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An Improved TextRank Keyword Extraction Algorithm

LI Zhi—qiang ,PAN Su-han,DAI Juan,HU Jia—jia
(School of Information Engineering, Yangzhou University , Yangzhou 225000, China)

Abstract : Keyword extraction is widely used in the field of natural language processing. How to quickly and accurately extract keywords
has become the key issue in text processing. At present,there are many methods for keyword extraction,but the accuracy and versatility
of them need to be improved. Thus,we propose an improved TextRank keyword extraction method which uses the TF-IDF method and
the average information entropy method to calculate the importance of words in the text,and then calculates the comprehensive weight of
words based on the calculation results. The initial node weight of the TextRank algorithm and the node probability transfer matrix are im-
proved by using the comprehensive weight of words, and the weights of each node are iteratively calculated until convergence. The
weights of the nodes are sorted to obtain the weight information of the words. Then,the Top N words are selected as the keywords. The
experiment shows that compared with the traditional TF-IDF method and TextRank method,the improved TextRank keyword extraction
method proposed is more general and accurate in keywords extraction.
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