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[Abstract] On the basis of analyzing the basic working principles of e — business recommendation system, the technical
recommendation standard is given. The paper systematically introduces some common recommend technologies such as
recommendation based on contents, collaborative filtering recommendation, rules, Knowledge —based and demographic — based
recommendations. After that, the advantages and disadvantages of these above—mentioned technical recommendations are provided.
The combined recommendation algorithm is briefly introduced. Recommendation evaluation and common data sets are also
introduced. Then, existing problems on personalized recommendation are analyzed. Finally, Future research challenges facing e—
business recommendation are presented.
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Tab. 1 Comparison of various recommended algoritnms
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Tab. 3 State number of confusion matrix of recommended system
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