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Zhu Xiaobin, Cai Qiang, Bai Lu, Li Haisheng
(School of Computer and Information, Beijing Technology and Business University, Beijing 100048 )
Abstract

The study focused attention on the problems of lower precision and computing latency of traditional collabora-
tive filtering recommendation algorithms, and proposed a parallel hybrid recommendation algorithm based on tagging
and collaborative filtering. The algorithm reduces the weight of prevalent tags by calculating the TF-IDF (time fre-
quency-inverse document frequency) value of tags on predicts user preference based on the user historical behav-
iors, and finally recommends the Top-N of the predictions. The algorithm’ s computation efficiency and complexity
were theoretically analyzed, and it was implemented by using the parallel programing model of MapRedce. The ana-
lytical comparison of the algorithm with the collaborative filtering algorithm applied to the Mahout, an item of the A-
pache Software Foundation, was conducted, and the result showed its higher accuracy, so it can effectively improve
the recommendation efficiency.

Key words: collaborative filtering, recommendation algorithm, tag, TF-IDF, MapReduce
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