3E2-04

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

AL R A N7 L2 — R0 B DR R AR D1 2

Proposal a new feature evaluation measure for filter type feature subset selection
with Evolutionary Algorithm
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Feature Selection is an important preprocessing step for pattern recognition and data mining problems. This process selects
necessary features and removes redundant features. In this work, we propose a new fitness function for feature subset evaluation.
The proposed new fitness function is used for feature subset selection with EC algorithms. Simulation experiments using the
benchmark datasets have been done and the results are compared with popular methods.
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