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Abstract : Online social network information promises to increase recommendation accuracy beyond the capabilities of
purely rating/feedback-driven recommender systems( RS). As to better serve users’ activities across different domains,
many online social networks now support a new feature of“Friends Circles” ,which refines the domain-oblivious* Friends”
concept. RS should also benefit from domain-specific “ Trust Circles”. This paper presents an effort to develop circle-
based RS. We focus on inferring category-specific social trust circles from available rating data combined with social
network data. We outline several variants of weighting friends within circles based on their inferred expertise levels.
Through experiments on publicly available data,we demonstrate that the proposed circle-based recommendation models
can better utilize user’s social trust information, resulting in increased recommendation accuracy.
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Table 1 Top 10 category statistics in Epinions dataset
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Table 2 Ten largest categories of RMSE comparisons using all ratings( dimension d=10)

25 Base MF Social MF CCl CC2 CC3
MARFI DVD 0.931(7.66%) 0.890(3.44%) 0.863 0.874 0.860
fgE 0.862(7.36%) 0.834(4.23%) 0.812 0.809 0.799
Bk 0.849(7.14%) 0.806(2.27%) 0.794 0.798 0.788

T 7 2 0.861(9.49%) 0.809(3.67%) 0.786 0.781 0.780
ItH 0.859(10.31%) 0.808(4.69% ) 0.777 0.782 0.770
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Table 3 Ten largest categories of MAE comparisons using all ratings( dimension d=10)

251 Base MF Social MF CCl cC2 CC3
MR FI DVD 0.931(7.66%) 0.890(3.44%) 0.863 0.874 0.860
fs 0.862(7.36%) 0.834(4.23%) 0.812 0.809 0.799
AR 0.849(7.14%) 0.806(2.27%) 0.794 0.798 0.788
PR, 0.861(9.49% ) 0.809(3.67%) 0.786 0.781 0.780
T8 0.859(10.31%) 0.808(4.69% ) 0.777 0.782 0.770
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Table 4 Trainting performance comparison given category of ratings

25 Base MF Social MF cCl cc2 CC3
M FI DVD 0.931(7.66%) 0.890(3.44%) 0.863 0.874 0.860
i 0.862(7.36%) 0.834(4.23%) 0.812 0.809 0.799
IR 0.849(7.14%) 0.806(2.27%) 0.794 0.798 0.788
AT 0.861(9.49%) 0.809(3.67%) 0.786 0.781 0.780
LA 0.859(10.31%) 0.808(4.69%) 0.777 0.782 0.770
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