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Abstract

Feature Subset Selection in the Induction Algorithm
using Sensitivity Analysis of Neural Networks

Boo-sik Kang®
Sang-chan Park**

In supervised machine learning, an induction algorithm, which is able to extract rules from data with
learning capability, provides a useful tool for data mining. Practical induction algorithms are known to
degrade in prediction accuracy and generate complex rules unnecessarily when trained on data containing
superfluous features. Thus it needs feature subset selection for better performance of them. In feature subset
selection on the induction algorithm, wrapper method is repeatedly run it on the dataset using various
feature subsets. But it is impractical to search the whole space exhaustively unless the features are small.

This study proposes a heuristic method that uses sensitivity analysis of neural networks to the
wrapper method for generating rules with higher possible accuracy. First it gives priority to all features
using sensitivity analysis of neural networks. And it uses the wrapper method that searches the ordered
feature space. In experiments to three datasets, we show that the suggested method is capable of selecting
a feature subset that improves the performance of the induction algorithm within certain iteration.

Key words: feature subset selection, wrapper method, neural networks, induction algorithm

* Dept. of Business Administration and Information, Mokwon University
** Dept. of Industrial Engineering, Korea Advanced Institute of Science and Technology

FERSHRAMAYEI 22X ATA M2z 2001 128 63



