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Graph Based Collaborative Extraction Method for Keywords and Summary from Documents
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Abstract The purpose of keywords extraction and summary extraction is to select key content from the original document to ex-
press the main meaning of the original document. The evaluation of keywords and summarization quality mainly depends on
whether it can cover the main topics of the document. In the existing methods of keywords extraction and summary extraction
based on graph models.,it rarely involves the task of keywords extraction and summary extraction collaboratively. The article pro-
poses a method based on a graph model for simultaneous keywords extraction and summary extraction. The method first uses the
six relationships among words,topics.and sentences in the document,including words-words, topics-topics, sentences-sentences
words-topics, topics-sentences , words-sentences, to construct the graph;then uses the statistical characteristics of the words and
sentences in the document to evaluate the prior importance of each vertex in the graph;next,it uses an iterative way to score
words and sentences;finally, we get the final keywords and summary based on the scores of words and sentences. In order to veri-
{y the effectiveness of the proposed method,keywords extraction and summary extraction experiments are carried out on Chinese
and English datasets. It is found that the proposed method achievs good results in both keywords extraction and summary extrac-
tion tasks.

Keywords Keywords extraction, Extractive summarization, Graph model, Topic cover
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Table 1 Keywords extraction on DUC2001 dataset
7k Precision Recall F-1 14
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Table 2 Keywords extraction on SCNP dataset

ik Precision Recall F-1 1%
TF-1IDF 0. 149 0. 341 0.208
TextRank 0.165 0.378 0.230
SingleRank 0.179 0.410 0. 249
TopicRank 0.186 0.425 0.258
PositionRank 0.196 0.448 0.273
IRRank 0.201 0.459 0.279
Our-Rank 0.211 0.482 0.293
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Table 3 Summarization extraction on DUC2001 dataset
VS ROUGE-1 ROUGE-2 ROUGE-L
Lead 0.4401 0.19494 0.3317
Random 0.37824 0.12062 0.2549
LexRank 0.43604 0.19213 0.3125
IRRank 0.43685 0.18534 0.3184
Co-Rank 0.45048 0.20034 0.3403
CTSRank 0.45269 0.20460 0.3448
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Table 4 Summarization extraction on SCNP dataset
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Co-Rank 0.20024 0.11745 0.16003
CTSRank 0.20132 0.11868 0.16204
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