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The Effects of Missing not at Random Data to the Accuracy of
Ability Parameter Estimation in IRT

KANG Chunhua SUN Jinling SUN Xiaojian ZENG Pingfei "
( College of Teacher Education Zhejiang Normal University Jinhua Zhejiang 321004 China)

Abstract: A simulation study is conducted to explore proper methods of handling missing not at random data in IRT
context. First generate response data of 500 subjects on 20 items every item is scored by O or 1. Then different per—
cent of missing data were simulated next 6 kinds of methods were used to deal with the missing data. Estimate the
subjects” ability via the BILOG-MG software comparing different methods with the following four criterias: BIAS.
BIAS,,, and RMSE. It is shown that these methods exhibit varying degrees of effectiveness in dealing with MNAR. It
is advisable for us to us the NP MI EM methods to handle with MNAR in IRT context.

Key words: the proportion of missing data; methods to deal with missing data; parameter estimation in IRT



