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Abstract The traditional recommendation algorithm, represented by collaborative filtering, can provide users with a
high recommended list with high accuracy, while ignoring another important measure which is diversity in the recom-
mendation system. With the increasing development of social networks, with a lot of redundancy and duplication of in-
formation, the overload information makes it more difficult to find user interests quickly and effectively. For recommen-
ding the most content for users to meet their hobbies, user interests with a significant relevance and covering different
aspects are needed. Therefore, based on social relations and user preferences, this paper proposed a sorting framework
for diversity and relevance. Firstly, this paper introduced the social relations graph model, considering the relationship
between users and items to better model their relevance. Then, this paper used a linear model to integrate the two im-
portant indexes of diversity and relevance. Finally,the algorithm was implemented by Spark GraphX parallel graph cal-

culation framework,and experiments were carried on real dataset to verify the feasibility and scalability of the proposed
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algorithm.
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1. rawRatingsRDD<-sc. textFile(dataset) ; / /15 B 4
2. linesRDD<-rawRatingsRDD. map(line). persistO) ; / /4> EIH 35 P 45
. clusterRDD<getMovieCluster(linesRDD) ; // B2
. usersRDD<—#4 & I F J& #: T A4 5
. itemsRDD~—H4 1 4 i Jg 14 T3
. verticesRDD<= VertexRDD (usersRDD + + itemsRDD) ; / /4 3 JH]
FU L b R TR
7. edgesRDD<rawRatingsRDD. map(line=>Edge (line. _1,line. _2,
line. _3));//MR4& 1 7 3743 ¥ @ 31 4 RDD;
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i R g5
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FESy g A
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F P4 1072 4y
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T AT 40 R A T
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A PEAL T 1
17. div<—CacuDiversity (userPensonalizedProfile) ; / /AR i 25 2 (3) 58
18. result<-Recomendation(div, N, threshold) ; / /#f ¥ N ANy . [7] 26
53] e 40 ok A (¥ B0 1B threshold

return result;
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