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D56t o LA SR B kAT o TSR LA R I
B A REE W AE b R AR B A MR R N a3
RERAF B0 2 o T) s o P Wl V22 i v,
AN 52 R S e il iy B VR4 A5 ., AR I
6]t 2 3 A9 B 2Ok U (Luce, 1986; van der
Linden, 2009), g 1 HKA5 73 sl O AR 2 ) 1] 5 e
W, van der Linden (2007) 2 H T 4 /2 #i Al
(Hierarchical Model, HM), ‘& & H R A7 1 @i
JriEZ—. HM #) 1Z #w FH TA% G2 00 56 (Klein
Entink, Kuhn, et al., 2009; Lu et al., 2021; Scherer et
al., 2015), JFZWY & FIAMIZ Wl 4 (Liang et al.,
2023; Zhan et al., 2018), A#&illl 4% (Ranger, 2013)L1
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FANFNSEES (Loeys et al., 2011) A4 K 23 A 403k,

16 HM GRTHESE b, VR[] 55 52 0y A2 AU A4
B2, PO BRI OGS 1 H 28R A DG
%% —JZ(van der Linden, 2007), — L8055 & & BUAE
A ) 5 s B [ AE AR G 22 (Bolsinova & Tijmstra,
2016; van der Linden & Glas, 2010), 432 @40 1
55 )2 SR R O SR figp B A 22 s ] 2 I 22 (]
AYFROCHE, (R AN GE ok 4000 B A ¢ H B g AR
SRR RN A ER A AR G . IR, AR SRR HM TGk
A S8 b A A 27 B[] AR 2 I =2 ] g A SR 5 Ay
T M S WA I R s 2 TR AROR DG &R, T
AMUAGE 13 ZHCZ [ A SR 3R A, — e 5y &
AR ] 5 S 7 i A G R il A B 43 JR AR v
DLtk — 254 A AN . FEAEZZR i A] 5 S Y 5k 22 AH 56
I+, Ranger I Ortner (2012)i# 3351 H /K24t —
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R R ZE A0 G, (B IR % fE K P 4K
iPE; Meng %5(2015) 0 3% T 50 H S50 15

fR AR ZE AR, (AT I H 24008 R o AE 4L,

S BAE AR 24 18] R S N 22 8] 1 5% 25 A O PE B
RIS o 3o, —SebiF 5T F 6 5k 25 1 [ 9 AR
2 NI S Bolsinova, De Boeck fil Tijmstra
QOI7)TE R BRI G| AT 5% 22 6], I se vk H
5% 22 A0 S HEAEAT 5 EORTE], (EIF R % Bk
25, N T 7R#MNX—A 2, Bolsinova, Tijmstra Al
Molenaar (2017)if—24" Ji¢ 2951 /KF, Bolsinova
F1 Molenaar (2018) )75 & 1 5% 2 B[] % 4 2% S b
MIAELRPERZ IR . BRI, KBk 22 sf [H) B 32 n BIE 2
S A A v 2 S Bpl i e BT A T AR 2 E
A UIRZGEIE T 1, &7 7 H RO RS A
e, Hik, —Eurss & Sk @4 M (Guo et al,
2020) FAFL MRS (F8/NEE, B K, 2019), LAER
FE 5% 25 B () X VE 228 O s e, AH R 25 R 1K
25, M BRI DIE t, AR ER G T
— RGN BYBIARL, SRR A [F] 5 T Y B g, A
RUR AR O B 2, Al 7 It T IR, X
AF|F HM BN .

TESF BTN 55 550 5 A 4R ¢ Rk, Jei FH Ry B
B0 PR VS5 AL $5 AU -5 7 (bifactor model) FllT
ZH BT (testlet model)o KUK 15 78038 1o — i a4 )y
[A ¥ (general factor)fift B i A 1t H (14 H 6] 48 5, [A]
A5l FH Jy i PR 7 B804 42 PR 7 (specific factor)fifE 4
SRR H R IL AR (B FHE 4, 2018), HLANTE
it SCHREHE R g6 vy, AN (R 2 B2 A 000 H AR 28 B[] 43
SN A ) R B R | 2 (R B A B A L R
3 A A, [ A A0 9 P 4 24 B T e T
B — BB BT (F/NAE AR, 2022), FEABIA A
Alrb, Z2 A>3 B S AR [] 8 0 4% B0 A8 Bt 4
(testlet), 1t Asf 0 3 Xo X B0 10T H A9 48 2 M A T X 1%
WA REAR R ER AR (s 4%, 2013), BN, 7EimE
) 2 g v, e T ] — R R A 22 E AR B — >
LR L GRS 42 25, 2011), RTFWA TR
LAY O FR, AR A o R R -5 4 )R
PRI~ 1A iy 22 L ok sz IR 2 500 1) R /DN, T R 2 A
T2 XU PR AR AR ) — AR, RN 5 B SRy A
EFE 45, 2017), PR XUPR R0 B BT — fe
TELEE S ZE Mg b, ASAUAT LIRS 97 D 46 25
H ERVEZER], 6] ORI AIEZ SO . M
XA AR A8 A, DN S 0t A 2 ek ] 5 s g
CIRD/R %5 R 7 N i 13 P R = X N TS s

A28 IS T 00 S A AR o, T U 4 g A 2
VAU 5 AW A K S i i B A v X =2
g ok A ok 2 52 B )5S E R R 4R A
(Bolsinova, Tijmstra, & Molenaar, 2017; Davison
etal., 2012), HJ— i fefr ok 45 R 1, ol B
5 e RAUETHE J1(Chen et al., 2018), Kk, XkE
P4 350 235 ) <1 A 5 IR A B R i, A Akl
0 A 28 I ) 5 B AR A1 G 2R B BR B o A B A T 4
E R W

gih BRI T LUK, B % IEVEZE RS
LS OC 2R Y HM A A [) J7 T8 1 B o Ak, i
T DL S A T 7 125 0 B2 BE A SR R LA K S
ERI G R BRI, BEAT T HM BTz 0
FHo SR, FE T XU AU A 4t ) X 43 )2
#i 7 (Bifactor hierarchical model, Bi-HM)MAE%Z b
[i] 5 B 07 M OC 2R S AHE 1 7 ) JEL B Tid L Bi-HM
AT LA PR o 1) v A8 s R A AT o T, A
I Mplus, LISREL Fl Amos %5, 3CKHH A e ik
Bi-HM WY S HE 0 AR SCN S LN .
Se Bl il van der Linden (2007)A9 HM; HIRA-4
Bi-HM 42 it AR5 @ B EASG Bi-HM 2
BAGTHRCR; 2T R S 1R PEA AR AL (1 4
ROR; BIGEAT Ba SR8,

2 BH TR

21 REE

TEA 43 Bi-HM FLAYRT, JE/43 van der Linden
(200742 H ) HM, £ HM 1, 2{— )2 AE&
SRR AT, AR R AR T R S48 logistic
BERY, AT LLRIR A

exp(a;g —d,
P(X; =116)) = oot )

1+exp(a;6 —d;) 1
Horp Xy Ak | R ERIPEE RO, 1 RRAE
TR, 0 FRAEE R a I H B XS,
d; I FMERE A G SHL, 6 RS RE 1 Re

WK | ZEBTE | E R ) 1ogRT, IR
MIERS A, VEZIT AR T DL ZRoR R

logRT; ~N(B; -7, ;") )

o g I H AR R EE S, o) SR RS
A TE) 8 X FE S8, o Al 250 B R

£ HM 158 2 el S5 R A o 550 H
SRR DG, 38 BB AR ) e I 5 TR R T
MR ZICIE Ao A, Tt H e BE A OC S0 S PR 22 T[]
SRS BRI IES S, X G)M=X (@) R,
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~MVUN| pp =[py p.1.%2p = 2 €)
7 Oy, (o=

dj 03 Odp
~ MVN = , X = 4
{ﬂ]} [M [ﬂd ﬂﬂ] I L’dﬂ 0_/2} “

T 56 1 1 280 I 1 55 TB) 2647 20 BT s, HM
AUAGE A B S E R B SR G 3)Fnmi H S5
KARGE 4k AAEZ I ] 5 BN 1 58 R IEA B
(4nlEl 1a FroR) o Bi-HM B0 56 i 4 220 5F 1) 5 s o 40
Sy e i T R R Y PR R BB R, (] s 55
AR 228 5[] 5 S B 2R T i 1 ik i) — e v A
R 4 R B, DA R R 5 M R AU RE T (an
Kl 1b ). PRI, 7R 4800 PH - A L i L i |
# Bi-HM.,

(2) HMZPJZHE
K1 )RR XU 13 JE AR R 7R R 18]

(b) Bi-HMXUH T4 2R

1E Bi-HM (55— 2 BRI, A28 RO R AR
VRZE I IR 5355 ] AR 7R

exp(a; @ + A in —d;
P(Xij:1|(9i): p( il 1]77| J)

(5)
1+exp(a; & + 457 —dj)

logRT,; ~ N(f; —; + 4ot} (6)
Lo oy ST R0 T o e 2 ) A
R 5 R 2 AU R S Ay e T
i 5 B A XI5 L B AR, Ay R
AL EE 5 R X A M i g B A
SR HM A
5 H S5 A RSOy WA A S Wil 7
TR RIS )5 R 2 [ 56 R, ELARSS Sl
PR, MR LB R RFRF LA 765

A —rh ) VRS B S5 VEZ MER IR B, B
12 B A R, FE28H —rp ) Bl v J A R,
SRR Z2 VRS )R B2 B R 2, X ISRl B
55 YRR AT I 06 e R VA A 5 1T Z A RS (] e =
AR D O e AR A TR, AT I 2 e A M
SR e V2 T R BB AR B I ], 30K Rk B 5 M
AT 52 95 5% R A 227 R T 22 A0 HE A R A R IR
PIGEE /NG 45, 2019); AU R0 e EVEE A,
B REAE [A] B PR R s A e R VRS, B — ik
R 5P RILSE A, B REVE 2 i S
BRI
fE Bi-HM (55 )2, WU 5 Emf AU g
1 VR — MW e e, 38w R — MR 5 R
PR BT 2 ) S D5 M N7 19 (Cai et al. |, 2011), {HIZ L
VFR R Z AR AR DG . B, #iilae ) 5
FE BT R B —ICIER A (X 3), i H 2
RS VR )5 BE S B IR N — S IE S 0 (5L 4) .
22 SEMHIT5EENR S
X HM 5 Bi-HM BZ%4E1F, KA Mplus
(version 8.1) (Muthén & Muthén, 2019)H it & f A%
KAUSRAt 7T (Maximum Likelihood Robust, MLR), 7E
ARG, HM B RE I HET 0 5 B R T « 07
25 H[E %A 1 (van der Linden, 2007), 1 Bi-HM
e S R 5 UER SRR R B g O 2 BE A 1, T
LR 2 5 HER AT R BT m 23 S RE ) 6 D) R
B T AR SEE %2 A 0 (Cai et al., 2011), 4k, Mplus
SHAGTHICIE S R H S8R A ¢, (HEMR A
P2 H S EEF T HM S5l
S0 (Molenaar et al., 2015), 2 FH 54 E 1Y HM
IR &I H S50 ) ¢ R (Wang et al., 2013), 75
FARIAHIE Mplus U AIFFEE AT DAEK R ETHAERS .

3 B
BB, E TP H BRI, 3
— SRR AR Bi-HM B8O 038 B 9 56 0

H TR AR 8] 5 5N 56 2 XL Gt o J= AR R
HM s K B 52

x1 FEREERMERERXREEE

2 KRYA

FeH— B3t BRI = 2RIy E3En
A 0 <0 >0 >0 <0 >0 <0 >0 <0
A 0 <0 >0 >0 <0 <0 >0 <0 >0
i —_— <0 >0 <0 >0 >0 <0 <0 >0
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31 EMIEER

X FREE SRR MSE (Mean squared error)
FISEY) Bias Y47 1FHY, MSE Fil Bias {88/ & K2
B AT HE SR T, 45 R E

R K R
DD é-ey

r=1 k=1
ME@——jgf—— (7)
R
ZZ@ &)
r=1 k
Bias(¢) =1Lkl Rw (8)

Horp ERN &AM T HE RS, R v S UCOH,
K A e ol ) 56 3 H
32 HBERSSH

TR IE H, MR IE =S IR, 4351
Sl N (500 A1 1000) 5655 H & m (30 1 60)
DA B TG0 M B2 AE G S50 d 5 1 20 B ) 56 B2 240 B
[ AHSE0. 0.4 F10.8). MILA 12 MAFMAA
K, B K EEAL 50K, IF4r 0t E 5
SR Bias Fil MSE, LITEAE S B0l mo diEf b

TERE A it B v, SR Ul S8, i
Y {E A wp =(0,0), FFEFET o) =0 =1,
5 2% oo RIEIIE) /045 U (0.2, 0.6)BEHLA A, T
HRAE 3 (3) ZIC IE A A A g i B ) 6, Al o,
fli(van der Linden, 2007); #iiz 8 & 5 M RAL

Tijmstra, & Molenaar, 2017), H.K4E A3 H S %K,
T H MEREA RS d) SARE IS )5 BE S 4B Y2
AR g =(0,4), FEMEED T2 o5 =0p =1,
722 04 AR R, 731BCE D 0, 0.4 Fi 0.8,
PR AR 2 (4) 2B A I H X AR S 80 d S
)55 2 24 B {H(Meng et al., 2015); Ji [ X3
Z 8 ey P EAEA I 1] X 2 E 24 o) IR A
M IEA S N(0,1)1(0,) (Meng et al., 2015); Wi H
KV B 3 RE 5 A AR S8 A A Ay IR IE 25
534 N(0.5,1) (Guo et al., 2020).ficJm, 4 Bi-HM
MIVEZE B A (3 5) 5 VE2& I Tl A (X 6) A= it
AR B A I b B A2 SR X X B[R]
logRT;; o
33 #£R

HMHMﬂHM%%ﬁﬁ%mﬁ%%,ﬁﬁﬁ
R PR RN B 43 BT 7 S B, DL 4 1) S e HG s 3
RS TEAEREE D, 1T EDEXT N HM
Bi-HM /) MSE 1 Bias {H, & — %1% EJE Xt L A [7]
B I g 1 H s A 7R — T IS XL
KL, 1 AL A5 S HM Al Bi-HM X R A3 H 25068k
BB, AARh MSE 8 Bias AY{H, AS[HZEE:
X AN R 9 33T H ARG pg 5 7KF o

B 2 fZE 2 BT HM Al Bi-HM A& H 2
oAbt g R . WIKIRF AT LA 1, Bk H,

R I3 I M HE IE 5 5375 7y ~ N (0,1
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Pap 0 204 =08
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AN

A k .\
. A R N \ g
B R /\\y BN ‘ 7 N /&\ 2 [A 8\ A
w7 s B s g & 4
e :

B ba

HM: MSE ‘ ‘ HM: Bias ‘ ‘Bi-HM: MSE‘ ‘Bi-HM: Bias

B 2 AFEM HM 1 Bi-HM 3 B 250300

Bi-HM &S 8 THE R B, 1 HM RIS 5T
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#£2 HM 5Bi-HM TIHS#IRE

N =500 N=1000
REE =54 R Pop m=30 m= 60 m=30 m= 60

MSE Bias MSE Bias MSE Bias MSE Bias

0 0.108 0.031 0.099 0.029 0.103 0.035 0.083 0.026

HM 0.4 0.123 0.021 0.106 0.041 0.091 0.023 0.085 0.034

0.8 0.101 0.035 0.102 0.026 0.091 0.045 0.096 0.046

a 0 0.028 —0.012 0.024 -0.016 0.013 -0.012 0.011 —-0.013

Bi-HM 0.4 0.028 —-0.015 0.024 —0.004 0.012 —-0.013 0.011 —0.009

0.8 0.026 0 0.025 —-0.015 0.012 —0.004 0.011 0.002
R 0028 0002 0027 0002 002  -0003 001§ 0003

HM 0.4 0.026 0.007 0.025 0.003 0.018 0.008 0.018 —0.003

0.8 0.027 0.009 0.026 0.013 0.019 0 0.018 —0.002

d 0 0.02 —0.003 0.02 0.005 0.01 0 0.009 0.003

Bi-HM 0.4 0.021 0.012 0.019 0.002 0.01 0.009 0.009 —-0.004

0.8 0.02 0.005 0.021 0.013 0.01 0 0.009 0

R 0006 0001 0006 0 0003  -001 0003 0012

HM 0.4 0.007 0.009 0.006 0.002 0.002 —0.002 0.003 0.003

0.8 0.006 —0.001 0.006 0.01 0.003 —-0.001 0.003 0.003

¥ 0 0.006 —0.001 0.006 0 0.003 —0.009 0.003 0.012

Bi-HM 0.4 0.007 0.009 0.006 0.002 0.003 —0.002 0.003 0.003

0.8 0.006 —-0.001 0.006 0.01 0.003 —-0.001 0.003 0.003
e 0094 0189 0089 018 0087 0182 0094 0192

HM 0.4 0.085 0.175 0.088 0.182 0.089 0.182 0.099 0.196

0.8 0.096 0.187 0.092 0.188 0.09 0.185 0.093 0.189

¢ 0 0.001 —0.003 0.001 —0.004 0.001 —0.004 0.001 —0.002

Bi-HM 0.4 0.002 —0.004 0.001 —-0.004 0.001 —-0.002 0.001 —-0.003

0.8 0.002 —0.005 0.001 —0.004 0.001 —0.002 0.001 —0.002
R 002 0003 0019  -0.008 0009  -0.008 001  -0.006

A Bi-HM 0.4 0.021 —0.012 0.02 —0.004 0.01 0.001 0.01 —0.008

0.8 0.019 0.003 0.021 —0.008 0.01 0.007 0.009 —-0.002
R 0006 0001 0005 0007 0003 0005 0002  —0.001

A Bi-HM 0.4 0.006 —0.002 0.005 0.004 0.003 —0.006 0.003 0.005

0.8 0.006 —0.001 0.005 0.003 0.003 —0.003 0.003 —0.005

¥ : HM = van der Linden {432 B8, Bi-HM = MUH T4 JZ A1

SN2 . FEAR R (N = 500 % 1000) |,
Bi-HM il HM (%45 F 13 H 244" MSE {8 7] 7K -
AHALL, Bias I sl # /) o B % #5123 DL 500 34115 1000,
Bi-HM A4 H 280/ MSE (E#F 5 I F FEia 3,
R S B R Y X 43 B S50 a ) MSE {E M 0.028
FEAIRE] 0.011, XEREAHOCS A d 1Y MSE M 0.02 FE{I%
] 0.009, A4 % MSE M 0.021 FE{XE] 0.009, 1EZ AT
[ A AY 1 % 30 H 2800 BRI, B8N iR
MSE {E°4 0.007; B35 H 2441 Bias (HAEHE 0
PITE I NI . HM 450 H 2200 MSE {H L fif
O A BGOSR, (EOR S W ALY a

S MSE M 0.123 B#{IRE] 0.083, MSE {E A SR %
L, AT R 2, VRS EIEI ALY o 2801 MSE
1 Bias {H-ts #F W 54 =5, MSE {H 46 247E 0.096 Fff T,
Bias {A £ 0.19 Fffif, HALW H S50 MSE {1
Bias {RLABFEXI /N, Al iHEcAs . FEAS A3 H A G
pap KF L, HM 145 5T H 280 MSE #l Bias {E{#
FEfaE, Bi-HM 145 51 H 2400 MSE {H LR Fe A2,
H4K Bi-HM 1 Bias (A ik gh, H22R4E% Wb
HM Fl Bi-HM W8S A2 R 3
M 3 Frn. MEIZRH AT LUE 1, 78 A1 R 58551 H
H(m= 30 5 60) |-, Bi-HM Fl HM [a] {45 i S %1
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(1) MSE {H Bl & 1 1t i A8 b B 34230, Bias (H AR S
PR, PR 22 S/ BEAE D55 15 H 4t A 30 34
| 60, Bi-HM 145 41 S5 MSE {8 #5 B b FEAIR,
R AE 1 B340 19 MSE fHM 0.157 FEAKF] 0.086,
T E 55 IR AT 280 n 1) MSE B 0.057 B#AIKH]
0.024; HM #8250 MSE {8 Fifi 25 0 56 751 [ 5414

A BT REAR, BRI S ERE 12400 ) MSE M
0.283 [EALE] 0.194, HEIRE R, AT 258
Ko HIXF Bi-HM 1 HM #2501 MSE {8, #4>
FEAY ) B X S 500 Bias [ U ERAE O BT I 8 - AR,
Bi-HM il HM 45 #5102 401 MSE {E7EA [R5 H
K pyg KF B THEE, FR12 Bi-HM BB

Pas 0 2 04 = 08
N=500, m=30 ‘ ‘ N=1000, m =30 ‘ | N =1000, m = 60 | | N=500, m=60
0.010 F . B 2
0.005 | 2, o a A N\ @
. . . —TEN A s .o
0.000 | : B o 'S Noa |3
-0.005 - R “ N\, T
-0.010 | | A |
016 - ¢ a =
s =
0121 % \ S
'S N e AN |
0.04 W - \,__a ———
0010F o N ]
0.005F . &, - N =
- A A m
0r 8- Y - .
-0.005 T
-0.010 | L]
. —
] A
0351 & %\ 5
020 N\ B & 2
N \ % & \ =
015} 2 A . T
1 1 1 1 }q 1 1 | 1 1 >I< 1
6 T 7 T 6 Tt 7 6 T 7
BIRBH
Bl 3 ANEISH HM 1 Bi-HM #8 S 80 5800
%3 HM 5Bi-HM #iXSHRE 4
N = 500 N = 1000
POk S H LT Pop m=30 m=60 m=30 m= 60
MSE Bias MSE Bias MSE Bias MSE Bias
0 0.252 0.001 0.2 0.001 0.26 0.001 0.194 0.006
HM 0.4 0.283 0.009 0.206 0.002 0.259 0.006 0.194 —0.003
0.8 0.263 0.004 0.202 0.011 0.253 -0.001 0.204 0
0
0 0.148 0.001 0.09 0.002 0.151 0.001 0.086 0.005
Bi-HM 0.4 0.157 0.009 0.087 0.002 0.151 0.006 0.087 —0.004
0.8 0.152 0.004 0.088 0.011 0.151 0 0.084 0
0 0.158 —0.001 0.141 0.001 0.157 —0.011 0.135 0.008
HM 0.4 0.136 0.007 0.135 0.003 0.166 0 0.144 0.004
0.8 0.156 0.004 0.122 0.007 0.122 —0.001 0.114 0.004
' 0 0.035 -0.001 0.02 0.002 0.035 -0.011 0.017 0.008
Bi-HM 0.4 0.038 0.007 0.019 0.003 0.034 0 0.017 0.003
0.8 0.035 0.004 0.019 0.007 0.032 ~0.001 0.017 0.004
0 0.05 0.002 0.028 0.005 0.05 -0.002 0.025 —0.009
1 Bi-HM 0.4 0.057 ~0.007 0.028 -0.001 0.051 0.006 0.024 0.003
0.8 0.051 0.004 0.026 -0.008 0.051 —0.001 0.025 —0.002

¥ : HM = van der Linden {43 ZHAL; Bi-HM = WA F43Z 40,
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B sh e & S, Bias (H ]2 BLEEHLIE sk H,
EB=S =373 .

LA, Bi-HM W4 S5 he 1% i Mplus 2
PG BNV AF I AL T 5 3L, i Z AR 22 SN AT R] 4K
R A HM B9 S B T45 A7 7E A i 22 . ()
W, AT R, 2L py g XS B A 25 2R
[R5 0 1T DL 22 AT

4 SRS

4.1 HiE#k

8 3 E-prime 2.0 #8148 B SCPREHE BN GG ) 7E
BRAE, BAWEESSERES#EAT —1WH,
AR B, 3t 60 NITH, BORBOALE 45 704
W %I B IEAED 427 42 K2F4, JRIG VR
V] 3040 4 3 e A 7 R S 4
42 S

ST i SRR AR B 55 ) A4 S 5
[ ECHE AT IR A A, R ] van der Linden $2 i 1)
g3 J2 BE R (HM) A1 SC AP 42 A 00 1 0 )2 A 28
(Bi-HM)R LG4 . [Flnf, & R A3 H KF
AN K - 23 53 R T 1 28 I ) 45 52 17 F) A A O
Z (Bolsinova, Tijmstra, & Molenaar, 2017; Meng
etal., 2015; Ranger & Ortner, 2012), Kk, T3k
— LR Bi-HM BH R PERE, K35 [ & 1 H 2
By 0 25 0 1 BIRUA 73 2 BB (Fix-Bi-HM)K
PEEE . AR K LL (Loglikelihood)
AIC (Akaike’s information criterion), BIC (Bayesian
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Abstract

In the realms of psychological and educational testing, the computerization of tests is becoming more
prevalent, facilitating the acquisition of process data from test-takers. In the domain of process data, response
time and response represent the two most commonly utilized variables. Responses provide critical insights into
the answers provided by test-takers, while response time, as an essential source of information, is increasingly
garnering attention from researchers. The proposal of hierarchical model (HM) has provided a fundamental
modeling framework for the joint analysis of response time and response, and it is becoming increasingly
popular in current research practices. However, relying solely on the association between item and subject
parameters is insufficient to adequately explain the correlation between response time and response.
Consequently, researchers have proposed various enhanced models to address these limitations, although some
challenges persist.

The bifactor model explains common variance through a general or global factor, while a local or specific
factor explains the common variance of additional partial items. In psychological and educational testing, it is
possible to capture not only the test-takers’ response times on test items but also their responses. From the
perspective of the bifactor model, response times and responses to test items measure different local factors.
Specifically, a test's response time measures the test-taker's speed trait, while the response to the test measures
their ability trait. Test-takers are also influenced by a combination of time and accuracy when responding to the
test, known as general latent traits or global factors, or speed-accuracy trade-off ability. This test structure aligns
well with the bifactor model and provides a new perspective on analyzing the relationship between test-taking
response time and response dependence. Based on this, this study proposes a bifactor hierarchical model (Bi-HM)
to explore the dependency between response time and response.

In the simulation study, it was found that the MPLUS program utilizing MLR (Maximum Likelihood
Robust), could accurately estimate the parameters of the Bi-HM and was not influenced by the level of item
parameter correlation. Conversely, when disregarding the relationship between response time and response in the
HM, notable bias in the parameter estimates occured. In the empirical data analysis, the Bi-HM demonstrated
significantly superior model fit indices compared to the HM. Moreover, the Bi-HM effectively captured the
dependency between response and response time at both the participant and item levels. This dependency is
closely associated with item difficulty and time intensity factors.

Based on the findings mentioned above, it is evident that the Bi-HM, which adopts a bifactor model
perspective, excels in parameter estimation and data fitting, demonstrating excellent scalability.

Keywords response time, response, dependency relationship, hierarchical model, bifactor model



