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## artificially drop some data values.
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No. of variables tried at each split: 2
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setosa versicolor virginica class.error
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virginica 0 4 46 0.08
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Data imputation by Random Forest
— The principle and its application for National Center
Test in Japan —

Tsunenori Ishioka

The National Center for University Entrance Examinations

Abstract

Random Forest, one of the ensemble learning methods for classification and non-linear
regression model, provides a stable and an accurate data imputation for the missing data.
This paper shows that the algorithm works well for a large dataset containing missing data.
The examples are science and society examination scores appearing in the Japanese National
Center Test in 200x.
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