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* & % 7 & (Research Method) °
INE R MBS ER SR ESREERSEITE

( , 330027)

T B R (IRTAEE AR B R B 5 HGR 6 B A TR BOR 9EE R, ZF A FHR . 2
IRT #9747 232 AR T PF it A IRT AR B 52 R 4048 FoAH AR 45 & 09 A2 B (BP AR R A+ 404~ &, goodness of fit)., R
A L P R A IRT AR 5 52 IR 4048 FoAH 04847 BT, IRT 4946 & 47 3 48 4 fg & iE & 4% 1 &k (Orlando & Thissen,
2000). % FTRA IRT AR 5 Fob R A R BT AR OER, AR A8 E7+. NIBFMEAR B i
£ F oM LA # Ki% £ (Kang, Cohen & Sung, 2009), 4 % IAEF R RRHh. Bk, £42A IRT 5470,
JL B S oo R B AT BT ik AR A B o7 PR 4048 & % A8 IT B2/48 4004~ (McKinley & Mills, 1985). IRT AR %
AR T A A IS BT AR B d . MB A PIAS A ST S g, X R CHE . KEMEAAR E
B EM, ARMNE S IRETRGLMGRT, BATERLKEATFLEN LT . RRGARLTUESRITE
84 S AE PR BT 50 A B TN Fn 5 T AR SR 0 48 R @ R BT R

REA BB, AR FA A AR TS, R B A MR aa

B841
1 5l8 (test fit),
(IRT) (item fit)
(Hambleton, Swaminathan & ’
Rogers, 1991)
(Lu, 2006) ’
(CTT), IRT (Lu, 2006), ’
(Stone & Zhang, -
2003) IRT - . ’
(model-data fit)  (Lu, 2006) - ’
1 2013-12-07 >
* (31100756, 31300876, 31360237, AIC (Akaike’s information
31160203), (11YJC190002), criterion; Akaike, 1974), BIC (Bayesian information
( 2012%0;12&38’ criterion; Schwarz, 1978), DIC (deviance information
(12YB08S, 13YB029), ’ criterion; Spiegelhalter, Best & Carlin, 1998)
( : GJI13266) ,
, E-mail: tudongbo@aliyun.com.cn (

1350



8 — 1351
,2012) , 0, 10
2 FEBE-ZENGEESRBESITE ’
,JIRT , G
0; 1-0;
J
62=2zj:1Nj[oj1nE—{+(1—0j)1nl_7;] 2)
J J
21 *AEFZITE
> J-m ( ),
, Jom (Lu, 2006);
( ) , Lu (2006) ,m
, ( )
- ( ,2012) (Orlando & Thissen, 2003),
211 F & (Orlando & Thissen,
e G’ IRT 2000)
s XZ* G2*
, DS 8-G?
(Lu, 2006)
, x 212 7 G
2_ ZJ N, (O; —Ej)2 o , P (Stone
I E(-E)) et al., 2003)
J J j ; T (
) i , E; pseudo-observed score distribution; Stone,
, N, i i 2000), i
J-m.m  IRT (quadrature points)
Bock 1972 b Yen ’ ’
1981 Yen ( 0) X J
(Lu, 2006) Bock Fie = DX PO | X AKXy )/ Plx,,) 3)
J , E N 3 Xjn noj 1,
j Yen 0; k k . k ;
10 LE j Tik X, i 5 POl Xe)
1 N, n Xn 5
JE, =—"" P(8,), P,
SN, ke G- PO 4y k 5 P(x,) =
k , k D Pl | X)AX)
i j (Yen, Tk i , Xy
1981) - ’
. . 2 .
Mckinley Mills 1985 G X, i , i
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ek, X, j E, h i
, (Stone, 2000) (6) i
P h i h
; ; i h ,
s i h-1 Sh
0 h , S i
’ > , h-1 , P;
, i . #0) 6
, A (recursive algorithm)

(Stone, 2000),

s

i G :

(e.g., -2<0<2; Stone, 2000); L0 G

213 S S-G°
Orlando 2000
XZ GZ

> >

0
S S-G
’ , 2
S—z%= Z;iNh(EO"’”iE”” @)
(1= E)
S-G =23 N[0y, ln%+(l—0ih)lni_?h] (5)
ih —Eih
4 5 ,n ;
o, ; E,
h i s
Sy S-GP o, E, 0 1, h
) 1 I,h 0
i 0, , h=12,-n-1 E,
i
_LEsite000 ©
[sip@a0

> >

(Orlando et al., 2000) , i s
h
Sy =EBSp1+(1-P)S) (7)
S, i-1 h
, S, i-1 h-1
Orlando (2000)
Orlando (2000) s
> S')(Z 0 5
(10 ) S O
(Orlando et al., 2003)
1
; (@)
P ; 3)
(Kang & Chen,
2008) 0

(Orlando et al.,
2003)
2.1.4 #RIE(adjusted)’y y/df

XZ* G, S—XZ S-G* , Drasgow, Levine,
Tsien, Williams  Mead 1995
R (adjusted)

xdf ,

(LaHuis, Clark
& O'Brien, 2011)

, Drasgow, (1995)
A ( Adiy' 1df )
2
Adig? 1 df =[W+dﬂ/df ®)

df ,N
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s Drasgow (1995) 3; 2PL 3PL R
3 ,  Adiy’ldf 3, Adjy’ 1 df , 3
- 3
’ 30002 —df) dr Adjy’ 1 df
N ,
Drasgow (1995) 7 ) Sy SG ,
3000 x Adjy*1df 0
X ; (2) ,
Ziz _ Zk[O[k;Eik]z ©) singles y° doubles y° triples ° .,
i 3 (3)
0, i k ; E, ( 2PLM )
, 3
, 215 S Lk (parameter bootstrap)s% 1€ IE B4
Ey = N[P(k|6)f(0)d6 (10) Adjy’ | df
P(k|6O) P ; K Tay 2012 Adjy’ 1df
. £(0) P ’ 3(Drasgow et al., 1995) ’ R R
(N (0.1)) Adzldf
Adjy* | df B ’
Adiy 1df Adig’ 1df (a) IRT  (IPLM 2PLM
Adjy’ 1df Adjy’ 1df ( SELM) : ;
singles 7° ) , (b) IPLM 2PLM  3PLM, (a)
(LD , Drasgow ’
(1995) (a) ,
Adjy’ ldf ( doubles triples y*) , (Adjy*14df),
> ) > O ¢ v
, () (b ,
doubles y° triples ¥’ (b) - 5
(calibration (Adjx* 1df), ;
sample) (cross-validation sample; d (© m Adjy’/ df
Ounpraseuth, Lensing, Spencer & Kodell, 2012) ) (Adjy* 1df),
Drasgow (1995) (Adjy* 1 df), p;
( CV) , () (@ () r [
(overfit), R , T P 0.05 ;1
Tay  Drasgow (2012) R , T p 0.05
s IRT (logistic) s Tay (2012) , Logistic
doubles y* triples x° - s
, triples »’ , doubles Adjy’ 1df s
7 , singles y* ; (e.g., 500 ;
5,000; Tay et al., 2012),CV I , Adjy’ 1df 2PLM  3PLM
R (adjusted power) ; 2PLM ,
3PL . Adjy'ldf , 212 215 (



(posterior predictive model
checking [PPMC])
PPMC _

(replicated data)
(discrepancy measures; Gelman, Meng & Stern,
1996) , ( )
( ,2012)
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e G’ ) , :
G ) ,
) ( LI ,
, 0 S S-G? ) PPMC
s Adiytldf , (posterior
, predictive p-value), PPP PPP
- PPP 0 | .
— 7 G’ .7 , PPP 0.05
G” 87 S-G Adjy’ 1 df 0.95 , PPMC
Adjy®/df — (Sinharay et al., 2006)
) 2.1.1 213 , (a) N (
, )
5, , (b) (a) N N
; : (@)
, ()
; (3) (d)
s s PPP
, - ( » D(y,0) )
,2012) , , D(y”,m)
> 5y
( ;
22 RRFNERBEE o ) pl@]y) o
Sinharay, Johnson  Stern (2006) y , p@]y)«< p(y|o)p(w),
’ p(y|w) , 2]
doubles y°  triples x° y , plw) PPMC
(LD > (Markov Chain
- > Monte Carlo [MCMC]) pl@|y)
) (Gelman et al., 1996; Sinharay et al., 2006); y"”
; P(ylo)
( ) - Q] 5

P(y™"ly)

PO 10 = [/ |o)p@] do (1)

Sinharay (2006)

(observed score distribution)
(
s 3 ); 3 2

(biserial correlation coefficient)

.o
>
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” (measures of association among the item pairs)
LI
221 ZIIHEXFRE

(slope parameter; Sinharay et al., 2006),
Rasch

222 MBMBIXKES
LI s
« » “MH »
(odds ratio; Chen & Thissen, 1997)
OR =100 (12)
Mo”0l
b} ”kk'
k’ , ,
k,k’=0,1 Chen (1997) OR
IRT (LT) , LI ,
OR OR , LI
(e.g., Chen et al., 1997)
LI , IRT ,
OR OR;
OR OR
MH (Mazor, Clauser & Hambleton,
1992)
_ 2. Moo | 1y
2 Mmoot 1y
OR, ="l

¥
nlOrn()Ir

MH (13)

n, r N,
kk’

k' OR, LI ,

MH MH;
MH MH

PPMC 1)
; (@) ( )
, PPMC
, )
PPMC ,
; (4)PPMC
—_— IRT (
Rasch 2PLM ),
s 3 2 Ll
— (Sinharay
et al., 20006)
PPMC

(Sinharay et al., 2006)
23 ETFEREMERE

PPMC >
ICC Ranger  Kuhn (2012)
White 1982 ,
Ranger (2012) IRT -
(Hessian
matrix; )
, (the

expectation of the outer product of the score vector)

(Ranger et al., 2012)
(a) ;
®) (3 G
U ;

PUa)= HJG,:IP(u J16:a)f(0)d0  (14)
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, Pu,|6;a) 0, ,IM, oy
u j yen j
, a=[a,...,a,] G 232 IM, IMyg
1)) IM; IM, ICC ,
© MU o G U LI ’
5 (24 IM7 IMg
PU: o) ; (off-diagonal elements) T,
d fU o L(U; a)=In[f(U; )], LI IM, IMj M,
gUsa)
( YH(U; o) Qg g+ ; IM;
gU;a)=0L/0c (15) oy A
HU;a)=0L/dada' (16) 4 1
(e
X . IRT - i
E[DU:a)]= E[gU;a)g(U;a) + HU;a)]=0 (17)
1 «nN N
ﬁZi:lD(”i;a): R
PPMC
1 N N N 1 N N ’
Y lg g ia) 1+ (Hwsd)] - (18) , .
, a , N ,
d(u;a)  D(u;a) , ,
1 N (Ranger et al., 2012); s
n

"= nznd(x,-;d)
2 =E[dU;a)d(U;a) 1- E[d(U;a)g(U;a)']
(ElgU;)g(U;a) ) Elg(U;)d(Usa)]  (19)

(f) -

T=nr's7l, (20)
rn
T 8 (Ranger et al.,
2012), 4 ( 4
, 3 )
231 IM; IM,
ICC
ry =diag[l/ ny, D(x,;0)],T=r%",
T m , m
D(x,;Q) 18
IM; 7,

Ap;

(Ranger et al., 2012)

; (
), ; ,
IRT
, (1) IRT )
2PLM 500
(Ranger et al.,2012); (2) ,
; 3) ,
(Ranger et
al., 2012)

3 ME-ANNRLARBEIE
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>

, Maydeu-Olivares  Cai (2006) s

El

(Maydeu-Olivares et al., 2006);

E} El

b

( ,2012)
31 FH%E
3.1.1  Gddip

Maydeu-Olivares 2006

G*(dif)

G*(dif) = Gj -G} (L2))
G M, 0 G
M, s M, M,
(nested) , , M, (constrained)
, M, R M, M,
( M, 1PLM, M, 2PLM) G*(dif)
) 41~ 490,490 41
M, M, G; G,
G’ (dif) , (
),
) My M,

Haberman (1977)
G (dif)
s M
, G*(dif) ,
M,
G’(dif) (1 ,
G G (eg,
BILOG PARSCALE MULTILOG; Du Toit, 2003);
(2)Haberman (1977) ,

(D (M)) (
M, 2PLM, 3PLM),

M, s M M,

, ; (@)

E}

(Maydeu-Olivares et al., 2006)
3.1.2 fiFtt ¢
(likelihood ratio [LR]; Mckinley et al.,
1985) ,

, (
2PLM  3PLM),

1PLM

s

(Kang & Cohen, 2007)

32 RRMMERGELZE
2 ) >

Ferrando  Lorenzo-seva (2001) ,

Beguin  Glas (2001)

: [NC, - E(NC))T
. NC, j , 70,1,
2,.J;  NC=(NC,NC,NC,); E(NC)
i PPMC
e ,

3.3 ETIERIIEMMNE

33.1 IM, IM,
IM; IM, ,
I1CC IM] Ty

IMZ Ty
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m/2 ( , , AIC
2PLM ) (saturated models),
3.32 IM; IM; 343 NMHHEEERE
IM; IMg , LI BIC (Schwarz, 1978) AIC ,
IM; ,
, AIC N )
IM; BIC
m/2-1( )
2PLM ) BIC=d+pxInN (24)
2 » N )
34 HETEEEHRITE AlC , BIC
IRT , ( )
, , AIC  BIC ,
IRT , ,AIC BIC ,
, , (MCMC ),
, DIC, PsBF, CVLL (Kang et al.,
, 2007)
344 RBEEERERE
, , , DIC (Spiegelhalter et al., 1998)
AIC DIC BF CVLL (Kang et al., MCMC ,
2007) AIC, BIC N
341 wE )
(deviance, -2Log-Likelihood [-2LL]) DIC = M +pp=D@)+2p p= 2% -D(6)(25)
, , , D(O@)=-2logp(y|0)+2log f(y) .
p(y10) , y ;
2LL =-2In(L(X | B)) (22) D(6)
,3 , X , L(X| [3) (the posterior mean of the deviance); D(6)

3.4.2 Akaike EEEIFHE
AIC (Akaike, 1974) -2LL

i

AIC=d +2p (23)
AIC , 3.4.1
d=-2LL, , d ,
2xp, p
AIC ,

s (Forster, 2004; Janssen
& De Boeck, 1999) AIC
R AIC
consistent), AIC

(asymptotically

(the deviance of
the posterior means); p, = M— D(O)
s (1PL,
2PL, 3PL) DIC AIC
3.45 UNMETEF
BF (Bayes factor; Spiegelhalter & Smith, 1982)
R A

P(data | ModelA)
P(data | ModelB)

(26)
BF 1 A,

BF = posteriorodds | priorodds =
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(true model; Bolt, Cohen,
& Wollack, 2001),
, BF

s

Schwarz (1978) BIC BF (Ghosh &
Samanta, 2001) Western (1999) ,
BIC ,  BIC(HHYA) - BIC(FHUB),
—2log(BF)
3.4.6 3 XIUEXEEL AT

CVLL (cross-validation log-likelihood estimates;
Bolt, et al., 2001; Geisser & Eddy, 1979; Gelfand &

Dey, 1994)

s

,CVLL ,

(a) 1000
Years

(b) Yeu

> Yeu 5
(© (2 1000

Yer
Y., P(Y, | Model) ;

(d) CVLL =InP(Y, | Model)

P(Y,, | Model) =
JP(YCV |0;.Yoq1, Model) f(; | Yoy, Model)d0; - (27)
» P(Y,16,Y,,Model)

Yey ,
Yea 5 fo (O|YcaModel)

( ),
P(Y.|0,Y.,,Model)

Kang (2007)

AIC BIC DIC

347 {ANMEETF
CVLL PsBF (pseudo-
Bayes factor; Bolt et al., 2001; Geisser et al., 1979;
Gelfand et al., 1994),

>

, CVLL

s

PsBF =exp(CVLL,—CVLLg) (28)
PsBF 1, A ; PsBF
1, B
, AlIC

BIC

s

El

4 NESRE

IRT -
, IRT
(Lu, 2006) -
., 7 G',PPMC
G*(dif)
. Adjy*/df
, PPMC
(
)’ b
( PPMC
LI . IM, M, ICC
)s -
, AIC DIC
CVLL
(
) b
( LI )

(Sinharay, 2006),

- (Lu’
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2006),

ICC

, IRT

(McKinley et al., 1985),

C D
IRT

Monte Carlo

El

LI ),

Finkelman, Kim, Roussos,
Sinharay & Almond, 2007),

(cognitive diagnosis model)
(see, e.g., Chen & de la Torre, 2013;
& Verschoor, 2010;

Torre & Zhang, 2013), IRT

b}

F1 HEE-ZRNLEREHEITERESF ST

IRT

E}

(Chen, de la

PPMC

X

GZ

e

S-7 S-G°
Adjldf

AdjZldf

IM,
IM;
IM;
IM;

IM,
M,
M
IM;

G*(dif)

GZ

-2LL
AIC
BIC
DIC

BF

CVLL

PsBF

Adji1dyf,

CVLL,

AIC
MCMC

MCMC

>

>

AIC BIC

s
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Common Model-Data Fit Test Statistics in Item Response Theory

SHAN Xintong; TAN Huiye; LIU Yong; WU Fangwen; TU Dongbo
(College of Psychology, Jiangxi Normal University, Nanchang 330022, China)

Abstract: Item response theory (IRT) models are widely applied psychometric models. They can predict
responses based on characteristics of items and participants. But the validity in all applications of IRT is
dependent on the extent to which the selected model accurately reflects the data at hand (goodness of fit).
Only when the IRT model fits the data well, can the advantages and functions of IRT emerge (Orlando &
Thissen, 2000). Selection of the wrong model would lead to relatively large error in parameter estimation,
test equating, the analysis of differential item functioning and so on, which would result in adverse effect
(Kang, Cohen & Sung, 2009). Therefore, it is required to evaluate model-data fit before applying IRT
(McKinley & Mills, 1985). Common fit statistics in the field of IRT can be expounded and compared from
test fit and item fit, which is very important in the field of psychological and educational measurement and
also easily neglected in test analysis process. It has not been found yet that there are any similar published
articles. Directions of future research for model-data fit could emphasize simulation and empirical study of
this issue. And common fit statistics in the field of cognitive diagnosis could be investigated.

Key words: Item Response Theory; Test of Model-Data Fit; Item Fit; Test Fit



