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Abstract

Missing data is one of crucial problems in research. To get a complete set of data before ana-
lyzing process is needed in many kinds of research. Due to the missing data imputation, the efficiency
and error in data analysis make the research unreliable and inaccurate. Therefore, researchers need

to have a management approach to reduce data missing and must have knowledge base on dealing
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with data missing problems. This article reviews the literatures about data missing and the method

how to deal with missing values problems. It presents the meaning, type and method of managing

missing data especially in K Nearest Neighbor imputation. This review can be a guideline for getting

the complete information to work in the next phase of research.

Keywords: Missing data, Missing data Imputation, Error
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