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Abstract

Purpose: One widely-adopted summarization paradigm, sentence extraction, aims
at extracting important sentences and composing them into a summary. The foundation

towards sentence extraction is to assess importance of sentences in the summary so as to

rank sentences for extraction. This paper employs graph-based text analysis to model
documents and investigates measures of graph-based centrality as sentence salience in
summarization.

Design/methodology/approach: This paper models documents on the same (or
related) topic as a sentence similarity network, in which a sentence is regarded as a node
and relationship between sentences only exists if they are semantically related. Several
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methods for evaluating the importance of a node (i.e., a sentence) in the network are
then proposed, namely: (1) Degree Centrality; (2) Normalized Similarity-based Degree
Centrality; (3) HITS Centrality; (4) PageRank Centrality; and (5) iSpreadRank
Centrality. All are designed on the basis of the idea that the importance of a node is
determined not only by the number of nodes to which it connects, but also by the
importance of its connected nodes. As to summary generation, CSIS (Cross-Sentence
Information Sub-sumption) is employed for anti-redundancy while extracting sentences
according to the sentence ranking produced based on the centrality of sentences.

Findings: The proposed summarization method was evaluated using the ROUGE
evaluation suite on the DUC 2004 news stories collection. Experimental results show
that, while considering the ROUGE-1 metric, the performance ranking is: iSpreadRank
> Normalized Similarity-base Degree > PageRank > Degree > HITS. Another
experiment, conducted to combine sentence centrality with surface-level features, also
presents competitive results, compared with the best participant in the DUC 2004
evaluation.

Research limitations/implications: Directions for future research would be: (1)
instead of symbolic-level analysis, to take into account semantics, such as synonymy,
polysemy, and term dependency, while determining if two sentences are semantically
related; (2) to investigate graph-based centrality developed in social network analysis
for evaluating sentence salience in summarization; (3) to improve the cohesion and
coherence of summaries using natural language processing techniques, such as sentence
planning and generation.

Practical implications: The proposed summarization method is in an
unsupervised manner; thus no training dataset is required. Since no domain-specific
knowledge or deep linguistic analysis is exploited, the method is domain- and
language-independent. However, it might lead to poor understanding of the input texts
and would probably produces poor summaries, due to neither deep analysis of natural
language processing performed, discourse structure considered, nor domain-specific
knowledge involved in the process of summarization,

Originality/value: The contributions of this work are threefold. First, this paper
offers a sentence similarity network to model topic-related documents. Second, novel
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graph-based sentence ranking methods are explored to rank the importance of sentences
for extraction. Finally, the proposed method had been proven successful in a case study
with the DUC 2004 benchmark dataset.

Keywords: multidocument summarization, extraction-based summarization, sentence
similarity network, network-based sentence centrality, sentence ranking
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E 0.41038 [0.38817, 0.43259]
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PageRank _G' 0.35796 [0.34489, 0.37103]
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POS+Normalized Similarity-based Degree_G' 0.37528 | 0.38191 | 0.36354
POS+HITS G' 0.33810 | 0.37631 | 0.32077
POS+PageRank_G' 0.37574 | 0.38008 | 0.37143
POS+iSpreadRank_G' 0.37811 | 0.38634 | 0.37325
POS+Degree_G" 0.36279 | 0.37825 | 0.34546
POS+Normalized Similarity-based Degree G" 0.37061 | 0.37747 | 0.36192
POS+HITS _G" 0.35648 | 0.37834 | 0.34754
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Methods ROUGE-1| 95% Confidence Interval
1.0POS+1.0Degree_G' 0.37646 [0.36252, 0.39040]
1.0POS+1.0Degree_G" 0.37675 [0.36315, 0.39035]
ggggjjéONormahzed Similarity-based 0.38191 [0.36993, 0.39389]
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1.0POS+1.0HITS_G' 0.35519 [0.33759, 0.37279]
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1.0POS+1.0PageRank_G' 0.37865 [0.36471, 0.39259]
1.0POS+1.0PageRank_G" 0.38241 [0.36969, 0.39513]
1.0POS+1.0iSpreadRank_G' 0.38634 [0.37270, 0.39998]
1.0POS+1.0iSpreadRank_G" 0.37954 [0.36579, 0.39329]
S65@DUC2004 (Rank: 1/35) 0.38224 [0.36941, 0.39507]
S104@DUC2004 (Rank: 2/35) 0.37443 [0.36354, 0.38532]
S35@DUC2004 (Rank: 3/35) 0.37430 [0.36121, 0.38739]
LexRank (Erkan & Radev 2004) 0.3736 N/A
Cont. LexRank (Erkan & Radev 2004) 0.3758 N/A
Wan & Yang (2006) 0.41102 N/A
Grasshopper (Zhu et al., 2007) 0.3755 [0.3622, 0.3888]
Cluster-HITS (Wang & Yang 2008
[Re-evaluated (in Cagi] & Li 2%13] ) 0.36463 N/A
Graph-Sum (Boudin et al. 2011) 0.38052 N/A
Canhasi & Kononenko 2011 0.379 [0.361, 0.389]
G-FLOW (Christensen et al. 2013) 0.3733 N/A
Cai & Li 2013 0.37475 N/A

10

1.0POS+1.0Degree_G
1.0 S65 S104 S35 DUC 2004
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