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Collaborative filtering personalized recommendation
algorithm based on user scoring consistency
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Abstract ; In the era of rapid development of information, personalized recommendation, as an impor-
tant means of information filtering, is one of the most effective ways to solve information overload.
Collaborative filtering has always been a popular technology to solve personalized recommendation. Its
main idea is to calculate the similarity between users or calculate the similarity between projects, and
then recommend to the target users according to the similarity between users or projects. Based on the
idea of collaborative filtering, this paper proposes a single-mode projection algorithm combined with
user scoring consistency. Firstly, the scoring consistency between users is calculated in the relation-
ship bipartite graph formed by users and projects. Then the consistency assignment is taken as the
weight of the compressed single-mode projection. Finally, the method of K-nearest neighbor is used to
find similar users and to make personalized recommendations. Experiments on real datasets such as
Movielens, FilmTrust and Jester show that the recommendation algorithm based on score consistency
achieves better results.
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