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Abstract In recent years, community discovery in heterogeneous information networks, especially
in location-based social networks (LBSN), has become an emerging research hotspot attracting
more and more attentions. However, since presently most of the traditional community discovery
studies in social networks only focus on homogeneous network structures, there exists one obvious
drawback in these studies that they cannot effectively integrate the multi-mode entities and their
multi-dimensional heterogeneity relations included in LBSN. Therefore, in order to overcome this
challenging problem, this paper proposes a novel dual heterogeneous communities clustering and
associating method, which is called CCAM to fully fuse with multi-mode entities and their multi-

relations. The main idea of CCAM is below: firstly, in the upper social media layer of LBSN,

Wk H #9: 2019-07-03; £ 2% %& A B #1: 2019-11-24. A ¥ 15 $) 1 X [ 4R Bl 2% 3 4 (61502420, 61802346)  #i L& H R Rl 2% 3 &
(LY13F020026,LQ18F020008) . [H 1§+ 5} 5 3 43 (2015M581957) e By Z D &, 1+, 8 2042, Wl 1= 4 S0, op [ 31 2 0L 2% 4 (CCF)
£, EEHF R R AL 3E P % HLEE % 3. E-mail: whgong@zjut. edu. cn. 38 #. W HBF5E A EEPF 0 WAL 8 W % M R 5
ENE A P B S P E RS S (CCP) 43 51, R BEHF I 4 R ML 28 2 ) BUs 12 . A RB e 1, 30 18 A 0L o
B LA 2 (CCF) £ 51, 3 AT 58 450800 9 45 RL 2% KL o 2 ).



1910

Y,
&

it B il

this method measures the similarity of publishing document topics between users by means of
information entropy, and further transforms the similar interests clustering problem into solving
the objective function based on fuzzy clustering to identify the overlapping topic-based communities
of users. Then, in the bottom geographical location layer, the bipartite graph between users and
locations with check-ins relationships is converted to the hyper graph model, and the proposed
hyper edge clustering approach based on graph partition is exploited to obtain the point of interest
clusters about geographical features of users. Finally, the representation model for associating
the upper topic-based communities and the bottom geographical location clusters is established via
users’ social relations in the middle user layer of LBSN, and the local optimal solution of association
function for the dual heterogeneous clusters is gained by using stochastic gradient descent method.
The experimental results in two real LBSN datasets such as Foursquare (NYC) and Yelp show
that our proposed CCAM method can effectively fuse three types of relations in LBSN, for
example, social relations of users, social media publishing relations, and users check-ins relations.
Consequently, this method can accurately obtain the closely correlated dual heterogeneous
clusters such as the user’s interest clusters and geographical location clusters, which not only
makes the external structural characteristic and the internal interest cohesive index better than
some traditional community clustering algorithms, but also outperforms these algorithms at least

32% through measuring the mean average precision in the both field of online interest topics
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recommendation and offline point of interest recommendation.
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homogeneous network structures, only considering single
dimensional relation or entity. Although some recent studies
try to fuse multi-relations, they still cannot efficiently integrate
the multi-mode entities and their heterogeneity relations
contained in LBSN.

To address the limitations of existing methods, this paper
provides multi-layer heterogeneous communities detection and
association method with multi-dimensional relations fused in
LBSN, which is called CCAM. This method can not only
accurately embody the topics of user interest preferences in
social media dimension, but also really reflect the user’s

distribution for points of interest clusters in geographic space
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dimension. The main idea of CCAM is below: firstly, in the
upper social media layer of LBSN, fuzzy clustering is
proposed to obtain different overlapped user interest commu-
nities. Then, in the bottom geographical location layer, the
users and locations and their relationship composed of
bipartite graph are transformed into hyper graph structures,
and the user’s interest clusters about geographical location is
obtained by using hyper edge clustering method. Finally, the
upper user topic communities and the lower geographic
location clusters are established the correlating representation

model between the two layers by the social relations among

users in the middle user layer of LBSN. The extensive
experimental results on two real datasets show that our
proposed method in this paper outperforms the other state-
of-art methods and can also effectively mine dual associated
communities between online social space and geographical
space.
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