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Abstract We studied k-means privacy preserving clustering method within the framework of differential privacy. We
first introduced the research status of privacy preserve data mining and privacy preserve clustering, briefly presenting
the basic principle and method of differential privacy. To improve the poor clustering availability of differential privacy
k-means, we presented a new method of IDP &-means clustering and proved it satisfies e-differential privacy. Our experi-

ments show that at the same level of privacy preserve, IDP k-means clustering gets a much higher clustering availability

than differential privacy £-means clustering method.
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