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Resumo

Esta tese descreve um sistema de sumarização automática de textos baseado na teoria de 

grafos. Os sumários são indicadores úteis do conteúdo do documento. Tradicionalmente os 

sumários são criados por pessoas que lêem o texto e identificam os pontos importantes do 

mesmo. A chamada "sobrecarga de informação" torna esse trabalho manual bastante difícil, 

senão mesmo impossível. Várias tentativas tém sido propostas para este problema. Esta tarefa 

é de facto muito difícil e envolve a compreensão de linguagem natural.

Nesta  tese  é  proposta  a  utilização  de  um sistema de  sumarização  extractiva  de  texto.  A 

sumarização extractiva é baseada na selecção de um subconjunto de frases do texto original. 

O sistema precisa de identificar as frases mais importantes no texto. Neste trabalho é usada 

teoria dos grafos para determinar a importância relativa de cada frase. O método proposto, 

SumGraph,  usa  uma rede  totalmente  conexa  para  modelizar  um texto.  Neste  modelo  os 

vértices do grafo são frases do texto e as arestas têm um peso associado que representa a 

dissemelhança lexicográfica entre as frases. Posteriormente é feita uma redução do número 

de arestas do grafo utilizando a técnica Pathfinder Network Scaling. O grafo reduzido revela 

a organização conceptual das frases.  As frases são seleccionadas para serem incluídas no 

sumário dependendo da sua importância relativa no grafo conceptual.

O desempenho do método é ilustrado utilizando colecções de artigos de jornal. A fonte destes 

dados é a Document Understanding Conferences. A medida ROUGE é usada para avaliar a 

qualidade de cada sumário. A comparação com outros métodos indica que SumGraph produz 

melhores sumários.
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Abstract

This  thesis  describes  an  automatic  text  summarization  system  based  on  graph-theory. 

Summaries  are  useful  indicators  of  the  document  content.  Traditionally  summaries  are 

created by humans by reading the text and identifying the important points in the text. So 

called  information-overload makes  such  manual  work  very  difficult  (if  not  impossible). 

Many  attempts  have  been  made  to  automate  the  summarization  task.  This  task  is  very 

difficult and involves natural language understanding.

We propose an extractive text summarization system. Extractive summarization works by 

selecting a subset of sentences from the original text. Thus the system needs to identify most 

important  sentences in the text.  We use graph theory to identify relative importance of a 

sentence. The proposed method, SumGraph, uses a fully connected network to model a text 

with nodes as sentences and the lexical  dissimilarity between pairs sentences as the link 

weights.  This  fully  connected  network  is  then  scaled  using  Pathfinder  Network  Scaling 

technique.  The  scaled  network  reveals  the  conceptual  organization  of  the  sentences. 

Sentences  are  then  selected  for  inclusion  in  the  summary  depending  upon  their  relative 

importance in the conceptual network.

Performance of  the  method is  illustrated  on a  collection  of  newspaper  articles.  The data 

comes from Document Understanding Conferences. ROUGE measure is used for evaluating 

goodness of a summary. Comparison with other methods indicate that SumGraph produces 

better summaries.
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Chapter 1

Introduction

The amount of data available today is vast and is continuously increasing. Particularly the 

Internet provides web pages, news articles, email, access to the databases around the world 

and much more. It is obvious that for individual users it is impossible to analyze and use the 

data effectively, leading to so called information overload. Document retrieval (DR) proved 

to be very useful in last decade reducing the burden on the users at various levels. DR is 

defined as, “given a set of documents and a query find a sub-set of documents most relevant 

to the query while retrieving as few irrelevant documents as possible”. Many search engines 

based  on  this  idea  are  in  use;  Google,  Yahoo  Search  and  Altavista  are  some  of  them. 

Although  the  term  document  retrieval  is  more  appropriate  for  this  process  the  term 

information retrieval has become well established. The difference between the two will be 

explained  soon.  The  problem  of  information  overload  is  not  solved  here.  DR  retrieves 

number of documents still beyond the capacity of human analysis, e.g. at the time of writing 

the query “information retrieval” in Google1 returned more than 30,100,000 results. Thus DR 

is not sufficient and we need a second level of abstraction to reduce this huge amount of data: 

the ability of summarization. This work tries to address this issue and proposes an automatic 

text summarization (TS) technique. Roughly summarization is the process of reducing a large 

volume of information to a summary or abstract preserving only the most essential items. 

A TS system has to deal with natural language text and the complexities associated with 

natural language are inherited in the TS systems. Natural language text is unstructured and 

could be semantically ambiguous.  TS is a very hard task as the computer must somehow 

understand what is important and what is not to be able to summarize. A TS system must 

interpret the  contents  of  a  text  and  preserve  only  most  essential  items.  This  involves 

1 http://www.google.com is probably the most popular search engine over Internet
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extraction of syntactic and semantic information from the text and using this information to 

decide  essentialness  of  the  items.  The  following  sub-section  describes  the  need  of  TS 

systems with an example.

1.1 Motivation
Here we give a real world example to motivate the purpose of this study. In November 2006 

world wide web (WWW) reached a milestone 100 million websites2. When we look at the 

growth rate of the WWW we can expect same growth rate for near future, as can be seen in 

the figure 1.

Websites means data and with such increase in data it becomes practically impossible for a 

human  being  to  manually  analyze  or  even  to  retrieve  the  data  available.  Not  only  the 

webpages  but  other  sources  like  email,  news  articles  and  scientific  publications  give 

overwhelming amount of data making the task impossible. This is termed as  information 

overload.  PC  Magazine  encyclopedia3 provides  the  following  definition  of  information 

overload;

A symptom of the high-tech age, which is too much information for one human 

being to absorb in an expanding world of people and technology. It comes from 

all  sources  including  TV,  newspapers,  magazines  as  well  as  wanted  and 

unwanted regular mail,  e-mail and faxes. It  has been exacerbated enormously 

because of the formidable number of results obtained from Web search engines. 

A way to tackle this problem is to reduce the amount of data. To make things clearer the 

definitions of some of the terms used in this text are provided in the following section.

2 Source http://www.cnn.com/2006/TECH/internet/11/01/100millionwebsites/index.html
3 http://www.pcmag.com/encyclopedia/
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Figure 1. Growth of websites, taken from Hobbe's Internet Timeline V8.24

1.2 Definitions
Data is a collection of elementary symbols such as  digits or letters.

Natural language consists  of a set  of symbols,  like digits and letters,  which in turn are 

combined in a structured manner. Thus natural language can be seen as data. We as users of 

the  language  give  meaning  to  those  symbols.  Even  though  computers  can  manipulate 

symbols, they are still not able to understand the meanings.

Information has no globally accepted definition. But it will not be wrong if information is 

defined as useful data. Informally, information is something that informs or changes the state 

of the knowledge of the perceiver. In  the context of natural language the information does 

not directly fit in the definition provided by Shannon [Shanon, 1948].

4 Source http://www.zakon.org/robert/internet/timeline/
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Document  retrieval  involves  finding  existence  (or  non-existence)  and  whereabouts  of 

documents  containing  desired  information  [Lancaster,  1968].  More  precisely,  document 

retrieval is the task to retrieve all the relevant documents while retrieving as few non-relevant 

documents as possible.

Information retrieval is often confused with document retrieval. Information retrieval goes 

a step further than document retrieval and tries to retrieve only important information from 

the retrieved documents. Thus IR is the task of finding relevant information from a pool of 

information. Information retrieval is necessary due to a shear volume of documents retrieved. 

In a very broad context, IR deals with: how to represent information inside a computer and to 

interpret the structure of its symbols.

1.3  Focus of the thesis
The focus of this thesis is automatic text summarization which is an important problem in 

information extraction. Text summarization is far from easy and is an active research area. In 

particular the work described here is focused on a special type summaries: extracts, obtained 

as a result of extractive summarization. In extractive summarization the summary is created 

by verbatim extraction of the important textual units from the text. 

In  this  work we present  a  text  summarization technique  based on a  graph theoretic  link 

reduction technique called as Pathfinder Network Scaling.  The text is represented as a graph 

with individual sentences as the nodes and lexical dissimilarity between the sentences as the 

weights on the links. To calculate lexical similarity between the sentences it is necessary to 

represent the sentences as vectors of features. In this work the features are the content words 

and the process of transformation from text to vectors is described in detail further on. The 

sentences (nodes in the graph) are then selected for inclusion in the final summary on the 

basis of their relative importance in the graph and their location in the text.

The proposed technique is evaluated on the domain of newspaper articles from Document 
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Understanding Conferences (DUC)5.  It should be noted that with some small modifications 

the same algorithm should be applicable to other types of text data. 

1.4 Organization of the thesis
Each of the following chapters describes various parts of our method. First in chapter 2 the 

basic notions related to TS are explained along with a review of previous work in this area. 

From IR perspective text represents unstructured data. Such data is nor directly accessible by 

IR  systems.  This  unstructured  data  must  be  converted  into  structured  information,  this 

process is discussed in chapter 3. Further, in order to extract important sentences, the text 

must  be  understood by  the  system.  Understanding  text  is  a  non-trivial  task,  this  thesis 

proposes a graph theory based approach to uncover conceptual organization of sentences, 

which in turn is used to identify important sentences. The required basics of graph theory are 

presented  in  chapter  4.  The  same  chapter  also  presents  the  Pathfinder  Network  Scaling 

algorithm. Following chapter, chapter 5,  presents SumGraph system. In chapter 6 we discuss 

the experimental settings and evaluations. Chapter 7 concludes the thesis along with some 

directions for future research. Chapter 8 gives very brief description of some ideas that did 

not work well.

5 http://duc.nist.gov/
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Chapter 2

Text Summarization

I have made this [letter] longer, because I have not had the time to make it shorter. 
- Blaise Pascal

Although there is  no common definition of a  summary,  here a  summary is  defined as a 

condensed  version  of  a  text while  preserving  most  of  the  information.   Traditionally 

summarization is performed by human professionals, like journalists and scientific writers. 

But due to so called information overload the amount of data available is well beyond the 

capacity of a single human and this calls for the use of automatic means of summarization. 

Recently automatic summarization has gained widespread interest due to increasing amount 

of documents available in the electronic format which can be readily subjected to computer 

processing.

Text summarization or rather automatic text summarization corresponds to the process in 

which a computer creates a shorter version of the original text (or a collection of texts) still 

preserving most of the information present in the original text. This process can be seen as 

compression and it necessarily suffers from information loss. Thus a TS system must identify 

important parts and preserve them. What is important can depend upon the user needs or the 

purpose  of  the  summary.  This  chapter  explains  various  aspects  of  text  summarization 

followed by an overview of the past research. 

2.1 Text Summarization Systems

2.1.1 Classification
TS systems can be classified along many dimensions:

1. Input

a. Single document – In such systems the summary is condensation of only one text.
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b.  Multiple  documents  –  In  such  systems  input  is  a  group  (cluster)  of  related 

documents and output is a single summary.

2. Methodology

a. Extraction – In extractive summarization, the summary consists of verbatim textual 

units (e.g., phrases, sentences, paragraphs) from the original text. Extracting can be 

seen as selective copy and paste operation. Section 2.2 discusses this process in detail. 

b.  Abstraction  –  In  abstraction  process,  the  summary  is  rewritten  using  different 

words or formulation. Abstracting may combine concepts but at the same time natural 

text  generation  is  very  difficult  problem.  Extraction  can  assist  abstraction  by 

producing a draft summary.

3. Summary type 

a.  Generic  –  In  this  case  the  output  summary gives  general  overview of  the  text 

content.

b.  Query based – In this  case the user  wants some specific  information which is 

indicated by a natural language query. The task of the summarization system is to 

generate a summary related to the query. 

4. Genre

Automatic summarization can deal with;

a. Newspaper articles

b. Scientific papers

c. Legal documents etc.

5. Intended user

a. Machines – If the intended user is a machine, e.g. a text classifier, then the output 

of the summarizer should contain maximum information. The summaries generated 

for machines should not be necessarily readable due to abrupt topic shifts.

b. Human – If the user is a human then the output summary should be readable. 

Summarization systems fall in one or more of the each main categories mentioned above. 

Our system can be described as a generic extraction system for  single document newspaper 

articles.

20



2.1.2 Properties of a summary
As mentioned earlier summaries can be seen as condensed version of the source text. But a 

crucial  question  remains,  what  should  be  the  properties  of  a  summary?  First  of  all  the 

summary should be informative. Secondly it must be brief, that is condensed. Thirdly it must 

be readable. The final condition applies if the summary is intended to be read by a human. 

This condition of readability is necessary particularly in the context of extractive systems as 

extractive systems tend to select sentences out of context, which may lead to abrupt topic 

shifts and ultimately incomprehensible summaries. On the other hand if the summaries are 

intended  to  be  used  by  a  machine  (e.g.  document  indexing,  text  categorization)  then 

readability  is  no  longer  an  issue  and can be  neglected.  Although this  work  proposes  an 

extractive system we ignore the issue of coherence and leave it for future research. 

2.1.3 Applications of Text Summarization
TS has many potential application areas. Although the current state of the technology does 

not guarantee complete solution TS can assist by producing draft summaries. Some of the 

applications are listed here, the reader is referred to [Mani, 2001] for a detailed discussion.

1. TS cab be used to save time.  So called information overload causes difficulties to a 

human being when processing  large amounts  of  data.  So TS can save significant 

human efforts by providing basic content of a document, thus enabling the reader to 

decide whether he/she needs to read the entire document.

2. TS can speed up other information retrieval and text mining processes, for instance, 

Question Answering (QA) that allows to get precise and targeted answers to specific 

questions. 

3. TS can  also  be  useful  for  text  display  on  hand-held  devices,  such  as  PDA6.  For 

instance a summarized version of an email can be sent to a hand-held device instead 

of a full email. 

6 Personal Digital Assistants, are hand-held computers gaining popularity. They were originally designed as 
personal organizers. 
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2.2 Extractive summarization
An extractive  summarizer  works  as  a  selective  copy and paste  process.  The span of  the 

textual units to be extracted can vary. The units to be extracted could be; words, phrases, 

sentences or whole paragraphs.  In this work the extraction unit  is  defined as a sentence. 

Sentences are well defined linguistic entities and have self contained meaning. So the aim of 

an extractive summarization system becomes,  to identify the most important sentences in a  

text.  The assumption behind such a system is that there exists a subset  of sentences that 

present all the key points of the text. In this case the general framework of an extractive 

summarizer is shown in figure 2. As it can be seen from figure 2, extractive summarization 

works by ranking individual sentences. Most of the extractive summarization systems differ 

in this stage. A sentence can be ranked using a clue indicating its significance in the text.

1. Sentence boundary discrimination
2. Calculation of sentence importance (ranking)
3. Selection of ranked sentences 

Figure 2. Framework of extractive text summarization system.

This clue can be a word,  a sequence of words,  syntactic  structure or the position of the 

sentence  in  the  text.  Once  the   sentences  are  ranked,  usually  high ranked sentences  are 

selected  one  after  another  till  the  required  size  of  the  summary  is  met.  Some  other 

adjustments  can  also  be  used  such  that  selection  of  a  new  sentence  is  sensitive  to  the 

selections made earlier. For instance, a sentence is not allowed to enter in the summary if it is 

very similar to one of the already selected sentences. Such a strategy is particularly useful in 

the case of multi-document summarization due to potential redundancy in the collection of 

documents. Multi-document summarization is out of scope of the present work and will not 

be  discussed.  Extractive  summarization  has  the  advantage  of  being  faster  and  easier  to 

implement  compared  to  abstractive  summarization.  On the  other  hand this  approach can 

produce incomprehensible output, i.e. the output summary could lack coherence due to out of 

context sentence selection.
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2.2.1 Extracts versus Abstracts
There are some clear differences between abstracts and extracts as listed below,

Abstracts

1. As opposed to verbatim selection of textual units in the case of extracts, abstracts 

generally use different reformulation of the original text.

2. Abstracts have possibility to  generalize, i.e. to  combine concepts, and to conclude,  

i.e.  to generate implication,  that might not be implicit  in the source text.  In other 

words,   an abstractive system in general,  combines concepts,  represents it  in new 

terms and expresses it using a new formulation.

Extracts

1. Extracts are prone to redundancy as units with similar content might get high scores 

and are likely to be included in the summary (following framework in figure 11)

2. Extracts  can  also  suffer  from  incoherence  as  the  interconnection  between  the 

sentences is not taken into account (again following framework in figure 11). For 

example  the  extracted  sentences  can  contain  dangling  anaphora.  On  the  contrary 

abstracts tend to be more coherent. 

2.3 Some earlier approaches
This  section  reviews  the  earlier  research  in  the  area  of  extractive  text  summarization. 

Extractive  summarization  systems  can  be  divided  into  supervised  and  unsupervised 

techniques.  Supervised  techniques  [Kupiec  at  al.,  1995;  Teufel  and  Moens,  1997]  are 

generally based on binary classification task where the sentences are classified as either to be 

included in the summary or not. The supervised techniques have two drawbacks. First, they 

need  annotated  corpora  which  is  expensive  as  the  texts  need  to  be  annotated  manually. 

Second problem is that they are not portable. Once a classifier has been trained for one genre 

of documents (e.g. news articles or scientific documents) it cannot be used on the other genre 
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without retraining. On the other hand the unsupervised techniques do not need annotated 

corpora (although annotations can be used to improve the performance)  and are portable 

across genre. The following sub-sections review some approaches to extracting task.

2.3.1 Luhn's work exploiting frequent words
In his pioneering work Luhn [1959] used simple statistical technique to develop an extractive 

text summarization system. Luhn used frequency of word distributions to identify important 

concepts, i.e. frequent words, in the text. As there could be uninformative words which are 

highly  frequent  (commonly  known  as  stop  words),  he  used  upper  and  lower  frequency 

bounds to look for informative frequent words. Then sentences were ranked according to the 

number of frequent words they contained. The criterion for sentence ranking was very simple 

and would read something like this:

if the text contains some words that are unusually frequent then the sentences 

containing those words are important

This  quite  simple  technique  which  uses  only  high  frequent  words  to  calculate  sentence 

ranking worked reasonably well and was modified by others to improve performance. 

2.3.2 Edmundson's work exploiting cue phrases etc.
Luhn's work was followed by H. P. Edmondson [Edmundson, 1969] who explored the use of 

cue phrases, title words and location heuristic. Edmundson tried all the combinations and 

evaluated the system generated summaries with human produced extracts. The methods used 

include;

Cue method: The cue method used a cue dictionary which contained bonus words (positive 

weight), stigma words (negative words) and null words (equivalent to stop words). 

Key method:  A  Key Glossary of words whose frequency of occurrence is  above certain 

percentage of the total words was used. 
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Title method: Positive weight was awarded to the words appearing in the titles or headings.

Position method:  The positive  method  assigns  positive  weight  to  headings,  leading  and 

concluding sentences in the paragraphs, and the sentences in the first and last paragraph as 

well.

Edmundson's work showed that the combination Cue+Title+Location produced best extracts 

followed by Cue+Title+Location+Key. The result that use of frequency did not lead to any 

improvement suggested two things: 1. It  suggested the need for a different representation 

from word frequencies and 2. System time and memory can be saved by excluding word 

frequencies. 

Subjective similarity rating (on five-point scale) showed 66% mean similarity between the 

automatic and model extracts. Statistical error analysis showed that 84% of the sentences in 

the automatically extracted sentences were; identical with the target extracts, co-intensional 

or extract-worthy. 

2.3.3 Salton's graph-based method
Gerard Salton and co-workers [Salton et al.,  1993] explored a different idea of extractive 

summarization. Their system identifies a set of sentences (paragraphs) which represents the 

document  subject  based  on  a  graph  based  representation  of  the  text.  The  proposed  a 

technique  uses undirected graphs with paragraphs as nodes and links representing similarity 

between paragraphs. Intra document links between passages were generated.  This linkage 

pattern  was  then  used  to  compute  importance  of  a  paragraph.  The  decision  concerning 

whether the paragraph should be kept is determined by calculating number of links to  other 

paragraphs. In other words, an important paragraph is assumed to be linked to many other 

paragraphs.

The  system  was  evaluated  on  a  set  of  50  summaries  by  comparing  them  with  human 

constructed extracts. The system's performance was fairly well. 

25



2.3.4 Other graph-based techniques
Other graph theoretic techniques have been successfully applied to the task of extractive text 

summarization.  In  [Mihalcea, 2004; Mihalcea & Tarau, 2004] authors explored the use of 

two  popular  webpage  ranking  algorithms,  PageRank  [Page  et  al.,  1998]  and  HITS 

[Kleinberg, 1999] to rank sentences. In [Erkan and Radev, 2004] authors proposed a system 

called LexRank which uses threshold-based link reduction as a basis of Markov random walk 

to compute  sentence importance.  LexRank system is  discussed in some detail  in  section 

5.2.4.  In all  those methods the text  is  represented in the form of a weighted graph with 

sentences as nodes and intra-sentence (dis)similarity as link weights, which is the same for 

this  work.  This  graph is  then used to  identify  sentence  importance  using  various  graph-

theoretic algorithms. 

Techniques mentioned so far fall under the general category of unsupervised techniques. To 

make the discussion about extractive summarization more complete the following subsection 

reviews the first supervised extraction system by Kupiec, Pedersen and Chen [1995] and a 

subsequent work by Teufel and Moens [1997].

2.3.5 Supervised methods
Kupiec  et  al.  [1995],  devised  a  trainable  document  summarizer  based  on  statistical 

classification. The classifier assigned each sentence a score which represents its inclusion 

probability in the summary. The classifier used following features:

Sentence length: Sentences containing less than 5 words are excluded.

Fixed-phrase: Sentences containing any of the 26 cue phrases are given higher score.

Paragraph:  Classifies  sentences  into  one  of  the  five  categories  depending  upon  their 

location in the paragraph: first 10, last 5, paragraph initial, paragraph final and paragraph 

media.
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Thematic word: Sentences containing term vocabulary (high frequency words) are favored.

Uppercase word: Extra points are given to the sentences containing proper nouns in capital 

letters.

Each sentence then gets a scores according to Bayes rule,:

P  s∈S given F1 , F 2 , ... , F k =
P F1 ,F 2 ,... ,F k given s∈S P  s∈S 

P F1 , F 2 , ... ,F k 
   (1)

Assuming statistical independence of the features this rule reduces to:

P s∈S given F1 ,F2 ,... ,F
k
=
∏
j=1

k

P F j given s∈S P s∈S

∏
j=1

P F j
   (2)

Sentences are then selection for inclusion in the summary according to this score. 

The  method  was  tested  on  a  188  document  corpus  and  for  evaluation  human-written 

summaries  were used.  The results  showed 79.4% direct  match between  model  summary 

sentences and text body. Another 3.3% sentences were direct join of two or more sentences 

from  the  text  body.  Thus  maximum  precision  of  about  83%  was  obtained.  Recall  for 

individual  features  and  their  combinations  was  also  calculated.  The  best  combination 

obtained was sentence length+fixed-phrase+paragraph with recall of 42%. 

A detailed study of the similar method was performed by Teufel and Moens [1997], but on a 

different  data.  They  used  202  papers  from  various  fields  of  computational  linguistics. 

Comparison between two gold-standards was carried out:

Alignment: Here gold-standard sentences were the common sentences between the source 
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text and the author written summary.

Human judgment: A group of sentences identified by a human judge to be relevant but not 

present in the author summary (non-alienable) were selected as gold-standard. 

The best results were obtained with similar combination of features as in Kupiec et al.'s work 

with 68.4% precision and recall7. While the best individual feature obtained was cue phrase 

with 55.2% precision and recall. The authors concluded that Kupiec's methodology is useful 

with different type of data and evaluation strategy. Apart from this other main conclusions of 

the  work  were:  increased  training  of  the  classifier  do  not  lead  to  better  results;  both 

evaluation strategies are similar; the extraction methods still have room for improvement and 

meta-linguistic cue phrases are useful as they provide rhetorical information.  

7 Precision and recall are the same in [Teufel and Moens, 1997] as the classifier selects same number of 
sentences as in the gold standard summary.
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Chapter 3

From Texts to Tables

The mathematics is not there till we put it there.  
- Sir Arthur Eddington

 
Humans understand text as a natural language, i.e. by the meaning of the individual textual 

units and their relationship with each other. Natural language has no limits on the vocabulary 

and no complete set of rules to define its syntax. Moreover, the interpretation of the text is 

complex a process and involves cognitive dimensions. For a computer to understand natural 

language is still a far goal. Computers mostly rely on an abstract representation of the text 

described  by  the  occurrence  of  words  in  the  text.  This  is  done  under  the  reasonable 

assumption that the presence of words represent meaning. This involves processing of the 

textual  information  and  converting  them into  a  form which  can  be  used  by  computers, 

typically tables. 

In  terms  of  computer  science  text  is  unstructured  information.  Traditionally  computer 

programs process highly structured data in the form of tables. In a table each row typically 

represents a particular case while each column represents some property of a case. The aim 

of this chapter is to discuss the transformation of data from text to format to table format. We 

first present a short description about the texts followed by  the steps used to generate such 

tables from textual information. Although the procedure is described a set of documents it is 

equally applicable to any textual unit. 

Although the word text can refer to either written or spoken passage, here we strictly confine 

the discussion to the written form. For basics of text symbols see appendix A.  The following 

sections describe the basic methodologies used to convert a text to a table.
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3.1 Preprocessing

3.1.1 Tokenization or word parsing
The  process  by  which  the  stream of  characters  is  split  into  words  (tokens)  is  called  as 

tokenization.  Tokens  provide  a  basis  for  extracting  higher  level  information  from  the 

unstructured text. Each token belongs to a type and thus could make repeated appearance in 

the text. As an example, text is a token that appeared twice in this paragraph. Tokenization is 

a  non-trivial  task for  a  computer  due  to lack of  linguistic  knowledge.  So,  certain  word-

boundary delimiters (e.g., space, tab) are used to separate the words. Certain characters are 

sometimes tokens and sometimes word boundary indicators. For instance, the characters “-” 

and “:” could be tokens or word-boundary delimiters depending on their context. 

3.1.2 Stemming
Once the text is converted into tokens, each token can be converted to a standard form, i.e. its 

morphological root. This process is application dependent and can be omitted. The root play 

can represent  played or  playing.  Stemming  can be achieved  by removing inflectional  or 

derivational prefixes and suffixes. When the stemming process is confined to grammatical 

variants, e.g. singular/plural or present/part, it is referred as inflectional stemming. In a more 

aggressive form the token is converted to a root with no inflectional or derivational prefixes 

or suffixes. The effect of stemming is reduction in the number of distinct types of tokens in 

the text, making further analysis more reliable. Hereafter we refer to a single stemmed token 

as a term. 

3.1.3 Sentence boundary discrimination
Sentences play an important role in text as they have self-contained meaning. In English two 

sentences are separated by one of the three end of sentence symbols: “.”, “?” or “!”. Those 

symbols can be used to split the text into individual sentences. There are some exceptions 

when one of those symbols does not indicate a sentence boundary. For instance, the tiles like 

Mr., Ms., Prof. the symbol “.” does not indicate sentence boundary. Care must be taken with 

such exceptions.
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3.2 Vector-space model
After  generating  the  tokens  for  the  whole  document  collection  and  stemming  we  get  a 

dictionary consisting of a unique set of tokens. This dictionary can be then used to describe 

the characteristic features of documents. This is achieved by converting each document into a 

numerical vector such that each cell of the vector is labeled with a word type in the dictionary 

and it contains its weight in the document. If the weight is binary then each cell indicates 

presence or absence of the token in the document with 1 and 0 respectively. If each cell 

contains numerical value then it represents frequency (number of occurrences) of the term in 

the document. Thus the document is represented as a n-dimensional vector, one dimension 

for each possible term and hence the name. This representation is sometimes also called as 

bag-of-words8. Each document is represented as a vector. If we represent several documents, 

we obtain a table. The number of columns of the table are equal to the number of distinct 

tokens in the text, while number of rows correspond to the number of documents. It should 

be noted that the information about dependencies and relative position of the tokens in the 

document do not play any role in this representation, so “red cunning fox” is equivalent to 

“fox red cunning” in the vector-space model.  Originally proposed by Salton and McGill 

[1983], vector space model is the frequently used numerical representation of text popularly 

used in information retrieval applications. 

If each cell in a vector-space model is represented by term frequency (count of a type in the 

document) it is considered as local weighting of documents and is generally called as term 

frequency (tf) weighing. There are some words which occur very frequently than others. This 

is popularly known as the Zipf's law.  This is because of the fact that there are not infinite 

number of words in a language. In 1949 in his landmark work Harvard linguist George K. 

Zipf argued that the word frequency follows power law distribution f ∝ra with a≈−1

[Zipf, 1949], where f is the frequency of each word and r is its rank (higher frequency implies 

higher rank). This law, now known as Zipf's law, states that, frequency of a word is roughly 

inversely proportional to its rank. Thus the most frequent word appears with a frequency that 

is double of the frequency of the second frequent word. This means there are many words 

8 This name signifies that in this representation the position of the words in the document is ignored
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that are frequently used while there are very few rare words. The best way to illustrate this is 

to use an example. Brown corpus is a very popular corpus of standard American English used 

in computational linguistics. It consists of nearly 1 million words.

Figure 3 shows rank vs frequency plot of the Brown corpus. The high ranked words are 

normally words like a, the, we etc. Those words are sometimes referred as stop words and are 

normally removed from further analysis.

The high frequency words in the collection have low discriminative power while the low 

frequency words serve as noise.  To achieve this term frequency count can be weighed by the 

importance of a type in the whole collection. Such weighing is called as global weighing. 

One of such weighing schemes is called as inverse document frequency (idf). The motivation 

behind idf weighing is to reduce the importance of the words appearing in many documents 

and increasing importance of the words appearing in fewer documents. Then tf model when 

modified with idf results in the well-known  tf-idf formulation [Salton, 1988]. The idf of a 

term t is calculated as shown in equation 3.

idf t =log  N
nt

                (3)

In equation 3, N is the number of documents in the collection and n t indicates number of 

documents containing the term t. The tf-idf measure combines the term frequency, number of 

documents and the number of documents in which the term is present and is calculated as;

tf −idf t= tf t ∗idf t                         (4)

The vectors in a vector-space model provide us a simple way to compute similarity of one 

text  with another.  Similarity  here means  similarity  in the vocabulary.  Various similarity 

measures are discussed in the following sub-section.
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Figure 3. Zipfian behavior of the Brown corpus. In Brown corpus the is the most frequently 

occurring word (approximately 7% of all word concurrences) and of is the second most 

frequent word occurring approximately 3.5% of words. 

3.3 Similarity measures
Number of common words could be used as a measure of similarity between two texts. More 

sophisticated measures have been proposed which consider the number of words in common 

and number of words not in common and also lengths of the texts. Let us consider that , we 

want to measure similarity between two texts T1 and T2. The vocabulary consists of n terms, 

t1...tn. We use the notations tT1i and tT1i to represent the term occurrence in the text T1 

and T2 respectively and can take either binary or real values. Then the simplest  measure 

could be to count the number of common terms in the two texts.

33



Common words

CommonT1 ,T2=∑
i=1

n

tT1i . tT2i   (5)

This function calculates the summation over all terms in the two texts. If we are using binary 

weights for the terms then this measure counts number of common words. This formula is 

not used much because it does not consider how many words are involved. 

Dice's coefficient

This measure considers the total number of words to calculate similarity between two texts 

and is defined as follows;

Dice T1 ,T2=
2∗∑

i=1

n

tT1i . tT2i

∑ tT1i∑ tT2i

  (6)

In this formula the previous measure (Common) is divided by the mean number of the terms 

in the two documents. 

Jaccard's coefficient

This  measures  divides  Common measure  (see  equation  5)  by  the  number  of  uncommon 

words, instead of mean number of terms as in the Dice's coefficient. 

Jaccard T1 , T2=
∑
i=1

n

tT1i .t T2i

∑ tT1i∑ tT2i−∑ tT1i . tT2i

  (7)

Thus Jaccard's coefficient is the ratio of common words to uncommon words.
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Input: a collection of n documents D
Output: a vector-space model VSM
Step 1: Building vocabulary
split all the documents into tokens. 
Combine all tokens to get token set = ts

hs = empty hash table

for each tok in ts do
  if vocab contains tok then
      i = value of tok in hs
      increment i by 1
  else
     i=1
  endif
     store 1 as value of tok in hs 
endfor 
perform word selection if requested
vocab =  keys of hs

Step 2: Generation of vector-space model, VSM
m = number of words in vocab
initialize VSM = matrix with n rows and m columns

i = 1
for each document d in D do
  j = 1
  for each word w in vocab do
      occ = number of occurrences of w in d
      VSM(row=1, column=j) = occ 
       increment j by 1
  endfor
  increment j by 1
endfor
output VSM

Figure 4. Pseudo algorithm for constructing VSM from a document collection. The VSM is 

assumed to be a frequency model.
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Cosine coefficient

This is perhaps the most popular similarity measure. This measure calculates the cosine angle 

between two vectors in the high dimensional vector-space.

Cosine T1 ,T2=
∑
i=1

n

tT1i .tT2i

∑ tT1i
2 .∑ tT2i

2 
1 /2

  (8)

This is an explicit measure of similarity. It considers each document as a vector starting at the 

origin  and the  similarity  between the  documents  is  measured  as  the  cosine  of  the  angle 

between  the  corresponding  vectors.  Figure  5  shows  graphically  the  cosine  between  two 

documents in a three dimensional space:

Figure 5.  Geometrical interpretation of cosine similarity. The figure shows two texts T1 and 

T2 in three dimensional space of words w1, w2 and w3. Cosine similarity between T1 and T2 

is the angle between  the two corresponding vectors starting at origin.

Cosine similarity is proved to work well in information retrieval tasks so we use the same in 

this work.
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Chapter 4

Essentials of Graph Theory

Graph theory has been found to be useful in diverse problems, ranging from biology to social 

sciences.  Graphs  provide  a  concise  and  general  way  to  represent  entities  and  their 

interrelationships. The entities here can be people, organizations, genes or texts. While the 

interrelationships can represent social relationship, economic interaction, regulation or lexical 

similarity respectively. Such a graph can be represented mathematically in terms of a matrix. 

This matrix is useful for studying properties of the graph. 

This chapter is intended to present some preliminaries and mathematics behind graphs which 

will be useful in later discussions. We use the words graph and network interchangeably. Let 

us start with some basic definitions,

4.1 Definitions
Graph A graph is made up of points, called as nodes, and lines connecting those points, 

called as links. Nodes are a finite set indexed by i=1, 2,.., n  and the links are a subset of the 

set of the all pairs of the nodes, e.g. (1,2), (3,5), (1,n). Those links can be undirected or 

directed. If the links are undirected, i.e. existence of a link between nodes a and b also means 

that  there  is  a  link  between  nodes  b  and a.  A self  link  is  called  as  a  cycle  or  a  loop. 

Furthermore, the links can have different connection strengths, thus a link can be stronger 

than another link. In this case the links are said to bear weights and the corresponding graph 

is called as a weighted graph. The weights are generally positive real numbers. 

Complete graph A complete graph has all possible links. Thus an undirected complete graph 

has 
nn−1

2 links while a directed complete graph has n∗n links.
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Subgraph A subgraph is a graph whose nodes and links are the subsets of another graph. An 

edge-induced subgraph consists of a subset of the links of another graph together with the 

nodes  that  are  the end points  of  those links.  While  a  node-induced subgraph (or  simply 

induced  subgraph)  consists  of  a  subset  of  nodes  of  another  graph  along  with  any  links 

connecting them. 

Walk A walk in a network is a sequence of nodes such the there exists a link between two 

consecutive nodes. For example given nodes {1,2,3,4,5} a possible walk could be 1,2,4,2,3. 

As it can be seen the nodes in a walk need not be distinct. The length of a walk is equal to the 

number of links in the walk, or alternatively the number of nodes minus one.  

Path A path in a network is a walk with all distinct nodes. A path between two nodes is a 

geodesic path if the shortest path in terms of number of edges (or cost for weighted networks) 

traversed. There can be more than one geodesic paths between a given pair of nodes. 

Connected Graph A connected graph contains a path between any two nodes. 

Tree  A tree is a connected graph with no cycles. An undirected tree with n nodes has n-1 

links. 

Minimal spanning tree A minimal spanning tree (MST) is defined for weighted graphs (we 

refer to weighted graphs as networks). A MST of a network consists of a subset of links such 

that the subgraph is a tree and the sum of the link weights is minimal. A network can have 

more than one MSTs. Deletion of a link from a MST results in two disconnected trees. 

4.2 Representing a graph as a matrix
In the simplest case, i.e. undirected and unweighted graph, the graph can be represented with 

adjacency matrix A,  which is  a symmetric  n*n matrix.  Each element of the matrix  A is 

defined as;
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            (9)

Node 1 2 3 4 5
1 - 0  1  1 1
2 - - 0 0 1
3 - - - 0 0
4 - - - - 0
5 - - - - -

Figure 6.  Upper half triangle of a sample adjacency matrix and corresponding graph

In the case of directed links the adjacency matrix will be an asymmetric matrix. If the links 

are weighted then the non-zero elements in the adjacency matrix can take real values equal to 

the  link strength.  Figure  6  shows an  undirected  graph with  the  corresponding adjacency 

matrix. Only upper half triangle of the adjacency matrix is shown as the matrix is symmetric.

4.3 Pathfinder Networks
A network in general represents concepts as nodes and links between concepts as relations 

with weights indicating strength of the relations. The hidden or latent structure underlying 

raw data, a fully connected network, can be uncovered by preserving only critical links. The 

aim of a scaling algorithms is to prune a dense network in order to reveal the latent structure 

underlying  the  data  which  is  not  visible  in  the  raw  data.  Such  scaling  is  obtained  by 

generating an induced subgraph. There are two link-reduction approaches: threshold-based 

and topology-based.  In  threshold-based  approach elimination  of  a  link is  solely decided 

depending upon whether its weight exceeds some threshold. On the other hand, a topology-
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based  approach eliminates  a  link  considering  topological  properties  of  the  network. 

Therefore a topology-based approach preserves intrinsic network properties reliably. 

Pathfinder  Network  Scaling  (PFnet)  is  one  of  the  topology-based  techniques  originally 

proposed  by  cognitive  scientists  [Schvaneveldt  et  al,,  1988;  Schvaneveldt  et  al.,  1989; 

Schvaneveldt, 1990] for scaling of proximity data (pair-wise relatedness between concepts as 

perceived by a human subject) to generate a network model of human semantic memory. 

PFnets  are  connected  networks  and  are  generated  by  preserving  only  critical  links  and 

removing  the  spurious  links.  Spurious  links  are  identified  by  comparing  the  direct  cost 

(distance) between the a pair of nodes with the costs of the alternative paths between them. 

The direct link is considered as spurious and removed from the network if the direct cost is 

greater than the indirect cost, this is known as the triangular inequality criterion (see figure 

7). 

        a) b) c)

Figure 7. Triangular inequality. The numbers above the links denote the distance 

between corresponding nodes.

Figure 7 a) shows that the link connecting nodes A and C (distance 11) violates triangular 

inequality at  r=1 as there exists an alternate shorter path between the nodes A and C through 

node B, distance 9 . This link between the nodes A and C is spurious and can be removed 

from the network.  This link will be eliminated for any value of r. In figure 7 b) the link 

between the nodes A and C violates the triangular inequality only for r≥3 . In figure 7 c) 

the link between the nodes A and C will be eliminated for r=∞ .
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PFnet  by revealing  the  latent  structure  underlying  the  raw data  uncovers  the  conceptual  

organization of the data. The following subsection describes the procedure for generating a 

PFnet.

4.3.1 Generation of  PFnet
The total cost of a path P is calculated using the Minskowski distance (see appendix A),

W P =∑
i=1

q

W i
r 

1 /r
  (10)

where, k is the number of links and W i  is the weight on the link i. As it can be seen in 

equation 10 there are two parameters r and q:

● r Parameter : This parameter defines the metric space using the Minskowski 

distance measure and  increasing it amplifies relative contribution  of the larger 

weights to the path. r can assume any value from 1 to ∞ .  When r=2 we get 

the  well-known Euclidean  distance.  At  r=∞ the  Minskowski  distance  is 

defined as the maximum weight of its component links. For definition of the 

Minskowski distance see appendix A. 

● q parameter : This parameter is the upper limit on the number of links to be 

considered to calculate alternate paths between a pair of nodes. q can take any 

integer  value  between  2  and  n-1,  where  n  is  the  number  of  nodes  in  the 

network. The complexity of the network decreases as either r or q increases. 

The link between nodes i and j is eliminated if:

w ij≤W P  (11)

where,  w ij is  the  weight  on  the  direct  link  between  the  corresponding  nodes.  Edge 
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membership is determined depending upon (possibly) all the connections across the entire 

network.  The  PFnet  r=∞ , q=n−1  is  the  maximally  reduced  (least  dense)  network 

revealing only the most salient links. Moreover, PFnet  r=∞ , q=n−1 is the union of all 

minimum spanning trees of  PFnet  r , q thus providing a network with least number of 

links with all minimum cost paths [Chen and Morris, 2003]. In essence the procedure scales a 

fully connected network in order to get a minimally connected network using the notion of 

triangle  inequality  to  uncover  the  latent  structure.  Figure  8  shows,  a  synthetic  weighted 

adjacency matrix and the corresponding PFnet r=∞ , q=n−1 .

Node 1 2 3 4 5
1 - 7  3  1 3
2 - - 7 7 3
3 - - - 7 5
4 - - - - 5
5 - - - - -

Figure 8. Example PFnet. a) weighted adjacency matrix, b) corresponding

PFnet  r=∞ , q=4

4.4 Node centrality
In this work centrality of nodes in a network plays a vital role, so we explain the concepts 

and intuitions in some detail. Centrality of an individual in a social network was one of the 

basic goals pursued by social network analysts. The pioneering work was done by [Bavelas, 

1950] followed by various others. In sociometrics centrality was originated in the pursuit of 

characterizing  the  importance  of  an  individual  or  an  organization,  which  are  abstractly 

referred to as actors. It is well accepted that importance is consequence of relations between 
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the actors and the patterns of connection therefore. Thus the  node centrality measures seek 

for  relative importance  of a nodes in a graph. Various node centrality measures have been 

proposed depending upon the definition of centrality.  The following sub-sections  discuss 

various centrality measures used in this work.

4.4.1 Degree centrality
A node is central in a graph if it is connected with large number of other nodes directly in its 

vicinity. Thus, degree centrality is concerned with relative importance of a node in its local 

neighborhood and hence it is a local centrality measure. For instance consider the following 

Figure 9.  In this figure the degree of the node 1 is 5 while degree of the other nodes is 1. 

Figure 9. A network to illustrate degree centrality

It is not always sufficient to use a local centrality measure. Rather it is necessary to measure 

the strategic importance of a node in the overall network. In other words, having same degree 

does not necessarily indicate that the nodes are equally important. This is where the global 

centrality measures comes in. Let us consider figure 10, where there are two nodes, 1 and 3, 

with same degree centrality of 4, but node 1 is closer to node 11 than node 3 is to node 11. In 

some other cases a node might be central in its local context but its neighbors can be quite 

disconnected from the network. To capture such aspects we need more sophisticated measure 

than degree centrality. To address this problem closeness centrality has been proposed. 
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Figure 10. A network to illustrate closeness centrality

4.4.2 Closeness centrality
Closeness centrality is based on the concept of network paths. It calculates how reachable a 

node is from the other nodes in a network, i.e. direct and indirect ties. Closeness centrality of 

a node can be calculated in different ways but here we consider only one version which uses 

the notion of  shortest paths (geodesic distance). Mathematically, closeness centrality of a 

node is equal to the inverse of the sum of all geodesic distances to the nodes reachable from 

the given node. The formula for closeness centrality is given in equation 12;

Closenessni=
n−1

∑n j∈N R

d ni , n j
 (12)

where, n is the number of nodes and N R  is the set of nodes reachable from the node n i . 

In the case of a connected graph all nodes are reachable from any node, so N R=N . 

44



4.4.3 Betweenness centrality
There is one more aspect of node importance, called as betweenness. Degree centrality and 

closeness centrality measure the importance of a node depending upon their connectedness in 

the network. Consider the scenario depicted in figure 11. Assume that the network models 

information flow, i.e. information flows between nodes through the links. If we remove node 

4 from the network we obtain two totally disconnected subgraphs, breaking the information 

flow. Here node 4 has low degree centrality, less than average degree of the network. So, it 

can be said that node 4 is essential to maintain connectivity in the network. In other words, 

node 4 acts as  glue  in the network. Such kind of importance of a node in the network is 

characterized by betweenness centrality. 

Betweenness  centrality  is  defined as  the proportion of  shortest  paths  between all  pair  of 

nodes that pass through the given node. 

Thus a node with high betweenness centrality lies along shortest path between many pairs of 

nodes. Removal of such a node from the network results in most reduction in the cohesion of 

the network. 

Figure 11. A network to illustrate betweenness centrality

45



4.4.4 Eigenvector centrality
Eigenvector  centrality  uses  eigen  decomposition  of  the  adjacency  matrix  to  measure 

importance of a node in the network. Eigenvector centrality is a more sophisticated version of 

the degree centrality and acknowledges that all the neighbors are not equally important. It 

assigns  a  score  depending  upon  both  the  number  of  connections  and  the  quality  of  the 

connections. In the matrix notations if x is the eigenvector of adjacency matrix A with the 

eigenvalue λ then,

 x=A. x  (13)

Equation 13 shows that the centrality score is nothing but the eigenvector of the adjacency 

matrix. There could be many possible eigenvalues of a matrix and the principal eigenvalue is 

considered to calculate the eigenvector centrality, i.e. the principal eigenvector. 

4.4.5 PageRank
PageRank [Page et al, 1998] was proposed for assigned numeric weights to web-pages which 

indicate their importance on the Internet. PageRank of a page is calculated recursively by 

considering PageRank of all the pages that link to it. Lets us assume that PR(x) is PageRank 

of a page x and C(x) is the number of outgoing links from page x. If there are P1, P2, ..., Pn 

pages are pointing to page A then PageRank of A is given by;

PR A=1−d d 
PRP1
C P1


PR P2
C P2

...
PR Pn
C Pn

  (14)

where d is the damping factor which is usually set to 0.85. 

For  a  detailed  discussion  about  networks  and  centrality  measures  reader  is  referred  to 

[Newman, in press].
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4.5 Texts as Graphs
Having  discussed  how  to  calculate  similarity  between  texts  (section  3.3)  and  the  graph 

theory, we now discuss how a text can be modeled as a graph. The textual units (words, 

sentences, paragraphs etc.) in a text form nodes of a network. The dissimilarities between a 

pair of units form weight on the link connecting the two units. Thus the weighted adjacency 

matrix of the graph can be formed using the similarity measures. This results in a model of 

the text as a fully connected weighted graph. As the textual unit in this work is a sentence, in 

the graph sentences make the nodes  while  the link weights  are  derived using the cosine 

similarity measure.  Figure 12 shows a document with corresponding dissimilarity matrix. 

The dissimilarity values are calculated by subtracting cosine similarly from 1. 
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1 A coalition of members of Congress announced Wednesday that they plan to sue the Census Bureau in an effort to 
force the agency to delete illegal aliens from its count in 1990.

2 Some 40 members of the House joined the Federation for American Immigration Reform in announcing that the suit 
would be filed Thursday in U.S. District Court in Pittsburgh, spokesmen said at a news conference here.

3 The group contends that including the estimated 2 million or more illegal aliens in the national head count, which is 
used to distribute seats in the House of Representatives, will cause unfair shifts of seats from one state to another.

4
Census officials say they are required to count everyone by the U.S. Constitution, which does not mention 
citizenship but only instructs that the House apportionment be based on the "whole number of persons" residing in 
the various states.

5 That approach was upheld by a federal court in a similar suit, brought by the same immigration reform group, before 
the 1980 Census.

6 Nonetheless, Dan Stein of the immigration reform federation contended that illegal aliens should not be allowed to 
be part of determining the political structure of the United States.

7
Rep. Tom Ridge, R-Pa., said the Census Bureau should actually count everyone but that it should develop a method 
to determine how many people are illegally in the country, and them deduct that number from the figures used for 
reapportioning Congress.

8 Rep. Jan Meyers, R-Kan., suggested including a question on the Census form asking whether respondents are U.S. 
citizens.

a) text

Nodes 1 2 3 4 5 6 7 8

1 - 0.8629 0.8137 0.8675 0.9511 0.8436 0.8121 0.9800

2 - - 0.9039 0.8891 0.8217 0.8392 0.9054 0.9665

3 - - - 0.8565 0.9267 0.8180 0.8880 0.9559

4 - - - - 0.8871 0.8354 0.8496 0.9000

5 - - - - - 0.8953 0.9548 0.9771

6 - - - - - - 0.8611 0.9869

7 - - - - - - - 0.9289

8 - - - - - - - -

b) dissimilarity matrix
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c) Fully connected graph

Figure 12. Sample document and corresponding dissimilarity matrix. a) Document 

ap880217-0175 from the DUC2001 dataset and b) corresponding dissimilarity matrix, c) the 

fully connected graph, weights are not shown for clarity
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Chapter 5

Pathfinder Network based Text Summarization

The aim of this  chapter  is  to  discuss the intuitions  and engineering behind the proposed 

method hereafter referred as SumGraph. SumGraph stands for Summarization using Graphs. 

Following  is  the  hypothesis  behind  the  SumGraph  system  which  is  followed  by  the 

engineering part. 

5.1 Connectedness and sentence importance
In a natural language text the sentences are related to each other. This relatedness can be in 

the form of lexical  overlap.  In lexical  relatedness two sentences sharing same words are 

related to each other. We exploit this idea in order to calculate importance of a sentence in 

the text.  Importance of an entity, like a sentence, is not an individual property but it depends 

upon other entities. Graphs provide an elite way for representation of relationships between 

entities. Further graphs can also be used to calculate  relative importance of entities.  There 

are various ways to calculate node importance in a graph and some of them  are outlined in 

section 4.4.  

SumGraph relies on two ideas. First idea is that PFnet uncovers the conceptual organization  

of the sentences in a text. The second idea behind the SumGraph system is that the highly 

connected sentences in a PFnet are important. What does this actually means? Going back to 

the PFnet generation we can remind that a pruned network contains only critical links. So if 

two sentences are connected by a link it can be safely said that those sentences share some 

information (in the form of word content). So in the simplest case, i.e. degree centrality, a 

sentence  with  many links  shares  information  with  all  its  neighbors.  A highly  connected 

sentence is assumed to be an important sentences, for it contains more information than a 

sentence with lower connectivity.
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Figure 13. Overview of the proposed system

5.2 SumGraph Engineering
The overview of the proposed system is depicted in figure 13. As discussed in chapter 3 we 

first convert a text into a table using the  tf ∗idf  vector-space-model. This table is then 

used to calculate pairwise cosine similarities between sentences. Those similarity values are 

then converted into dissimilarity value by subtracting them from 1. This dissimilarity matrix 

can be seen as a fully connected network with sentences as nodes and the dissimilarity values 

as the costs on the links. The costs indicate lexical dissimilarity between a pair of sentences. 

Thus  lower  cost  means  higher  lexical  similarity  while  higher  cost  means  lower  lexical 

similarity. 

This  fully  connected  network  is  then  subjected  to  scaling  using  PFnet  algorithm.  The 

resulting network reveals the conceptual organization of the sentences. Scaling removes the 

links in such a fashion that if a sentence A contains words from both sentences B and C, 

while B and C also share some common words then the link between the sentences B and C 

is removed. PFnet are known to build mental models [Schvaneveldt et al., 1988]. The latent 

structure uncovered by PFnet contains only salient links. If two sentences are connected by a 
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link in the PFnet they are more lexically similar to each other than the sentences that are not 

connected. Thus, the central nodes in the PFnet tend to represent important parts of the text. 

This centrality of nodes can be measured using several centrality measures generally used in 

the social network analysis (section 4.4). We use this scaled network to identify important 

sentences using the hypothesis the highly connected sentences are the important sentences.

We follow the  general  framework shown in  the  Figure  1.  In  order  to  get  salience  of  a 

sentence (step 2 in the framework) we use a linear combination of two features extracted 

from text. First is the centrality of a sentence in the PFnet.  Centrality score of a sentence is 

denoted as  C i .  This score is  scaled between 0-1.  The second feature is  the positional 

weight of a sentence in the text. 

The nature of the text to be summarized affects the summarization process. For example in 

scientific texts the abstracts and conclusions are representative while in newspaper articles 

the leading sentences are crucial.  As this work is  confined to newspaper  articles  we use 

location heuristic,  i.e.  position of the sentences in the text,  as an added feature called as 

position. Thus the second feature is the weight of the physical position of a sentence in the 

text. Each sentence gets a score equal to,

P i=
1
 i

 (15)

where, i is the position of the sentence in the text. This weight is then normalized, thus first 

sentence gets the score 1 and the last sentence gets the score 0. The two scores are linearly 

combined to get the final score of a sentence as following,

S i=W c∗C iW p∗P i  (16)

where  W c  and  W p are  the  weights  for  the  centrality  score  and  the  position  score 

respectively.  The sentences are then ranked according to the  S i scores and successively 
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added to the target summary till required summary size is met. The extracted sentences are 

then presented in the order they appear in the source text. The pseudo code of SumGraph 

algorithm is shown in figure 14.

5.3 Summary evaluation
Summary quality is a subjective and thus varies from human to human. This is reflected in a 

study conducted by Goldstein [Goldstein et al., 1999]. In this study people were asked to 

choose most relevant sentences from a given document and the results showed little overlap 

between  the  sentences  selected  by  different  people.  This  makes  the  evaluation  of 

automatically generated summaries a hard task and unfortunately there is no gold-standard 

available. Some measures to quantify the quality of a summary have been proposed. Also 

there are some properties of a text that are difficult to measure like, cohesion and coherence. 

Given: text T, centrality measure, q, r, Wc and 
Wp
Get the text vocabulary V
Cut the text T into a set of sentences S
Generate sentence by term matrix tf
Compute idf of each term
tfidf <- tf*idf
Generate PFnet(q,r) <- pfnet(tfidf,q,r)
Convert PFnet(q,r) to adjacency matrix a
Calculate centrality of each node C
Calculate position score of each node P
Combine centrality and positioned to get score R

   R <- Wc*C + Wp*P

Rank sentences using score R
Select required number of sentences
   

Figure 14. Pseudo code of SumGraph algorithm
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The evaluation methods can be broadly classified in to  intrinsic evaluation and  extrinsic  

evaluation methods [Spark-Jones and Galliers, 1995]. A measure is said to be either intrinsic 

or extrinsic depending upon whether it evaluates quality of the summary using the summary 

alone, or assesses the usefulness of the summary in assisting some other task [Goldstein et 

al., 1999]. Intrinsic evaluation measures quality of the output only, while extrinsic evaluation 

measures the output quality in the form of its assistance in another task (e.g. information 

retrieval).  This  work  uses  intrinsic  evaluation  and  is  discussed  further  in  the  following 

paragraphs.  

Most of the existing summary evaluation techniques are intrinsic in nature.  Typically the 

system output is compared with ideal summary created by human evaluators for information 

overlap. The basic units for measuring overlap are typically words, phrases or sentences. As 

Edmundson states [1969] there is no single correct summary. Since a summary is subjective 

often more than one ideal summaries are used to get a better evaluation. Many researchers 

have used this kind of evaluation [Edmundson, 1969, Kupiec et al., 1995; Salton et al., 1997]. 

Edmundson  [1969]  proposed  a  method  for  measuring  quality  of  extracts.  In  his  method 

extracts are compared with the sentences hand-picked by human judges. The quality of an 

automatically summary is measured by computing number of sentences common between the 

automatically generated summary and the human summary. Although this method is widely 

used it involves a lot of manual work and for the same reason it is inapplicable to large scale 

evaluations. Recently [Lin and Hovy, 2003] proposed an automatic measures of summary 

evaluation called ROUGE, which is used in this work. More details on ROUGE measure are 

given further in section 5.4.2.

Another  way to  perform intrinsic  evaluation  is  to  let  human graders  to  rate  the  system 

summaries  according  to  some  predefined  criterion  (e.g.  informativeness,  readability, 

coverage).

5.3.1 Recall and Precision
An IR system is generally evaluated along two criteria; recall and precision:
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Recall=number of correct items retrieved
total number of items  (17)

Precision=number of correct items retrieved
total number of correct items  (18)

Generally in information retrieval tasks increase in precision causes decrease in recall and 

vice versa. That means they are inversely related. F measure is used to combine precision and 

recall. An ideal system should have both high precision and high recall. But as maximum of 

both can not be achieved they are combined into F measure to get an idea about general 

behavior of the system. F measure is defined as:

F=
1 . precision. recall
 . precisionrecall   (19)

When   is set to one,  and the resulting measure is called as F1 measure which is the 

harmonic mean of precision and recall (see appendix A).

F1=2 . precision . recall
precisionrecall  (20)

In  F1  measure  recall  and  precision  are  given  equal  importance.  Other  measures  giving 

different importance to precision and recall are also possible, for example, F2 measure gives 

twice as much weight to recall than to precision. 

5.4 Evaluation tools

5.4.1 Interactive method SEE
In  SEE  accessors  can  judge  the  quality  of  a  system  summary,  called  as  peer  text,  by 

comparison to the reference summary, called as model text. The evaluation can be performed 

at various granularity levels called as segments representing, for instance, phrases, sentences, 

clauses  etc.  The  texts  are  first  preprocessed  by  breaking  them  into  a  list  of  segments 
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depending upon the granularity of the summarization system. Thus for a system which works 

by extraction of sentences, the texts are broken into sentences. After this preprocessing stage 

the two summaries are shown in two different panels and interfaces are provided for the 

accessors  to  judge  both  content  and quality  of  the  summaries.  For  each  segment  in  the 

summary that is being evaluated the accessors can click on one or more segments in the 

model summary. For each click, accessors can specify whether the marked unit expresses all, 

most, some, or hardly any content in the corresponding unit in the model units. To measure 

the quality accessors rate grammaticality, cohesion and coherence at five different levels: all, 

most, some, hardly any and none. Quality is accessed at both unit level and text level.

5.4.2 Automatic method ROUGE
Although tools like SEE are useful for summary evaluation, they are not automatic (given 

gold-standard). Recently an automatic scoring metric for summary evaluation was proposed 

called Recall Oriented Understdy for Gisting Evaluation, abbreviated as ROUGE. ROUGE is 

an adaptation of IBM BLEU [Papineni et al., 2001] measure for machine translation. The 

idea  is  that  a  system  generated  summary  is  better  if  its  similar  to  the  human  written 

summary(ies). The difference between BLEU and ROUGE is that, the former is precision 

oriented metric while the later is recall oriented measure. 

ROUGE uses n-gram co-occurrence to compare two summaries. In [Lin and Hovy, 2003] it 

is shown that 1-gram co-occurrence (which is denoted as ROUGE-1) correlates well with 

human judgment. ROUGE has been used for official evaluation of DUC conferences in 2003, 

2004 ans 2005. The n-gram co-occurrence statistics is calculated using two formulae. First of 

them is the n-gram coverage, defined as:

 

Cn=
∑

C∈Model Summaries
∑

ngram∈C

Count match ngram

∑
C∈Model Summaries

∑
ngram∈C

Count ngram
 (21)

where Countmatch ngram is the maximum number of co-occurring n-grams in the model 

57



summary and the system summary and  Count ngram is the number of n-grams in the 

model summary. As it can be seen from equation 21 coverage is equivalent to recall. The 

value of n in n-grams can range from 1 to 4. Those various n-gram scores are then combined 

into one metric using the following equation:

ROUGE i , j =BB∗exp ∑
n=i

j

w n log Cn  (22)

here BB stands for brevity bonus awarded to shorter summaries with similar content and is 

set to 1. wn is the weight equal to 1/ j−i1. . So for i=j=k the score becomes average 

k-gram  coverage  score  C k .  For  i=j=1  that  is  the  ROUGE-1  score  simply  computes 

average word overlap between the model summaries and the system generated summary. 

ROUGE is  freely available  from Information  Science Institute  (ISI)9 in  the  form of  perl 

scripts. ROUGE package is very flexible and provides a detailed analysis. The ROUGE can 

accept  the  summaries  (both  system and model)  in  plain  text  format  with  each  sentence 

separated by a new line character (\n).  Moreover, ROUGE provides the possibility to remove 

stop words from the analysis and also Porter stemming can be applied. As an output ROUGE 

gives various scores (ROUGE-1, ROUGE-2, ROUGE-L etc.) with precision, recall and F-

measure for each summary and also the average statistics over all  the summaries. In this 

work we report the F-measure output by ROUGE.

5.5 An example
This  section presents  a sample  run of  the SumGraph system.  We take a  document  from 

DUC2001 dataset. The document ap880217-0175 and the corresponding dissimilarity matrix 

is  shown  in  figure  13.  Figure  15  shows  the  corresponding  PFnet  generated,  using  the 

dissimilarity values from figure 13.

To give an example of link reduction, lets consider direct link between nodes 5 and 8. The 

9 http://haydn.isi.edu/ROUGE/

58



cost  on this  link is  0.9771,  which is  greater  than both  the links  from node 5 to  node 4 

(0.8871) and from node 4 to node 8 (0.9000).  Thus the direct link between node 5 and node 

8  violates  the  triangular  inequality  criterion  (for  r=∞ )  and  was  removed  from  the 

network. 

a) PFnet r=∞ , q=2

Sentence 1 2 3 4 5 6 7 8
Closeness centrality 0.4667 0.4667 0.5000 0.7000 0.5000 0.6364 0.5385 0.4375

Position score 1.0000 0.7071 0.5774 0.5000 0.4472 0.4082 0.3780 0.3536
Total score 1.1111 0.6580 0.5843 1.2265 0.3830 0.8422 0.4224 0.0000

Rank 2 4 5 1 7 3 6 8

b) Sentence salience scores, top three are shown in italics

Figure 15.  An example of summarization using SumGraph. a) PFnet r=∞ , q=2  and b) 

corresponding sentence salience scores for document ap880217-0175 from DUC2001 dataset
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Figure 15 also shows the salience scores for each sentence. As it can be clearly seen nodes 4 

and 6 are highly connected in the network and thus achieve high closeness centrality scores. 

Closeness centrality and position score were then normalized and combined, using equation 

16 with equal weights of 1. This final score for each sentence was then used to rank the 

sentences. The 100 word summary for this document consisted of  sentences 4, 1, 6 and 2. 

ROUGE-1 score for this summary was 0.52389.

5.6 Some ideas that did not work
In  this  section  we  discuss  some  attempts,  that  did  not  perform  well  on  the  evaluation 

criterion. All of those techniques except one worked better than the RANDOM summarizer 

they did not perform as expected. We try to give the possible reasons for not working of 

those ideas.  Although, those methods were not throughly analyzed,  we believe that those 

ideas can lead to some new ideas and there is much room for improvement. 

DamageSum (DS)

for each sentence s in the text T
remove sentence s
calculate ROUGE-1 score of T-s with T
Damage caused by removal of s 

D s=1−ROUGE1
Rank sentences according to D s
Select top-ranked sentences

Figure 16. Pseudo algorithm of DamageSum

One of the ideas we start with is the simplest (at least on the surface) and is not a graph-based 

technique. This is called as as DamageSum which stands for Damage based Summarizer. The 

technique calculates damage caused by removal of a sentence from the text. This damage is 

then used to rank the sentences. This score is also combined with position score (see figure 

16). 
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On the surface this methodology seems to be convincing, but the problem probably lies in 

that  the methodology favors  redundancy by including similar  sentences  in  the  summary. 

Consider that there are two exactly similar sentences in a text. So removal of one of them 

would come out as very high damage and thus both of them will be included in the summary.

The other techniques to follow are graph-based techniques,

Continuous Degree (CD)

When calculating degree centrality of a node, as per the definition, the weights on the links 

are discarded. This discretization means loss of information. This idea lies on the assumption 

that use of this weight information in calculating centrality of a node might lead to better 

summaries.  So,  instead  of  counting  number  of  links  as  degree  centrality  it  is  simply 

calculated as the sum of the weights on the links. Thus the sentences that have fewer links 

but are highly similar to its neighbors would get higher rank than those sentences which are 

highly connected but are less similar to their neighbors. 

Start to End summarizer (SE)

This technique was inspired by the work presented in [Jonas]. The summary constitutes of 

the shortest path in the PFnet from the first sentence to the last sentence inclusive. Most of 

the times this technique lead to the summaries shorter than 100 words. A drawback of this 

technique is that, it can not be extended directly to multi-document summarization. 

Beam Search (BS)

Beam search  is  a  heuristic  search  algorithm which  is  a  modification  of  the  breadth-first 

search. At every node the algorithm looks at m most promising extensions where  m is the 

beam width. Beam search is space bounded by m and is neither optimal nor complete for 

finite value of m. 

This technique was developed in the pursuit of a connected subgraph as a summary. In this 
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technique the top ranked sentence is selected as the starting node and then a beam search is 

performed over the graph. And the final summary is formed by tracing the path till required 

summary length (100 words)  is  achieved.  According to the ROUGE-1 scores the system 

doesn't  perform well,  but  the summaries  seem to be cohesive as  the consequence of the 

subgraph being connected. This method might perform well if the required summaries are 

longer. This system also can not be extended for a multi-document summarizer. 

Use of Latent Semantic Analysis (LSA)

LSA [Deerwester et al., 1990] is a corpus based statistical technique to uncover the semantic 

relationships between words. LSA handles synonymy and polysemy by considering word co-

occurrence (word context) statistics. LSA places the words and documents that are closely 

related semantically near each other, i.e. the documents are placed closer even though they 

don’t  implicitly  contain  the  same words.  LSA takes term-document  (here  term-sentence) 

matrix  as  input  and  a  information-spreading  technique   known  as  Singular  Value 

Decomposition (SVD) is applied to the matrix. SVD finds the dimensions which close to 

each other based on co-occurrence and then compresses them onto one composite dimension. 

We investigated the question, whether using LSA can improve performance of our system? It 

should be noted that we do not use LSA for indexing but rather embed LSA into our existing 

method SumGraph as an intermediate stage, before calculating sentence similarity. A detailed 

explanation of the LSA could be found in appendix B. 

The performance evaluation of those methods is provided in appendix C.
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Chapter 6

Results and Discussions

Most of the summarization systems developed so far are for news articles. There are two 

major reasons for this: news articles are readily available in electronic format and also huge 

amount of news articles are produced everyday. One interesting aspect of news articles is that 

they are written in such a way that usually most important parts are at the beginning of the 

text.  So  a  very  simple  system  that  takes  the  required  amount  of  leading  text  produces 

acceptable  summaries.  But  this makes it  very hard to develop methods that  can produce 

better summaries.

In this section we show results  of the experiments  performed using data and the system 

explained in the previous section. In the first section we compare the systems using ROUGE-

110 score.  In the subsequent subsection the systems are compared using win-tie-loss tables 

and a non-parametric statistical test. First, various parameters and settings used are discussed. 

It should be noted that for setting the parameter values DUC2001 dataset was used as the 

testbed and the results were generalized to DUC2002 dataset. 

6.1 Datasets
Computational processing of natural language is based upon corpora. Corpora is a collection 

of text in a computer readable format. Document Understanding Conferences11 provide such 

corpora  and  these  have  become  a  benchmark  for  text  summarization  task.  The  corpora 

consist of the text to be summarized which is accompanied by model summaries.

We use newswire data from DUC2001 and DUC2002. We use 284 documents from training 

and test sets of DUC2001 and 516 documents from DUC2002. The task is to produce 100 

word summaries. The data also contains 3 human-written summaries for each document in 

10 ROUGE version 1.1.5 was used  
11 http://duc.nist.gov/
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DUC200112  while 2 human-written summaries for each document in DUC200213, which are 

used as gold-standard for evaluation. Those datasets were manually cleaned by removing 

irrelevant information like tables and document source. Following table shows the details of 

the datasets used:

Table 1. Datasets used

Dataset No. of documents No. of sentences Average no. of sentences
DUC2001 284 9950 35.04
DUC2001 516 14036 27.20

In this work ROUGE measure (ROUGE-1 particularly) is used as a metric to evaluate the 

goodness of the automatically generated summaries. 

6.2 Other methods used for comparison

6.2.1 LEAD
LEAD summarizer is probably the the simplest summarizer with rather good performance on 

the news articles. As noted in [Brandow, Mitze and Rau, 1995] LEAD is a very challenging 

baseline in the text summarization community. Particularly news articles are written to be 

concise and the leading sentences tend to cover most of the information content. Thus just 

taking the leading sentences in a news article can provide acceptable summaries, as it will be 

shown in the results in the section 6.6.

6.2.2 RANDOM
RANDOM summarizer is a system which selects random sentences from the text without 

replacement. As the results in the section 6.6 shows RANDOM is not a very good system.

6.2.3 MEAD
MEAD is a public domain extractive summarization toolkit  with a sentence as extraction 

unit. MEAD is capable of generating single, as well as multi-document summaries. MEAD 

generates summaries in three steps. In the first stage features are extracted from the source 

12 Three documents with 1 human written summary each were discarded
13 We discard documents in clusters D076 and D098 in DUC2002 dataset as they contain single human-written 

summary each.
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document(s). This is called as the feature extraction stage and each sentence is converted into 

a feature vector. In the second stage, combiner, the feature vector is combined into a single 

scalar.  The  combiner  linearly  combines  the  features  using  predefined  weights.  The final 

stage,  reranker,  selects sentences based upon their  scores obtained by the combiner.  The 

reranker looks at the relation between sentence pairs to adjust the rank of the sentences. For 

instance,  reranker  can  be  used  to  gain  better  information  coverage  by  penalizing  the 

sentences  that  are  similar  to  the  sentences  that  are  already  included  in  the  summary. 

Following passages provide in short description of each stage.

The feature extractor by default provides three features, Centroid, Position and Length. The 

centroid of a cluster is defined as a pseudo-document which contains the words with a tf*idf 

value higher than a predefined threshold. The sentences that contain more words from the 

centroid of the cluster get higher centroid scores.  Position is the normalized value of the 

position of the sentence in the document, as defined in the equation 15. Length is rather a cut-

off value than a feature. The sentences with less number of words than a predefined value are 

not allowed to enter in the summary. 

The combiner linearly combines the features F to get a scalar score for each sentence using 

predefined  weights.  Thus  each  feature  has  a  predefined  weight.  MEAD toolkit  provides 

several rerankers including one based on Maximum Marginal Relevance (MMR) [Carbonell 

and Goldstein, 1998] and Cross-sentence Information Subsumption (CSIS) [Radev, 2000]. 

The toolkit also provides identity reranker, which simply selects high scored sentences.

6.2.4 LexRank
LexRank [Erkan and Radev, 2004] is a graph based sentence extraction system implemented 

inside the MEAD toolkit14.  LexRank was placed first in more than one tasks in DUC 2004 

evaluation.  LexRank  is  based  on  the  concept  of  eigenvector  centrality  in  the  graph 

representation of the text. The graph representation is similar to the one used in this work 

with sentences as the nodes and the intra-sentence cosine similarity as the weights on the 

links between sentences. The links are then pruned based on user-defined threshold on the 
14 MEAD version 3.10 and above
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cosine similarity  value.  This effects  in a  link reduced subgraph which in turn is  used to 

calculate  rank  of  the  sentences  using  the  eigenvector  centrality.  The  problem  with  this 

method is that the pruning of links highly depends on the threshold value. A high threshold 

value may result in highly pruned graph with many disconnected nodes while a low threshold 

might  not  reduce enough links.  In  either  case  the  pruned graph does  not  provide useful 

information about the node importance. The MEAD and LexRank systems were used in three 

different settings as shown in table 2.

6.2.5 Copernic
Copernic summarizer is a commercial summarizer.  It  is partially based on Peter Turney's 

work on keyphrase extraction [Turrney, 2000]. 

Table 2. MEAD and LexRank settings

System Settings
MEAD Centroid and Position features are used

MEAD+LexRank Uses three features, Centroid, LexRank and Position 
LexRank LexRank and Position features are used 

6.3 Parameters and settings

6.3.1 Sentence length cut-off
It is common that short sentences are not allowed to enter in the summary. For the same 

purpose a sentence length cut-off of 10 was used for all systems, meaning the sentences that 

contain less than 10 words are not allowed to enter in the summary. This value was decided 

empirically on a subset of DUC2001 dataset. 

6.3.2 PFnet Parameters
A  major  drawback  of  PFnet  is  its  polynomial  computational  complexity  of  the  order 

On4 . For a given value of r construction of a PFnet is an iterative process which starts at 

q=2 and ends at q=n-1, for maximally reduced PFnet (for details see [Schvaneveldt, 1990]). 

No wonder that the computational complexity of PFnet  r=∞ , q=n−1  is maximum which 
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achieves maximum pruning. In the case of large networks the time required to achieve this 

maximum pruning can be unacceptable.  To overcome this difficulty we defined a simple 

heuristic: if there is no reduction in the number of links for 5 consecutive iterations then the 

iterations are stopped and the resulting network is considered as  the maximally reduced 

network. Moreover, we compared the reduced networks for DUC2001 data (defined with the 

heuristic) with  PFnet  r=∞ , q=2  networks and observed that almost all the networks were 

identical. So we used q=2 and r= ∞  for all experiments.

6.3.3 Centrality measure
As for the centrality measures all the measures were compared on DUC2001 dataset and the 

results are shown in the table 3:

Table 3. Comparison of centrality measures on DUC2001 dataset

Centrality ROUGE-1
Closeness 0.4544

Eigenvector 0.4539
Degree 0.4526

PageRank 0.4506

As table 3 clearly points out closeness centrality is the best measure while PageRank gives 

the worst performance. Although Erkan an Radev [2004] point out that eigenvector centrality 

is a good measure, we note that the technique used to obtain the reduced graph is different. 

Also table 3 shows that   eigenvector follows closeness centrality.  So closeness centrality 

measure was used with SumGraph. Hereafter centrality refers to closeness centrality unless 

otherwise explicitly specified. 

6.4 Feature weights

6.4.1 Effect of individual features
In order to get an idea about various scores we performed experiments using only one feature 

at a time. Table 4 shows performance of individual features on both datasets. Here Position 

corresponds to the scores of the sentences obtained using equation 15. Closeness Centrality 
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corresponds  to  the  closeness  centrality  values  of  sentences  in  the  corresponding  PFnet. 

Centroid is the feature extracted by MEAD and LexRank feature is the scores obtained solely 

by the LexRank algorithm. As the table clearly points out when used individually Position is 

the best  feature while  centrality places 3rd and 2nd on DUC2001 and DUC2002 datasets 

respectively. 

Use of only one of the features leads to quite different results. Use of only position features is 

equivalent to LEAD summarizer and only centrality feature leads to degraded performance as 

shown in table 4.

Table 4. Effect of individual features

Dataset Closeness 
Centrality

Position Centroid LexRank 
feature

DUC2001 0.42073 0.44391 0.41423 0.44548
DUC2002 0.45141 0.47133 0.44093 0.43223

From table 4 is it clear that if used individually Position is the best feature. It suggests that 

the structure of the document is a good indicator of the possible location of the important 

sentences.  The values  also show consistency of  the Centrality  feature,  as  it  ranks 3rd on 

DUC2001 dataset and 2nd on the DUC2002 dataset. Although LexRank follows Position on 

DUC2001 dataset it drops to the last position on DUC2002 dataset.

6.4.2 Weight tuning
As discussed before the features extracted from the text are linearly combined to get a scalar 

value that is the score of each sentence. The weights used to combine the features should be 

user-defined (see equation 16). Instead of fixing the weights we tried optimizing the weights 

(for  SumGraph only)  using  a  real  coded  genetic  algorithm (GA)  [Goldberg,  1989]  with 

elitism. GAs are randomized search algorithms inspired by the concept of natural selection 

(for details see appendix B). The objective function for GA was to maximize the ROUGE-1 

score. We performed experiments on DUC2001 dataset with the weight values constrained 
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between 0 and 1 within two decimal places. Although GA gave a better  combination  of 

weights, the improvement was not very significant and so we decided to use same weight, 

equal to 1, for both features.

6.5 LexRank threshold
For  LexRank link reduction threshold of  0.15 is  used,  which is  the  default  value  in the 

MEAD toolkit. We use identity reranker for MEAD and LexRank based systems.

Before presenting the results of the system performance we show inter-human agreement. To 

calculate  inter-human  agreement  one  of  the  human  written  summaries  was  treated  as  a 

computer generated summary and the rest of the summaries were used to evaluate its score. 

Each  of  the  human-written  summary  was  given  a  chance  to  be  a  computer  generated 

summary and the results show mean value, e.g. for DUC2001 dataset there are 3 human-

written summaries for each document so the results are the mean value of three evaluations 

(see table 5). Those values can be seen as upper-bounds, although the bound is somewhat 

subjective. The loss in the ROUGE score can be attributed to two factors, subjectivity and 

change of vocabulary.  The former corresponds to the fact that different people (subjects) 

consider same parts of the text to be of unequal importance. While the later corresponds to 

the use of different words to describe same content. 

Table 5. Inter-human agreement

Dataset Agreement
DUC2001 0.45778
DUC2002 0.50649

6.6 System performance comparison
We  performed  experiments  on  DUC2001  and  DUC2002  datasets  to  produce  100  word 

summaries.  ROUGE-1  score  was  then  computed  for  those  automatically  generated 

summaries against human summaries. The following ROUGE parameters were used (those 

parameters were used in DUC2005 evaluation):

69



-m Use Porter stemmer
-p 0.5 Relative importance of recall and precision ROUGE scores (  value)

-n 2 Max ngram
-2 4 Maximum skip distance of 4 for computing skip bigrams
-t 0 Use sentence as counting unit to compute average ROUGE
-d Print per evaluation average score for each system
-l 100 Only use the first 100 words in the system/peer summary for the evaluation
-c 95 Specify CF\% (0 <= CF <= 100) confidence interval to compute
-f A Use model average scoring formula
-u Include unigram in skip-bigram
-r 1000 The  number  of  sampling  point  in  bootstrap  resampling  for  calculating  the 

confidence interval

Although those settings yield various ROUGE scores (e.g. ROUGE-2) we use only ROUGE-

1 for comparison. For RANDOM system we conducted five independent runs and the mean 

value  is  reported  here.  We  did  not  perform  experiments  on  DUC2002  dataset  using 

Copernic15. Table 6 summarizes the results of the experiments16. 

As can be seen from table 6, SumGraph consistently performs better than all other methods. 

Even use of a simple centrality,  degree centrality, in SumGraph shows good performance 

compared with other systems (refer to table 3). Table 6 a) shows that for DUC2001 dataset 

LexRank performs better than MEAD and MEAD+LexRank. For DUC2002 data surprisingly 

LexRank does not perform well and drops to the second last position, see Table 6 b).  On 

DUC2002  dataset  MEAD  jumps  to  the  second  position  after  SumGraph.  As  mentioned 

before LEAD performs quite well  on both datasets.  While as expected RANDOM is the 

worst method.

15 Experiments on DUC2002 dataset using Copernic were not performed due to impracticality. 
16 Although the results reported in [Mihalcea, 2004] are higher is should be noted that the ROUGE  version 

and the settings are different.
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Table 6. Comparison of ROUGE-1 scores

a) DUC2001 dataset

Method ROUGE-1 95% confidence 
interval

SumGraph 0.45435 0.44403 - 0.46388

Copernic 0.45109 0.44094 - 0.46192
LexRank 0.45064 0.44012 - 0.46076
MEAD 0.44773 0.43685 - 0.45858

MEAD+
LexRank

0.44677 0.43640 - 0.45693

LEAD 0.44391 0.43348 - 0.45436
RANDOM 0.39016 0.38147 - 0.40114

b) DUC2002 dataset

Method ROUGE-1 95% confidence 
interval

SumGraph 0.48415 0.47682 - 0.49201
MEAD 0.47293 0.46534 - 0.48011

MEAD+
LexRank

0.47166 0.46407 - 0.47932

LEAD 0.47133 0.46351 - 0.47928
LexRank 0.46988 0.46266 - 0.47713

RANDOM 0.41865 0.41104 - 0.42670

6.7 Detailed comparison
To get better  insight into the behavior  of different  systems we compare them (excluding 

RANDOM)  using  win-tie-loss  tables.  In  a  win-tie-loss  table  two  systems  A  and  B  are 

compared along three dimensions, 1.  win, which indicates how many times the system A 

beats the system B, 2.  tie, indicating how many times both systems perform equally and 3. 

loss,  which shows how many times system A looses to system B. We first  compare the 

systems with LEAD, i.e. we keep LEAD as system B and as system A we use one of the 

other systems. The results are shown in table 7. 

From table 7, it is clear that SumGraph system performs better that all others along all the 

three dimensions. MEAD performs worse than LEAD on DUC2001 dataset, while LexRank 

performs  worse  on  DUC2002  dataset.  Similarly  we  now  compare  the  systems  with  the 

MEAD summarizer and the results are shown in table 8.
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Table 7. Win-tie-loss table with LEAD as reference system

a) DUC2001 dataset

System Win Tie Loss
SumGraph 158 27 99
Copernic 151 8 125
LexRank 150 13 121

MEAD+LexRank 147 14 123
MEAD 124 27 133

b) DUC2002 dataset

System Win Tie Loss
SumGraph 284 48 184

MEAD+LexRank 264 13 239
MEAD 260 42 214

LexRank 244 24 248

Table 8. Win-tie-loss table with MEAD as reference system

a) DUC2001 dataset

System Win Tie Loss
SumGraph 156 19 109
Copernic 148 11 125
LexRank 137 29 118

MEAD+LexRank 108 81 95

b) DUC2002 dataset

System Win Tie Loss
SumGraph 266 41 209
LexRank 238 40 238

MEAD+LexRank 206 121 189

Table 9. Win-tie-loss table with LexRank as reference system

a) DUC2001 dataset

System Win Tie Loss
Copernic 146 2 136

SumGraph 142 13 129

b) DUC2002 dataset

System Win Tie Loss
SumGraph 290 16 210

From  table  8,  clearly  all  the  systems  perform  better  than  MEAD  except  LexRank  on 

DUC2002 dataset, where number of wins is equal to number of losses, but still it is better 

than MEAD+LexRank. Comparison with LexRank in table 9 shows that both SumGraph and 

Copernic  outperform LexRank.  Finally  comparing  SumGraph with Copernic  in  table  10, 
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number  of  wins  are  higher  than  number  of  losses  indicating  that  SumGraph  is  the  best 

system. 

Comparison of SumGraph and Copernic on DUC2001 dataset with Copernic as reference is 

shown in table 10.

Table 10. Win-tie-loss table with Copernic as reference system

System Win Tie Loss
SumGraph 151 13 120

To access the statistical  similarity (or difference) between the methods we use  Wilcoxon 

paired signed rank test, which is a non-parametric test for related samples. We use Wilcoxon 

test as it does not need any assumption about the distribution of the data. The null hypothesis 

is that the  two systems are the same. Result of this test on DUC2001 and DUC2002 datasets 

is shown in table 11. 

According  to  the  statistics  in  table  11  at  95%  confidence  level,  SumGraph  and  LEAD 

summarizer are statistically different. MEAD summarizer is statistically not different from 

LEAD  summarizer.  Furthermore,  our  system  is  statistically  different  from  MEAD 

summarizer. Comparing MEAD+LexRank and LexRank with SumGraph the test shows that, 

for DUC2001 dataset the systems are identical but for DUC2002 dataset they are different. 

Other values are reported just for completeness. 
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Table 11. Comparison of systems using Wilcoxon test, in the systems column X – Y reads as 

system X compared with system Y

Systems
p-value

DUC2001 DUC2002
SumGraph - LEAD 0.000 0.000
SumGraph - MEAD 0.016 0.000

SumGraph - MEAD+LexRank 0.058 0.000
SumGraph - LexRank 0.237 0.000

LEAD - Copernic 0.099 --
MEAD - MEAD+LexRank 0.915 0.974

MEAD - LexRank 0.294 0.435
MEAD - Copernic 0.207 --

MEAD+LexRank - LexRank 0.101 0.310
MEAD+LexRank - Copernic 0.213 --

LexRank - Copernic 0.926 --
Copernic - SumGraph 0.112 --

LEAD - MEAD 0.508 0.220
LEAD - MEAD+LexRank 0.248 0.433

LEAD - LexRank 0.075 0.987
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Chapter 7

Conclusions and Future Work

7.1 Conclusions
This work presents a new extractive text summarization technique, SumGraph, for single 

documents based on graph-theory. Extractive text summarization works by selecting a subset 

of  important  sentences  from  the  original  document.  Our  technique  uses  a  graphical 

representation of the text. Each sentence in the text represents a node in the graph and intra 

sentence links are weighted using the cosine similarity between the corresponding sentences. 

To calculate the similarity we use the well known tf*idf model of document representation. 

The idea of using graph representation of text is borrowed from previous works [Mihalcea, 

2004; Erkan and Radev 2004]. Such graphical representation gives us a way to calculate 

sentence importance. 

The main contribution of this work is the use of  Pathfinder Network Scaling, which is a 

systematic link reduction technique originally proposed to model human semantic memory. 

The scaled graph, called as PFnet, reveals the conceptual organization of the sentences. PFnet 

(link reduced graph) is then used to access salience of the sentences using a node centrality 

measure. The centrality reveals the relative importance of a sentence in the text. 

PFnet  has  two  parameters;  r  (degree  of  the  Minskowski  distance)  and  q  (number  of  in 

between links considered in a path). The r parameter can take any value from 1 to ∞ while 

the q parameter can vary from 2 to n-1, where n is the number of nodes in the graph.  We 

always fixed the value of r to  ∞ .  Experimental results show that using q=2 in PFnet 

algorithm is sufficient,  saving considerable amount of time. We compared four compared 

centrality  measures;  degree  centrality,  closeness  centrality,  eigenvector  centrality  and 

PageRank, and the closeness centrality performed better than the others.
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Experimental evaluation was done on the data from 2001 and 2002 DUC conferences. For 

measuring summary quality we used ROUGE measure. SumGraph outperformed all other 

systems  used  for  comparison  on  the  ROUGE-1  score.  Performance  of  either  MEAD or 

LexRank was not consistent. Statistical analysis using Wilcoxon signed rank test showed that 

SumGraph system is different than the baseline system LEAD, while MEAD and LexRank 

are similar to LEAD.

SumGraph  does  not  need  natural  language  processing  resources  apart  from a  word  and 

sentence boundary parsers and a stemmer (optional). Thus the method can be extended to 

other languages with little modifications. 

7.2 Future extensions
The document  summarization system can be improved/extended in many ways.  Here we 

enumerate some of the possible directions for future research:

● Incorporation of semantic information

Semantic  information  such  as  word  sense  can  be  utilized.  Same word  can  mean 

different things in different contexts. Use of word sense information can lead to better 

similarity calculations. Same word can be used in different senses in different context. 

So using the correct word sense can lead to better similarity measurements. 

● More sophisticated representation

A more sophisticated representation that single words can be explored. A first step 

towards  this  aim  could  be  use  of  multi-word  units.  Multi-word  units  can  be 

recognized using statistical  techniques. Also syntactic information such as Part-of-

Speech (POS) tags might help to improve performance of the extraction algorithm. 

● Anaphora resolution

Extractive  techniques  suffer  from unresolved  anaphora,  for  instance,  an  extracted 

sentence  can  contain  a  dangling  reference.  Anaphora  resolution  can  substantially 

improve performance. 
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● Test system on a different genre

It will be interesting and of great practical importance to test the SumGraph system 

on a different corpus than newspaper articles. 

● Extension to multi-document summarization

Multi-document summarization is a challenging extension of the current work. It is of 

great practical value. The research issues include elimination of possible redundancy 

due to sentences sharing information and information fusion from different sources.

● Generation of coherent summaries

Extracts suffer from incoherence due to out-of-context sentence selection. Methods 

should be sought to generate coherent extracts. For instance, NLP based techniques 

can be used to identify subject-object pairs and used for selection of related sentences.

Even though there are many things to be explored the current results are very promising. We 

conclude that the graph-theory based technique, Pathfinder Network Scaling, provides a very 

promising approach to extractive summarization.
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Appendix A

Basic definitions

Harmonic mean of two numbers

Harmonic mean of two numbers a1 and a2 is given by:

H=
G2

A
 (23)

where A is the arithmetic mean and G is the geometric mean of the two numbers.

A=
a1a2

2
 (24)

G=a1 . a2  (25)

Minskowski distance

Minskowski distance between two points i and j, with k intermediate points is defined as:

d x , y =
r∑

i=1

k

∣x i− yi∣
r  (26)

At the extreme values of  r=∞  it is equivalent to maximum of the constituent distances 

and is also known as Chebyshev distance.
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Text symbols

If we agree that text is information then it must be represented with symbols. As a pixel for a 

image,  a  character  is  the  base  unit  for  text  representation.  For  English  language  those 

symbols constitute of 26 letters , upper and lower case of each {a-z, A-Z}, 10 digits {0-9} 

and  miscellaneous  characters,  like  punctuation  marks  {-,  “,  :,  .}.   Letters  are  combined 

according to some rules, called morphology, to form higher order structures called as words. 

Words have  self  contained  meaning,  though some times  their  meaning  depend upon the 

context. Words are then grouped together with the help of syntax to form phrases, sentences, 

paragraphs and ultimately texts. 

Words

Words  can  be  viewed  as  the  fundamental  building  blocks  of  language  either  written  or 

spoken. Words being composed of characters and having a meaning form very important part 

of a text or language in general.  The meaning of the words can change according to the 

context (this is referred as word sense). In this work it is assumed that there is no ambiguity 

in word senses.  Most of the natural language processing systems rely on the words as the 

basis for the same reason. This work is no exception and words are considered as the basic 

unit for text representation. 

Texts

Texts as mentioned before are composed of the basic units called words.  In the field of 

computer science text is always referred to as  unstructured data, for the structured data is 

always considered to be in the form of tables. This unstructured form of data is very complex 

and hard to be analyzed by means of a computer program. Here the word complex does not 

necessarily means random or chaotic. The words are combined into higher order structures as 

sentences and paragraphs according to some rules called as syntax.
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Appendix B

Algorithms used

Genetic Algorithm
Genetic algorithms (GA) [Goldberg, 1995] are population-based, randomised global search 

methods  inspired  by  the  mechanics  of  natural  selection  and  genetic  evolution.  In  GA 

potential solutions are encoded as simple strings called chromosomes. Each chromosome is 

coupled with a fitness value, which represents the goodness of the particular chromosome to 

the  problem at  hand.  The  algorithm starts  with  a  population  of  chromosomes  (typically 

random). Then fitness of each chromosome is calculated. Then parents are selected according 

to some selection scheme (with replacement) from this population to create a mating pool. 

The selection strategy ensures that  stronger  chromosomes (with higher  fitness)  are  given 

more  chances  to  reproduce  than  the  weaker  ones.  GA  uses  predefined  operators  like 

crossover  and  mutation,  which  stochastically  operate  upon  the  parent  chromosomes 

(individual solutions) to create offspring (new solutions). The general outline of GA is given 

in figure 18. In GA only encoding and fitness evaluation are problem dependent. 

Encoding 

In GA the chromosomes (potential solutions) are encoded as a vector of genes. Each gene 

represents some property of the solution. In the current context each chromosome consists of 

two  genes,  one  for  each  weight.  It  should  be  noted  that  as  the  weights  give  relative 

importance to the scores, i.e. a chromosome {0.1, 02.} is equivalent to {0.2, 0.4} those are 

considered as different solution. This is done due to simplicity of implementation. 
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Figure 17. Illustration of Genetic Algorithm.

Crossover

GA uses crossover operation to exchange genetic information between parents. We use trivial 

single point crossover. This method randomly chooses a crossover site and the genes are 

swapped between two parents along this site. In the current context there is only one possible 

crossover site. The probability of swapping a gene is typically set to between 0.5 and 0.8. 

Mutation

Mutation is a way to maintain diversity in a population. If mutation is decided (with some 

probability of mutation) then a random allele (chromosome locus) is mutated. For mutation 

the selected allele is replaced with a random number within the range [1, d] only if it is not 
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already present  in  the sub-set.  Other  wise  a  different  (random) number is  selected.  This 

process is repeated until a replacement occurs.

Selection

Pair-wise  tournament  selection  is  used.  Two individuals  are  chosen  at  random from the 

population. A random number r is then chosen between 0 and 1. If r<k (where k is parameter, 

e.g. 0.8), the individual with the higher fitness is selected; otherwise the individual with the 

lower fitness is selected. The two parents are again returned to the population and can be 

selected again.

Objective function

Objective function defines fitness of a chromosome. The aim of GA is to obtain a solution 

that  maximizes  (or  minimizes)  the  objective  function.  Here  the  objective  function is  the 

average ROUGE-1 score of the summaries. Thus GA finds a combination of weights that 

maximizes ROUGE-1 score. 

Latent Semantic Analysis

LSA takes term-document (here term-sentence) matrix as input and a information-spreading 

technique  known as Singular Value Decomposition (SVD) is applied to the matrix. SVD 

finds the dimensions which close to each other based on co-occurrence and then compresses 

them onto one composite dimension. If a word combination pattern is salient and recurring 

then this  pattern  will  be represented by one of the singular  vectors  [Berry et  al.,  1995]. 

Moreover  magnitude  of  the  corresponding  singular  value  represents  importance  of  that 

particular  word  pattern.  This  results  in  high  similarity  between  vectors  which  may  be 

semantically  related  even  though  they  contain  no  common  words.  Technically  SVD 

decomposes a m*n (m>n) matrix A into three matrices:

A=U V T                 (27)
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where, U is a m*n matrix whose columns are left singular vectors. Σ is n*n diagonal matrix 

of non negative singular values. The singular values are arranged in non increasing order. If 

rank of A is r then first r singular values are nonzero. V is n*n orthonormal matrix whose 

columns are called right singular vectors. Applying SVD to term*sentence matrix derives r 

linearly independent concept vectors, in effect semantic structure of the document. Then the 

matrix  is  reconstructed  in  reduced  dimensions.  This  reconstructed  matrix  A'  in  reduced 

singular vector space of dimension k ( k≤r ) unveils semantic structure of the document. 

This process is depicted in figure 17. 

LSA  has  been  applied  to  many  text  based  application  and  found  to  perform  at  levels 

comparable to human judgment. LSA has been studied by psychologists as a model of human 

lexical acquisition [Landauer and Dumais 1997]. 

Figure 18. Singular Value Decomposition of term-sentence matrix.
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Appendix C

Performance evaluation of the ideas that did not work

One very important question associated with LSA is what should be the reduced dimension? 

We performed experiments on DUC2001 dataset by varying percentage of variance retained, 

see  Figure  3.  Results  show  that  system  performance  improves  with  increasing  variance 

retained. Retaining 95% variance was the best option attaining ROUGE-1 score of 0.453 with 

95%  confidence  interval  [0.4437  –  0.4627]. Results  show  that  LSA  gives  no  added 

advantage,  at  least  in  terms  of  ROUGE-1  score,  however  it  performs  better  than  other 

systems. Similar results were obtained on DUC2002 dataset .

Figure 19. Performance of LSA with changing variance. Two baselines are shown for 

comparison in dotted lines.

One of the reasons why LSA did not show any improvement is insufficient data.  As LSA is 

known to tackle synonymy and polysemy problems, in short documents there might not be 

enough data for such cases and dimensionality reduction results in information loss which in 
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turn gives  degraded performance.  

Performance comparison

Table 12 shows ROUGE-1 scores of the systems described above, LEAD and RANDOM are 

showed for comparison purpose. It can be seen that all the systems except SumGraph+LSA 

performs  worse  than  the  LEAD  baseline.  The  SumGraph+LSA  is  considered  as  an 

unsuccessful attempt because it performs inferior than only SumGraph.

Table 12. Unsuccessful system comparison on DUC2001 dataset.

System ROUGE-1 95% confidence level
SumGraph+LSA 0.45301 0.44368 - 0.46266

Beam Search 0.43960 0.42989 - 0.44883
DamageSum 0.43928 0.42839 - 0.44973

Continuous Degree 0.43633 0.42394 - 0.44562
Start to End 0.37666 0.36526 - 0.38850

LEAD 0.44391 0.43348 - 0.45436
RANDOM 0.39016 0.38147 - 0.40114
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