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Application of Hybrid Collaborative Filtering Algorithm in
Recommendation System

SHEN Peng LI Tao
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Telecommunications Nanjing 210003 China)

Abstract: The recommendation system is mainly composed of two methods namely the recommendation based on the similarity of con—
tent attributes and based on a collaborative filtering algorithm which can help in providing meaningful recommendations. Among them
the former is simply relying on attribute similarity between items to build recommendation relationships while the latter is recommended
as a classic of the field of recommendation systems not studying the attributes of items itself just as its name described relying heavily on
the users” behavior and the collaborative behavior of surrounding users. In this article we use an improved hybrid approach that fully
considers and exploits the advantages of collaborative filtering algorithms and content attribute filtering. The algorithm discussed in this
article is different from the previous method in this field because it includes a novel method to find similar content between two items. An
analysis is contained to demonstrate this new method discussing how it provides practical recommendations. Compared with the other
two commonly used methods Pure CF and SVD it shows that the method in this paper results in improved results by passing the test of
existing users and target data.
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