A Classifier Capable of Handling Incomplete Data Set
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ABSTRACT

This paper introduces a classification algorithm which can be applied to a learning problem with incomplete data sets, missing variable
values or a class value. This algorithm uses a data expansion method which utilizes weighted values and probability techniques. It operates by
extending a classifier which are considered to be in the optimal projection plane based on Fisher’s formula. To do this, some equations are
derived from the procedure to be applied to the data expansion. To evaluate the performance of the proposed algorithm, results of different
measurements are iteratively compared by choosing one variable in the data set and then modifying the rate of missing and non-missing values
in this selected variable. And objective evaluation of data sets can be achieved by comparing, the result of a data set with non-missing variable
with that of C4.5 which is a known knowledge acquisition tool in machine learning.
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Table 1. The example of training data
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Table 2. The example of additional Training data
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{a) Balance Scale Weight & Distance CllO|E{tflo| A : 3 B 3 B= g5 AL
{b) Car Evaluation HIO|E{H[O|A : 6 HE 4 §F 1728 AlA
{c) Sleep Stage Scoring HIOIE| : 11 5 6 27, 1236 Al
Table 4. The experiment results.

(@) Balance Scale Weight & Distance Database : 3 Variable, 3 Class, 625 Event

{b) Car Evaluation Database : 6 Variable, 4 Class, 1728 Event
(c) Sleep Stage Scoring Database : 11 Variable, 6 Class, 1236 Event
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82.4627 86.3853 88.5790 90.3278
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