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Chinese keywords extraction algorithm based on frequent pattern mining

CUI Chengyu, RAN Xiaomin

(School of Information System Engineering, Information Engineering University, Zhengzhou Henan 450002, China)

Abstract: A keyword extraction algorithm for Chinese documents based on frequent pattern mining is
proposed aiming at the problems of existing Keywords Extraction Algorithm(KEA) including high
computational complexity and mining shallow semantic information. This algorithm adopts improved
FP-Growth technology to extract word co-occurrence information and remove noisy words. It utilizes
semantic similarity algorithm to eliminate synonyms and simplify the characteristics of candidates, thus
reducing the storage space and the amount of calculation when ensuring the high precision and recall.
Experimental results show that the average F value of corpus reaches 59.7%, which is higher than
classical algorithms; and that the support threshold is the vital influencing factor.
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Table 2 Precision and recall rate comparison of several algorithms
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