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Research and Analysis of Group Recommendation System
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Abstract: With the advent of the big data era the application of the recommended system is also becoming more and more widely in man—
y fields and the recommended service object is gradually extended from a single user to a group user which not only brings technical
challenges to the recommendation system but also promotes the birth of group recommendations.Group recommendation system is devel—
oped on the basis of personalized recommendation and its main task is to recommend information or project which might be interested by
group users.Because of the specificity and wide application of the group recommendation in recent years it has become a hot topic in the
field of recommendation system.However there are less research on group recommendation in China the relevant theories and recommen—
dation technology are not mature enough and the number of Chinese papers or other material that can be referenced is countable. There—
fore we study and analyze the theory algorithm and application of group recommendation system.Firstly we introduce the concept and
types of group recommendation.Secondly we describe in words and show with pictures the process of group recommended generation.
Thirdly the experimental data source and the evaluation index of group recommendation are summarized and the algorithm and applica—
tion are studied and analyzed.Finally we try to discuss the challenges that the group recommendation will be faced with in the future.
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