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Abstract : Collaborative filtering algorithms have become one of the most popular approaches to provide personalized
services for users to deal with large amounts of information. This paper proposes a new social recommendation methods
based on overlapping community discovery. The algorithm considers both the interest of the group users and their complex
internal relations. In order to achieve the detection, establishment coalition of overlapping community and intelligent
recommendation based on community, it innovates and integrates overlapping community discovery algorithm and social
recommendation algorithm based on the model. Based on the open data set, this paper designs a series of the related
experiments to validate the accuracy and effectiveness of the algorithm. Experimental results show that the proposed
algorithm can achieve highly efficient and accurate social network recommendation.
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Algorithm 1 Overlapping community detection algorithm
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Table 1 The comparison result of recommendation algorithms
UCF ICF PMF NMF SROC
90% MAE 0.913 0.877 0.865 0.871 0.789
¢ RMSE 1.169 1.238 1.154 1.162 1.021
80% MAE 0.929 0.891 0.889 0.895 0.801
¢ RMSE 1.182 1.259 1.177 1.183 1.028
509 MAE 0.932 0.955 0.923 0.921 0.832
¢ RMSE 1.192 1.263 1.185 1.193 1.092
209% MAE 0.946 0.957 0.932 0.929 0.885
¢ RMSE 1.205 1.206 1.185 1.123 1.085
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