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T OE B DI R 2 SRS A0 T R e, LA DA NS W D) R I Ry 2 32 B AT
KV, EINANZ W (CDMs) A 61 IR, 5 —2RReiefr i g | R D3RO Al R 5t 2 4 IRT A< A
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M M2PLM (CC-M2PLM), H-38 i #1985 76 55 B0 4% U s Rl 43S s FUE M, DA CC-M2PLM J 3R H AR i
BANINZ KT e, BT R logistic B _EW 0 s AT/ENAIN S HLVIE; K5, @i BRIt
#£5% CC-M2PLM 1 LLM WA HIZ Wi DI RE, 25523 CC-M2PLM w] HF 43 M2 Wil 46 58, FOA A2 Wi T
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ANTE AW 2 T HEg b i — > S M E
S &y, B2 WD A I & 07 VA I B
W2 B AT G T . He T, 0050 4 o] 5 A SR AR B
BB VEE S R TIN5 fE R, DUMEX L
A BT 2L AR B R B PEAS AR R, A2 T
iV Sy — iR I8 1R DAl R 25 PR PEAG AR 25 G 1Y
LEETTIER, HERZ BN T EA RO 3
AR, HAR N —Rh PP B, S 5GHE R LE F
Aifi J5 BiAn] SE AT R 0 2 A EA T AR, B T
& IEBA 2027 1 A 5 07 2k LAGR 27 28 T A 50
WA, LA, IANFNIZ MR (cognitive diagnostic
models, CDMs)15 2| R # & &, & WA DINA
(Junker & Sijtsma, 2001), LCDM (Henson, Templin,
& Willse, 2009)#1 G-DINA (de la Torre, 2011)5%; 5
— BB RS (L 40, Embretson & Yang, 2013;

e F #: 2015-12-21

T BRI 2R H ROV BRSNS WO, ARI2 I, Q AR, SeiiE kR A

Huang & Wang, 2014; Li & Wang, 2015; Templin &
Bradshaw, 2014; ik, 20, £30H, HE7,
FEALA, 2015) gl 45 H Ol IO P AR A B 5
TEBEH .

fE CDMs [NWEE G-, 248 IRT #i%Y
(multidimensional IRT models, MIRTMs){}lF-3Z 3]
SEVEAE . MiSEPR L, MIRTMs fl CDMs —FEtiL 2
H12Wr i (Embretson & Yang, 2013; Stout, 2007;
Wang & Nydick, 2015), H ALK} MIRTMs J&1E
gk R E 2 s W o i s B, IR A
Fe s N O T 2028, RBERATHO T HAR
WY HE P I RE . b, A A S A k)
B RS A0 i SRk B, 24T CDMs Hoxf
JE RS A0 A 0 i 98 R B £ (Lb AN, Karelitz, 2004;
von Davier, 2005; f&iiiik, i1 £J5, FirH, 2016),
WA VR HERNREEE R R g
(Zhan, Wang, Li, & Bian, 2016; &k, 1 EF,

* ERK A AR AL T AR IE R H (31300862) i AR AR M o 2# B L SURHIIT L 8 5 H B 02 (20130003 120002) F1 A< FL I K
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2015) AT INFNIZ W . BPAU A B2 W7 4R
R, BB T MEEERE, XA R
HE R A5 & MIRTMs B4 3

MIRTMs 5 CDMs %) 3222 X HI7E T /i & (B 57
RS [ i K 4R 20 i (RIS TERE SO AL, 101 /5
B AR i 2S [A] B K 2 B 1O o (B JE M) A
T 28 QAT A 33X PR A AR A T R 45, U o Bk
T 55 bR AR A S ORI H Y, 25 B bR AR
T Y SORF O 88 R B0k B2 48 K (Fb 4k 2 wE ) W
MIRTMs 51k, i3 SCAHRT RS/ NSO BE 457N
(FE a4y Bos7) ) CDMs B 4% ;. 2756 B a2
PRFEBAATE R T TH R T AR /N MIRTMs B4 5
FH, IS 5 AR 12 R 75 5 R R T Y
AEJI0 CDMs B4 1l 48K, JrFAR4x), B
TFF 58 TR B8 2% B 3R AT — 2 B4 52 00 0] 156 P 7 2
R —A~

R T Z H A OC R, ToissE MIRTMs
& CDMs KA N] 43 A M AR R R H M AR A
XS o MR Ry e S — 4 B A 34mT LA
FORpP IR AR B i 25 B, i I R v AR i 2 (]
R EIRAOE R M ARAMERIALA Sy B A A
SR B H BT A BT A 4R B I ER A A B
PIAE S IE B VR i H, s v AR i 22 (8] i
F’X:Z ., %4, A MIRTMs Fl CDMs 42, X% T
PR PO SR I 2 A B A B R ST ), B3 S B4R
A A W 5T X ik Al X T 2 A A Y A2 S R (L
Bradshaw & Templin, 2014; Embretson & Yang,
2013; Wang & Nydick, 2015; Zifiih%E, 2015), X
TE— 8 T8 BE S UM AR R 33X P S A
MIRTMs 1 CDMs H i) A5 (i Ak )il iR & i 22 55
o BTARSCFEEHAME T X458, § 30K MIRTMs
R <HERMEFR R 3 #ME (partially-compensatory)
(Reckase, 2009), “#Mz /308 B A & L (BDEAERr
2z [ 2An); il CDMs R <dE kML R o i
$% (conjunctive) (Maris, 1999), #1“#p[R & T %b
R FE 45 A BN (Maris, 1999) (HIVE =2 8] i Zohm),
MAELE L DINO I8 Ky {51 (1) 4324 (disjunctive) 4f
A HUN (Maris, 1999). F&TF FiRMES X 4>, Al FI7E
“IMEF) A R MIRTMs Fil CDMs i 778 5 22 8] )
KR EAMIE W E L, Bt AR S S Ze 5T
X AR ST X P B AR A RIS W D BB 28 T Al
7 4k, Bolt Ml Lall (2003) 48§ Hi 4 fff i #h £
MIRTMs £48L G B #5342 MIRTMs 77 A= () £ 48 i
M MIRTMs (48L& 25 5 5873 #M% MIRTMs (1)

WA AR — A, Rk, 8oz MIRTMs £
P& i AME MIRTMs 7 A R I J0 0545 21 5
i AM: MIRTMs  F & £ 05 12805 —FEAF 0 45
o I, M MIRTMs 7852 BRI HR ok
MIRTMs 5 3% 3k

SEEARSCEM, T E SN AR AME 2 4
28 Logistic £ % (confirmatory compensatory
multidimensional two-parameter Logistic model,
CC-M2PLM) K HAZ Wi DI RE A HAR AL, SR i i i A
IRFFERT HEERFE CC-M2PLM FIZi A Logistic #5%)
(linear Logistic model, LLM) (Maris, 1999)A4 A %112
WrEhfe . AAITFEAE RERM] CC-M2PLM 7]l T2
W 00 58 K Al o B, HLIA A2 W DR S E E
LLM RCRAR Y, SJa, DA S2 R 25 A 191k 156
] CC-MIRTMs 7 52 Friz Wi 46 73 B b 5 nl 51

2 CC-M2PLM K HINFZWrohfE

2.1 CC-M2PLM 743

TEARZ CDMs H, fBise s 14 a2 422 0C R 1Y
LLM T S84 3% i 37 SIAF 98 4 1 42 S A OG T (Ee an,
de la Torre, 2011; Eiik4E, 2015), FEFEHE I 1
FRE M H f LLM AT DA Y e M S R A=l
W2 AL 5K g FORMEH i T A R
SHD, X HE RS DINA BRI ) 2 4] (B 42242
HAR EERA)ENRGAF L . 5 LLM MXT R, £b
£ M2PLM (compensatory M2PLM, C-M2PLM)J& £
£ MIRTMs Hr—4 0k 5 RS BT i S A1,
LLM {9 @ H J 1 PR %Y (item response function, IRF)
FH A S B X Maris (1999) 1 £ iifi ik 45
(2015); 1fii C-M2PLM f4 IRF K Hh S50 IR
Reckase (2009),

C-M2PLM 1E £ # Z %) 92 hy — B 45 R 1
(exploratory)f& %l (Embretson & Yang, 2013), B[
WK VA RR B0 H i 0 IE WA 5 = A 5
Wi o 3XAH Y TARE M R W P R s T A Ve A
WITE G AR T (PR A 2 (X 43 ) o SR JE AR
BEANAERE T 0 X 3 B2 S 80 Tk 40 i 4 2 2
X128 H I R ME R LR S, A5 IG5 e D)
ZYEE EIX OSBRI T 0. 75 CDMs H Q %H
B Ry — B e iE P 4 [ (confirmatory matrix), HFH8%E
L YR RE Z MO R, AT DU AR e S8 At
(7. S, Tl e &R C-M2PLM
(exploratory C-M2PLM)H1 5| A Q % P B 2 /i H
&Y EE AR I R OC 2R, HE A 250k Y
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C-M2PLM (id2y CC-M2PLM), Nl CC-M2PLM
IRF A g ik -

exp(zllj:l OO +d;)
1+ eXp(ZkK:l OOkt + ;)
K p Btk n ZEEH @ LIWIETTESHER,
8 =(5i1, Oinye..r Oix) 2 K1 4 Y L [ [X 3 FF S5 1)
0,=(0,1, Onns..., O,x) 3 Kx1 HERYTEAERS S BUm
(GHE 04 € (-3, 3)), di =M IES . FPIRTEIRIG] A
5 U PR R FE A i3 7R 7T 2 W, Embretson 1 Yang
(2013). Wang A1 Nydick (2015), *ft LLM i
CC-M2PLM 1] &3, {UM IRF Lk B W # 58 4 —Ff
H¥YJE TR GG . 29K, TP E 258
F MIRTMs 1 CDMs, FIt LT & B 35 2225 AR BLAE
VA i A A iR X E . CC-M2PLM. i —
et K W TERET W R Z o ES o, R
0, ~ MVN(0,); Tl LLM B 5 ik 7 R i ] kU
JEPKHN 52 E (Dirichlet) /A, B 1<K 4@ Pl
O 25 B AR i AR B, X O
P Y rh i i S 0 RO R RN, RIS T 53
CC-M2PLM BN Wr S e 7 2% CC-M2PLM Hr
MRS EEA T AL B PRI 2.2 1)

AR B ER AR AN RHZ Wi DI6e, Br LA
XFTEH ZHOR BN, AT OGRS A
fliiR B . 34k, ST IR H S50
FSURTE], Bz BN E . LU SORF2
P H SEO AT EE S . Tk P2 ) H S
BB EAATERR . AAERMOCR, [E15 5
Tt — L IR oE .

2.2 ¥ CC-MIRTMs AR i T se B9 B Rk

CDMs 5 MIRTMs [ 32 22 24 57 76 F- X [a] — 15 AR
A TR RIAY i R T 2, £ CC-MIRTMs i
VOB TS B, 1 CDMs FP RS T7s Bl s
Ay, FTLUCA I HAA 0T YRR CC-MIRTMs
HAWHZWDIRE, 723X CC-MIRTMs [ 1% 48 &
AT . XF ik, AT L2438 V) A (cutoff point,
CP)E: ML TER BUE K T4 T CP i, AIH|
Wi SR IR A BT, 75 A iR R 0k F
i, 7 DCM H, CP 38 4 F T4z U A AH G
Y J& P (Chiu, Douglas, & Li, 2009; Wang, Chang, &
Huebner, 2011; A%, 2016), 41F -

O]

Pait =

L Uit 0 >Ch @)
"o if 6, <CPR

Y, O AR n HOE k 4ETETERE BUHE, CP RIR S

ke AEETEREIBT LRV, &, FOR B n 1058 k 480
FERR I (3 A5 2 i S ARARES . Wi H ok T 5 CDMs
B P (o) EF T IXGY, T 3CRR G, R R 1 (trans-
border attributes) ., EAR VI £ £ 7RI 3.3 5,
T 2 (2) A3 2 X 4 1k v 7 A o B — A I i

IR RBHA SR, Bz kT RE AT
PR ()T LA TR] A $i 15 EL A v 70 R (B R AR IR R,
ATl A [ R 56 65 ()il T A A TR 3 0 S T
HZ800 5 ROFAR kA28 4k, © A 1 MIRTMs #83 E
Al RS, G)M T CDMs, %F MIRTMs #4725
BT B AR B Oy R R, R E A
P MIRTMs HAGEHHE bR AT BT, (S)BE
WWFFE P A CDMs B E A3 A0 X Se 48 b7 ok
XS EAGTHR FEAEEAT ST, H AR s P
HRVPAL B A S H R HAE

3 BHIAFSY . CC-M2PLM [Ji2WiiE
TIEF K HES LLM &

3.1 MRE®S®RI

R FE R LU AT 2 W S fE B LLM A« E
SRR A VR BB, O a2 W 4 KA,
F- AR B CC-M2PLM Al LLM KA 50 - i2 W
SARTEE R UL LLM 2 B g A o B2k, i iR 5%
CC-M2PLM 5 LLM W12 Wr &t 2 2 [a] i 30 U F2 B
W W 2 W 4 AR He H 2L —2, Wil
ULEH CC-M2PLM H A B HINFIiZ Wi ise; 2,
F A RIS A R 22 AR R K, W] CC-M2PLM
PN W DI RE A BR o PR A BIF 58 75 R =X () XF
CC-M2PLM W7 e B Al THE #4730 43, i AN []
(D] A 15 T BB 2 3 SO TE R IO 4 ol A (] 1) 55
S, ARSI — AT LA SR A S Y A
311 BEXESHRE

TE L 2 g S B T 0 AR AE N
AAsa: (DEMNECE K P3). FOG). Z20); Q)&
4 8] PU 43 #H 3¢ (tetrachoric correlation) 24X p: 1k
(0.3). H1(0.65). (0.9); ()EH%H 1. LA15).
H1(30). £(60).
312 #WiKSHEBMESHEE

PEEMGR BN N=3000, #2401 F J7 12k ik
WETE: (WIKHEZICIES D MVN©O, DR K
Ae i SR B I (2)BOE 45 1 S8 Bl R AR EIEAS
I3, ZJE LA O U s X 4% S AR i AT W B
Gyl BE T MR IR 253 8 P 2 1] Y 43
FHIE o 55— T, e T A H s A 34k 0.1,
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2 48 &

»2,
2

JERIRIH 0.9, T LLM R H logit #4225, BT
DA BT B H AR S B0 OE -2.197,
H i *PRYE & RCESBOE N 4394/ 37 gy

MIE Q %EMERYIEM

FEIZWII G rh, AT IR0 P RO S B 94N g 1
HEW 2 W AT P AR CT A R, A URE, TESC X,
2010) . PN A BIF 58 K 25 R R 2 945 A IR
(Leighton, Gierl, & Hunka, 2004), FflL R JifE Ko
PP ARWFFEBRE . (DRI Q 4 HAY
5 24 R AR B EEGE 04 6. 10, 14
i), ()M Q FEFE % 2 4~ R AEFELASMAATREHL
M@F= DFR 4 0 B JE PR o B LA L
QYR EIE AR A 8 H L TFEE AR
B AE .
32 RIMEE. SEMEITRITMEIER

K R B F(version 3.2.2 64-bit; R Core Team,
2015) H 4w FE 7 AT BEAVES AR . iR A S |
N LLM AR n 7R H i A IEFE SR pa,
B AEZ IR MBS FN 5341, Y, ~ Bernoulli (p,,,) -
AR R HAFHE mirt £ (Version 1.14;
Chalmers et al., 2015)%1 CDM i (Version 4.6-0;
Robitzsch, Kiefer, George, & Uenlue, 2015)43 5%
CC-M2PLM #1 LLM #47 & %Ml 1. X F LLM, %
FHBRAR) EM 53k, mixF T CC-M2PLM, W T ¥ M
AT (MIRTMs 76 S 80U i #2 b i K X o oy
FZARMEIE AR, BT LA E AT S dEsk 7 4EXF T — A
EM Bk Ui AE F HA Pk k), X BIRATT2E AR X
WA Y MH-RM 5.3%(Cai, 2010), Bff B L8
TR AR L BAR B e, BRI BRI S AT
S AW SRS R R 30 Wk, DA/ BE
BLIRZE R

AW 5T 2R 1 M 0 UE 3 (ACCR) i P A5 K]
#E R (PCCRME J B S Al TR FLM: 1 AN H A
(Chen, Xin, Wang, & Chang, 2012), & 7EH ]

3.1.3

ACCR Fl PCCR #£%¢ CC-M2PLM A8 B4R 1
PERT, T 5% R FH 2 Q) B v 76 e 004k T 5% 4R 5
FHBEMATHE, BRI S E RN 3.3 7,
3.3 FER: VImBNEE

Templin F1 Bradshaw (2013)38 4 {# F§ CDMs 43
Bref IRMs A= i VE 22 504 B, CDMs 544 I/ IRT &
R 0 s AERR 0T 0 R4 AR (o= 1 if 6 > 0)
FRERE(a=0if 0<0)PIE, XTIk, AR CfRiAER
Templin F1 Bradshaw (2013)88F5%, FAE R FAIFSE
DIRFTIE AR P18 BT CC-M2PLM &
BRI LLM 2400z . i T2 i
5, A SO ILSZE 4K =3 . N=3000. /=30,
p=02), We, =(0,,0,,,0,;) ~ MVN;(0,L), H+

1 02 02

02 1 02}
02 02 1 }

W R A 1 iR, X5 Templin Al
Bradshaw (2013)14510 54—k, Rl A 7Edy
JEBAE R EJELL 0 5 A R B A a= 1
Ma=0 Wizk,

TR A B A KA, T BSGE R 2% S
T 5 T AE ) (B A8 ) e R AR Ak, BT LA
RIS AT AS ] %) 580 4 B ik s 7 s i b
1208 74 b (B 220 i e R[] ) i R ), a2 AL UE
Z AL AR AR BB A 40 O 2R o FRATTAT 2230
R R B VLSRR R, wTLAXT logistic
RO BIE (O) AT e 4, B 40 5] 0~1 R b

= POyt 5 e 0~1 R LSRR
1+exp(6)

P SR 5 ] (Zhan, Wang, Bian et al., 2016; i
ik, NETY,2015), W, FEIZEN A LILL 0.5 K
VISR R PR R MR 45 0 F1 1 1Y@ PR IR S
(de la Torre & Douglas, 2004), 1] &I 6=0.5 A,
A 6=0, X5 _FR BG4S 200 7 R B

Y=

— —————) 0T O —

a(LLM)
a(LLM)

a(LLM)

2 -1 0 1 2 3 3 2 -1
6,(CC-MP2LM)

-3

K1

0
6,(CC-MP2LM)

i LLM 43t CC-M2PLM A= i I VE 2 S 4 1y 45 4R

3 =2 -1 0 1 2 3
6,(CC-MP2LM)

1 2 3
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{E” KAK F LA logistic 8 R _F Y 0 £ k4 F 2R n o 51
MIfF. A4, 3T LRE5 5 BT Ao XA K —
e, T OCEXBII S AE IRT (1) logistic R
TR AR VS CPc= 0, B4R
R IEfER, EERE MR 1 (ER),
3.4 HEUHRER

1 3 T A B LLM f CC-M2PLM 2%
PIA F LLM A A2 W00 56 5500 A 45 S (BR 153 iR

I K =7 855, HARRMEWLE 2). 1%, il
LA BT R AE PR 5250 2544 7, CC-M2PLM [#)
ACCR Fil PCCR f8¥pH 51E R “HE I BRI LLM
AP A — B, H 4K 2502 SR E T4
i ko Hak, % HARE & FX CC-M2PLM il LLM
(A2 W SR 5 2 — B0 . ARG R 1 RN 2 Hhgh
W, R DA E X (2)%F CC-M2PLM H g i 1
e THE AT 3, #RSCREMS T CC-M2PLM &

#z1 LLM 5 cC-M2PLM MK SEEITIEEMK =7)

BRI BERE SR ACCR PCCR
[25] [25) as (e 7} s O o7
s LLM 0.904 0.895 0.912 0.910 0.911 0.895 0916 0515
CC-M2PLM 0.917 0.913 0.914 0.914 0.915 0916 0916  0.546
o3 “ LLM 0.961 0.958 0.951 0.960 0.956 0956  0.953  0.736
CC-M2PLM 0.959 0.953 0.946 0.958 0.954 0952 0950  0.716
LLM 0.977 0.978 0.974 0.979 0.975 0975 0976  0.856
o0 CC-M2PLM 0.972 0.974 0.970 0.974 0.971 0971 0973  0.820
s LLM 0.954 0.952 0.953 0.952 0.954 0.953 0954  0.735
CC-M2PLM 0.951 0.947 0.948 0.949 0.950 0.949 0950  0.717
s “ LLM 0.973 0.969 0.965 0.970 0.970 0.967 0967  0.804
CC-M2PLM 0.972 0.968 0.963 0.969 0.969 0.967 0966  0.800
LLM 0.982 0.983 0.980 0.984 0.983 0.982 0983  0.900
o0 CC-M2PLM 0.980 0.980 0.977 0.981 0.980 0.979 0980  0.866
LLM 0.974 0.975 0.974 0.974 0.976 0976 0975  0.851
P CC-M2PLM 0.974 0.975 0.974 0.974 0.976 0.976 0975  0.850
oo “ LLM 0.985 0.983 0.980 0.982 0.983 0.983 0983  0.890
CC-M2PLM 0.985 0.983 0.979 0.982 0.983 0.983 0982  0.888
LLM 0.990 0.990 0.989 0.990 0.990 0.991 0991  0.936
o0 CC-M2PLM 0.990 0.990 0.988 0.989 0.990 0.990 0990  0.930
1.00 0.99 091,90 400 0.99 099 1&0{3 oo ;.wo 1,001,00 oo 097, 4 098098
095 22001 0&93 - .\094 = 0.900.900-940‘94
0.90 - oss 0;39\0.37 —
0.85 p 0820 ¢
0.80
075 | oﬂf“
0.70
35333535333335333335353335353253355
Sl 18] 8] (8] |8 (8] |8 8] |8 |8 (8] |8 (8] |8 [8] |8 |8 |8
1530 | 60 | 15|30 | 60 | 15| 30 | 60 | 15| 30 | 60 | 15 | 30 | 60 | 15 | 30 | 60
03 0.65 0.9 03 0.65 0.9
3 5

2 LLM 5 CC-M2PLM B8 S 8fliiHiR HAE(PCCR, K =3 & 5)
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B A A2 T RE, HHOAF2 W R8s
LLM AN FI2 W R L —3, 5340, BADFEA
BT CC-M2PLM S50 TR B v 8, 5
HE . (DA BIEHTT CC-M2PLM A M2 K2
e, PR IL B 2 M — A2 W 56 500 T A A
(M LLM £4#4 LLM A B A s Bl S8
THR EAEA L M, A8 4 CC-M2PLM LU 4 [H]
—MEIRAES S S LLM A — 20045 St 2 LI
B CC-M2PLM S8R B RS .

W FSCATR, CC-M2PLM [ T g2 <243 7 ak;
KBRS WS RN, IEREHS 25 R e B
FEARAETHE, X2 BB THEK=3.p=03,1=30
B2 )4 24 0 1) T 8 R o A4 88 A4k (RN R X6
N R R A TS R, AR 3 R 4 ], Y
PR 1) 15 L D P (R — B, (E R X6 T A A A 1) 0
FERE U TR R AR LE V22 57 0 LAk, FRATEHE
[ 0.5, 0.51FE IR CP B 11 A7 55, 1431t
LA ) s R IR B, SRR cPo= 0
i ACCR A1 PCCR ¥4 Ry f i, i HA CPE Y
23 [AIK CC-M2PLM FY I %

#*2 CC-M2PLM 5 LLM 89#i% & 8biH{EX Lt
BRENE EEEED)
)" AlHE™
1 (0,0, 0) (0, 0, 0)
3 (1L 1, 1) (1,1, 1)
4 (0.827, 0.810, 0.765) (1L, 1,1 (1, 1,1
7 (0.655, —0.734, 0.691) (1,0, 1) (1,0, 1)

W * T CC-M2PLM WAl 1A ** i CC-M2PLM A4 H{E %
HefGH); **+ 5T LLM A HHE .

ZE LTk, MU 5T 45 SR 2 WA A 5K ) K v
R o s R E S, PR CC-M2PLM 4>
M2 Wi 56 250 1 7 v oA nl AP o 35X TR SCEEIE
BRI AL T BT PRIE
4 STUEAHE ST

SEUEEE A BT S AN TESE, )R T EE
BTN S E I o A B IR G AR bR v S bRifEALER
Z ¥ M (SRMR) . 3 L iR 22 3 75 i (RMSEA) |
Tucker-Lewis 5 %((TLI) . FLAHLAT88(CFI) . —2xlog

Heik AR A THE

(~0.837, —0.804, —0.876)
(0.908, 0.834, 0.799)

(likelihood) (HJ 2LL). AIC L) J% BIC.
4.1 KIEEIED T 1. D EURBUEEIE

P de la Torre (2009)— 3C H X 43 B 1=
(fraction subtraction)¥{#}i(Tatsuoka, 2002)AJ ik, Q
FEFELE 3. mBdET I1=15. K=5. N=536, [
FEf FH LLM . CC-M2PLM 5 DINA £4UA& %508 .

K34 TR B LS R AR O3 ALY
SRMR $5FR{E 510 0.090, 0.094 1 0.103, FY
BORS BRI R T B2 . 245G 4 DMUETE
(SRMR < 0.1, RMSEA < 0.05. TLI > 0.9, CFI > 0.9)
A CC-M2PLM X 70 $i0mi i Kot BAT 84 i 36
455 CC-M2PLM [#J— 2LL . AIC #l BIC 7£ 3 M5
A /N, BB CC-M2PLM iz 5t i & 45
A . LLM Xz Eois Bl A 45 /R IL T
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2 F 5T MW TERE A THE 72— B, XA E 1Y
YRR 2 — 3 N P 25 2R T LU
AR AEAE LV 22 S i (B 135 B IRIEE T
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®3 SEEZERENRE-HEUSER

ST B SRMR RMSEA TLI CFI - 2LL AIC BIC
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Fz 4 DERBCERIENISETIR S G

ik TETER AL T 5 FUR ) RO A ™
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277 (0.727, 0.068, 0.453, 0.244, —0.226) (1,1,1,1,0) (1,0,0,1,0)
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Bisg: RUMRSEETTHIERFL K=3. 1=15 K )

1 LLM

R> library (CDM) ##; A CDM 11,

R> Qmatrix <- read.table ("Q3.txt") #iI Q 4 Ff

R> Data <- read.table ("data.txt”) #i52 BU/E & 4

R> LLM <- gdina (data = Data, q.matrix = Qmatrix, rule = "ACDM", linkfct = "logit") #ACDM 5 LLM 2= 51 T % £ pR BUR [
R> attribute <- IRT.factor.scores (LLM, type = "MAP") #iZz BUgl 3R Jg P Al -, 2% MAP ik

R> itempar <- LLM $ coef [, ¢ (1,2,3,6,7) ]) #i5:HU8 H S HUh1HE, JFSCR S8

R> summary (LLM) #§ i 38 NS HHHECR . BB BRI S 48hn . TR PR G E B

R> IRT.modelfit (LLM) #4fii H -4 5 #8645, W1 SRMR. AIC. BIC %

2 CC-M2PLM

R> library (mirt) #Z% A mirt {2

R> K<-3 #1% & 4 £ 4L

R> Q <- matrix(scan("Q3.txt"), ncol = K, byrow = T, dimnames = list(NULL, c('Factor1', 'Factor2', 'Factor3"))) #i5t Q JE[%F, 4EfFIK4
R> cc <- 1 - diag(K)

R> COV <- as.matrix(cc == 1) #¥% & 4L 2Z [MAF7EMISE, T S5Uh 1T
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R> itempar <- coef(CM2PLM, as.data.frame = T, SE = T) #3508 H S 806 HHE, JESCR 2
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R> for (k in 1:K) {tb.attribute [ , k ] <- ifelse (theta [, k 1> CP [k ], 1, 0)} #¥5 V745 Bt Al A 55 5 Oy 55 L J v

Using confirmatory compensatory multidimensional IRT models
to do cognitive diagnosis

ZHAN Peida; CHEN Ping; BIAN Yufang

(Collaborative Innovation Center of Assessment toward Basic Education Quality, Beijing Normal University, Beijing 100875, China)

Abstract

Traditional testing methods, such as classical testing theory or unidimensional item response theory models
(UIRMs), typically provide a single sum score or overall ability. Advances in psychometrics have focused on
measuring multiple dimensions of ability to provide more detailed and refined feedback for students. In recent
years, cognitive diagnostic models (CDMs) have received great attention, particularly in the areas of educational
and psychological measurement. The outcome of a DCM analysis is a profile of a set of attributes, o, also called
a latent class, for each person; this provides cognitive diagnostic information about distinct skills underlying a
test that students mastery or non-mastery. During the same period, another kind of models, multidimensional
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IRT models (MIRTMs), which also can provide fine-grained information about students’ strengths and
weaknesses in the learning process were neglected. MIRTMs are different from CDMs in that latent variables in
MIRTMs are continuous (namely, latent traits; 0) rather than categorical (typically binary). However, categorical
variables in CDMs may be too rough to describe students’ skills when compared with the continuous latent traits
in MIRTMs.

Diagnostic measurement is the process of analyzing data from a diagnostic assessment for the purpose of
making classification-based decisions. Currently, all testing method that have cognitive diagnostic function
require substantive information about the attributes involved in specific items. Especially for CDMs, a
confirmatory matrix that indicating which latent variables are required for an item, often referred to as Q matrix ,
is a essential term to analysis response data. Actually, such confirmatory matrices also exist in some
multidimensional IRT models (MIRTMs), such as the scoring matrix in multidimensional random coefficients
multinomial logit model. Therefore, it can be deduced that when MIRTMs are formulated in a confirmatory
model defined by Q matrix, may also have diagnostic potential. Although some articles have noticed that
viewpoint (e.g., Embretson & Yang, 2013; Stout, 2007; Wang & Nydick, 2015), no one really explored the
diagnostic potential of confirmatory MIRTMs (C-MIRTMs). The main reason can be deduced that latent traits in
MIRTMs are continuous, which can not be directly used to make classification-based diagnostic decisions.

No matter MIRTMs or CDMs, multidimensional models normally can be specified into compensatory and
non-compensatory models due to the relationship among dimensions. In compensatory models, students with
high level on one dimension can compensate for lower levels on the other dimensions. Conversely,
non-compensatory models assume that every dimensions are independent or partially independent with each
others. Comparatively speaking, compensatory models are more general than non-compensatory models. Thus,
only two compensatory models were concerned in this study, multidimensional 2-parameter logistic model
(M2PLM) and linear logistic model (LLM) respectively, due to space limited.

To explore the cognitive diagnostic function of MIRTMs, a confirmatory compensatory M2PLM
(CC-M2PLM) were presented by introducing Q matrix in the item response function of M2PLM firstly. Then a
cutoff point (CP) was used to transform estimated latent traits in CC-M2PLM to categorical variables (namely,
trans-border attributes). This transformation step can be done after data analysis, thus two kinds of analysis
results can be reported simultaneously: continuous latent traits and categorical trans-border attributes. Therefore,
a suitable CP is very important, because of different CP will lead to different classification results. A simple pilot
study was done to found the suitable CP: a test created with the CC-M2PLM but estimated with the LLM
revealed that the LLM approximately divided the latent traits distribution in half, with a value of zero in IRT
scale being the location of where masters (a2 = 1 if 6 > 0) and non-masters (a = 0 if 6 < 0) were set. According to
the result of pilot study, the CP was set equal to 0 for all dimensions (i.e., CPk = 0). Parameters in CC-M2PLM
and LLM can be estimated by the mirt and CDM packages in R respectively.

In simulation study, a series of simulations were conducted to evaluate cognitive diagnostic function of
CC-M2PLM. The response data was generated by LLM, which can be treated as a diagnostic measurement
dataset. CC-M2PLM and LLM were all used to fit that dataset, and results showed that the pattern (profile)
correct classification ratio (PCCR) and the attribute correct classification ratio (ACCR) of trans-border attributes
(from CC-M2PLM) and estimated attributes (from LLM) are almost same, the extent of most differences are
smaller than 1%. Results of simulation study indicated that CC-M2PLM can be used to diagnostic measurement
and its cognitive diagnostic function was as good as that of LLM. Finally, two empirical examples of diagnostic
measurement were given to demonstrate applications and implications of the CC-M2PLM.

Key words item response theory; multidimensional item response theory; cognitive diagnostic models;
cognitive diagnosis; Q matrix; confirmatory factor analysis



