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n:u'lf[l T‘: T\\) L (Cognitive diagnostic models, CDMs)
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Attribute Hierarchy Method
(e.g., Leighton, Gierl, Hunka, 2004)

L
Mathematical Knowledge Spaces
Psychology (e.g. Doignon & Falmagne, 1985)
®
Rule Space Methods
(e.g., Tatsuoka, 1983)
Clustering/ L

Classification

Bayesian Inference Networks ®
(e.g. Almond & Mislevy, 1999)

Newer Clustering Methods
(e.g., Douglas, Junker, Nugent,...)

| Lazarsfeld | g mm =g °
Henry Mastery Model Restricted Latent Class Models
Goodman (Macready & Dayton, 1977) (Haertel, 1989)

DINA Mode
(Junker & Sijtsma, 2001)

General(ized)

Unified Model Reparameterized Unified Model(s) DCMs
Theary (DiBello, Stout, & Roussos, 1995) (Hartz, 2002)
|
R -
__________________________ I Multicomponent Latent Trait Model - -
Lord I (Whitely, 1980) _- -

| Rasch + g ——— pole
| Birnbaum | | Linear Logistic Test Model

{ Samejima ___________ (Fischer, 1973)

Figure 13.1 Lineage of modern DCMs

General Latent Trait Model
(Embretson, 1984)
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* Deterministic input noisy “and’ gate model
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EM algorithm (EFREO&HIHKIH A WGS ; 1L, 2019)
o @()ld = [ old’gold old] L —3—%

+ E-step: P(zy|x;,0°M9,Q,A) =

P(z;1,x;10°9,Q,A)
%, P(z;0,%:10°19,QA)
* M-step: B %Qem(0|0°) = Ep(yx gora)[P(X, Zls, g, 1, Q A)] & e KAK T 5

S, g, AR 5B,

* Qpm(0]0°) =%, % ¥, v(z) [xi{ny;log(1 —s;) + (1 —ny;) log g3 + (1 —
xij){mijlogs; + (1 —my;)log(1 — g;)3] + X Xy v(zy) logm

. Jnew _ Zi 2 yEamy(1-%i7)  new _ ZiZivEi)(1-my)xij new _ ¥ v(zi)
J ZiZlY(zil)Tllj 1< ZiZlY(zll)(l Tll]) ! I

CUNRESE A T X A B E, ONeW = [shew, gnew mnew] gold ({2 L,
E-step - M-step %48 3R F, %5 THIFNIE, erewaiHA L TRT,

c HFIMEDFHINZER T 235 EI21E, M-step CHAMRIEEm L2 B,
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O model

(Templin & Henson, 2006; Deterministic input noisy “or” gate model)

* DINO
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. Wy %”’v’r%m\lﬁaj E: AN U el Rl O e oA NCQ s Y R

th\ﬂcil Z 7 T?‘OL ﬂ/L 1£0,

« DINOE T /L Dslip & guessing® T IEZDINAE T /L LR L
*DINOETILDIRF @ P(x;; = 1|s;, 95, w;) = (1 - S])m”g1 i
*BEE T /L& LT, NIDA (noisy input determmlstlc ‘and” gate

model) £ 7 “JL, NIDO (noisy input deterministic “or” gate model)
EFLBELH D,




CDM DN FE

« 2D DEELHFE: /HE (compensatory) E7 /L& JEFHE (non-
compensatory)
« ZNZ ., disjunctive, conjunctive (DiBello, Roussos, & Stout, 2006; Rupp, Templin, &
Henson, 2010) & FEiENn 5 2 & b B 5,
1l BMEETLV I HEDT I E2—-FHREBTH-TH, DT
Ea2—FEBEDOT M) E2— D EEHXZ@HETIETIL
* e.g9., DINO model (Templin & Henson, 2006), NIDO model (Templin, 2006), A-CDM (de
la Torre, 2011), LLM (Maris, 1999), C-RUM (Templin, 2006 ).
2. FFMETT I BHOLEERICHERT U E2—bE2INTERLT
W TN, EFERMNMEC B> TLE D ET IV
* e.g., DINA model (e.g., Haertel, 1989), NIDA model , RRUM (Roussos, DiBello, Stout,
Hartz, Henson, & Templin, 2007).
« B8AE T /L (saturated model) .

« GDINA (de la Torre, 2011) model, LCDM (Henson, et al., 2009 ), GDM (von Davier,
2008).
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%JL - El/j_— 7_ L (eg G- DINA-‘ETJI/ Generallzed DINAE L ; de la Torre, 2011)
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« JEfHEE T /L (noncompensatory model) D : DINAET L : Pr(X = 1]a h)—8]0+5j12...,<; Hl,filajhk

#HEET 7T /L (compensatory model) Dl : A-CDM : Pr(X = 1|« h) = 8;p + Zkf L 87k
> 7B# & LT, log, logit, identity = 8 CTZ 3,
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« e.g., Yamaguchi & Okada (2018) : G-DINAE 7 /L & Z D MM E T /L% TIMSS (Trends

in International Mathematics and Science Study) D7 —X « v F D7D D
AICEBICOERR D o L L 7o,
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cHELTWAT7 MU Ea—FARILCICEDDOLT, BEICE->T, REBETIL

NEL->TEHEY, METTIINEFHETT /ILOmMAINERI N,
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« LCDM (Log-linear cognitive diagnostic model; Henson, Templin, &Wlllse
2009) Y IRTET/LDRE[E

+ LCDM OIBBRIG : P(X; = 1A 0,Ap 0 = 0y, q;) =

1

1+exp<—<7\jo+)\}rh(al,qj)>>

o 775 L ~NIL/N—BEEIZ
M h(og,q;) =Yk-1 M 100%kdjk + Xhet Ii§>k7‘ 2, (k") Ok Otk @i e +
-I(iEZDI\/I BEEENSSZRITTAT Y AL EorEE) , KAEER%ZE
BB IR BTG O T  CER S5 A 24 A BE
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BHZXITIRT, FEMENLRETLLH D)

IR, EFER, XAEER% wié%@%;t G-DINAET /L & V) 4(C
Henson et al. (2009) CIEZ X LT L\ 3
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* CDM : BEBMI A BEZH TRV WMEAR (3~ 1 08ERE) ., A7 3V AL
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s BEN DX BEERRDHH
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e IRT : KE/ERAZ L>BERSEDIREN O ZHhE
« 7 X MA|RAimm
cCDM : B—RT AV RABTAM~OHNAE (BREMERT A ML Y)
¢ IRT: NART—7 BT XA MIHA (KBETX M E)
c AANDT7 4 — KNy 7 OHNA
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Ny
« IRT : AADE L TWBEENRIE (eg., TN HLWVWDBENDDH B)




LCDMIEEBTEY 7 RETIVICEHEA]BE
- i 1 ITEHq; = (1,1,0) DIEB RIGHEER (S,
exp(2jo)
1+ exp(kjo)'
B exp(Ajo + A 1,2))
1+ exp(Ajp +Aj1.02))
~exp(Ajo + A1)
1+ exp(kjo + 7\]-,1,(1)) ’
_oexpho At A T A20)
1+ exp(hjo +A1,01) + 1@+ X2a2)
c L RTENTES, KOBEIVIRETILORIEE—HIELONS,
* GDINAETIILEH—HT B, TEHRERILICHK S,
« HEFMDHEIFIIL, BEEOOMEICEREITLCAB,
e WCDMIZIZEMELR ETILDORIEAI-CSADH D,
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* Monotonicity constraints are “defined as the property such that for any
examinee that masters additional skills his or her probability of a correct
response must be equal to or greater than the probability of a correct response
prior to learning the additional skills” (Henson et al., 2009, p. 198).
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CDM®DERHE (DiBello, Roussos, & Stout, 2006)

1.4 By O FEaR
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