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02 0
s (vi) 2(b)
1 0
N ER y MLE 1&D MMLE 19 RSS b% MLE 1&D MMLE 6 RSS
s, ~U(0.05 0.25) g ~U(0.05 0.25)
0.00 0.935 0.997 0.994 0.998 0.987 0.999 0.907 0.959 0.902 0.976 0.795 0.976
0.10 0.896 0.986 0.993 0.989 0.973 0.996 0.844 0.909 0.859 0.921 0.776 0.923
300 0.20 0.865 0.962 0.986 0.980 0.955 0.988 0.785 0.851 0.812 0.858 0.743 0.844
0.30 0.808 0.878 0.933 0.924 0.882 0.898 0.707 0.762 0.737 0.769 0.683 0.753
0.40 0.664 0.679 0.718 0.705 0.688 0.696 0.616 0.645 0.654 0.653 0.613 0.644
0.00 0.937 1.00  0.999 1.00 0.995 1.00 0.917 0.977 0.933 0.987 0.805 0.984
0.10 0.896 0.994 0.999 0.995 0.987 0.999 0.854 0.923 0.891 0.933 0.787 0.937
500 0.20 0.863 0.982 0.995 0.990 0.978 0.997 0.794 0.865 0.845 0.876 0.751 0.860
0.30 0.810 0.899 0.943 0.941 0.897 0.924 0.720 0.784 0.769 0.789 0.701 0.766
0.40 0.661 0.685 0.745 0.718 0.711 0.714 0.623 0.647 0.661 0.650 0.621 0.650
0.00 0.936 1.00 1.00 1.00  0.999 1.00  0.915 0.989 0.957 0.994 0.806 0.990
0.10 0.895 0.998 1.00  0.999 0.993 1.00 0.857 0.937 0.923 0.941 0.788 0.947
1 000 0.20 0.864 0.991 0.998 0.996 0.990 0.996 0.797 0.875 0.873 0.883 0.752 0.879
0.30 0.818 0.919 0.968 0.974 0.948 0.943 0.722 0.783 0.790 0.786 0.696 0.769
0.40 0.674 0.699 0.754 0.750 0.739 0.730 0.619 0.648 0.672 0.650 0.617 0.648
5, ~U(0.05 0.40) g ~U(0.05 0.40)
0.00 0.843 0.982 0.948 0.987 0.931 0.986 0.830 0.949 0.853 0.966 0.800 0.947
0.10 0.810 0.937 0.925 0.946 0.885 0.943 0.789 0.882 0.807 0.896 0.772 0.883
300 0.20 0.764 0.865 0.873 0.885 0.824 0.877 0.736 0.807 0.749 0.818 0.723 0.806
0.30 0.701 0.759 0.777 0.785 0.736 0.770 0.674 0.721 0.687 0.733 0.672 0.718
0.40 0.597 0.625 0.650 0.633 0.625 0.644 0.592 0.619 0.622 0.626 0.604 0.626
0.00 0.842 0.995 0.979 0.996 0.947 0.995 0.842 0.973 0.907 0.983 0.821 0.966
0.10 0.807 0.950 0.956 0.955 0.910 0.956 0.801 0.901 0.854 0.910 0.790 0.905
500 0.20 0.767 0.882 0.906 0.899 0.851 0.885 0.749 0.826 0.794 0.838 0.742 0.825
0.30 0.698 0.770 0.802 0.796 0.753 0.782 0.688 0.737 0.724 0.742 0.684 0.736
0.40 0.601 0.631 0.666 0.640 0.637 0.651 0.605 0.622 0.634 0.629 0.611 0.635
0.00 0.846 0.999 0.994 0.999 0.963 0.998 0.844 0.986 0.949 0.992 0.828 0.979
0.10 0.810 0.963 0.975 0.963 0.927 0.966 0.803 0.915 0.893 0.921 0.800 0.914
1000 0.20 0.770 0.889 0.936 0.912 0.877 0.905 0.755 0.838 0.825 0.848 0.748 0.842
0.30 0.707 0.773 0.838 0.803 0.782 0.793 0.690 0.742 0.739 0.747 0.684 0.741
0.40 0.610 0.633 0.678 0.646 0.652 0.655 0.595 0.621 0.637 0.628 0.606 0.642
N= i ER = VY=Y ; MLE = 1&D = ; MMLE = ;
6=0 7RSS = 2



6 ) 629
NS Y 1 :
0. SW 0.9 X
0. 6?/._——5_‘_;‘—-.*@7"‘ 1->080->1 0.8 —~—#1
% - 1:)0 % // \ "
0.4 & ol goii 0.7 N/ ¥ ::2
0.2 0.6 \/ —=#5
(]?):aseliﬁe y | MLE | 1&D ‘MMLE‘ é | RSS‘ 0 5Basel:'Lr‘le y | MLE | 1&D | MMLE‘ é | RSS
. Baseline 0 #1 #2 - #5
1 4 (a) (b)
4 Jang E E. Cognitive diagnostic assessment of L, reading
4 comprehension ability: validity arguments for fusion model
application to languedge assessment J . Language Tes—
ting 2009 26( 1) :3173.
5 McGlohen M K Chang Huahua. Combining computer a—
' ' daptive testing technology with cognitively diagnostic as—
A Y Y sessment J . Behavior Research Methods 2008 40( 3) :
3 808-821.
6 Im S Corter J E. Statistical consequences of attribute mis—
0 Y specification in the rule space method J . Educational
and Psychological Measurement 2011 71(4) :712-931.
7 Rupp A A Templin J. The effects of Q-matrix misspecifi—
0 cation on parameter estimates and classification accuracy
in the DINA model ] . Educational and Psychological
; Measurement 2008 68( 1) : 78-96.
8 Junker B Sijtsma K. Cognitive assessment models with few
0 MCMC assumptions and connections with nonparametric item re—
0 sponse theory J . Applied Psychological Measurement
; ! * 2001 25:258-272.
T ; 9 Haertel E H. Using restricted latent class models to map
2 the skill structure of achievement items J . Journal of
EM Educational Measurement 1989 26(4) :301321.
T-1 10 dela Torre J. An empirically based method of @-matrix val—
idation for the DINA model: development and applications
J . Journal of Educational Measurement 2008 45: 343-
S 362.
11 DINA 0
1 Chen Jinsong de la Torre J. A general cognitive diagnosis J . 2012 44( 4) : 558-568.
model for expert-defined polytomous attributes J . Ap- 12 Chiu Chiayi. Statistical refinement of the Q-Matrix in cog—
plied Psychological Measurement 2013 37(6) : 419-437. nitive diagnosis J . Applied Psychological Measurement
2 Sun Jia’nan Xin Tao Zhang Shumei et al. A polytomous 2013 37(8) : 598-618.
extension of the generalized distance discriminating meth— 13 Chen Ping Xin Tao Wang Chun et al. Ondine calibration
od J . Applied Psychological Measurement 2013 37 methods for the DINA model with independent attributes
(7):503-521. in CA-CAT ] . Psychometrika 2012 77(2) :201-222.
3 De Carlo L T. On the analysis of fraction subtraction data: 14
the DINA model classification latent class sizes and the ] . 2011 43(6) :710724.
Q-matrix ] . Applied Psychological Measurement 2011 15
35(1):8=26. J. 2011 43(7) : 836-850.



630 ( ) 2015

16 . 25 de la Torre J Douglas J. Higher-order latent trait models
I . 2013 21(10): for cognitive diagnosis J . Psychometrika 2004 69( 3) :
1883-1892. 333353.
17 . 26 Tatsuoka K K. Toward an integration of item-response the—
J . 2012 35(2) :452-456. ory and cognitive error diagnosis C // Frederiksen N
18 . Glaser R L Lesgold A M et al. Diagnostic monitoring of
J . 2011 43(8):964- skill and knowledge acquisition A . Erlbaum: Hillsdale
976. 1990: 453-488.

19 Wang Wenyi Ding Shuliang Song Lihong. New Q-matrix 27 Chiu Chiayi Douglas J A. A nonparametric approach to
validation methods and their sensitivity under the DINA cognitive diagnosis by proximity to ideal response patterns
model C . San Francisco: CA 2013. J . Journal of Classification 2013 30:225-250.

20 . J. 28 DiBello L V Roussos L A Stout W. Review of cognitively

2013 33(5) :396-401. diagnostic assessment and a summary of psychometric

21 . 0 models C // Rao C R Sinharay S. Handbook of statis—

J . : tics A . Elsevier: Amsterdam 2007:979-4030.
2015 39(2) : 138444 170. 29 .
22 . D’ J. 2011 34(2):258265.
J . 2015 47(3) :417- 30
426. I

23 Leighton J P Gierl M J Hunka S M. The attribute hierar— 2010 34( 5) :490-495.
chy method for cognitive assessment: a variation on Tatsuo— 31  Liu Jingchen Xu Gongjun Ying Zhiliang. Data-driven
ka”s rule-space approach J . Journal of Educational learning of Q-matrix J . Applied Psychological Measure—
Measurement 2004 41( 3) : 205237. ment 2012 36(7) : 548-564.

24 de la Torre J. DINA model and parameter estimation: a di— 32 .
dactic J . Journal of Educational and Behavioral Statis— [ J . 2015 47(2):273-
ties 2009 34( 1) : 115430. 282.

The Q-Matrix Validation Methods and Comparison to Three Existing Methods

SONG Lihong' WANG Wenyi® DING Shuliang®
(1. Elementary Educational College Jiangxi Normal University Nanchang Jiangxi 330022 China;
2. College of Computer Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: The Q-matrix plays an important role in establishing the relation between latent attribute patterns and ide—
al response patterns. In practice the Q-matrix is difficult to specify correctly in cognitive diagnostic assessment and
misspecification of the Q-matrix can seriously affect the accuracy of both item parameter estimates and the classifi-
cation of examinees. In the study three ondine calibration methods have been extended to validate @-matrix and
three related methods including the 8 method the y method and the @-matrix refinement method ( denoted by
RSS) have been compared. A simulation study was conducted to investigate the sensitivity of validation methods to
four factors ( the distribution of attribute patterns sample size the quality of items and the error rate of q-entries)

under the deterministic inputs noisy “and” gate ( DINA) model. Results show that marginal maximum likelihood
method performs best both in terms of accuracy and robustness.

Key words: cognitive diagnostic assessment; the Q-matrix; the DINA model; the EM algorithm; ondine calibration
method



