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(CHR RS OHR, AL 210023) CEB TR TREIR, DIl 243032)
C o EBE RS RERETF B, JEET 100190)

OB EHREEN RN S OCEATEGE ., LEeWE RN TR A S 2 AR E A, i
WM IR AR A S R T, b T S IRAE G I 2 A FE RIS W O R 2, AR Hh i el b 22
B AL 2T B IRLE A W R AR 2 X K V. F5E R I % Stroop X, 4543 il L H AR £
AT R B P BRI IIRE, Mlase S T ULhTHE, $8HUP1, P2, N2, P3 Al LPP fiFP -4 5C LA (ERP) 4T,
DIBF 2 W 24 (CNN) R R 7 Rl WL ROML g2 2 Bt MR AR R RE B AT i — 2 B2 T . S5 R ] CNN
X 2 AR PRI W ARG 5K 86.5%, Fl-score K 0.911, 35 T HAz 6 Ffvi WA, IR CNN Xtiisi fL (5 532k
TR BE 2 2115 IS WS TR e A R AR 0 2 R I AR A T2 T .
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e E, RN S AR —F R T
Bt ER—REm s, AR RN S 5
i A A 78 T X 1 28 1R B Y £ B8 R JE (Schutz,
Davis, & Schwanenflugel, 2002) . 24/~ E 5 &0 %
TS T PR K 2 o — g, 2 A R
iR (Lotz & Sparfeldt, 2017). 1 8 %k B JE 704 2%
2k Py BB ST 20% (FRZE, X0, JE1oR,
2011), 7E— %4 X 0] AR X — E R 2 e ik
35% (BAEWE, 2002),

i B R B R R R EE
Je, FEMIGEZEE R g, il EE S kAT
— P Z A FEDE IR 26 SN, B 2 28 R 0 ik
AL, Al N BT LA B % 4 25 R A HE 44 (Zeidner
& Matthews, 2005), AU Bk FIHH AR,
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WL - 54 7 125 T RE 2 AR A VYAl A 9 8 12 OXURER
2003), WFA R A EE OO R e E R A H
CRYH A, 2 e B o B A E LR IA,
SN PEAG 25 R o ()15 Stk . FPPAL Y FE ] g

BORA AR AVERE 4, ITEBAE ) B 3“5,
“HERPAE S A R, B VIR PR A S H I
HISAPELE T, ASARHERAT AT RE 275 & HhAH G B S M1
4% (Diegomantecon, 2015), MM 7] GE 23 0 8 8 & 5%
e AN RAE RS IS A1 IR, DTS2 Wil DA 45

N T FRARXLE R, 458 B WEARMLE G 2B
WhANTT /b RS B SRR B LB AR FE Rt B DL %l
PR BB AU B, BRI I B AL TE
— BN LA R, AR EAE AR 1 B BAT 1
B S (Lowe et al., 2008), 4 ¥4 B & 1 X)
B ZH LA FAER, il RIEE IR BA W By
O BRA BEARTEAEAR, H RPN — & i fRRAE AR,
(BRI hw 1= B X L TE i N A W& 9
KV BTV, ARREE U O B A B N, O
HE— 25 I AR RN HIZKF-(Lotz & Sparfeldt, 2017;
Mok & Chan, 2016). X, A i e R fifi
EEE T R P AR R LRSI (R
T A 8 BOKE 25  E R AE  — ( X
BB 5 B, R8I A AT Y AN S8 IR
(Mochcovitch, da Rocha Freire, Garcia, & Nardi,
2014). M, il A B AR AU X 5 1A R
HEATIS W i B A

Jivi HL 4% K (Electroencephalography, EEG) HJ LA
ARSI AT R S R 15 RS | TR M
55 1IN (Edwards, Burt, & Lipp, 2010). i
H i A sl i AR Y B A R, B R A R TE]
SrHERMEUEYE (Luck, Woodman, & Vogel, 2000),
Horp ) #5440 5C HL {3V (event-related potentials, ERPs)
DU DR o) A5 5 26 2R B P A2 S g, T DA S A
PR SRR . 2B 0 E A
R ORIy — R Ui, PR 1 ORE SC R
BB, 5 B AR R A D R IR
A G SRR L B (R B 1), R T gk £
& B, X YR 21T BT 55 7= A2 T4 (Kalanthroff,
Henik, Derakshan, & Usher, 2016; Putwain, Langdale,
Woods, & Nicholson, 2011), B4 FE P A 24 % 14 56
(aUB (R B I, = AR B 7R ERP Y 8 24
43 A 3 A MR A (I s RERAT)

T 4& Stroop U= REAS AR A M S e v % 1l AR UK
AT 2 BEUEME BT AR 55 (van Bockstaele et

al., 2014; Verhaak, Smeenk, van Minnen, & Kraaimaat,
2004), fEG 45 Stroop E55H1, BIRGHILEH—1>
T VAR, TR E AR AR RE (86 AT P4 E ()
Sy, FER W R A B bR R (R3] Y 250 €4, 1T
20 TP (A ), 16 o3 2 25 1k O Jal 1)
(an: HFERHF AR N IE), TS5 R
AR PR SR ERP A AR A HE WA AT
[ ) 1 7545 /5 (Dennis & Chen, 2009; Gu et al.,
2011), H T 5 i A S X 2 A DG U 5 B A7 1
T, PRtk 5] o B, A TR
FBEH, mEIRIES LA B 25 Y ERP
oY b AP W A AR A, AT RER I AR XS L
Wi @seny, 5 eI TR P1, P2,
N2 251 4%) (Kanske & Kotz, 2012; Wabnitz, Martens,
& Neuner, 2016), MAHXTHEHIAS . IAFIRG, 5 HF
IV 25 16 Sh AR OB s (A P3, LPP S5 A 77
Albert, Lopez-Martin, & Carretié, 2010; Raz, Dan,
Arad, & Zysberg, 2013 )[4 I 17 i 1458

K HI ERPs $E AN 2 1 A8 TR LIPS 7] LA 2%
BEAIG ) 0 A BRI . (1) FLSEE: ERPs W AYRRE I
3 SR I 2 AR R B B s Ak SO, AN T
A E#=H, HA M E WM (Righi, Mecacci, &
Viggiano, 2009). (2)i5 5% : ERP {55 &2 3L
WO RMEAE I () B0, A A BAT FE 50 1 I R] X6 H
7 m T, MO XF A4~ 4K (Morel, George, Foucher,
Chammat, & Dubal, 2014; Tillman & Wiens, 2011)/9
1L FIN I ALK . SR ERPs HARWAFTE A &
A JRIBRPE . (1) A 25 St IR TR) AR 22 0] 4 fii P T
(AT BB 22 AR K, AR XEFR 2 B AT AR 1A RURRAE,
A5 A A5 D A PR R AN () A R A 43 2512 T ) RS A
P 2% 31| 52 I (Boshra, Ruiter, Reilly, & Connolly,
2016; EHME, NS, 2017). ) THEME: BTl
HL A8 o URR, PRI AR 25 5 2 RIS 5t T 305 5 5
FNES A ZE RN A9 T4 (Cecotti et al., 2011),
PR B ] ERPs SR 54T 73 2812 Wi Y THERf %2 T
BARIIE

N T8/ ERPs BB R X2 150 £8 FE A2 Wit
IS, 382 i AE E T S TR PR, FRATHE N
TR B EER b7t — 2 R P = T BOR o L7~
R L 2 ) S — Rl Sy i o 2, e
1231 5] (Krizhevsky, Sutskever, & Hinton, 2012), H
SRIE AL P (Kumar et al., 2016), A3 (Yang et
al., 2016)554F: 55 rh U AR GF IO 4 2R o FRATT 2R
H P24 ) 4% (Convolutional neural network, CNN)
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TR B 2 > BRA NT ki P SIS TR B T AT AR AR 1Y
oo TEIEFVE T T, CNN & — P I 3t i 25 o 4%
e A, R T PR S i SR R AR o i
BlE BARAFAE R 22 A T i R PR, {2
FETEARRT R E M, BIFE Sk B2 b AR AR F AR 5 =2 ] A
AR AR KA G, 456 M e g 4y
o T CNN AT DAL A 43 B A AR H A A 22 (] 9 i H
Bdg, kT SRAE Y 5 2Ok eI BCE A R ) RN,
AR B LR |« SR — SN AR A A
FROE A MERfPE B2, P CNN X i e 45 s 2
A =S A M@y, Jiang, & Liu, 2017; Seijdel,
Ramakrishnan, Losch, & Scholte, 2016)., ¢ E{&#/E
JTif, KT AL AT 55, TEAR SR o A
AU AT R 2O B AT AR B A R R AR AR, AR
JE KT B B FFOE A S AR vh A7 A0 3 1T CNN
B X e Y R, RIS R 2k R R AL B
F R AR MR R B A, CNN £ B sh2# 2 FRE, Jf
HAH 43 R IEFEAT 0028 . Ak, [AfE St an e
ST, CNN R —J5A 25 (Al 2540 i Bt 3%
PLHAE G L F ) )7 (Lee, 2015; Fotin, Haldankar,
& Periaswamy, 2016), Jf H B # % E 7 52 HE0E HE X
S E WA H 015 B (Zeiler & Fergus, 2014;
Mahendran & Vedaldi, 2015), [R]H# 45 R 45 1Y 2544
AE NS ORHIE & AT LA S B0 AT 4] — 4> DU A ] 2 2] 4
H ] 1Y) 3 2 W pR 807 3 I (Hornik, 1991). Fir LA
AT A CNN BETE ERPs £din L HUS B 4558 .

PRI, ASC R B H R R IR 512
IR RS, R FH 3 R 22 ) 4% (CNIND X 5 L IR % il A
FEEAENE 4 Stroop W) ERP il FEL {5 5 #4740 2
BRI ST, I — 20 (0 P R i 1) 25 i A
A2, RS RO HER B IR
bir 7 1% o

2 HdER LS it

21 HWiIKABH

A5 38 o V4 S A RS 7 I EE T 82
Sk, WOREER N 18~26 % B A FI TR
i L B4R e (Sarason, 1978)15 43 LL M Wi & % 1Y
LER TG B 2 m H IR AL (TAS 434k 27.85 +
4.78, Nk 57 N, B 25 A, 4Fi%:21.27+1.89
YRR i 4 RE 4 (TAS 73 %% 8.65 £2.76, NKUH
25 N, B 12 A, R 21.35+2.96 %), %5
REZS RO [t g A O L S [ S 35 W 8 M 6k
SEFBAERES, YWhAEBES LR, 82

Jei ARASAH R )R (40 JT) o
2.2 FiXEEER(TAS)

Zil R R EE RO %K Irwin G
Sarason T 1978 4F- 2 1fill 58 A A% (Sarason, 1978), TAS
R 37 8, RSB R MR R A ) B — 1
R e T I SR e I SEB T BU R = DS D O Y
LRI TIRA,, BTSN 0~37, FH40 il
W2k R e R TR BE MRS, TAS 130>20 N % idfE
&, TAS 13538<12 K% X £ 3 (Newman, 1996;
Wang, 2001), wmRMEMFE R 0.61, A5 REL
H 0.64 5 F L5 R R 5 2% 1A I 56 (TAL)
ROAH G 75, TAS B 3R 43 Fl TAT A9 FH.0 (worry) 43
HRIMIE N 0.48; F1 TAI A5 251 (emotionality) /)
HERIAE A 0.60 (CEAHE, 2001),

2.3 5% Stroop 1155

%4 Stroop 4155 1 5 HT A% 1125 l(Thomas,
Johnstone, & Gonsalvez, 2007), R gk ZmE 7 L,
SUH i) ) B0 6 o 7E A AL b 2 (1)iR) A0 R P Rh 4508
23 0R S b iRl X3, <o B0y AN R R TR (ane A
Fel», BEF) . TN AR US40
DL (AN S 0 I VR 52 56 ) AR 40 Jl 32 R R G B W i
A G A S R 45 15 A4S, IR AR R
AR HEATVC T o A2 45 5 A 2% AR DG i 3w 114 1
FE(1(38) = 30.19, p < 0.001)5 & (1(38) = 38.166,
p < 0.001)# & & & T ki, HL W2 7648
R B F 225 (38) = 1.436, p = 0.162), (2)id
AT RS oM. fERRE L, E54
FEWRA (DSR2 . B 6 WAL sitk, A%
W B AR S M), BRI S SRR (IR
SOZEAL, H %k 2343 B0 IR #R A H BT S
EER o, A, AR PRI T RN 2 R
TR 0 S B TE A i A 1 I S I (ST R S AN
PLA); ()54 AF 120 Yk (1AL
BEMLEBE 4 K, 2 YOI, 2 IO 6). Bk
HB LA ML Fe b e B A S TP bR, i
JSUSERTERRRE E 200 ms, ZJ5RAERE LA IR
Zr—E R (7E 800 & 1200 ms Z [A]FfiAL), KBS —
A AR I A AT R o BN IRAELL T
PRGN R A5 ()Rl 58 iU N (F5 T HeEH BRI
(), B3 (b)TE 2000 ms N ARBEF TN . iRk [a] 4
B A R RS — s I E] (FF 1000 & 1200 ms
Z [aIBEHL)

24 ERP{ESX&
5T K ] NeuroScan A A 64 Sl K aF K
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FOCHH A5 BT G A AL (ERPs) FIALER 7 2] 1 %5 MR IR 2 1119

££ EEG 55 RERSRAZLMZLRENE IS H ok,
TRP-HIR HEL 43 530) MR AR B A, 3 AR R 4 1)
TARLET 2.5 em &b, 2k HBHIGZARERTE 5 kQ
IR o EEG {55 M RAE R F BB (DO, 439
K 1000 Hz,
2.5 HUEMALIE

ik FL 5 ) B 2R AR PR Curry 7.0.8 %K% EEG
B E A UM FL R #7257, 4T 0~30 Hz (Y98
W, xR 5 T AR S A TR 1 B
%o ERP W55 838 1 B gl il 43 i 7E B Fp 25 14
) EEG {5513 : BEG {55 LARMI#LAT 200 ms
Z U5 1000 ms (33 1200 ms)#EF 74> Begn, %
FHHIFAHT 200 ms AEHRAE B L X ERP T 347
W IE o 7E BRI HT B ERP B4 |, ABFFEARIERT A
3CHk(Donaldson, Ait Oumeziane, Hélie, & Foti, 2016;
Felmingham, Stewart, Kemp, & Carr, 2016)J1-45 &
IR ZE AR HUE 5 AN EA 5 LW ERP 5 : Pl
(120~170 ms), P2 (210~260 ms), N2 (240~290 ms),
P3 (320~370 ms)fil LPP (450~600 ms), 7£4%:4~ ERP
JRCG3 A R ] B P BB (84 Ay s s o ) B8 1L e 28,
XTI, ROTREA 64 MR E S,
AR AL U R, TR TR R R SR, A SR
A 5 B ERP BUAr MR EHE, B — Sl
64x2x5 = 640 MR . Jy T HfEIX 5 Lo 4
A AT, AT R 5 FiaTE Fe,
FCz, Cz, CPz Ml Pz fiHLM & Y ERP B R T
204 = AR IE, IRE IR ) < 2551 HidfE
SR R, Hh PR ) % A Ty 25 43 B, DT A
Wi 5 Fof sk o3 i U 75 BB A AIX 43 K% AR

D
D, | D, | D, e Dy
YR
D, D; | D, see Dy
D, | D;s | D4 . Dy
D, | D, | D . Dy,

TERRZ AT 55, FRATT— Mo X B k4 7 05
— A IE WAL B, SR T LA TR R A I 8
H X S ) 4 XHE AR /N T 15, FRATT ek 5L
PEBRLL 1S, eI BERE(-1, DA,
2.6 ZIMRXIWIE

S TR R R AIL A A 2] SRR AT R O RO L
B, AR k Prac LUER =, B K REARE
SJHL A R E R k Ay, PRI — 0y R AN B0
o —dLiErT k gk, BRIt k-1 Hh1E
FINGEE, FF —1E IR, RAMIEIRE k
WA G5 2 J5 45 2 AR e 4R 8 A5 1 7 24
L 1) o—Fh LT 2880 19 k (58 7200 k=log (n)
(Jung, 2018), n HHEAR I AR/N, XH log (n) = log
(82) =4.4, KHULFATM] FHUEH k=5, i/ 55
XHIE

3 BRI N 44 (Convolutional neural
network, CNN)

3.1 BRE
G RBURAE BRI Z W A O AR, il e

RRRIA LA BRI O AN TRV R, A 2R AR 3 o K —
ATERE P I B T BRI SEL BRRAERET
K2, BRARN:

c-1

9;(z)= chlk Z,
k=0

ﬁi g” : Rm—lxni—lxci—l N Rmxnixci E/\J_/l\y%ﬁj" m’ni,q
O3RN 1R PG s BRI R L 9
HIEEL . Cya XX K a (HER g HITER,

Z) SRS 12 4 i O R I B A

il S
D THASER

il BUPH
D | | g I

Dy WA Rk

K1 KTy D R IEIGEHESE, D1,D,, D s D 23 iihy k NAE R R/ 746
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112]3]4 1[0 311 PER BRI, AHMER H, a0 SR 50 40 e A i 58

51612 ) P e I B — SR AR Ak, R b Ak S e —

611|217 v T FERYZE S, Xt SR AR AT T 5508 0 i B e e AT 48
i F2x2 5 % SE=N i )45

61198 Rriuiiieien T 1y P 1 D A

K2 ERERAERTH RN
T XEMBFRAHITA 2B, RSS2 5 B
ME o ARREAR /N, ]I oA — Tl 42 B0 B R, RI7E SRR HiR o
W LS 0, (754 B 515 3 A9 BOlR 46 B /DA AR

B R A 20 2o 45 PR (40 € B ) 7 000
(5 R ) A5 0 3l KXo 1 A e 2 UEA T A T A
TS E (858 70 AR R R B X R e X HL A
B R M TE S 4-2+1 =3, EEIEER
W —NICE R Ix142x0+5%0+6x2 = 13 133,
FIATHLA SR 1, IBAK LTSGR ) 47 ¥ 3 — 4%,
BRI A I0 R B 2x1+0x3+6x0+1x2 = 4 15
2, HAbTR LIS, 2 S BUET LIS
P ZA AR W, LA S0 A BE B 24~ KRR
FRAE, SRR RICR T EINGN S, TRl
i B A% 5 1) 7 2N iE AT Il 25 (LeCun & Bengio,
1995).
32 HiE

Tt Ak 2 S B 2 I 46 v i ) — R RAE, Tl
T B AV A I S 1 /N, B AV T 500 o 7 114 4
R, AR A HE— 25 PR I BT A B R AE, T
HD T M4 R 25 . B 32— okt fk

1[2]3]4 fd 22 B R LA
slel1l2 KM TRA AL 6|4
sl1l2l7 L > 119
611/ 9|8

El 3 Rk R
W B RRRE A 4x4 ERE B —4> 22 B8 O LLP
Kb 2 ATk, LR E S B A 2x2 B 0 R A A
K ICZEAE A iy H B rp e 0 oG 2 (B

64x2x5 64x2x16 22x2x16 22%2%32
I ] ] ]
] ] I 4 ]
Ml Cov ) d Co2 )
—> 5g Pooll gpg——
Data

3.3 MM

A G 0 26 B 8 I 25 A DL R 4, AR SC
H A CNN Y5 AE 2 B2 2 64x2x5, i 64
R 64 AR B B AR S, 2 FOFRAT 55 45 1 (R
Jp R A PRI RO [R]  R FLfE EL), 5 A8F& S Fh ERP
B4 (BP P1, P2, N2, P3 Ml LPP 43, B bh Bl
iy ABNEFZ Convl MBI, BRI — B0
B B (M 3 R I ) 7 5000 A AR B 45 7 | 20
KX HARN DT sh, $x5 N AL & 1o R ik
FARTREsR AN, FE N i AN BE R  64%2%5 1Y
LT, F 164> 5x5 BT B RUERE, &
— DG PRZERIAT BRI 3] 16 1> 64x2 HUAE
PGk LR AT A 2 B B 5, TR R R
PR NFHAS K AL AR, 31X 16 AN FE 4 Bt 26 16 Ff
JRECHE AN RV AR AIE, FE TR BE 5 ) rh 3R AT RR O 38 1B
. nTDE BB BUE— R R EREAE, il —e R/
1) 26 B T e 3 0 DX ik 42 U £ ., 3
BB IR ER, B8 m Al
SOk, X R A ONN BB ET UL
W T SECEL, JF BAEEE K& A VRS A 1Y Ik,
RIS BEA B2 BAHAL AR o 8 T 1 2 AN A4 55 1Y
T2, AR, VR 2RI U 0 25 T 46 B gk
$ H (Yu & Koltun, 2015),

BRE MR IE — D RAEEAE, it
2, BE A — /N A B A R L gh, AR
ZINHE I A R R SO (e Kt ) BT 34 B8l (OF- 1
k), DA~ REHE R e 4 3] — AN BN AR
MEFE T — 2 A, X — 2 %A SHHE¥,
T 3 A AT DAV o BERR, AR X R 1Y
8><1|><32

8x1x64 Tx1x64
I I

1
v

| I
onv2 Conv3 M \

=

4 ACBIFSE A B0 2 AR 22 o 45 S Ay ]
T B 2R RERSHOILER 10 B R BB SRR X — 2 A% A BCE A9 4R, o Bp b — 24 I BdE R 4ERE . Conv U3
B BURAE, Pool URMALERAE, relu {URAEGBURNEZ 5 M AR LIRS Tr ik
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FOCHH A5 BT G A AL (ERPs) FIALER 7 2] 1 %5 MR IR 2 1121

HUSFEEE . FE3X HL Pooll 2wl Ak fE, 8
b —A~ 4x 1 BYHERETE b — BB 2 04 A R v LD
Kl 33, ik th A R AR S 22x2x16 [ K/ 22
= [65/4]+1, [1Z2/~ 10 T B

T UCMLAL 2 5 FRATTER 23 % it A SCHE I A
AELMEBT, X — T BB A R U ST a2
P e, BB AEL R R EUE relu BREL, HD:

relu(x)=max(0,X)
TEAR 22 9250 Hh B0k 1 3 2 — > R 5 A R0 bR
B, I HEAEY R, XL MRS R AL
ey L T I WD BT BliR § =o€/ o N s A
A TARR SRR ERE ST, (R A B 1A EE T
4% B4 ] (Nair & Hinton, 2010).

TE 5 1 B L2 P RATAR S i T B BURT AL 1Y
AR, AR B 1) R R BN, 3 AR
Ok Z, H2E )15 3 I RRERBOR B 2, X2
G2 N 28 B RRIE SR U 1 A

TR GE ) CNN FEBIEULIZ A 225 50000 56 14
J& B —A T i, FENAJLZE i M 4, st 2
FC 2, fiJi—JZ2FH softmax /r2&ds it A i o 1
O SR 4R A N AR A o) R BUE
A, BUHT g eEER, melERERE, Jf
HAMASEE3t b s B Pool3, AT LK K HE Ak Al 1y
ZAETE(Lin, Chen, & Yan, 2013), NIk B AR
FHE A X Fh R4

JETEL T FC )22 5 REAS 21—~ Tl it 28 5]
RO Ay 2% AR el AR % AR I, R O &5
550 J0 0 SE bR 2O HEAT FL BRI ISR P A 2 ) iR
%, AR Adam KRBT HH— RS
BON TG D352 22, T 49 TE 8 RN W BT, AKSC
I A FH 19 5 R 28 ) 2% 7E 28 S5 IR R 1Y IE

FIRENT 86.6% A S FH A 25 I 28 i AU HE
L JE TensorFlow, 7E python 47 T 528K, Jffli H
T GPU i, & -RACEZ 2 5k Quadro P500,

R TE T UL R — 2 45, FRATRG R
o I ERA A, XBERATES T —1 7 204G
TR M2 (R 1), 8 S TRERAE SR 4 BURA1E, 8
b AR FE 4 B8 1 o ERR, SR JE SR T b A4
A JaRf i, X — 454 n] IS e AL Y2 f g

4 HAbpLges: > 05k

ASCGAHH T HABMLER 2= > 53071k B
[7] )9 (Logistic Regression), K #T 2B (KNN), 37 F[n]
HL(SVM), BEALER AR (Random Forest), A T ## £ %
2% (ANN), 1 FF 22 B 2% (RNN), I or 284551 5
GRRAMEHAT IV (R 2), Hrh @ H 2 1E
1E B P IERE A R B — AN Mk 43 S Bk R 43 P 2
FEAS A, KT 4RI o 5 AR 5l 2 4E
HREA B “BE B R BT A BRI 43, HR I R4
BT AR “BE B A IR Y K A, K AN SR IE ()
RREAT Z2, WUDHT AR A3 1 5000 Sy 1 (B7) AR AR,
X IRATE RGBS, S p AL o TR
Kih F a3 BN AS SO B R0] 438 - T, x4t
FEA REOPR N SRR 5 FEALAR MO Z R SRR 1Y
ARG, AL AT R AR, BEALIEEUREAS | RRIERAY
1 Z RO, MRS AR Y 43 2R 45 AR AR S S ]
DLE RS B 0 R 45 5 ANN 2 i 330 1 48 ) 4%,
Z 2 P28 N 25 0ok 2 RRIE I M S AR LR
P RBP4 BB K ST BE JJ; RNN J&
ANN [ —Fife), MR — 2 g ooz mn]
DVE A, NG 715 8 0y msh vk, 70
TEHRTEF ALY rh

x1 ERMEMEERHE

=7 JEA LRGN 2045 BN K wEhE Ok
1 EETA 16 5%1 [1, 1] /
2 AL / / [3.1] [4,1]
3 B 32 3x1 [1, 1] /
4 KAk / / [4,2] (3, 2]
5 B 64 3x1 [1, 1] /
6 Sy Ak / / [L,1] (2, 1]
7 LR 2 / / /

TE A =S BURAER T AR BRI, KRR AR M 0 N IR 4, (R EAR R INR, S LB E Z AT T relu #Ri
B B FE M AT B ICR BN, BJE i b — e B B AR T 2
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%2 Stroop Y ERP 255 WLIE 5, Ty 220 Bk SR
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P[] (Logistic Regression) 80.3% 83.6% 91.4%  0.868
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T EL(SVM) 79.0% 78.6% 96.4%  0.865
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AR 25 R 2% (RNN) 79.2% 77.0% 100%  0.870
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ERP i 73 7T LAAG 50 B e v 2% 1 48 0 2 0 2 1A L
A4 BEIA I (Chen & Zhou, 2010), )5, HT5
AR A 0 2 A 5 B Y S A5 v B H 8
B RN, ATTHE AT AT 55 R B AT AR AR ME B R 3
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Abstract

Individuals with test anxiety always treat tests/examinations as a potential threat. This cognitive mode
impairs these individuals’ cognition, attention and emotions. A traditional method classifying subjects either as
high or low on test anxiety (i.e., HTA or LTA, respectively) relies on questionnaire data. Questionnaire data may
be unstable due to the subjective nature of participants’ attitudes, implying a reduced classification accuracy. In
search for higher levels of (data) stability and classification accuracy a new classification approach is proposed.
This new approach overcomes subjective data’s negative impact on classification accuracy by relying on
event-related potential (EPR) data (also referred to as ERPs), objective (multivariate, longitudinal) data which
adequately capture participants’ reactions to relevant stimuli (over time). However, as ERP data may still be
somewhat unstable due to individual differences between participants, (machine) learning algorithms are
adopted as their ‘learning’ feature may increase both the stability of ERP data and classification accuracy.

This study recruited 57 HTA participants and 25 LTA participants based on: (a) Test Anxiety Scale (TAS)
scores, and (b) (two) specialists’ psychological diagnostic results on a single participant. Reliance on the
emotional Stroop (ES) paradigm in combination with ERP technology enabled the assessment of participants’
cognitive mode related to test anxiety. In ES, the information on the ERP components P1, P2, N2, P3 and LPP
ERP were selected as input for seven commonly used machine learning algorithms: Convolutional Neural
Network (CNN), Logistic Regression (LR), K Nearest Neighbors (KNN), Support Vector Machine (SVM),
Random Forest (RF), Artificial Neural Network (ANN), and Recurrent Neural Network (RNN). To compare the
classification accuracy of these algorithms (using the complete sample of HTA and LTA subjects) important
indexes (i.e., accuracy and F1-score) were calculated and compared across these algorithms.

The results showed that: (a) the ERPs data collected in ES allow effective differentiation between HTA and
LTA (P1: F(1, 80)=11.68, p<0.001, n* = 0.13; P2: F(1, 80) = 14.10, p< 0.001, 0> = 0.15; N2: F(1, 80) = 28.55,
p<0.001,n* =0.26; P3: F(1, 80) = 22.41, p< 0.001, n* = 0.22; LPP: F(1, 80) = 16.92, p< 0.001, n*> = 0.18); (b)
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classification on the basis of ERP data using machine learning algorithms shows high accuracy and stability, that
is the classification accuracy of all seven algorithms is found to be high as evidenced by an accuracy index of
71.8% or higher (CNN: 86.5%, LR: 80.3%, KNN: 71.8%, SVM: 79.0%, RF: 73.1%, ANN: 82.7%, and RNN:
79.2%) and an Fl-score of 0.814 or higher (CNN: 0.911, LR: 0.868, KNN: 0.817, SVM: 0.865, RF: 0.814, ANN:
0.882, and RNN: 0.870); (c) CNN outperforms the other six common machine learning algorithms showing both
the highest accuracy index and F1-score. Moreover, as over and above this (relative) superiority CNN combines
the (technical) property known as ‘shift invariance’ and robustness to noise, the algorithm may be considered
ideal for effectively classifying test anxious individuals using ERP data.

It is concluded that: (a) as manifested by its ‘discriminatory’ nature and stable classification performance
(as evidenced by all machine learning algorithms’ favorable values for all important indices) reliance on the ES
paradigm enables machine learning leading up to effective diagnosis of test anxiety; and (b) participants’
classification into HTA and LTA by relying on ERP data which are subsequently analyzed by means of the
machine learning algorithm CNN is (most) effective (i.e., as benchmarked against six other commonly used
machine learning algorithms). Consequently, using ES in combination with ERP technology and the CNN
machine learning algorithm can be conceived as an ideal method for diagnosing test anxiety.
Key words machine learning; test anxiety; emotional Stroop; ERPs





