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Comprehensive Comparison of Methods for

Imputing Discrete Missing Data
YUAN Jianyu', YAN Chunyan',YE Zhiwei' , YANG Zhiyong®
(1 School of Com puter Science, Hubei Univ. of Tech., Wuhan 430068, China ;
2 Hubei Provincial Public Security Department , Wuhan 430064, China)

Abstract: In the process of data mining, the widespread problem of missing data would largely affect the
data quality and the robustness of analyses, and ultimately lead to biased decision-making. The commonly
used imputation methods are mainly targeted at continuous data, most of which are not suitable for dis-
crete data. However, there still lacks comprehensive research on discrete data imputation methods both at
home and abroad. To this end, we have systematically estimated the discrete data imputation performance
of several methods, including mode-based filling, random filling, K nearest neighbor filling, auto-encoder-
based filling, and generative confrontation based filling, by modifying the existing models to fit discrete
data. The results indicated that the performances varied largely among different filling methods, which in
turn affects the accuracy of subsequent analyses. Therefore, it is crucial to choose suitable imputation
scheme according to different data sets during the data preprocessing stage.

Keywords: missing data; data imputation; discrete data; method comparison
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