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Robust Collaborative Recommendation Algorithm Based on User’s Reputation

ZHANG Yan-Ping!? ZHANG Shun':? QIAN Fu-Lan':2 ZHANG Yi-Wen? 2

Abstract With the rapid development of recommender systems in e-commerce industry, such systems bring huge eco-
nomic profits. As a consequence, shilling attacks pose a significant threat to the security of collaborative filtering rec-
ommender systems. Developing a kind of robust recommendation technology which can resist attacks has become an
important issue in the field of the recommender system at present. In this paper, a reputation recommender system is
built by user reputations which are obtained from the user historical records. Utilizing the latent factor model in the
field of collaborative filtering recommendation, a novel robust collaborative recommendation algorithm based on user
reputations is proposed. The algorithm improves the system’s robustness from two aspects of shilling attack and natural
noise. Empirical results on Movielens 1M dataset demonstrate that compared with the existing robust recommendation,
this algorithm is very effective. Characterized by simplicity, interpretability and stability, the algorithm has strong ability

to resist the system attack along with the accuracy getting a certain improvement.
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72 JHE Dk 4 Bias SVD Reputation-bias SVD
300 0.6736 0.6704
600 0.6774 0.6720
900 0.6801 0.6724
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Table 3  Comparison of the MAE
Attack Filler RMF VarSelect Reputation-bias
Size (%) Size (%) SVD SVD
3 0.6749  0.6744 0.6706
3 0.6757  0.6757 0.6697
0.6747  0.6755 0.6702
10 0.6748  0.6759 0.6703
3 0.6733  0.6760 0.6698
- 0.6734  0.6751 0.6702
0.6733  0.6757 0.6697
10 0.6724  0.6757 0.6705
3 0.6735  0.6741 0.6704
10 0.6729  0.6780 0.6701
0.6726  0.6741 0.6711
10 0.6722  0.6734 0.6703
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