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The Formulation of Multiple —Strategies Hamming Distance Discrimination

LI Yuanbai ZENG Pingfei YANG Yakun KANG Chunhua”
( College of Teacher Education Zhejiang Normal University Jinhua Zhejiang 321004 China)

Abstract: The purpose of the paper is to formulate a nonparametric multiple-strategies cognitive diagnosis discrimi—
nation method which called Multiple-Strategies Hamming Distance Discrimination( MS-HDD) to estimate exami-
nees” knowledge states that generated in multiple-strategies of problem solving. The results show that under the sin—
gle-strategy testing situation all of the SMR AAMR and the PMR of MS-HDD method are as similar as SS-HDD"s
results. Under the multiple-strategies testing situation the MS-HDD leads to more accuracy in these indexes than the
SS-HDD. Under the multiple-strategies testing situation MS-HDD is compared with MSCD and the result show that
MS-HDD has more better performance than MSCD when the random slip is growing. All in all the method that ex—
tends the SS-HDD method to all for multiple-strategies of problem solving which is called MS-HDD was suited to
multiple-strategies testing situation and could be accepted in our practical application.

Key words: cognitive diagnosis; multiple-strategies; Hamming Distance Discrimination; PMR



