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The Suitability of Q-Matrix on the Primary School Grade Four
Students’ Arithmetical Word Problem

KANG Chunhua' > YANG Yakun'? ZHONG Xiaoling' ZENG Pingfei'”
(1. College of Teacher Education Zhejiang Normal University Jinhua Zhejiang 321004 China;
2. CN Test Company Shenzhen Guangdong 518000 China)

Abstract: The definition and selection of Q-matrix are very important in cognitive diagnostic assessment( CDA) be—
cause these concern the quality of a test and accuracy of CDA. The Q-matrix of simulation study can be set arbitrari—
ly but it not always the case in practical research. Based on the principles of existing theory and related simulation
studies the primary school grade four students” arithmetical word problem is taken as an example to illustrate how to
choose a suitable testing Q-matrix in practice. Empirical and simulation studies are used toverify the appropriate of
selected testing Q-matrix. The results suggested that increasing the pattern and number of test items not always im—
prove the pattern match ratio ( PMR) and marginal match ratio ( MMR) when testing Q-matrix contains the reach—
ability matrix; instead a @-matrix with reachability matrix is better than the Q-matrix which includes too many test
patterns.

Key words: mathematical word problem; Q-matrix; reach-ability matrix; GRM-AHM-A method



