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Research on Novel Ranking Algorithm of Micreblog User’s Influence Based on MapReduce

XU Wen-tao LIU Feng ZHU Er-zhou
(School of Computer Science and Technology, Anhui University, Hefei 230601, China)

Abstract Featured by instant release, real-time transmission and easy to use,microblog has gradually stepped into the
rank of the most popular self-media information platform. User’s influence, which is of great importance to optimize and
motivate social information transmission, plays a basic as well as important role in microblog social network. Taking into
account the network features of microblog users’ relationship as well as their behaviors, taking Sina microblog as the
experimental subject, this paper aimed to introduce the QRank algorithm, a new ranking algorithm based on MapReduce
to judge user’s influence. An experiment on the Hadoop platform shows that, with great scalability, QRank algorithm

can effectively combine the relationship and behavior features of microblog users and reflect the real influence of users in

a more convincing and sufficient way.
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