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Abstract At present, in the context of social Internet of Things, Point of Interest (POI) recom-
mendation has become a hot issue and is widely applied to the service recommendation of location-based
social networks (LBSNs). With the effective fusion of LBSNs and POI recommendation, a lot of
relevant researches have emerged. These methods are mainly regarded as modeling and fusing
context information such as geographical information, social information, POI categories, text
information, and check-in temporal information, so as to overcome the problems of data sparsity
and cold start and improve the performance of POI recommendation. However, for modeling and
fusing context information, existing POI recommendation methods assume that different context
information is independent between each other, and they ignore the internal relationships between
context information, resulting in failing to take full advantage of context information. Moreover,
when they fuse context models into user preference model, the different influences of context

information on user preference are ignored (the influences of context information on the POIs that

ek B #1:2020-09-21 5 FE 4R K A A 1. 2021-05-11. A PLBIAE 1) (6 5% 1 SRR 25 3L 42 (61976032) W B RER . L0 58 2£ , T 205 Jy 1) 4
HetE ARG Z AR VAR TR, E-mail: jingminan1018@163. com. Z=E5& 5 Gl {5 /E ) . 1, 2082, 1 14 S0, v B 355 WL %% & (CCF)

B B BT Y R T, E-mail: liguanyu@dlmu. edu. en. # 4 - BF 554 £ EHFGE 7 0 B AL B T
AN VIR RSy O SR TR TR



6 9] TR T Sl I A A DX A ) R R A 1177

users have visited and the POIs that users have not visited). To address the above challenges, the
paper innovatively models the multiple context information reasonably, fused into the user preference
model effectively and proposes a method of POI recommendation based on the activity tracks and
personalized-area partitions of users. The proposed method depicts the daily activity areas of
users according to their activity tracks and explores the geographical distance distributions
between different users and the semantic similarities of activity tracks to model the influence of
the social relationships on user check-in preference (UGS). Furthermore, combined with the
geographical information of POI in the user activity track area, we adopt the kernel density
estimation method with adaptive bandwidth to evaluate the geographical correlations between
POIs to model the influence of POI geographical information on user check-in preference (PG).
Then we improve weighted matrix factorization (WMF) as our fused model, reflected in two
points. (1) Considering the influence of POI categories when modeling user preferences, we
integrate the POI category information into user-POI rating matrix to alleviate data sparsity;
(2) Considering the different influences of context information on the checked-in POIs and
non-checked-in POlIs, we develop a two-step fusion strategy, which fuses context information
with the checked-in POIs rather than the non-checked-in POls. Finally, the user social relationship
model, the POI geographical information model, and the user preference model are fused together
using the improved weighted matrix factorization, namely UGS_PG-WMF, to solve the personalized
POI recommendation. We select the classic and current popular related works as the baselines to
implement experiments from several aspects, including the potential vector dimension K, the POI
recommended quantity top-k, the cold-start problem, the parameter influence., and the influence
of sparse data on the widely used Gowalla and Foursquare datasets. To the end, the experimental
results show that the proposed model has better performance compared with the state-of-the-art
models, and the performance is improved by 10% —13%, proving the advantages of our proposed
model in overcoming the problems of data sparsity and cold start.

Keywords location-based social network; point-of-interest recommendation; context information;

data sparse; activity tracks of users; weighted matrix factorization
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Background

With the maturity of mobile devices and wireless
network technology, people are more used to sharing their
real-time locations and point of interests (POIs) on social
networks, which makes location-based social networks
(LLBSNs) has become a hot issue at present. The LBSN is an
open platform, and people can find some POIs they may be
interested in and also share some their own interests. The
process includes user preferences and a lot of context
information (social relationship, POI geographical information
and POI category information, text information, and temporal
information, etc). We are able to exploit the information to
achieve user personalized POI recommendations.

Many researches have emerged for user personalized
POI recommendations. However, these methods have not
achieved the desired results influenced by high data sparsity.
The reason is that user check-in data is limited, leading to the
recommendation model can not better learn user preferences.
Accordingly, how to model context information efficiently
and reasonably and fuse these context models is the key to
solve the problem. Therefore, this paper proposes a POI

recommendation method based on the activity tracks and
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personalized-area partitions of users, whose main contribution
points are as follows. (1) Modeling user’s check-in preference
according to user’s historical records, social relationships,
and POI geographical location information. (2) To simulate
user preferences, we introduce POI category information into
user-POI matrix to model user preferences and rewrite
weighted matrix factorization (WMF) framework. (3) For
modeling context information, considering the limitations of
existing methods on employing friendships, we restructure
the user social relationship model leveraging geographical,
text, and temporal information. Through the distance distri-
bution and similarity between users’ personalized activity
areas, we calculate the social relationships and further use the
kernel density estimation with adaptive bandwidth to evaluate
the geographical correlations between POIs in personalized
activity areas. (4) To fuse context information and user
preferences, we develop a two-step fusion strategy for POls
that users have visited and not visited. Experimental results
show that our proposed model has the excellent performance.
The work in this paper is supported by the National Natural
Science Foundation of China under grant No. 61976032.





