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% E AR

(PN F R bE, IRHR, 610066 )

B Z BT LA F S NGS5 259N Fisher (5 BT, SRR “dEE40m” Jrikiz )
JEE AL D itk (PDO) | JEHNAL Kullback-Leibler (PKL) | H#£2 (CEM) MEAFE (M) ik, JEEMK. H. maHE Ft
KPR TR, BHUTFER . (1) WHE PR, 2RISR, FilHE SRR, (2) MRS
MR, CEM ikl eAs s, PKL BIEM IR RE A, e ikl R,

S ARG SR T AR R AE R U RS

T HLAE A & W I 5% ( computerized adaptive
testing, CAT ) MR8 AT AE SR UK B 38 N e $5
MESIRE , WORHER = TRRCE ., CAT 15—
FRIE T AT DL R I A5 R A Y, anant H S
FeROR | 24k H b B AR ARSI TS
TR,

XA A58 A {15 0 46 7 45K — > 4 g

( general factor, G ) F1 22 /™4 € i3k K+ 5l FR M JR)
H#R A ( specific domain factor or group factor, S) o &
JE—RRRIRIN Z YRR, 8 T KA O g

( Watkin & Beaujean, 2014 ) . H 340 T ( Furthner,
Rauthmann, & Schse, 2015 ) . A A& W A R AT H

( Wiesner & Schanding, 2013 ) . ZUE sl 5ol 56

(' Cai, Yang & Hansen, 2011; DeMars, 2006 ) DL S A
U 12 W 0 2% I 56; ( psychiatric diagnostic screening
questionnaire, PDSQ ) %5434 ( Gibbons, Rush, &
Immekus, 2009 ) . XEEAFFYF BN FAAF SN
HIBE ST BT RS p IR A5 22 I B9 () 25 R RRAIE
RZIHEHT WH SRR (QnepdE . SR FIAEC
R ) e A e B R YRR

* ABIFAF IR A SRR =S A AT H (31400897 ) W% H),
= ATMEH . BFE . E-mail: maomao_wanli@163.com
DOI:10.16719/j.cnki. 1671-6981.20190128

BT X6} XK 745 7 22 2 CAT (MCAT ) , Weiss
F1 Gibbons (2007 ) 7EHAT AUH 45 14 1Y 5 12 vy
CAT 53 W ZAB B, BB Bl —FhEe ). Ead
ZA~HLE CAT RN 4 Js P RS ERIR 1, 54K
SETI A L, WU F CAT B 56 3 S 24990 1
80%, SLPBRTTE 2 82% M KB [H] . Zheng, Chang
il Chang (2013 ) 7E XA FBUZ i %88 T N 820 5R
ZAEXH I A B NI B R R, T L,
WA 458 MCAT SEBRraf 47, S5O - A Al
CAT fE#, AT ZrN TS .

Seo (2011) H MCAT i H i £8 1 & F1 4 11
J7 ¥ N RS 0 H s RSB AY (Cai et al.,
2011) , 7E MCAT Hr[a]sftiit-4e Jm B FURidf A F
Seo Fll Weiss (2015 ) #E—2LAEARAUA F-4544 . =
TEE AR T 25 B e T D- tifk
DS- flifk, A AL E OLAbPUFRpom H ks ik,

IR R R X GV A i H R

MCAT i H % . 2917435 H 5 4 [H] 5 5
“or A A L, BedR L £ (5 B i (Samejima,
1976 ) . van Rijin, Eggen, Hemker /1 Sanders ( 2002 )
B, 5 HIERH A, Z290F00 H X
W s e JIPHRAA TR ZE T /N, Reillih, CAT 755
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B2 aR R o= RNl & WL v N - ok S =|
% (Ayala, Dodd, & Koch, 1992 ) ., Lin (2012 )
T A TE K-12 RGEFIHE B XU g b it FH 2224
VoI H, I Z a0 AVl H 2 9075350 5 B
WO A HORMESL, BT, ASCUAZHIT5rI0
H x4 .

MCAT Bt I 90 2% 25 4R FE IS, 24kt
U 2% . 3K H H BELAS S B A Kullback-
Leibler {5 & (PKL) . % 2 4% ( continuous entropy
method, CEM ) #ll H {5 & (mutual information, MI )
AN o TR PR - 7R i Al s 4 e PR 5 SRy P
+, JRERH A Z B E ST FEDEIERN I, WU -
BERY “HEFESau” JrikAERE I e 2 4ERE
RE TR s AL T o 2 4R (Cai et
al, 2011) o T2, “HEEHW JrEEENH T
PKL. CEM F1 MI J5 ¥ AR A T35 iR AR SCRA% L
(B, A5 3 2ok 4 T R - A5 90 S W A T Fisher
R R, 12 HIBUSEE s Bk ik i3l

2

2.1 WA FAEH SR

Holzinger Fl Swineford ( 1937 ) ¥E Spearman %
PRI AR 4 4 OB AR A 3 H K1Y
XUR| B LR A WA AR 1 It 4 )y PRl —
SR, 2 g A A R — A R A

XA FAEARL TP RN 955 5842 ] A F- 6, #1 G A
JREBH T 0, ..., 0 Bl 0=[6,,6,,..0;1". TWiH j HF%%
2R FF—A SR - 6,, PRI 53 B ) oy
a; =(a;0,0,....a,,,....0), &3 [ j 45 K ARG,
x; (% =012, K =D R gk i 600 H j 1Y R
b(t=12,...K-DF/Rm HMERE, WA T4
PAERIWE R P AEAR A, 5 e S AR R R T
TR (=12, K-1) PIHER,

1
1+exp[-1.702-a,(0,=b,- D] (| )
R, P(x;20)=1P(x;2K)=0, &, 5 2
[ RIVEE MR A T A AR AN SRR E B 11
7=, W

])U‘t=P('xij=t|0i0’0ig)=I)i;_l)i;(t+l) (2)
2.2 WU FEEY WAL Fisher {7 EUAER:

0 B B Xy =t =01, K-1) i}, 48 7% o5 %k
I(x; =t)=1, &MWL (x; =0 =0, B H5E p 4
HERE, T H j 1) Fisher {5 BN p x p 46561, H: (m,

Pijt :P(‘xij Zt‘eio’eig):

n) JTEE LR
&> In P(x; | 0)

I.. (8)=-E
o (%) =—E1 20,00, (3)

K-1 X =i K-1
HrinP(x, [8)=n]] B =" I(x;=0) WP,
JHH

OlnP(x; |8)  ka 1 0F,
it A A I(x, =t)— —=
00, 2o 105 )P,ﬁ 00, (4)
0 In P(x; | 9) :ZK-l[(—I(xij =1) . P, .aejz 4
00,00, =0 P 06, 00,
I(x;=1) 0P, |
P, 06,00, (5)

AL, RS ARG, AT () Fisher
—‘ﬁ‘l%\g\:ﬁl’g’;j‘j:
o’ InP(x, |0 K-l . .
L@ =-rC D) a0 F BB B (6)
HEEEE], T IE logistic BUM I A
(6) AT

3

% Sea= A1y bpeosbier f+ X=X, Xigger Xt § R, Uiy
AFRBER I H ARG L ORI H Y S A
FIAMPE, o, CSLTES S, hEEE
AR TR E, IF26, =[6,,0, ] F 7R 0 15
HAEZEMae 1A+ MWH i B8 g Rk A
F0F, FER R, S, RZ uy, =0, HIK, AL
P10/ ®) =TT, . TT., P, =116 1(®)
HoRE o owE o o S PR i, RRER & Ak
SO)=1(6,,0,,....05) = [ (6,) f(8)++ f(65). T35b,
NS DR VAT: Py o 1% YA e 2 = N ik 5 7 RS el <6
WHEGZAMAE, T2
P, 10)- 1= 10T, o TT5 P, =100 £001 (7))
AT e T P, =10 =1, @), ]

A =[PX, 197 0=[ 170 TT] 1], Ly, -
£(6,)do,1}de,. (8)
3.1 Nt D- itk )i (DO)

DUt B D- P Ak 5 08 MCAT g SEAS Fi e H
IERUJT %5 ( Segall, 1996 ) , HIi H L F-AEPR R H:
D, :argmaxdet([sk(9"’1)+20’1). (9)

S g @ =1 @, 0, 1 5,4
R C At 5 A4 AV H Y Fisher {7 B
R, o RFRRE ST Se s M 7 25 by 2 FE M I W
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.
3.2 JE 3 hnAY Fisher 17 & D- {4k 77 i (Posterior
weighted Fisher D-optimality, PDO )

o TINBARTHRE AT HANER), PDO J5 ik
P53 A Fisher {5 B PR T4 X R HHLH
R
PDO, =argmaxdetl[, .. I;(®)-PO|X,)d®] (]0)

HAP NG, 5)Fm DL i, o, R Ae
(9 45 3, o, 1 W WU N 3/4k (Wang & Chang,
2011) o ARMEHEFER D IEEN, (10) Xrhm
17 n ITE R T s, (O m 17 n ITTHEELY, 1
Isk (mn) = J‘SeN(ék",é‘k)(zi/ESk 1; (m,n))'P(e | Xe)d 9

lj’

HITPO X, ) oc P(X, ., 10)- £(9), Ml (8) L, A

0, +0; U
(Iij,(m,n)) e

Oy +0; o

L5 onm = i; .[eo—ak {HZ=1[ 0,5

I (0)- £(6,)d0,1}1(6,)d0,. (11)
HULATIL, I “AEE4” A4 PDO RO

K G A (BN, HE, e

T4 OB, 2R T4 R BU T T

W 0y 45 g ARSI FHBUN I8 K 0,0 W (11)

SE B M T

o G Q0 )
L5, () ® Zz {H [Z (Il'j,(m,n)(oqn 20y, )

ijESk q0 g=1 i
Lg, (0,50, )-w(o, )I}-w(o,). (12)
3.3 5 Kullback-Leibler 7772 ( Posterior Expected
Kullback-Leibler Information, PKL )

PKL 4l (13 ) ACRIERES i MIH (Wang &
Chang, 2011 ) , R
PRL, = argri?:}af.[eezv(ék*',a‘k)KL"k (O"119)-PO[X,.)d © (13)

B H KL A B A C13), #kdi (8)xxt(13)
AAbfr, A,

K-l 0+ G Ot
PKL, o ;P(xik =16 j {H j [log(
@0, f0)d6,
3.4 #LE I (Continuous Entropy method, CEM )

CEM Jr iARYE . ¢ ZEntil 2 i 9 H f5he
Je W A3 PO X R 5 I S s R 0 H
HbriER -

CEM,, =argmin S H(PO X, x,)) - P(x, =t X,). (14)

ixeRy

P(x, =t]8"")

P(x, =1]6)) L

e, H(PO X, ,,x,0) = [ PO|X, %, =1)-log[1/ P
O1X,_px, =0 O, Z AL, T H i, i) 4 28 4 5

> (C) - DOWE L, Hrfs
C(t)=[log [ P(X,_,,x, =t]8)- £(8)d O]-[[ P(X,_,,
x, =1]8)- £(8)d 8] (15)
D(t)= [ PX,,,x, =t|8)- £(8)-log(P(X,_,,
x, =t[0)-7(8))d 0 (16)
FE XA FRERUE BT, D(e) 7T LAk SE 53 il
E+F, H, o
E=[ 1., 4.0 10,)40,1- 1(6,)-

log £ (6,)d0, (17)

F=3 UL 25 05 6)40,)1, 15 0
£(0,) log(ZZ (1) £(6,))d6,1- £(6,)d0, (18)

35 HiFHEIIHEP T (mutual information method,
MI)

ik x feP(x, =t|X,), Y1EPO X, ), &
FEGESCH X5 Y MIBE IR S EA bR g
B KL S, B MIERLbRIEN -

MI, =arg maX{ZJ.P(e,xik =t|X,,)log
iy €Ry =0

P(e’xik =t | Xk—l)

Po X, )P(x, =t]X,)

WUH i WEAR BT
L, :(1/f54)§:i;[jfxxk4,x% —1]0)- £(8)
log P(x, =t| 0)d 0+ B, -log(4,_,/ 4,)]

d 9} (19)

(20)

Hrfr, [P(X,p,x, =1]9)- £(8)-log P(x, =1|8)d 0
Al fE o 4 A
[, 7@ TI L, Ly -/ (0,)-(log P(x, =1]0))"* d6,1d6),,

HOAT L, “4EBEgis” 7l s E) ik
FEHE

4

IF5EK 'l MATLAB (R2010a) i T E4%5 CAT
ARA, FEAR . rhoR e SR P ASE R v L DL - $8r D-
YAk . PDO. PKL . CEM I MI J5 i H e FH
4.1 BRI

Y Seo Fll Weiss (2015) HIBFFE, AR SCHHLA:
BAAR AT AU AR B, RSB 7 400
AIH BRI R T 200 N30 H % 55—
RN T, XA (a0, a5,,0)(7 = 1.2,...,200)
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5 J 200 NIEFEREE AR, X e
N (a_/o 0, a_/z)(j = 201:---7400)0 R M Ay JIie A
BOEA oA, Ba;, ~10gN(0,0.2), g, il a, it A
15345, R a;~U(0, ayp) Al a,~U0, agp). Herp,
p=cos(n/3), cos(w/6), 1 43HIXF A, H AT E A T
B, p (HBR, 2R Fs R 70
H 1 X0 B2 1 2 Sl N, R () 3 PR - 5 A ki
PRTRR Ay e R A p (BB )S, T AR X A
YEFE BRI B 22 S O, I H E 254 /A
¥, IR FAR

A1, van Rijin 2 (2002 ) 48 H Z 9075 4k
CAT B35t F, A& = A Z i H R M Edf
tl, BFRB 2R HBA 3 05280,
SRR E 2 BRME R 2 1 5531 e 7 55 e
I, B j 0 BEE R S5 5 504, B
by~U(-4,2) il by~U(b;,, 4)o
4.2 BHURHS AR RN

AR 22 728 5 A S AT R AL AE 2000 44 B
o 128 FRUR T 2 4k S5 90 AT T | AE T
Hj RS k ) RBWERE, (k=12), Jf4 (0,
1) X[EAIBENLEL pyo 24Py <1=PBt, JUSH 05 24
P < py <\=Bpff, WK1, SWRN 2.
43 ekt ik

s Yao (2014 ) F1 Huebner, Wang, Quinlan F/1
Seubert (2016 ) & THREJIANTT I LIS LE R, FE
TRESMEITHHE B AR R EME S &, A SCRE KRG
B ftiiT (maximum a posterior, MAP ) flii1HE /1. HE
T15EE A IR AR E 2 A R IE S, EARES AR
HER T A RE AL LT, 5 PRRAG THE 25 I 48 % (B
/NT0.001, FREFRIECH 25,
44 VFrERR

W56 4 B Sk 40, Bt 0 S A4S 30 B OB AR 4
EDU =(1/N)-Y" 3 (6,-6,7 i H Wk [CHE 5. 4R
P Be A THE S BE ARG . BB A THE RT3
75 X (H 1% 25 (average abosutle bias, ABS ) | F11
JiHR 12 (root mean square error, RMSE ) FIRK (G

1

BORPA AR SRR, JUrh 1020, 1, 2) 4 1
ABS F1 RMSE 43 5 J:  ABS,=(1/N)-Y" 16,0, |
il RMSE, =(1/ N)- X" (6,-6,)", — it s, ABS,
RMSE F1 EDU W{Ei/]N, FEHARE AT .

5

F 10 283 NG TR, R RS TR
A5 RE AR BEA THE S B ARDE . R iR
ZE A HE R ZE o

[ AT — PR i, WA PR, 4R
KT G HHIE R B08AI . RMSE F1 ABS BY{EBOK ;
1M )RR A - S, F1 S, A OCHER = . RMSE Fil ABS 1Y
EARAG, #empifie, AT, 2RETFm
F 1R BE RARG, Ry T RO RS b . X
Seo il Weiss (2015 ) FIZ5E—3, MBEHUSEEH
)R TFET H B REAAS, TR
PR3 H A DX 3 B A B L PR A A i s
B, T, WUHE R, 5 H xR R
BEAGII AR B2, JRdB I ARG sy . XL
s, T H ) s e R N . R4
Je PRI B A A Bt UL PR A A 39 5 7 A R A1

[ 2 A PR, TCiS e 4 R IR 8 2 R
484 (1) PKL 7k fAHSC R E I AR T
EEMEER, HE b 280 A 55

(2) PKL J5#: 1 ABS Fil RMSE i &k TH & ik
g E;  (3) CEM kR ABS Fil RMSE &2/ T
HEHEmgsE; (4) U D-fiifk. PDO A1 MI
Ji 21 ABS Fil RMSE A W 22 5. Bk b, Hdi
HH2&. RMSE #il ABS £ %1 CEM 1) U ¢ 4% i f e,
PKL J7 ¥ RE 1Al 114G B 5 /i, PDO J73%&, DO
B MUL 7S RARL, FHT CEM 1A IEE AR

B 1 AR AT, 4R B ki k7
MK B 5 IR RR FC R B AT 4R L. 40 N30
H3iesgk 8 NRRIGHEES . HE 1 ATAL, (1) 3UHAF
BEAGERAR , A [F) 7 7 A [ — 0 54 Ak g R G
F/N ARG, OB ARG, ST H 7R )R

IR 1 X

XA

- R A

Jrik

2 6, 0, 6o % 0> 0o 0, 0>
DO 975 742 .700 967 .858 873 963 .880 .882
PDO 974 740 740 969 864 877 969 .884 .878
PKL 973 742 .663 961 .866 .837 961 875 872
MUI 973 755 705 967 .856 872 963 .885 881
CEM 974 707 751 971 878 877 964 .879 .882
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2 RMSE
Sk AR A SR RS ER SN
6o 6 6, 6o 6 6, 6o 0, 0>
DO 225 .683 719 254 496 493 274 470 470
PDO 229 .684 .677 .249 486 487 262 463 465
PKL 232 .684 754 278 Sl 552 .280 480 489
MUI 232 .668 714 254 .500 494 271 461 472
CEM 228 .706 .665 .240 463 486 .260 459 452
3
Sk AR T AR A AR iR AR
6y 6 6, 6y 6, 0, 6o 0 0,
DO 179 .55 573 .204 .396 391 212 392 .359
PDO 183 552 .544 201 .389 .386 207 .366 .362
PKL .184 543 .599 223 411 438 223 .38 385
MUI 184 541 574 204 .397 .389 214 352 .39
CEM 18 556 533 .19 367 384 207 327 37

PP AR R IX S g, 30T H S AR . PRI,

RARRES K RORT PR EER . (2) [T XU A
U, PKL J5ik BRI ES ok, CEM J7 ik MNKER
i B /I, MUL, PDO Fl D- i J5 v 1) K FG B 25 7%
AW 2E5 . BN P IR 40, 564 1Y]
REJIMTHANHERS, A M ITAZ AR ZS AN, Bl
HMERIHEAT, AFEIHERRES ST, S
REERT 20 I, AN[R) 7772 B PR 8 2 S BT X

B BE B
o
©

0.8

0.7

0.6

1% H
PR

XU TR —FERR I Z Y, )2
BHT Ao EER . A AR . BRI
LT VAR I SRR A R o 0L 35T S P
PRI 1 CAT BORR GG Lk, E— s
TATEII R FHAT, XA MCAT #
WFFERARAD, B AT H T 50 T 5480
FIEREAL, 229070000 HAR Sy — P 2R 20 H 2
B, HIH PR AR L P H A 2k

FERLE MCAT h, HA A& H w8057 (.
Kullback-Leibler {7 8 . HAF B . LM ) EAH
3525 5 2 o S 3 T S i A2 2%
ARICERTZ A H, ST W TFEH R
N Fisher fi B HTTHL, ARG B 40 R IR
“HEEEIR AR H Rt N . 2
K, % PKL., CEM FIMI 7ikilis,  “HEEE4sm”
T BE S RS A TE S AL, R m RS
a2 R, NIRRT 5 A
ARG ENTE] , HFFET 2000 44 WA 40 NI H
iz D- A e TG 1 /e, HE ikt A
BIP/INGF . SPERRTE, RSk 40 IR 4 B2
fE], X SE4T L CAT Xiaf7 el EsR . Hk,
CEM 7kl RS B ferms , PKL 77k I k5 B A
k. PDO. DO J7 ¥ MUI J7 ¥ FkG B AL, R IR
F CEM FiEgh R, X5 MCAT T8 2518414
£ —&Z kb (Lin, 2012; Wang & Chang, 2011 )
(HARERER R, A SCRABR =, 5
SHCRBRFHIE N RESE 2 R ML SCPRIG O, &R0 A
R B S AT CAT WFSE, R WURl T4 AR
T R SCUEMTSE . 534h, MAP, MLE Fl EAP fig
G INERAARRRE R, HEMATE A0 AR
Jr s SRR A e A B SRS [l LA b,
XLEFAER CAT VR —A~ B2 N S AR 2
[ A4S E— W58, Bilan, Zheng 55 (2013) H
FEE TIEIE N A 27 A SRR R Hh i 2 3
W9 2 B PRl R 725 /N BR T . A5 I8 TRTE A
R B h 258 2R N A RO R, X
mn, EXHE T RMEZ AT H TR AT
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IR SRS BTN 22 AT 73100 A L i 42
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Comparion of Bifactor MCAT Item Selection Criteria for
Polytomous Items

Mao Xiuzhen, Liu Huan, Tang Qian
(Institute of Educational Science, Sichuan Normal University, Chengdu, 610066)

Abstract Bifactor model assumes that the test involves a general factor and multiple group factors.Numerous analyses on the structures of psychological
trait measurement, school education survey, medical survey, and diagnostic testing have shown that the bifactor model could well represent the
construct structures of the tests, surveys, or scales, and it has shown better model-data fit than other competing models (e.g. unidimensional, higher-
order, and correlation models). The bifactor CAT has proved to be a practical approach that could substantially reduce the burden of respondents while
increasing testing efficiency (Gibbons, et al., 2007). However, the number of dimensions in multidimensional CAT usually becomes an obstacle to the
application of many famous item selection method, especially for the polytomous items.

This study focused on the formula of information matrix for polytomous items and how to simplify the computation of item selection method
using the dimension reduction method. First, the Fisher information for bifactor grade response model was derived; Then, the dimension reduction
method was applied to the computation of item selection methods including the posterior weighted Fisher D-optimality method (PDO), the posterior
weighted Kull-Leilber information method (PKL), the continuous entropy method (CEM), and the mutual information method (MI); Last, these
methods were then compared with simulated data under three different bifactor pattern designs, using the original D-optimality method as the baseline.
We conducted Monte Carlo simulation using a MATLAB program (R2010a) to write the CAT code and evaluate different item selection methods in
terms of the correlation between real and estimated abilities, root mean squared error, absolute deviation, and Euclidean distance.

The results showed that: (1) The information of the bifactor graded response model is easily obtained and it is the generation of the information
of the 2-parameter logistic model; (2) Simulation results showed that for each item selection method, the correlation in high bifactor pattern was the
highest, the root mean square and the absolute was lowest; (3) Under the same simulation condition, the CEM item selection method produced the
highest correlation of real ability and estimated ability, lowest root mean square, absolute bias and Euclidean distance among all the item selection
methods while the PKL method performed the worst according to these indices; (4) The PDO, MI and DO methods produced very similar results when
fixing the test condition; (5) The Euclidean distance of all the methods showed that their difference became significant when the test length was larger
than 20 items.

In conclusion, the dimension reduction method can be easily used to simplify the computation of item selection methods including PDO, PKL,
CEM and MI. This method can simplify the multidimensional integration contained in each method to multiple 2-dimensional integrations. The
simulation results further show that when the difference between the discrimination parameters of the group factors and those of the general factor are
smaller, estimates of the group factors become more accurate and vice versa for the estimates of the general factor. Some problems like controlling the
exposure rate, meeting the content constraint and item selection for mix-form test are valued to be explored further.
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