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%ﬁ\jﬁ' N — 536)]{ — 8 Guessing | Guessing |
[tem (SD) Slip (SD) (SD) Slip (SD)
HE E IRF[E] 1 040 (.013) 079 (.016) .045 (.016) .078 (.018)
Estimation Ttime 2 023 (.010) 041 (.011) 024 (.015) .040 (.012)
3 007 (.005) 133 (.019) .007 (.007) .132 (.020)
o ~600 4 234(.024) .111(.020) 237 (.026) .110 (.021)
© 5 306 (.029) 159 (.022) 309 (.030) .151 (.024)
8 - 6 .154(.034) .040(.009) .198 (.054) .038(.010)
. 7 033 (L011) 200 (.025) 036 (.014) .200 (.028)
S 8 435 (.047) (172 (.018) 432 (.048) .164 (.019)
1.28 9 221 (.040) 249 (.021) 236 (.039) .248 (.023)
° 10 .035(011) 199 (.025) 036 (.012) 191 (.028)
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VB MCMC

—— 'E Item Variational expectation—maximization algorithm Markov chain Monte Carlo algorithm
T X |~ I — Q (ECP E) D PO0)  P(10) PO P(I) PO0)  P(10) PO  P(I1)

I .697 (013) 801 (016) .515 (.065) 937 (.007) 692 (.016) 814 (.028) 810 (.075) .930 (012)
dﬁ'fﬁ” (ZIVETIL,N =2922,K =3)2  732(012) 905 (007) 738 (.015) .907 (.010)

3415 (.016) .500 (017) .604 (072) 782 (.013) 416 (.019) .503 (.022) .624 (.123) 786 (.016)

4 461 (016) 822 (.009) 466 (.019) 825 (.010)
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% ?&E } }[/ I) Z -L\ % E:Fﬁ% 3550105-
ﬁﬁn jEFH_- 2'53\ Ei@( g -3.600x10° |
= l E -3.650x10° | [
N ] N :‘: -3.700x10° |
ogpXIQ| = | H|5logp(lQ)| = B[ LmaXsIQ)| g o
I l : *L % Esikl(t ~3.800410° | —— l‘l:lptltaemgtmal ices
E% H@Lﬁ-{u ~3.850x 10 O 50 100 150 200 250 300 350 400 450 500 550 GOO 6‘50
Fraction Subtraction Dataset (Tatsuoka, 1983) TIMSS2003 Mfathematics Dataset
Gibbs sampler EM-based algorithm Expert knowledge
Proposed method (Chung. 2019) (Chen et al.. 2015) ropored metod) (Suetal. 2003)
AIC 7460.52 7520.70 7489.86 AIC 35743.76
BIC 7670.44 7730.62 7699.78 BIC 73875.83
WAIC 6268.58 6390.34 6320.25 WAIC $1.60 10991 64
WBIC 5310.10 :317.60 .313.36 WBIC 803.34 855.29
Negative ELBO 3834.33 3855.40 3840.05 Negative ELBO 10752.03 1092917
Strictly Identifiable? Yes No No Strictly Identifiable? No No

(p-partially identifiable) (p-partially identifiable)

Ti |4h 30mi ' —
Time (seconds) 24 1065 73 me min

. — - ; X ; Note. To compute WAIC and WBIC, we run MCMC estimation using four chains with 5,000 iterations an
Note. To compute WAIC and WBIC, we run MCMC estimation using four chains with 5,000 iterations and 2.000 burn-in

2,000 burn-in.
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%[Zf’—jg@ tlj%@@{ﬁlj Model WAIC WBIC
MC-S-DINAI 18.477.3 9,244.8
2.The flagis( ) every morning by the person in charge.* MC-PK-DINAI-S 18.343.1 9.174.4
MC-PK-DINAI-M 18.338.2 9,170.6
a. rising 8o o — o
| RRETIN2DOH., BfFE
b risen EFLLY HENES
C. raising
BT Mastery Profile MC-S-DINAT ~ MC-PK-DINAI-S ~ MC-PK-DINAI-M
(0,0, 0, 0) 48 18 19
(LL 11 438 332 341
RITED
Total 500 500 500
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B HRLE-BEEDIXRAX T&Eaﬁ’@?%‘“—“ E%T:GD% ELYDILER - 59X
L7=R/Xv o — Z2FF - CRANAE AN

Item variationalDCM dina
Package ‘variationalDCM’ 5(5D) ;D) 5 (SD)  g; (SD)
1 079 (.016) .040 (.013) .078 (.018) .045 (.016)
March 25, 2024 2 041 (.011) .023 (.010) .040 (.012) .024 (.015)
ype Package o 3 133 (.019) .007 (.005) .132 (.021) .007 (.007)
Title :;:12:;;:11“] Bayesian Estimation for Diagnostic Classification 4 111 {DQD) 294 {024) 111 l: 0?2 1) 937 (026)
Version 2.0. 5 159 (.022) 306 (.029) .151 (.024) .308 (.029)
Description Enables computationally efficient parameters-estimation by variational Bayesian meth- i) 040 {DDQ) 154 (034) 038 l[ 010) 198 (052)
ods for various diagnostic classification models (DCMs). DCMs are a class of discrete la- = -
tent variable mudcti ihlfclnssifyi:lg lrcsru.lndt.:nls(imn lilll):ﬂl classes that typically rcpnl::-:cnl dis- l 200 {DQD) 033 {Ol 1) 200 l: 028) 036 (014)
tinct combinations of skills they possess. Recently, to meet the growing need of large-scale diag- 8 172 {D 18) 435 {D-—l?) 164 l[ 019) 432 (0—18)
ostic measurement in the field of educational, psychological, and psychiatric measure- o
Ew;m. ralrii:lirm:ll :‘;il;\:ﬁiilll]ilﬂlcl'\ll'lﬂ.'t: hutsl b:cn I:Jc{'c rl)pcﬁ as a c?uulpl.l):alt]i(ul:ll|y1:: I'li:ilcnl alterna- 9 249 {DQ 1) 221 { O"ID) 248 l: 023) 235 l: 059)
o 10 199 (.023) 035 (.011) 190 (.028) =036 (.012)
aguchi and Okada (2020a) <doi: 10. 511336-020-09739-w>, Yam- - -
il;.ll.‘hi and Okada t:’.[]'l[]b)] <doi: 10.3102/1076998620011934>, Yam- ]-1 08“1 [Dl '{) 069 [Dla) 08“1 l: 019) 068 (016)
aguchi (2020) <doi:10.1007/s41237-020-00104- 12 038 ('010) 215 [,031) 038 ( 012) 966 (.048)
w2, Oka and Okada (2023) <doi:10.1007/511336-022-09884-4>, and Yamaguchi and Mar- _ - - _ -
tinez (2023) <doi:10.1111/bmsp.12308>. To facilitate their applications, 'variational DCM' is de- 13 335 (031) 017 {DD f) 335 (031) 017 (009)
::Zl\l)il::d‘l(llf:;)\\fgjéxdtulIu.lmn of recently-proposed variational Bayesian estimation meth- 14 051 [Dl 1) 125 [DQT} 045 (013) 161 (039)
_ 15 111 (.019) .032 (.011) .112 (.023) .033 (.016)
# fit the DINA model 16 099 (.015) .158 (.030) .091 (.017) .184 (.037)
Q = sim_Q_J80K5 17 141 (.022)  .042 (.012) .141 (.023) .043 (.014)
sim_data = dina_data_gen(Q=Q,I1=200) 18 135 (.022) 127 (.020) .135 (.023) .130 (.021)
res = variationalDCM(X=sim_data$X, Q=Q, model="dina") 19 234 (.029) .026 (.009) .232 (.032) .027 (.009)
summary (res) 20 146 [.DWS (.008) .143 ( 9 (.009)
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