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Discovering Popular Social Location with Time Label

LIU Chang-yun YANG Yu-di ZHOU Li-hua ZHAO Li-hong

(School of Information Science and Engineering, Yunnan University , Kunming 650091, China)

Abstract The popular social location means the places that most people visit frequently in daily life, which is widely
used in recommendation systems, targeted advertisement applications,and other fields. With the rapid development of
location-based social networks (LLBSN) , the identification of popular social locations has become an important hot re-
search point in spatio-temporal data mining. However, the existing research mainly focuses on mining popular social lo-
cations from LBSN,but ignores the time factor of popular social locations. Therefore, this paper proposed a new algo-
rithm for mining popular locations with time label. The proposed algorithm first quantifies the time information in the
LBSN dataset to obtain a set of frequent social locations with respect to individual users,then calculates the popularity
of these locations with respect to group of users,and then identifies popular social locations that meet the requirements.
This paper validated the efficiency and correctness of the algorithm by using the Foursquare Tokyo user check-in data
for about 10 months. The results show that the proposed algorithm can find the popular social location with time label
more accurately.
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Table 2 Socially popular location of Top-10 discovered by
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