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k-anonymity is a requirement for personal data

to protect privacy. In order to achieve fast k-

anonymization without sacrificing quality of gener-
ated data, in this paper we propose two methods: (i)
combinatory method of clustering and space parti-
tioning and (ii) a novel clustering algorithm that finds
clusters by analyzing a nearest-neighbor graph. Our
experimental results show that k-anonymization with
our methods is at most 10 times faster than exist-
ing methods without incurring additional information
loss.
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