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Abstract With the increasing popularity of online social network services, social networks platforms
provide rich information for recommender systems. Based on the assumption that friends share more
common interests than non-friends and users tend to accept the item recommendations from friends,
more and more recommender systems utilize trust relationships of users to improve the performance of
recommendation algorithms. However, most of the existing social-network-based recommendation
algorithms ignore the following problems: 1) in different domains, users tend to trust different
friends; 2) the degree of influence that a user is affected by their trusted friends is different in
different domains since the user has different social status in different domains. In this paper, we first
infer domain-specific social trust relation networks based on original users’ rating information and
social network information, and then compute each user’s social status by leveraging PageRank
algorithm for each specific domain. Finally, we propose a novel recommendation algorithm by
integrating users’ social status with matrix factorization model. Experimental results on real-world
dataset show that our proposed approach outperforms traditional social-network-based recommenda-

tion algorithms.
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Table 1 Statistics of Three Data Sets
F1 BEEHITER

Dataset N M IR| Density 7 | T | t
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Table 2 Performance Comparison on Education

#& 2 7£ Education ##F & F M REXTLE

RMSE
Recommendation Algorithm

K=10 K=20
PMF 3.0621 3.0838
SoRec 1.2790 1.5268
RSTE 1.2343 1.4515
SocialMF 1.2674 1.5438
TrustMF 1.3213 1.5456
Our Method 1.2126 1.3176

Table 3 Performance Comparison on Home Garden

# 3 7 Home Garden ${#E 5% F A EEXTLE

RMSE
Recommendation Algorithm

K=10 K=20
PMF 2.5542 2.5737
SoRec 1.1764 1.3328
RSTE 1. 1600 1.2507
SocialMF 1.1448 1.3292
TrustMF 1.1845 1.3550
Our Method 1.1270 1.2337

Table 4 Performance Comparison on Movie

&4 7E Movie HiiF&E LR MEREXTEE

RMSE
Recommendation Algorithm

K=10 K=20
PMF 1.504 1 1.5117
SoRec 1.1540 1.3341
RSTE 1.2258 1.3232
SocialMF 1.1359 1.3034
TrustMF 1.1806 1.3787
Our Method 1.1354 1.2865
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Table 5 The Runtime of Model Training (min:sec)

F5 HEEZGRE G )

Recommendation

Algorithm Movie Home Garden Education
PMF 0:0.74 0:0. 64 0:0.13
SoRec 1.24 0.19 0.12
RSTE 55:44 23:22 2:06

Social MF 27:36 25:55 25:39

TrustMF 01.01 00:39 00:25

Our Method 05:20 01:56 0004
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