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Abstract

Redundant  attributes often  make
building an effective -classifier difficult.
Feature weighting is one way to resolve this
problem. However, as the diversity of the
data increases, all data using the same set of
feature weighting may be inappropriate. This
work proposes a local feature weighting
approach, which uses a coevolution genetic
algorithm to generate multiple sets of local
feature weighting. Our experimental results
show that the accuracy of a classifier can be
improved with multiple sets of local feature
weighting than without using any feature
weighting.
Keywords: Coevolution, Feature weighting,
Genetic algorithm, K nearest neighbor
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