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User’ s Age—aware Item-based Collaborative Filtering
Recommendation Algorithm

ZHANG Cai-ting,ZHU Yong-zhi
(School of Information Science and Engineering , Qufu Normal University , Rizhao 276826 , China)

Abstract : With the advent of the big data era,the recommendation system provides a shortcut for people to find objects or events that they
are interested in. Collaborative filtering recommendation algorithms are divided into user—based collaborative filtering algorithm and item—
based collaborative filtering recommendation algorithm. The traditional Item—based collaborative filtering recommendation algorithm only
pays attention to the similarity between the items and has nothing to do with the characteristics of the target user. And the similarity of
traditional algorithms cannot effectively reflect the degree of similarity between items, which leads to inaccurate recommendations. The
traditional Item-based collaborative filtering algorithm needs to be calculated based on all users’ historical behavior data. With the rapid
increase of the amount of data,the amount of calculation continues to increase and the recommendation timeliness is poor. For this, we
propose a user’ s age—aware item-based collaborative filtering recommendation algorithm. Users are classified based on user age charac-
teristics. The similarity between items is calculated by weighted similarity within the class and the running test is implemented on the
Spark distributed computing platform. Experiment shows that the proposed algorithm can greatly improve the recommendation efficiency
and the real-time performance of the recommendation system while ensuring the accuracy of the recommendation.
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