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Fig.4 The results of speedup experiment
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The Design and Implemention of a Text Mining Algorithm

Based on MapReduce Framework

ZHU Qiang-giang, ZHANG Gui-yun, LIU Wen-long

(College of Computer and Information Engineering, Tianjin Normal University, Tianjin 300387, China)

Abstract: With the expanding application of text mining in active information service, analyzing the inherent

characteristics of data based on the text data is becoming a current research trend,this paper designs and im-

plements a text mining algorithm based on the Hadoop platform which outputs the data according to the natural

corpora adjacent phrase descending frequency, thus helping the users mine the link between the set in the large

quantities of data, In view of the distributed feature of the Hadoop platform, the experimental result shows the

efficiency and better speedup.
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