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Abstract: Popularity and homophily were the latent mechanisms for the link formation of online social net-
work(OSN). This paper proposed an OSN link formation model from the perspective of user behavior. The
authors used preferential attachment to characterize scale free property of OSN. By means of friendship rec-
ommendation, they could depict high clustering and assortativity of OSN. The fundamental factors for link
formation in OSN were included: homophily and clustering. This paper started from the microscopic interac-
tion process of people making friends in an OSN to characterize OSN’s macroscopic statistical properties. This
model reproduces degree distribution, clustering and degree correlation of OSN. Simulation results show that

popularity and similarity are the important internal mechanisms of OSN structure formation.
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Fig. 1 Weibo friendship recommendation mechanism based on micro relationships
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Table 1 Link formation in network model based on micro relationships —model explanation
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Fig. 2 Statistical properties of network model under different N
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Fig. 4 Clustering coefficient of network model
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Fig. 5 K nearest neighbor of network model
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