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Important Micro-blog User Recommendation Algorithm Based on Label and PageRank
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Abstract Massive micro-blog information makes it difficult for new users to obtain the content they are interested in.
Important micro-blog user recommendation provides an effective way for new users to access information. At present,
inadequate consideration of the relationship between users and the lack of user personalized label processing make the
recommendation accuracy of important micro-blog user be not high. Therefore, an important micro-blog user recom-
mendation algorithm based on label and PageRank was proposed. Firstly, the personalized label is processed by word
segmentation,de-noising and setting weight,and the processed result is used as the representative of user interest. Se-
condly, the relationship between users is analyzed by PageRank calculation model. Finally, important micro-blog users
are recommended to new users with similar interests by label similarity calculation. The experiment shows that the pro-
posed algorithm improves the recommendation accuracy of important micro-blog users compared with the recommenda-

tion algorithm based on label and collaborative filtering,because the analysis of the importance of micro-blog user rela-

tionship and user’s personalized label is integrated into this algorithm.
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Fig. 1 Flowchart of the proposed algorithm
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Fig. 2 Effect of parameter a on the recommendation algorithm
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