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Abstract

In the field of e-commerce platform, most recommendation algorithms are based on user-item bi-
partite graph network (BGN). However, this recommendation algorithm is seriously insufficient in
accuracy and diversity. In this paper, we propose an e-commerce recommendation algorithm based
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on BGN link prediction. Firstly, all user item data were imported into the distance formula to cal-
culate the similarity between attributes. Then, the BGN was projected into a single mode network
(SMN), which improved the efficiency of extracting potential links from the BGN. On this basis, the
potential links are predicted based on the similarity. Through experiments on real e-commerce
data sets, it is proved that our algorithm has higher accuracy and coverage than typical recom-
mendation algorithms.
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Figure 1. Flow diagram of the proposed method
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Table 1. Basic information of FilmTrust and Epinions datasets
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Figure 2. MAE:s of different algorithms on Epinions dataset
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