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Abstract In the present era of big data, recommender system is an effective way to solve the problem of information overload.
Heterogeneous information network provides the opportunity for recommender system to fuse more information of users and items.
While the traditional recommender system based on collaborative filtering only uses the user item rating matrix, this paper puts forward
a novel solution to integrate the merits of them. Firstly, establishes the heterogeneous information network based on the user and item
attributes, secondly computes the similarity matrix of users and items based on meta path similarity algorithm, thirdly uses the new three
methods to fuse the similarity matrixes and the user item rating matrix, finally uses the traditional recommendation techniques based on
matrix factorization to predict and then merges the results. With the experiment in the international standard data set MovieLens 100K
and the film properties extended from IMDB, verifies the effectiveness of the method that the use of heterogeneous information network

to fuse more users and item attributes information and the rating matrix can improve the recommendation accuracy effectively.
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