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Abstract: The problem of the previous research about collaborative ranking is that it does not make full use of the
information in the dataset, either focusing on explicit feedback data, or focusing on implicit feedback data. Until now, nobody
researches collaborative ranking algorithm by explicit and implicit feedback fusion. In order to overcome the defects of prior
research, a new collaborative ranking algorithm by explicit and implicit feedback fusion named MERR_SVD ++ was proposed
to optimize Expected Reciprocal Rank (ERR) based on the newest Extended Collaborative Less-is-More Filtering ( xCLiMF)
model and Singular Value Decomposition ++ (SVD ++) algorithm. The experimental results on practical datasets show that,
the values of Normalized Discounted Cumulative Gain ( NDCG) and ERR for MERR_SVD ++ are increased by 25.9%
compared with xCLIMF, Cofi Ranking ( CofiRank), PopRec and Random collaborative ranking algorithms, and the running
time of MERR_SVD ++ showed a linear correlation with the number of ratings. Because of the high precision and the good
expansibility, MERR_SVD ++ is suitable for processing big data, and has wide application prospect in the field of Internet
information recommendation.
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