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ABSTRACT

Although patterns of human activity show a large degree of freedom, they exhibit structural patterns
subjected by geographic and social constraints. Aiming at various problems of personalized
recommendation in mobile networks, a social network recommendation algorithm is proposed with a
variety of context-aware information and combined with a series of social network analysis methods. Based
on geographical location and temporal information, potential social relations among users are mined
deeply to find the most similar set of users for the target user, then recommendations are carried out
incorporating with social relations of the mobile users to effectively solve the problem of recommendation
precision. The above study can not only help LBSN designers and developers to better understand their
users and grasp their want, but also help to refine the design of their system to provide users with more

appropriate applications and services. The experimental results on the real-world dataset verify the
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feasibility and effectiveness of the proposed algorithm, and it has higher prediction accuracy compared

with existing recommendation algorithms.
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