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Keyword Extraction Method Based on Wildcard Pattern and Random Walk
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(1. College of Computer Science and Engineering , Northwest Normal University ,Lanzhou 730070, China;
2. Guangxi Key Laboratory of Trusted Software,Guilin University of Electronic Technology., Guilin,Guangxi 541004 , China)

[ Abstract] Based on the wildcard patterns and the random walk algorithm with prior information , this paper proposes an
improved keyword extraction algorithm. The algorithm uses wildcard constraint to capture the semantic information
between words,and extracts the sequential pattern that satisfies the gap constraint and the one-time condition in order to
calculate the pattern support degree. When the pattern support degree is not lower than the threshold of minimum support
degree, the node association graph is established. The similarity between words in the Wikipedia knowledge base is taken
as priori information, and random walks are performed on the association graph by using the PageRank algorithm based on
priori information , until the ranking scores stabilize. The Top K words are selected as keywords. Experimental results show
that the proposed method has higher extraction accuracy and stability than TextRank,GraphSum and other algorithms.
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Table 1 Pattern support degree

A A a b c d
a 0 3 3 0
b 3 1 2 1
c 2 2 2 0
d 1 1 0 1
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Fig.2 Node association diagram
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Table 2 Result comparison of three keyword extraction

modes( Chinese)
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Table 3  Result comparison of three ‘keyword extraction

modes ( English)
1 )7 AR ATk TextRank 53 GraphSum 5512

1 entropy entropy keyword word rank

2 keyword keyword text keyword

3 complexity word entropy entropy

4 word rank text rank text entropy
5 text mine information retrieve information
6 information maximum system extraction

7  complex system system frequence metric measure
8 systematic distance standard text keyword
9 statistical node extraction retrieve
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Table 4 Performance comparison results of three keyword

extraction modes( English)
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