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3.2.1
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rRUM-AH 2

RUM rRUM-AH
Mean AAMR 0.953 0.952
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Mean AAMR Mean PMR
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200
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3 3
Mean AAMR Mean PMR
rRUM rRUM-AH rRUM rRUM-AH
5 0.942 0.988 0.742 0.944
6 0.956 0.980 0.781 0.892
7 0.949 0.979 0.721 0.871
8 0.936 0.967 0.626 0.789
Mean 0.946 0.979 0.718 0.874
5 0.963 0.993 0.826 0.968
6 0.916 0.991 0.575 0.949
7 0.853 0.989 0.386 0.925
8 0.786 0.987 0.244 0.898
Mean 0.880 0.990 0.508 0.935
5 0.944 0.995 0.759 0.977
0.925 0.993 0.639 0.960
7 0.890 0.992 0.470 0.945
8 0.859 0.990 0.386 0.919
Mean 0.905 0.993 0.564 0.950
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The Revision of the Reduced RUM Based on the Attribute Hierarchy

CAI Yan TU Dongbo

( School of Psychology of Jiangxi Normal University Lab of Psychology and Cognition Science of Jiangxi Nanchang Jiangxi 330022 China)

Abstract: The Monte Carlo simulation method and empirical study were both used here to investigate the accuracy
and the power of output explanation of diagnosis. Three simulation studies were conducted: Study 1 was based on the
fix sample size test length and the number of attributes. While Study 2 and Study 3 were based on the variable sam—
ple size and test length and the number of attributes respectively. Different attribute hierarchies were contained in all
three simulation studies. At last the real data about syllogistic reasoning was chosen as an example to illustrate the
application and comparison of the rRUM and the rRUM-AH. The findings showed that: If the relationship between
attributes satisfied some hierarchy structure then under any experiment design condition the corrected ratios under
rRUM-AH model were greater than those under rRUM model. When the relationship between attributes satisfied
some hierarchy structure the average of pattern corrected match ratios under rRUM model was less than 80 percent
otherwise it under rRUM-AH model was greater than 90 percent. To satisfy the need in practice the rRUM-AH
model is a good choice for practitioner. Based on the analysis on the syllogistic reasoning data the outputs indicated
that the rRUM-AH model could fit the data better than rRUM model and the power of result explanation under it
was more reasonable.

Key words: cognitive diagnosis models; attribute hierarchy structure; the reduced RUM; classification accuracy



