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The Collaborative Filtering Algorithm for
Information Enhancement Combined with Knowledge Graph

FENG Xiang YANG Qinghong’
( School of Computer Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: The collaborative filtering algorithm that combines knowledge graphs for information enhancement( KGRI-
CF) is proposed aiming at the problems of single use information and too sparse basic scoring data leading to poor
recommendation effect in traditional collaborative filtering algorithms. The algorithm uses the feature data of the
movie to construct a knowledge map about the movie and conditionally fills the user—rating matrix which effectively
improves the data sparsity problem of the traditional collaborative filtering algorithm. Preference information is used
to build a knowledge graph about user preferences. The entity vectorization algorithm is used to vectorize the entities
and relationships in the knowledge graph to calculate the similarity of user information which is fused with the simi-
larity of user ratings obtained by the traditional user-based collaborative filtering algorithm in a certain proportion to
obtain the final user similarity. On this basis the score prediction is performed and the recommendation list is ob—
tained. The experimental results show that compared with the traditional collaborative filtering algorithm the algo—
rithm can effectively improve the data sparsity problem the accuracy and recall rate of the prediction results are sig—
nificantly improved and it has better interpretability.

Key words: collaborative filtering; knowledge graph; information enhancement; similarity fusion



