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Accurate recommendation strategy based on
user characteristics and ratings

FU Jinjing, LI Lingjuan

(School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China )

Abstract; A personalized recommendation system is an important tool to help users discover the content
and overcome the information overload. To improve the accuracy and the efficiency of the recommendation
algorithm, a collaborative filtering recommendation algorithm and a K-means clustering algorithm are
combined to design an accurate recommendation strategy based on user characteristics and ratings. Aiming
at the cold start problem of new users, K-means clustering algorithm is adopted to cluster all user charac-
teristics, and the Top N items preferred by other users in the class to which the new user belongs are rec-
ommended to the new users. According to the size relationship between the number of items and the num-
ber of users, or the size relationship between the F1 values obtained by different recommendation algo-
rithms, results with the appropriate recommendation algorithm are chosen for the existing users to solve
the problem,that is, a fixed recommendation algorithm is not used properly for existing users. Experimen-
tal results on Movielens and FilmTrust datasets show that the strategy is effective in making accurate and
best recommendations for both new and existing users.
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