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Abstract: As generalization and bucketization, several anonymization techniques have been designed for publishing
privacy preserving micro data. In existing approaches there is some amount of information losses by using
generalization particularly in high dimensional data. There is no a clear separation between quasi-identifying
attributes and sensitive attributes in case of bucketization. To overcome this problem, we proposed a approach called
slicing. The data partitions both horizontally and vertically in slicing. Slicing provide better membership disclosure
and better data utility over than generalization. Slicing also performs on high dimensional data. Slicing preserve
efficient algorithm for to compute sliced data and protection to membership disclosure that obey the ‘L-diversity
requirement. Slicing provide better utility than generalization and more effective than bucketization in high
dimensional data.
Index Terms—Privacy preservation, data anonymization, data publishing, data security.
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We proposed a data anonymization technique called
slicing to improve current state of the art. Slicing
partitions the data both vertically and horizontally.
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