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Improved Mass Diffusion Recommendation Algorithm in Trusted Social Network

CAI Yongjia,LI Guanyu
(Faculty of Information Science and Technology,Dalian Maritime University , Dalian,Liaoning 116026 ,China)

[ Abstract] Traditional mass diffusion recommendation algorithm has low diversity and its neglection to user’ s social
network information and object popularity. Therefore, this paper proposes a mass diffusion recommendation algorithm
based on trust mechanism in social network. The trust mechanism is introduced to form an optimal neighbor set for target
user. By simulating on the user-object bipartite network, the initial object resources are reallocated according to trust
mechanism. The object’ s bidirectional diffusion is taken into consideration, and some tunable parameters of object
popularity are introduced to achieve resource redistribution,so that the better recommendation results for the target users
can be gotten. Experimental results on real-world data sets reveal that the algorithm can enhance the diversity of
recommendation results while ensuring higher recommendation accuracy.
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