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A New Clustering Method for Minimum Classification Error
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Abstract

Clustering is one of the most popular unsupervised learning methods, which is widely used to
form clusters with homogeneous data. Clustering was used to extract contexts corresponding to
clusters and a classification method was applied to each context or cluster individually. However,
it is difficult to say that the unsupervised clustering is the best context forming method from the
view of classification.

In this paper, a new clustering method considering classification was proposed. The proposed
method tries to minimize classification error in each cluster when a classification method is applied
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to each context locally. For this purpose, the proposed method adds constraints forcing two data

points belong to the same class to have small distances, and two data points belong to different

classes to have large distances in each cluster like in linear discriminant analysis. The usefulness

of the proposed method is confirmed by experimental results.
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