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[ Abstract] In order to improve the availability of published data under the same privacy budget, an improved privacy
data publishing method PrivBayes_Hierarchical is proposed based on PrivBayes. Based on the idea of Bayesian network
privacy data publishing method,semantic tree is introduced to abstract the data attributes with hierarchical relationships,
and Bayesian network are used to describe the dependencies between data attributes. Using Graycode to reduce the impact
of random noise on the data accuracy and to optimize the Bayesian network structure learning method to reduce
unnecessary privacy budget consumption and improve the availability of data. Experimental results show that this method
can obtain higher data precision than PrivBayes for public data and improve the availability of private data sets.
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