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Study on Selection of Privacy Parameters ¢ in Differential Privacy Model

LI Lan YANG Chen WANG An-fu

(School of Information and Control Engineering, Qingdao University of Technology,Qingdao,Shandong 266000 ,China)
Abstract Differential privacy is different from the traditional privacy protection methods. Differential privacy can quan-
tify the privacy protection intensity. Because of this feature, differential privacy is widely studied and applied in data
publishing and data mining. The privacy budget factor € is one of the important factors affecting the privacy protection
intensity. How to choose a reasonable € value to maximize the availability of data and quantitatively analyze the privacy
protection intensity is an urgent problem to be solved. Therefore,by analyzing the relationship between the probability
density function and the distribution function satisfying the Laplace distributed, three kinds of noises in different range
were choosen,so as to establish privacy parameter probability mathematical relational expression between epsilon and

placement. And the function of image model was used to quantificationally analyze the selection formula of the parame-

ter e. Finally,the upper bound of privacy parameter epsilon was discussed combining with the attack probability.
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Name Has cancer
Bob 0
Jim 1
Dick 0
Alice 1
(b) ¥4k D
Name Has cancer
Bob 0
Jim 1
Dick 0
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