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Improved Collaborative Filtering Algorithm Based on Spark

70U Hong-xu,PAN Guan-hua,LI Yin
(Jiangsu Automation Research Institute of CSIC,Lianyungang 222006, China)

Abstract; With the explosive growth of data, single—computer computing has been unable to meet the real-time requirements of recom-
mendation algorithms, nor can it store massive data. A distributed item—-based collaborative filtering algorithm is designed based on the
advantages of memory computing in Spark platform,and the RDD (resilient distributed dataset) provided by Spark is used to complete
the design of the algorithm. To solve the problem of inaccurate similarity caused by sparse data,a similarity calculation formula weighted
by the number of common users between two items is proposed, which improves the accuracy of the final recommendation results.
Equivalent connection of data tables is involved in the calculation. In order to reduce the time consumed by equivalent connection of data
tables, the user—defined Hash_join function is used to improve the calculated performance. The performance of the algorithm based on
Spark platform is tested by MovieLens dataset. Compared with the original algorithm and the one running on a single computer
respectively , it is showed that the improved algorithm has better performance in accuracy and efficiency.
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