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Research on Scalable Clustering of User—oriented Short Text

ZHANG Yi,CHEN Guo,ZHANG Zai-yue
(School of Computer Science and Engineering,Jiangsu University of Science and Technology,
Zhenjiang 212003 ,China)

Abstract: With the advent of big data time,data of user short text has growing explosively. Acquisition of useful information from short
text with clustering analysis technology is becoming most important. Clustering analysis, as a crucial means of knowledge discovery, is the
process of classifying the objects according to their similarity degree of characteristics. Therefore, a scalable clustering method of user—ori-
ented short text is proposed, which is composed of two phases, offline clustering and online clustering. The short text is pre—processed by
recognizing and removing irrelevant words with irrelevant words dictionary and normalizing semantics with parts of speech dictionary in
offline clustering. A similarity calculation method is proposed based on fusion of mutli—features to conduct correlation clustering on text.
Then in the online clustering, the online texts are clustered via taken results of offline clustering as features. Results of clustering are pro-
duced by integration of the results from offline clustering with those of online clustering. In order to verify its effectiveness and feasibility ,
the contrast experiments are conducted. Experimental results show that it has achieved recall rate in clustering by 73 % , clustering accuracy
by 87.7% and value of F —measure by 79. 6% ,which is superior to feature vector method.
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