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Abstract Nearest neighbor algorithms classify an unseen input instance by selecting similar cases
and use the discovered membership to make predictions about the unknown features of the input
instance. The usefulness of the nearest neighbor algorithms have been demonstrated sufficiently in
many real-world domains. In nearest neighbor algorithms, it is an important issue to assign proper
weights to the attributes. Therefore, in this paper, we propose a new method which can automatically
assigns to each attribute a weight of its importance with respect to the target attribute. The method
has been implemented as a computer program and its effectiveness has been tested on a number of

machine learning databases publicly available.
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