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Boosted Constrained K-means Algorithm
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COP-KMEANS is a light weight constrained clustering algorithm in terms of computational cost, which is

desirable for interactive data mining systems that potentially require responce performance.

However, COP-

KMEANS has several problems caused by the order of the data assignment in the clustering procedure. This paper
proposes a method to avoid such problems and improve the performance of COP-KMEANS by using boosting
technique. Based on the boosting framework, we control the data assignment order using weights that are given
to must/cannot-link constraints in the process of boosting. Experimental results show that our proposed method
effectively improves the performance of COP-KMEANS.
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3.1 Boosted Constrained Kernel K-means
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Algorithm 1 Boosted Constrained Kernel K-means
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3.2 Modified COP-KMEANS
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