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Collaborative Filtering Algorithm Based on Positive Correlation and
Negative Correlation Nearest Neighbors
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Abstract: Collaborative filtering algorithm is one of the most widely and successfully used recommendation algorithm. Traditional collaborative
filtering algorithm only considers the positive correlation nearest neighbors while ignore the influence of negative correlation nearest neighbors
when predicting item rating, which has caused problems like low accuracy and low diversity. In order to resolve these problems, based on posit-
ive correlation and negative correlation neighbors a collaborative filtering algorithm is proposed. Firstly, the algorithm computes the similarities
and Coefficient of Variation between users and sorts the neighbors according to the similarities which were modified by the Coefficient of Vari-
ation. Secondly, the positive nearest neighbors and the negative nearest neighbors are selected based on dynamic weight value a and threshold
value f, then item ratings are predicted based on the positive nearest neighbors and the negative nearest neighbors respectively. Finally, the last
prediction result is acquired by combining predicting ratings based on the positive nearest neighbors and the negative nearest neighbors with
weight. The experiments are tested on the MovieLens with three metrics, and the result show that this approach is achieved great improvement of
the accuracy and diversity of recommendation effectively.
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Fig. 1 User similarity calculation flow chart
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