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A Bayesian-based Approach for Activity and Mobility Inference

in Location-based Social Networks

Wen-Yuan Zhut, Yu-Wen Wangt, Chin-Jie Chent, Wen-Chih Pengt, and Po-Ruey Lei}

tNational Chiao Tung University, Taiwan
tROC Naval Academy, Taiwan
{wyzhu, ywwang214, cjchen10167, wcpeng}@cs.nctu.edu.tw
cnabarry@gmail.com

Abstract-With the popularity of location-based social networks (LBSNSs),
users would like to share their check-ins with their friends for more social
interactions. These check-in records reflect not only when and where they are, but
also what they are doing. If we can capture the relations of the location, time and
activity factors in LBSNSs, the location-based social platforms can provide more
personalized location-based services to users. In this paper, we aim to infer
individual activity and mobility based on their check-in records in LBSNs. For
these two inference problems, we analyse check-in records, and utilize Bayesian
network to represent the relations among location, time and activity factors of
check-in records. Based on the proposed network model, the two inference
problems can be simplified to two modules, the activity-time and the location-
activity model. For the activity-time model, we propose Order-1 Activity
Transition Model to capture the activity-time relations of check-in records.
Moreover, for the location-activity model, we exploit the Gaussian mixture model
to capture individual mobility features in different activities. To evaluate the
proposed network model for the two inference problems, we conduct extensive
experiments on two real datasets, and the experimental results show that our
proposed Bayesian-based approach has higher performance than the state-of-the-
art approaches for activity and mobility inference in LBSNs.
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