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Survey of recommendation systems for new domains
RANG Ran', XING Linlin' , ZHANG Longbo', CAI Hongzhen®

(1 School of Computer Science and Technology, Shandong University of Technology, Zibo Shandong 255000, China;
2 School of Agricultural Engineering and Food Science, Shandong University of Technology, Zibo Shandong 255000, China)

[ Abstract] Nowadays, the rapid evolution of the Internet era has brought about the massive growth of data and information, and the
recommendation system aims to improve the effectiveness of users” access to information in the massive data. At the same time,
recommendation systems promote the development of the domain and bring new opportunities, and at this stage, there are a lot of
demands for personalized recommendations for users in new domains emerging from various industries in the application. However,
recommendation systems for practical scenario applications in new domains often require framing the data system from scratch, which
relies on experts to analyze domain features and summarize to obtain data relationships in new domains, and there are hindrances such
as strong limitation of recommendation system application domains, sparse data, and cold start. This paper aims to review the topic of
building recommendation systems for new domains. Specifically, it introduces the current research status of related work in three
research directions: background and challenges of new domains, research on new domain recommendation methods, and evaluation of
methods. This paper gives suggestions for researching the application of technologies oriented to new domains and gives an outlook on
the development trend of new domain recommendation and points out the next work to be carried out.
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Fig. 1 Recommendation framework for new domains
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Fig. 2 Content—based recommendation method
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Tab. 1 Analysis of the advantages and disadvantages of content—

based recommendation methods
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Fig. 3 User—based collaborative filtering recommendation method
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Fig. 4 Item—based collaborative filtering recommendation method
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Tab. 2 Comparison of user—based and Item—based collaborative filtering methods
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Tab. 3 Analysis of model-based collaborative filtering methods
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