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Micro-blog User Label Interest Clustering Method Based on Feature Mapping

Qin Yu'?, Yu Zhengtao'?, Wang Yanbin'’*, Shi Linbin'*, Pan Huashan'*

(1. Institute of Information Engineering and Automation, Kunming University of Science and Technology, Kunming, 650500,
China; 2. Key Laboratory of Intelligent Information Processing, Kunming University of Science and Technology, Kunming,

650500, China)

Abstract: Since many methods for cluster user interest does not consider the semantic similarity of the us-
er labels, a micro-blog user label interest clustering method is introduced based on feature mapping.
Firstly, the user labels of the target users and their focus users are obtained, then the labels with the
higher frequency than the threshold value is chosen. Therefore, a feature space is created. Secondly, the
user labels are mapped to the feature space by calculating the semantic similarity based on the feature
mapping. Finally, the fuzzy clustering is utilized to obtain the clustering result of different threshold val-
ue. Experimental results show that the method greatly improves the clustering accuracy rate for user in-
terest clustering.
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Fig.1 Comparison of average clustering accuracy between considering feature mapping and without considering

feature mapping
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