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Test-taking Psychological State Enhanced Student Performance
Prediction Model

ZHANG Wei, SONG Ling-ling’, ZENG Xin-yao, HU Sen
(Faculty of Artificial Intelligence in Education, Central China Normal University, Wuhan, Hubei 430079, China)

Abstract: Accurately predicting student performance is a prerequisite for intelligent tutoring systems to provide stu-
dents with personalized learning services. As mainstream methods for student performance prediction, both cognitive diag-
nosis and knowledge tracing attribute student performance solely to knowledge states, neglecting students’ test-taking psy-
chological states during the answering process, thereby limiting further improvements in prediction accuracy. To this end,
this paper proposes a test-taking psychological state enhanced student performance prediction model (TSPP), which inte-
grates students’ test-taking psychological states into the knowledge-centered student performance prediction model and
combines the complementary advantages of the interpretability of cognitive diagnosis with dynamic prediction capability of
knowledge tracing. The model models students’ test-taking psychological states by capturing complex high-order relations
between exercises and their answering behaviors. Meanwhile, it models students’ dynamic knowledge states by extracting
rich inter-node relations in heterogeneous knowledge graphs. Finally, we design a progressive fusion gate that employs an
interpretable progressive approach to integrate test-taking psychological states and knowledge states to obtain interpretable
prediction results. Extensive experimental results on three real-world datasets demonstrate that the TSPP model achieves
6.05% and 7.27% improvements in AUC (Area Under the Curve) and ACC (Accuracy), respectively, and a 6.76% reduction
in RMSE (Root Mean Square Error), compared to the average performance of nine baseline models. Additionally, we fur-
ther validate the explainability of TSPP by visually analyzing the test-taking psychological state and knowledge state in
TSPP, and by investigating the advantages of the explainability parameters designed in the model.
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=o(W.X,+U.h,_ ) (11)

=o(W,X,+U,h,_,) (12)

ﬁt: tanh (W,%,+ U, (7 ®h,_,)) (13)
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B=c(W,h,+b,) (15)
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e, M EIRTER O,
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(16)

1+e(
b, gy s A6 tBEZIBE X &, W SARTREE d,, N k,, BOXE
B a, ke, WX A3 . d,, Fla, il Zarbrag ) B S0
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;H\:EP ’atyv SiE etLE(J)EiitAL\I§7kSIZ ’ zqt,mdt,m /fJiiE{ et
m=1

BOXERE . A(0< A <1) 7R N30 BUR A o 1 5 AR SR
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Ol . BIMdioe A SE g 1 o) U SC Y PIrAT JLe, Al
AT REA A IR AU 28 X PR R IR . s, e, BRI
BRI RN R u,(0<u,<1). BPE4A 3 548 5 > A
OB A R AR, AT T B E A I S ) R A SR
XFRAFEI . 5, 7E e, bR LR N g, (0<g,<1). 1E
A R u, Rl g, P RE IR AATE .

P o, Mg, THRF BRI y,:

Y= (1 —u,)5,+gt(1 _51)
B 1 _ 1
s 1+e(7ﬁ‘)’gt_ 1+

2% Qi % AN TR il a5 A R % ) B8
i R RIG < RUTASE G u, g, Hort i,
aPNITER, g, A gHINITER . WL 0, Fl g, h Ak
W2,
4.4.3 BiREH

W4 TSPP Tl s, 7E e, b (22 BRI y, RIS PR 24 45
Her, Z IRV 2 SURAE BRI 2R, U s, 75 BT A VR ~) et
BRI R e R

Loss:—i(rt logy,+ (1-r)log(1 —yt)) (20)

A F3d EAR BRAC, AR SCR T Adam ™ P AL 25 %3
BRI ZHOIEAT R . Adam PRHCSIPR B3 PR 8 A5 AR
K2 I TR 2 A R R I e

(18)

(19)

5 IR

S VAR TSPP A5 7 4 A R BLHUNAT 45 1 0945 5%
PR ARSCHE 34 B B R 4 LT R KR 5L, B 7
[\ 28 DL BRI 52 7] 8 ( Research Question, RQ) :

RQ1: 5 ZFh CDMs Fl KTMs A [t , TSPP 15 2% 4= 3¢
PRTNAT 55 b (kR dn iy 2

RQ2: il AN 30 UK A0 A A R T4 7+ TSPP (1)
TmPERE?

RQ3: TSPP 4t iy it Rl A5 T 1R B AR T+ T
R (%) 0 1 i 2

RQ4 : 00 BIR S TR 24 A R FUNAT: 551 1) E 22
PEACE A X TSPP PEE 2R B4 fal 520 2

RQS5: TSPP A9 Tl 45 S & 75 HAT Al fif ik 2

AR ARG ZUINT < 1 S A S50 T 4 ) £
A AR IR A 80 HE B PFA 8 bk LA S S 56 15
B Ja Xt Bk RQ1~RQS #4755 /AT 5 1HE .
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5.1 HIEE

A SCTE 2 A 2 PRS0 AT 32 4 P 1 3 A S TR B
P AE R AT 525, B ASSIST09” | ASSIST172 L) & Ju-
nyi”. BEPE 3RO MR E T eI S £
W AT SRR AIE i BT e m AR R vk Wi 3 T AT
()27 20 37 5 AV G 2R 80 A B bR R BE kA7 4
T IPAd . ASSIST09 i1 ASSIST17 43 %11 J3 ASSISTments 1F
LA HF TG T 2009—2010 22 4F 1 2017—2018 £ 4K
BB 22 A TR AN A R 5% . Junyi B Junyi Academy #( &
AR AL HR T 2012 4E 10 A £ 2015 4E 1 A ix 1)
By 2E AR UL S . LRSS T X 3 BUE 4R 1Y 2 Atk 4t
HEE.

*1 ME&gt

KR ASSIST09 | ASSIST17 Junyi

2 A 4151 1709 29 865

>R 17751 3162 25 630

UIPYSPER e 123 102 1326
2 H KK 325 637 942 816 14 660 217

E R SRR 6 78.45 551.68 490.88

5.2 XFLbEB 5N IEER

R A T I UE TSPP B AT R, AR SCA AR 24> J5 T
TEPERT LLABTAY ¢ (1) i 28 31 A i S #F 19 CDMs (MIRT
DINA . NeuralCD" . ICD . ACD'*") , & #£ 55 1iF TSPP 4%
AR S A HERG 1 5 (2) & ML AR SE E AY KTMs
(DKT.DKVMN ,SAKT . HiTSKT"*")) , & 7£ % i TSPP 7
AT 7 1 A . X A AL SR A A

MIRT ™ i Ji] 22 4 i 7 i 8 %k 2 A AU S 9k 47
A

DINAY L B A 2 A 78 > J50h (R 75 I N 2k iR 2 8
I T R 1 R R S HEA T2

Neural CD™ ; B TR Jir 2 ) AN FIIZ Wik Y | 38 1o
22 [0 2% A 2 A ) B ] AR e SR HOG &R AR
PR UER ELAT i B 12 W 2

TCD 2§ J 1 28 190 2 S 13 ] P9 4 A P DA J%
> RS S A A R B OC R EA T AR AL, IR 5 LR I R A
SR TR B ] figp b

ACD™ FE NS W AE 42 v il A 2 A 15 BOTR 2
B, BN CDMs A %5 e A A7 SRR 75 %o HL 28 L2 g
B[]

DKT™? 1 YR R 24 2] 51 A RGBT 55

DKVMN . i I 3h 25 BB T A2 W0 25 A7t 5 50 7 2
AR

SAKT™ . F ] [ 7 8 S WU 2 28 BAR k47
o B A

HiTSKT "« 38 53 42 B2 A8 1 0 A8 150 b i) 254

15 BRI B 1

R 4 T VEAL TSPP K 4% X LU ASE 10 7 55 i 48 1 A i
WHERE , A SO AR 2SRRI 2 4 B e B A~ 8 FITAY
Febr . IS A B 4 ROC 2R T 1 AL (Area Un-
der the Curve, AUC) LI M HETf % (ACCuracy, ACC) KT
MR RE . AUC FIT ACC EBR , 87 A5 40 T 4
RE AR LT 5 DI A A B, R 38 5 AR 12 2% (Root Mean
Square Error, RMSE ) f At 11 I & B A1 5 b 28 30 22 [1] 11
ZEAE VA PE A5 S50 P i . RMSE (B #8/]N | 2 7n 5 4 13
DU e LS
5.3 XWiFE

ARSI RS L A PyTorch HEZR T S2H TSPP #E Y
I AE— G B E CPU K Intel 9 13900K (24 #% ) , GPU N
NVIDIA GeForce RTX 4090 (1) iz 55 %5 b #4745 AU 31| 25
S5 . A B 4 R HL I B 80% (1) £ e FH T A AL |
5,42 20% T IA . RS BLRIEERCR AR R S
AT 10K, I BOCH A AR e A S a5 R . ik
IR BE T, TSPP H i 4 BE S 80, 46 d, . d, U S d, 5
Gi—1E B R 128, A A H RS E A 100, Yl %k
HER KN R 32, 22 20 5 R 0.001. 1 a0 FHUR 25 A5
A AT R AE N ELL 3. % Ea s NPT
VB, Z 3B IIHLE P & 01 S B H v & R 3. (A5 E
B, AN EE 2 A0 1 B o S BRI T S
55 (5.4.3 15 )BAEM) .
5.4 XBHERSHW

Sk AT PEAS TSPP (M RE , A SCN LA 54N )7 T g
FESZH (1) %% TSPP 5 9 Fh X Fo AR R E 47 L 43 LA S IE
TSPP A4 7 P BE (RQ1) ; (2) Xt TSPP #4774 i 2 56 A
Y5 IE TSPP = il ARy 3200 BEDR 75 ) 3 22k D S 4R M 1Y
kR AT TR A B (RQ2 FTRQ3) 5 (3)#RFE TSPP
O PEAUE A (RQ4) 5 (4) 3% 58 TSPP 1544
25 (5)%F TSPP #E47 Al fift B 431 (RQS).
5.4.1 3FLEsEEE(RQ1)

$ TSPP 5 9 Fft XiJ L ABE 78 30E 47 b 388, DA D RO
F2 IR T I A RERIAE 3 AR AE B TS . 2
LW, TSPP 7E ASSIST17 F1 Junyi Z0H5 45 L (4 511 48 B
AT ACD , FLAh S B8 3 00T A7 %o LAY | 3 i ik
F RO . DL ASSISTO9 Kt 4 A9l , 76 43 25T
IAl, TSPP S #E T fic = /9 AUC A1 ACC {8 ( Bl 0.809 #1
0.762) , 5 A7 X} LU RY A {ELAR L o3 B4 =5 T 7.729% Fi

D https://sites. google. com/site/assistmentsdata/home/2009-2010-assist-
ment-data/skill-builder-data-2009-2010.

2 https://sites. google. com/view/assistmentsdatamining/data-mining-com-
petition-2017.

@ https://psledatashop.web.cmu.edu/DatasetInfo?datasetld=1198.
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6.57% ; 7€ [ A YERE 7 I, TSPP ik 3] T K % RMSE {4

(EN0.401), 5 Brf o EUARART A Y (EAH LR T 8.24%.

R2 ITMHEELFERATMNUER

o ASSIST09 ASSIST17 Junyi

auct Acct RMSEL AUCT Acct RMSE{ Auct Acct RMSE{
MIRT 0.716 0.707 0.461 0.678 0.668 0.461 0.799 0.751 0.412
DINA 0.712 0.686 0.471 0.654 0.613 0.519 0.707 0.692 0.439
NeuralCD 0.752 0.731 0.430 0.710 0.694 0.453 0.791 0.744 0.417
ICD 0.784 0.746 0.415 0.719 0.696 0.451 0.803 0.802 0.383
ACD — — — 0.785 0.717 0.432 0.827 0.774 0.397
DKT 0.746 0.669 0.439 0.681 0.698 0.454 0.767 0.623 0.422
DKVMN 0.769 0.726 0.426 0.702 0.678 0.454 0.814 0.714 0.391
SAKT 0.778 0.742 0.420 0.673 0.674 0.461 0.819 0.728 0.386
HiTSKT — — — 0.750 0.692 0.443 0.793 0.756 0.406
TSPP 0.809 0.762 0.401 0.751 0.716 0.432 0.823 0.806 0.381

T U PEREMOHLER IR, IR RE th R I AAR IR, " 5 R BB IE T T AT A Bl 4

5 R RE e  2f AR O PR R AR A ACD A L, TSPP
Bk T 1E ASSIST17 5dls 4E | ) AUC AR T ACD b, 78 HoAth
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B 52N, TSPP 3T 0B 2447 3 SC2E ) #e i
a2 A R R R B A AT R A PP S P AR R
PR , SEBLT B ELHNS SR S AT AR 0 B A AR
X — PRl TSPP A48 T ACD 15 2B 205 S 5t v R 31
R A 2 A AT O PR AR AR O 5 T g R SR TR
TEHE TS R Ts T i g FH A

TSPP A% T £ Fl CDMs 1 KTMs fr i B 9 P g
P, aTIH A F LR 2 SR

(1)TSPP [a] B FAR T 2 A o7 a0 BUIR 25 5 Uk
A XA SR T AR S S A BE S R BT TR
DROR A BRI . a0, 27 A A DG a7 5 ) U T B R £ R
MA@ 5] AR LD PR A TSPP BEA 30U
230 0 B K] 2R 2 A S PR S, DT At A R 0
SEIL IR, WA G 2R A PR R A R A

(2) TSPP 2545 TN K02 W ) i B R 1 AVATEE B 1Y
S EAGE T, R T AL G RUALE AT A R R R
AT AT AL 7 1 ) )R PR . (AR A, TSPP M 41

7 J2 A B A A AR R O 3 A LR
) A5 Fb 1 S TRCIR A, R B B S M S 2 A ) 2 ) it
FHEZ R, % FO AR AR 2 e b A e, 0 559 1 A 7R g A A
REJ), INTTBEAS T B AT 1 7E 24 AR R BNAT 55 1 (R P RE .

RS AT R, TSPP 7 27 A4 R B FIAT %5 b
FA A B T 780 500E, 7T RARIZE RQ1.

5.4.2 HRRSEIE (RQ2FIRQ3)

R PEAd TSPP H gl AR 80 BER 2SR 38 2 = ke
A TR T R B 5, AR SCAK Al TSPP (1) 34~ 2
REBLHLE T T AH R A A RARAY . BART 5, TSPP-t 27
FE B 07 300 RO S AR B | (0 T N JUR 28 T 2%
AR, B AR VA RO BEDR ZS X TSPP #4210
TSPP-k 7R B B UK A5 @R B, A 3 F 7 a0 B
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Wi 5 TSPP-p 27 A AL 5 #i o 2Rl A 11 106 Bz k0 BRAR
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I %5 TSPP 5210 .
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PIASH DL gl L
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PRI B VR . TSPP-t 5 TSPP AH LE , 78 2 5 dia4E 1
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®3 HEMIBER

" N _ o ASSIST09 ASSIST17
sl RGO EERAS | AR | @itk CEn A1)
Auct Acct RMSE{ AUCT Acct RMSE{
TSPP-t x N N 0.780 0.758 0.426 0.738 0.709 0.443
TSPP-k N x N 0.781 0.741 0.432 0.736 0.695 0.435
TSPP-p N J x 0.796 0.760 0.407 0.749 0.714 0.436
TSPP N N N 0.809 0.762 0.401 0.751 0.716 0.432
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