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Collaborative Filtering Recommendation Algorithm Based on Rating Region Subspace

SUN Xiao-han and ZHANG Li

School of Computer Science and Technology,Soochow University,Suzhou,Jiangsu 215006, China
Abstract Collaborative filtering(CF) recommendation algorithm is widely used because of its reasonable interpretability and sim-
ple process. However,datasets in recommendation systems have the characteristics of large scale.,high sparsity and high dimen-
sionality, which bring a great challenge for CF recommendation algorithms. To alleviate the above issues, this paper proposes a
collaborative filtering recommendation algorithm based on the rating region subspace(RRS). According to the user-item rating
matrix, RRS firstly divides the scoring range into three different regions: high scoring region, medium scoring region and low sco-
ring region. On the basis of these three regions.each user finds its item subspaces, that is, high rating subspace, medium rating
subspace and low rating subspace. A new similarity measurement method is defined to calculate the rating support between users
in each region subspace. Only if the rating supports of users in all subspaces are high,the users are similar, which avoids the ra-
ting interference of lazy users. Experimental results show that the proposed method can solve the issue of data sparsity to a cer-
tain extent,reduce the computational complexity and improve the recommendation performance, especially on high-dimensional
datasets.

Keywords Item subspace,Rating support,Collaborative filtering, Sparsity, High dimensionality
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Table 1 Datasets properties
Datasets Users Ttems Rating Rating Scale Data Sparsity/ %
ML_1M 6040 3900 1000209 {1,2,3,4,5} 95.8
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FilmTrust 1508 2071 35497 {0.5,1,,4} 98. 8
Netflix 5000 16295 1066148 {1.2.3.4.,5} 98.7
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Table 2 Algorithm running time
CHLAY : min)

Methods FilmTrust ML_1M ML_100K Netflix
UTAOS 0.6246 19.1233 0.1059 19.8250
NUSCCF 18.8203 216.9343 1.9695 178.4861
FNUS 2.0626 109.9310 1.9636 92.8297
ACPCC 1.6714 58.4727 1.2995 58.8425
NHSM 0.5770 32.6187 0.7542 25.5658
PCC 0.3248 16.4220 0.4027 14.0945
OS 0.3119 16. 8164 0.4218 12.9632
RRS 0.1357 6.8554 0.1708 5.8492
*3 HBERE
Table 3 Computational complexity of algorithms
Algorithms Complexity
UTAOS OCnm—~+2n2m")
NUSCCF Onm~+6n2m")
FNUS OBnm—+6n2m")
ACPCC O((3s+3m"+2m" Hn?)
NHSM OCBm" +3m" ym?)
PCC OnZm)
0S OnZm)
RRS Onm~+6n2m")
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Fasial, SRJ5  RRS kg LT F PR A 725 [ v i 37 43
SCRFEE S DL oR A o PP 22 e A B . TR A ) R
A3 SR ALY R E 43 S 4 BE I OR T ELAR PR A, AT
Z R ARSI W & . SRS TE A8 R AE AR 25 5
ML IRATINR A 4 7E & AT 4 18] 0 PF 43 32 395 B B0 AR
P Z E A AR, 7E 4 R 4 ML 1M, ML _
100K, FilmTrust I Netflix LA SCor ik kg, 5 H A
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