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Abstract The number of data records without one or more attributes is very large. In many cases,
few complete records are available without missing the data values. Statistical methods that replace
the missing values with mean, mode and median are commonly used. In machine learning algorithms
such as K-nearest neighborhood or decision tree, the missing values are replaced by estimation
methods. The statistical method is a global method that replaces each attribute with a representative
value, whereas the machine learning algorithm is a local method that replaces the attribute values
similar to the records. However, it is difficult to use both methods for records that contain almost all
the missing values. In order to overcome these limitations, in this paper, we propose a method to
estimate values from neighborhood properties associated with large correlation with the missing
attribute. It is based on correlation between attributes, and can be used even if the attributes carry
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almost missing values. In this proposed method, a correlation graph representing correlation coefficients
related to attribute values was constructed based on graph-based semi-supervised learning. Missing
values were estimated in proportion to the correlation coefficient derived from related attributes. In this
paper, the proposed method compared the statistical method and machine learning algorithm, which are
generally used for missing value imputation.

Keywords: semi-supervised learning, graph theory, machine learning, missing value imputation
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Table 1 Experimental Data

Data Number of Record/Attribute Number of Filled-Record Number of Missing Value
Arrhythmia 452 / 280 68 408
Pittsburgh Bridge 107 / 12 72 77
Audiology 226 / 69 140 95
Ozone 2534 / 73 1847 14937
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Fig. 2 First Experiment: The Importance of Missing Value Imputation
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Fig. 3 Second Experiment: Comparing Classification Accuracy of Missing Value Imputation Methods
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