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Abstract User-item recommendation technique may disclose the user preferences in social network. Classical methods
based on anonymization are ill-suited for the scenario because of special background knowledge. This paper proposed an
efficient social item recommendation method, called DPSR (Differentially Private Social Recommendation), and this
method employed clustering techniques to obtain different user social groups, used the noise generated from Laplace
mechanism to perturb the weight of user-item edge. To handle the outliers in edge weights,DPSR combines the k-median
and exponential mechanism to boost the results of recommendation. The experimental results show that DPSR outper-

forms its competitors,and achieves accurate results.
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