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of standard errors in cognitive diagnosis models

The Attribute Hierarchical Structure Learning Based on K2 Algorithm

YU Xiaofeng' MA Yifan' LUO Zhaosheng' QIN Chunying’
(1. School of Psychology Jiangxi Normal University Nanchang Jiangxi 330022 China;

2. Department of Mathematics and Computer Science Nanchang Normal University Nanchang Jiangxi 330032 China)

Abstract: There is often some hierarchical relationship among the attributes measured by the diagnostic test but at—

tribute hierarchical relationships are often difficult to obtain. Experience-based attribute—relationships are prone to

errors. The attribute mastering model is taken as input and the accuracy of the attribute hierarchical structure learn—

ed by the K2 algorithm under different conditions is evaluated. Simulation research and empirical data analysis re—

sults show that the K2 algorithm has a high accuracy rate for the learning of the attribute hierarchy and the K2 algo—

rithm has different sensitivities to the four basic hierarchical structures among which the linear and divergent types

are sensitive to the threshold while the convergence type and unstructured type have higher sensitivity to the thresh—

old.

Key words: Bayesian network structure learning algorithm; attribute hierarchical structure; K2 algorithm



