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2  Baker F B. Item response theory: parameter estimation

Further Research on the Parameter Estimation Method of
BP Neural Network Based on Item Response Theory

GUAN Chao-hui DING Shuiang”
( College of Computer Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: Parameter estimation is one of the important components of item response theory( IRT) . When the sample
of examinees or the number of the items is small the traditional statistical methods of parameter estimation may be
failure. Due to the shortcoming of the traditional parameter estimation methods a new way based on BP neural net—
work with reduced dimension method was proposed. This article is a further research on the work exited. With a
modified reduced dimension method and a new construction of BP neural network the Monte Carlo study shows a
better result.

Key words: parameter estimation; IRT; BP neural network; Monte-Carlo simulation



