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The Multiple-Strategy Cognitive Diagnosis Method with Polytomous Scoring

HUANG Yu LUO Fen XIONG Jianhua DING Shuliang GAN Dengwen’
( College of Computer Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: Cognitive diagnosis ( CD) is the product of the combination of modern psychometrics and cognitive psy—

chology. Polytomous scoring items can provide more comprehensive information and better reflect the KS of the ex—

aminees. Taking into account the existence of different cognitive strategies corresponding to different attribute hierar—

chies even under some scoring rules there is a complex situation in which the same item uses different problem—

sovling strategies maybe corresponding to different values borrowing the equivalent approach of project response the—

ory to deal with this complex situation. Monte Carlo simulation experiments show that in the polytomous scoring test

when the response data of examinees contained multiple-strategy responses: The diagnosis results using multiple—

strategy CD method pattern match ration ( PMR) better than the single-strategy CD method. The method the PMR

in various slip all higher than other methods their method the score conversion caused the lossing of information.

Key words: cognitive diagnosis; multiple-strategy cognitive diagnosis; polytomous; @ matrix



