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Introduction:

Scientific Summarization

® Summarizing scientificarticles
® Motivation:Keeping up with the
developmentsin each scientificField
® Characteristics
® Longarticles
® Coherenceis not the focus

® Followa commoninherentdiscourse
®* hypotheses, methods, experiments, findings
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Scientific Summarization

DB-CSC: A Density-Based Approach for

‘ Subspace Clustering in Graphs with Feature
S ra C S Vectors
. B i a S e d to Wa r d S a U t h O r’ S Stephan Giinnemann, Brigitte Boden, and Thomas Seidl
RWTH Aachen University, Germany

{guennema.nn ,boden,seidl}@cs.rwth-aachen.de

[ ] [ ]
V I e W D O I I l t Abstract. Data sources representing attribute information in combi-

nation with network information are widely available in today’s appli-
cations. To realize the full potential for knowledge extraction, mining

[ ] [ ]
. techniques like clustering should consider both information types si-
multaneously. Recent clustering approaches combine subspace clu X
- B . simi
lar in subsets of their attributes as well as densely connected within the
O Ve r U n d e r S ta te d network. While those approaches successfully circumvent the problem
of full-space clustering, their limited cluster definitions are restricted to

clusters of certain shapes.
In this work, we introduce a density-based cluster definition taking

[ ]
. the attribute similarity in subspaces and the graph density into account.
O n O C O n a I n a This novel cluster model enables us to detect clusters of arbitrary shape
and size. We avoid redundancy in the result by selecting only the most in-
° Y teresting non-redundant clusters. Based on this model, we introduce the
clustering algorithm DB-CSC. In thorough experiments we demonstrate
C O n r I U I O n S the strength of DB-CSC in comparison to related approaches.
1 Introduction

® SI con 1 1 NnsSm
ta te 0 t r I U t I O S a y In the past few years, data sources representing attribute information in com-

bination with network information have become more numerous. Such data

describes single objects via attribute vectors and also relationships between dif-

[ ]
n O t h a Ve re a l I I | l p a ( t ferent objects via edges. Examples include social networks, where friendship

® Usually statedin a general
and less focused Fashion
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Citation based summarization

(Qazvinian, et al 2008, 2013)

® Using citationsto an article for
generatingits summary
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Capturevariouscontributions
Include contributionswith real impacts
More focused

Biased towards citing authors
Not accurate

Inconsistency b/w degree of certainty of # &
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The proposed approach

® Improve the citation based approach
towards scientificsummarization

® Overcome the problemofinaccuracy of
the citationsin citing the originalwork

® Find the contextof the citationsin the
reference article

® Useinherentscientificarticle’sdiscourse
structure
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IE The proposed approach:

Overview

® Four steps:

® Extractcitation-contextin the reference
article

® Group citation-contexts
® Rank sentencesin each group
® Selectsentencesfrom each group
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Citation-context

— Citing article:

The general impression that has emerged is that transformation
of human cells by Ras requires the inagteatian of hath the pRb and pS53
pathways, typically achieved by introduc| citation [ virus oncoproteins
such as SV40 large tumor antigen (T-A gy or numan papillomavirus E6 and
E7 proteins ( Serrano et al., 1997 ).

To address this question, we have been investigating the ...

—» Reference article (Serrano et al., 1997):

... continued to incorporate BrdU and proliferate following introduction
of H-ras VI12. In agreement with previous reports ( 66 and 60), both
p33/ and p16/ MEFs expressing H- ras V12 dlsp]ayed features of oncogenic
transformation (e.g., refractile mory bition), which
were apparent almost immediately | citation-context Llced (data not
shown). These results indicate that r ras-induced
arrest in MEFs, and that inactivation of either p33 or pl6 alone is sufficient
to circumvent arrest. In REF52 and IMR90 fibroblasts, a different approach
was ...
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1- Extracting citation-context

® Vector Space Model
® Citation as source vector
® Text spans in the reference article as target vector
® Cosine similarity, tf-idf weighting, pivoted normalized
vectors
® 4 different ways:
® Preprocessed citation
® Noun phrases
® Keywords
® Biomedical concepts

(r’ge 89
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2- Grouping citation-contexts

® 1- Community detection (unsupervised)

® Graph of citation-contexts

® Edges: Cosine similarity b/w citation-contexts
® Partitionthe graphinto communities
® Find sub-graphsthat maximize modularity

® Graph modularity:

® Quantifies the denseness of the sub-graphs w.r.t.
randomly distributed edges

Higher modularity: Denser sub-graphs

17778
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2- Grouping citation-contexts

® Find sub-graphs that maximize
modularity

® (Computationallyintractable)

® Use a heuristic (Blondel et al., 2008)
® Gainin modularity

® |terativelyadd nodesto subgraphs while
thereis a positive gain

1 R
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2- Grouping citation-contexts

® 2- Usingscientificarticles inherent
discourse structure (Supervised)

® Relate each citation-contextto one of the
discourse fFacets of the article

® (e.g. Hypothesis, Method, Results, Discussion)
® Diversifythe selection based on discourse
® SVM classifierwith ngram & verb features

1 B> SN
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- 3 & 4 - Sentence Ranking and

Selection

® Rank most central sentencesin each

group
® Using eigenvectors— Power method (Erkan
2004)

® Selectingsentences for final summary
® |terative
® Diversityand Centrality (Greedy)

® Linear interpolation of novelty and
informativeness
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Experiments: Data

® Data: TAC 2014 Biomedical
Summarization dataset

Mean Std
# topics 20 0
# Gold summaries per topic 4 0
# citing articles in each topic 15.65 2.7
# citations in each citing article 1.57 1.17
Length of summaries (words) 235.64 31.24
Length of articles (words) 9759.86 2199. 48
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Experiments:

Evaluation Metrics & Baselines

® Rouce evaluation framework (Lin,
2004).
® ROUGE-N
® ROUGE-L

® Baselines
® LexRank (Erkanand Radev, 2004)
® LSA (Steinbergerand Jezek, 2004)
® MMR (Carbonelland Goldstein, 1998)

® Citationsummary (Qazvinianand Radey,
2008)
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Research Questions

® Can citation-contextimprove over the
existing baselines?

® How well does the discourse method
perform?

® What s the effect of different citation-
extraction approaches on the final
summary?

®* How well different sentence selection
strategies work?
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Results: In a nutshell

® Citation-contextapproach towards
scientificsummarization improves over
the baselines

® Citations by themselves are not as
effective

® Discourse based diversificationimproves
performance

® In short summaries, sentence selection
strategy matters more than longer
summaries
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In short summaries: Discourse based

approach with selection by diversity
performs the best

LexRank: The best performing
baseline

Scientific Summarization Using Citation-Contextand Article’s Discourse Structure @EMNLP ‘15

gEORgE OWN,

UNIVERSITY



Results: Long summaries
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.. Results: Baselines
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ﬁr“ Results: Comparison of sentence selection 2
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Results: Comparison of sentence
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ﬁﬁ%.ggg Results: Comparison of
citation-context extraction methods
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® Relatively comparable performance
® (Citation text and keywords performed the best

® Domain specific concepts did not result in
improvement
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Conclusions

® Citation-context approach towards
scientificsummarization improves over
the baselines

® Citations by themselves are not as
effective

® Discourse based diversification
improves performance
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Thank you
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