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The New Method of Ability Estimation in CAT

LI Jia DING Shuliang
( College of Computer Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: The maximum likelihood estimation method ( MLE) of the ability estimation does not work with special
response patterns such as all elements of the response patter are Os or all 1s. If setting lower and upper bounds of a—
bility estimation the ability estimation scale will shorten. Bayesian-based estimation methods need a prior distribu-
tion the choice of prior distribution must be careful. A new ability estimated method ( NMLE) is introduced adding
two new items to establish a new likelihood function based on the existing item bank. New method not only need not
ability prior distribution but also does not shorten the ability estimation scale and can deal with all kinds of re—
sponse patterns. New method has better performance through the Monte Carlo simulation method on 3PLM.

Key words: MAP; EAP; NMLE; ability estimation efficiency ( : )



