 542
FA R A T AR A A R B B9 i B, S %5 AR IR B O CPa,
X0 4 AR ECE Y i F R R S B A Y B, A ) A2 i R
AYRIT I B I A R R — KR Z B A Y
12 h JF A L . OE 5 6 R 2E AN 4 25 SR AR AR A PE ) 1
AHVC D, 72 205 R B R O G 1 KR B I AR R

z



A E K T ab e fe i B 4560 EEG 14 & & 5 iR A

% 3 3

R 225,

B REHEELTE 4 AMSHREEMN 14 ZIER
XA, AR 64 MBI RGERE, FS5H
WA R 0. 1~100 Hz, RN 500 Hz, Z2H HRIEE R
Pz, A2 E B REFHF SRSk ERd. 28 £3%
A i 55 H e IR A A i e
2.2 XWigE

AR SCAT S W RE RS B R 36 # Inter (R) Xeon (R) E5-
2686, NTE K /R 11 GB, f#i F§ Nvidia 1080 Ti #F 47 b0,
B4 Ubuntul6. 04 R58, SLRESHGREMT
I3 /N (batch size) % B & 256, Y 2R K LA 50 epoch,
SZH AN Adam, L2 TEMLRECRE N 1, 914653 %
7 0.000 1,43 8] [E — 5 B9 epoch Xt 2% 3] 47 T 7 , B
JrAmAAD,

new lr = initial _lr X yo/ser-si (1D

Hrf, initial _Ir RoRFIIRE M 5, v BT &
B EE T E R 0.5, step _size KR epoch A FRIREL,
WEHN 30,

2.3 FMHIEER

R B8R A SC BT AR B X T I 4 AR A AT 55 1R A
e, AR SO AR S M (specificity) | 7 81 (sensitivity) 1
4% Caccuracy) VE R PF A #6545 . 3 4 TR ¥ 5E FE A B0 PA
(true positive, TP) . &% FH ¥k (false positive, FP) . H. B #
(true negative, TN) & B 14 (false negative, FN) f{E 115
TEPREE A . HP B MR RGNS TR A E A &R W
2, BB M R 2R 8 1R 2 A O IE W MR
2.4 XWHER

2 FORNE 3 AR EB 0 M T B ARIEAE A 4

BFE RUSBoost, SVM, KNN, RF 43 26 8% ' #9 P 68 X I
TH R A AT A X EAE, WA R 2 7] DIAF ), Delta,
Theta, Alpha #i Bt ) F 5T 30 Al LLAE — @ #2 B 1 SRAE B il
55 TR AE  3F BLREEL A iR PD B 5 15 # B K.
AN RB P SYM BB mE KET
T4 46 W R AL, 75. 02 % MR R PR, T4 A M HE T K,
SEUR A5 HEFR A% SR O SRR AR 4 R T L AR A
MBS AAG S FFAEJE M, QAR AL R B T 22
AR . BTk, A SO AR IR S0 4, 3 L SVM 43
RN IR HEAT 40 2

R2 MAINMERTFHIIENFEES TS LB THIME

B RRIE 2R TPR/% TNR/%  Ace/%
RUSBoost  64. 34 64.72 64.53

BE
P SVM 74. 46 75.02 74.74
Ij]ﬁ KNN 70.3 60. 68 65.42
RF 63. 82 66. 25 65. 05

T SEBX PD R BRI R I A SO 2 ) A

HRF ] 32 % ) 5 0 X AR o 42 ) 45 0 AT IR Al AR S R AIE 4R R
FY B 5 ) AT 38 3 ) L] R ROz b %o A AT T T R AT R OE
FER I TR AL AR A B R AT Y e AR BB 8 I 4 2
M 5IN% . T BRIz % a8 vk, 40 50 0 55 8 ke
TERETRY R0 78 7 B4 34 B 2 W 4% 4% B (spatio-temporal
convolutional network, STCN) Fl STACN #4752 8, H 43
EERWFE 3 Fin. TPR MbrRzs PD B #H I RIE &7
TEIRIL LA, E WA T 5 A R R . |
FIWLIAEHFESAME R EEE, TPR A7 HH %
FRAERL AR EE T+ T 12.12%, b STCN #8717 1. 73% , F I
TNR, Acc ¥ m FARBAF T A STCN. ¥ W 5] A8 E
TR MR T PD B MM EE A e .

£ 3 SUHE .STCN.STACN 4 £ % R3f L

- UNM
2k TPR/ % TNR/ % Acc/ %
AT IRAFAE 74. 46 75. 02 74.74
STCN 84. 85 78. 48 82. 94
STACN 86. 58 81.21 84.97

5 S A AR AR 5 STACN &R kA5 Bt 4, TR Eh &
J& B W 45 (STFACND [ 43 25 25 31 5 H A 25 0 47 06 B,
Lhes R 4 iR, AR, BE SRR STFACN
B P AU BB AN STACN BB A A — E R k4R
Tt o Uk BH Rl AR URRAIE 55 6] 25 SRR AT RE B 49 1) SR AE 7 4 2R R
HOEES.

#* 4 STFACN 5SREEZEEERLE

. UNM
R TPR/ % TNR/% Ace/ %
SCHEk[18] 74.1 70. 4 72.2
SCEk[19] 63 55.7 59. 3
k20 70. 4 74.1 72.2
k[ 21] 87.9 82.7 85. 3
CEk[22] 81.7 84.32 83.01
BRI R AR 74. 46 75. 02 74.74
STACN 86. 58 81.21 84. 97
STFACN 87.97 84.39 86. 89

Chaturvedi 45" fif FF 5 §1 8 45 [51 921 75 0F 091k i 5
I 0.2 F1 B I feal/0 MMl 177 A6 22 5 s AT 6 07
VT UNM SO0 46 1% i 0 00 e i 305k 5] 72. 2%,
Yuvaraj 250 BRI HOS XU S AE i T PD 1 {i B % 6 41
Ay, ZSiBe . AATHO 7 I e UNM SUHE 4 13548 59.3%
HIVERG 2R . Vanneste 255200 ) F - i% B2 J2 35 4 [R5 15 465 A0
P 95 5 B AT ST L 3 ) SVML 49 3 88347 40 2K
78 UNM $od g B4 72 2% (M %, Anjum 2 42

« 125 -



5 46 & woF o

=

#OAR

A

H B LEAPD Jrik#E UNM 32824518 85. 3% W fEHa &, fordetection of Parkinson’ s disease [ C]. 2020

Khoshnevis 28 3B 30 N @& A1 6 MG 88 11 R 4E 47 International Conference on Computational

A2 AL, MATRY DY e UNM BUE % F155) 83. 01% Performance Evaluation ( ComPE), IEEE, 2020.

% 761-764.

5 FR A A SO R STFACN R #I7E UNM [4] DASTGHEIB Z A, LITHGOW B, MOUSSAVI Z.
BHRAE b Y U R A SR [ 18-22 ] v 42 Y 1 7 35 4 S 48 T Diagnosis  of  Parkinson ’ s  disease  using
14.19% .27.59% . 14. 19% 1. 59 % F1 3. 88% , #E B E % electrovestibulography [ ] ].  Medical & Biological
KT B2 B R PD i FE R AE 255 L RRAE X 1 s 9% A B Engineering & Computing, 2012, 50(5) . 483-491.
AT, [ B BB S P R K L (6] HIE X Z 0. e 4 2% 5 A O MR 1 D BE 16 5 BF 7 it
2.5 HEkZHEEIE JELT]. A R B 22 e i 2 5, 2022, 22(4) 1 229-236.

Oy T AR SCHE 07 0 OB b A Rt e pmee L6 POEWE W SEPPL K, TANNER € M, et al
W2 R 2 AR 78 UL B8R 2 F AT 0E, 355 Parkinson disease[ J|. Nature reviews Disease primers,
A SCHE 7 i STRACN 22 UT B 45 1 i 955 L Z017,3CD); 12l

[7] SILVA G, ALVES M, CUNHA R, et al. Parkinson
&S STFACN £ Ul ${iE&E LI £E R disease early detection using EEG channels cross-
Ul correlation [ J ]. Int J Appl Eng Res, 2020, 15

ik TPR/ % TNR/ % Ace/ % 197-203.

STFACN 74,52 50,09 7733 [8] VANEGAS M I, GHILARDI M F, KELLY S P,
et al. Machine learning for EEG-based biomarkers in

ST W], AR e UT BCHE 4R VS T 4 Parkinson’ s disease [C]. 2018 IEEE International
S PEBE ST 2R 18 74. 52 % B9 R ACHE L 80. 09 Y4 HOHE Lk | Conference on Bioinformatics and Biomedicine(BIBM) ,
77. 33U IR R . IEEE, 2018. 2661-2665.

[9] PADMANABHAN S, POLINSKI N K, MENALLED

3 & e L B, et al. The Michael J. Fox Foundation for

AT —FhEL T2 RS E B 2 1 R4 Parkinson’ s research strategy to advance therapeutic
T4 TR PTG SR . Fofi]% BL Delta. Theta, Alpha development of PINK1 and Parkin[ ] ]. Biomolecules,
9 1 - 47 S SR X T 1 4 BT 0 60 AT — R OR 2019, 9(8): 296. ,
U BB Mt S e gy ) NOPVIO M FURLANIS G MILADINOVIG A
Ve FCBTR L 36 HL 1 ACTE T B ) WL %2 UM 2 7 4 9 et al. Early EEG alterations correlate with CTP

v S g £ o o . P hypoperfused volumes and neurological deficit; A wireless
gigﬁiigéﬁiﬁﬁzzgggoﬁigéfég ﬁ ﬁi; EEG study in hyper-acute ischemic stroke[ ] ]. Annals of

541 B0 B 4 2SR SR L 0 R B S 2 Biomedical Engineering, 2021, 49(9): 2150-2158.

C11] e, (B, BB R M, 2. T I 25 B 36 B 5 31
sy, sk ks 00 USRS EITSEEEnEn
pits EJJ 15 XE He o 1R Bl ; B .
fl 13 SR W BB RO HE R S, R S0 A0 T FE R T e sose. .
5 05 8 BT St HE 0 L A 5 [12] 9&%£t%%ﬁv%%ﬂfﬁ. %\ﬂ:%’%fﬂ‘ﬁ%lﬁl%ﬁﬂw G i
o N W2k %I, BT AR 2022451 17,

AT IR UCH (7 BAZ 3 < [13] WYMAN-CHICK K A, MARTIN P K, BARRETT

& Uik M J, et al. Diagnostic accuracy and confidence in the

[1] AARSLAND D, BATZU L, HALLIDAY G M, et al. clinical detection of cognitive impairment in early-stage
Parkinson disease-associated cognitive impairment[]J]. Parkinson disease[ ] ]. Journal of Geriatric Psychiatry
Nature Reviews Disease Primers, 2021, 7(1).: 1-21. and Neurology, 2017, 30(3). 178-183.

[2] PARASHOS S A, BLOEM B R, BROWNER N M, [14] CAVANAGH J F, KUMAR P, MUELLER A A,
et al.  What predicts falls in Parkinson disease?: et al. Diminished EEG habituation to novel events
Observations from the Parkinson's Foundation registr[ ] . effectively classifies Parkinson’s patients[ ] ]. Clinical
Neurology: Clinical Practice, 2018, 8(3): 214-222, Neurophysiology, 2018, 129(2): 409-418.

[3] HALOI R, HAZARIKA J, CHANDA D. Selection of [15] CHU C, WANG X, CAI L, et al. Spatiotemporal

appropriate  statistical features of EEG signals

< 126 -

EEGmicrostate analysis in drug-free patients with



AARE A TN E RS AR EEG & & & %25 55 3
Parkinson's disease[J]. Neurolmage: Clinical, 2020, 1-13.
25: 102132, [21] ANJUM M F, DASGUPTA S, MUDUMBAI R,
[16] GERAEDTS V J, KOCH M, CONTARINO M F, et al. Linear predictive coding distinguishes spectral

(17]

(18]

(19]

[20]

et al. Machine learning for automated EEG-based
biomarkers of cognitive impairment during Deep Brain
Stimulation screening in patients with Parkinson’
sDisease[ J |. Clinical Neurophysiology, 2021, 132(5):
1041-1048.

WANG S, WANG G, PEI G. An EEG-based
approach for Parkinson’ s disease diagnosis using
network [ CJ. 2022 7th
on Intelligent
Processing(ICSP) , IEEE, 2022. 1641-1645.
CHATURVEDI M, HATZ F. GSCHWANDTNER U,
et al. Quantitative EEG(QEEG) measures differentiate

capsule International

Conference Computing and Signal

Parkinson's disease(PD) patients from healthy controls
(HCO)[J]. Frontiers in Aging Neuroscience, 2017, 9
1-7.

YUVARAJ R, ACHARYA U R, HAGIWARA Y. A
novel Parkinson’s disease diagnosis index using higher-
order spectra features in EEG signals [J]. Neural
Computing and Applications, 2018, 30(4): 1225-1235.
VANNESTE S, SONG J J, DE RIDDER D.
Thalamocortical dysrhythmia detected by machine

learning| J |. Nature Communications, 2018, 9 (1):

EEG features of Parkinson's disease[J]. Parkinsonism
&. Related Disorders, 2020, 79. 79-85.
KHOSHNEVIS S A, SANKAR R. Classification of

thestages of Parkinson’s disease using novel higher-

[22]

order statistical features of EEG signals|[]]. Neural
Computing and Applications, 2021, 33(13): 7615-7627.
EEE N
MR, WA, FEWE MR ES AR
.
E-mail;1033407692@ qq. com
AN CEEEE 8B, LA S, BB TR
B AL 38 AR B GBI B RGE 5 R TR
E-mail: nic5602@scu. edu. cn
RBEES, AL BN, 3= ZEH 5% 07 191 O pi 2 A2 B, A A
W58 5 5 » I 1L
E-mail:1156133699(@qq. com
DB L 2 A ST, B ) o B R AL 2R AR
oI5 BRI R RS e R
E-mail: qing_1b@scu. edu. cn
BRHE R, RBBE ST R, 2 E ST 5 I R R AL B AL
k.
E-mail: honggang chen@scu, edlu. cn

- 127 -



