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Abstract

Concise and Informative summary facilitates information consumption, by shortening large
documents focusing on important topics in the document. Automatic summary generation can be
abstractive or extractive where the abstractive generation tries to rewrite concepts in a document
the extractive one summarizes by selecting the most important sentences from the document.
Much of the automatic text summarization researches have focused on the extractive summary
due to the Natural Language Processing (NLP) requirement for the abstractive summary
generation, and the requirement of NLP in generating abstract summaries becomes a deterrent
factor for further research in abstractive summary generation as NLP itself is yet another
Computer Science field which is in its developmental stage. Interest in automating the process of
document summarization began in the late 1950, and through the past six to seven decades a
number of researchers have introduced different approaches to automatic text summarization.
Generally speaking the extractive summarization techniques can be classified as supervised,
which requires training data and unsupervised, which doesn’t require training data. A summary
can also be generic or genre specific. In this thesis we proposed a graph based automatic text
summarization algorithm which is generic and unsupervised. In graph based text summarization
sentences in the document are represented as nodes of the graph and similarity between them as
edges between the nodes, and the nodes (sentences) will be ranked based on their similarity with
other sentences.

Previous works using graph based approach, namely TextRank and LexRank adopt already
existing ranking algorithms which are iterative and that were originally designed for ranking web
pages by analyzing their citation links. Given the fact that there are some differences between the
graphical representations of web references and text documents we proposed a new algorithm
which will rank each sentence node of a document graphical representation in a more efficient
way than PageRank and generate a better informative summary. Two algorithms called
Independent Rank (IR) and Sentence Rank (SR) which will be used in combination to rank each
sentence.

The IR rank each sentence based on the degree of the sentence and the weight of its edges,
giving us the measure of how important that sentence is in that document assuming that a
sentence is important if it shares contents with more sentences. SR follows similar line of
thinking with the only difference of considering the importance of those sentences to which it is
sharing a content i.e. the IR of the sentence, the main assumption being a sentence is important
not only depending the size of its edges and its degree but also based on the importance of those
sentences to which it is sharing a content with. And to take advantage of our newly proposed
approach we suggested a new similarity measures which simply counts the number of contents
shared between two sentences regardless of the size of the sentences and we called this new
similarity measure Content Overlap (CO).




Our proposed algorithm reduces the polynomial order iterations (which starts with a minimum of
n* of iterations) of PageRank represented by the big O notation as O(n®), where ¢ depends on the
number of sentences n, the weight of edges, and the convergence value selected to a maximum of
quadratic order iteration represented by the big O notation as O(n®) and generates a better
informative summary which is evidenced by the improved Recall Oriented Understudy for
Gisting Evaluation (ROUGE) result. Our algorithm reported a ROUGE-1 result of 0.5238 on half
of 2002 DUC dataset for stemmed and stop words removed summarization which is an elevated
improvement both against the top performing system in DUC 2002, the highest of them reporting
0.4405 ROUGE-1 result and TextRank, that uses a graph based approach, with reported
ROUGE-1 result of 0.4229 on the same data set.

Generally graph based sentence ranking algorithms are language independent, and our new
algorithm is language independent which we have shown by building a prototype which was
experimented on English and Amharic test data.

Keywords: Summarization, Graph Based Sentence Ranking, Node Centrality Measures.
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Chapter 1
Introduction

1.1 Background

Advances in information technology has made the creation and distribution of digital contents
easier. As our ability to create and distribute these digital contents in news, blogs, social forums
and similar platforms increases, our need to automate the process of finding, identifying,
categorizing and condensing those contents is becoming apparent. Such needs have led to the
evolution of Computer Science occasioning the birth of new computer science fields such as
Natural Language Processing (NLP).

Natural Language Processing (NLP) focuses on automating human language processing tasks
such as word and sentence tokenization, document categorization, question answering and
document summarization. Automatic document summarization, as a part of automated natural
language processing, automates the process of document summarization. Summary of a text,
produced by automated systems or humans, is defined as “A text that is produced from one or
more texts that contain a significant portion of the information in the original text(s), and that is
no longer than half of the original text(s)” [1].

The process of generating automatic summary can be abstractive or extractive. Abstractive
summary is a human like summary which is a rewriting of the main idea in the document
generated by natural language processing algorithms. The algorithm attempts to find main
concepts in the document and expressions that best describe it [2] in a way rewriting the original
document with a different set of equivalent expressions. Where as extractive summary attempts
to summarize a document by extracting important sentences from the document without any
rewriting involved.

The classification of summaries as abstractive or extractive is based on the way the summaries
are generated. Additionally, summaries can be categorized in other different categories
depending on a given parameter we want to emphasize. Among the different categorizations
some include genre-specific vs generic, query-based vs general, single document vs multi
document, indicative vs informative.
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Genre-specific summarization techniques are specific to a given genre, generic summarization
techniques are not genre specific. Whereas query-based summarizations summarize in reponse to
a specified user query, for example in response to a user keyword/s typed on search engines,
general summaries summarize the entire document without considering any query.Depending on
whether we are summarizing a single document or multiple documents on a single topic
summaries can be classified as single document summarization or multi document
summarization. The summaries generated can be indicative that indicates what the document is
about without presenting any content or informative that present content of the document in
shortened form [1].

As part of Natural Language Processing (NLP) automating document summarization has been
researched since the 60°s in 1958 Luhn published an article called “The Automatic Creation of
Literature Abstracts” in IBM Journal [3] in which the author uses statistical information derived
from the word frequency and distribution to determine the relevant sentences for summarizing
the document. And a decade later in 1969 Edmundson followed Luhn by publishing his work
“New Methods in Automatic Extracting [4]” in which Edmundson introduced additional
components, pragmatic words (cue words); title and heading words; structural indicators
(sentence location) other than word frequency and distribution in measuring relevance of
sentences.

Such heuristic approaches were employed by the early stage of automatic document
summarization in the 60’s and 70’s [3, 4] . Recent researches introduced advanced approaches
such as machine learning algorithms [5], mathematical topic modeling [6] and graphical
modeling and analyzing approaches [7].

In this thesis we proposed a new graph based automatic text summarization algorithm for
Amharic document which is not restricted by the genre of the document to be summarized, and
which doesn’t require any manual supervision at any stage of the summarization. In addition to
their generic independent and unsupervised features graph based summarization algorithms are
language independent, to that end we have experimented both on Amharic and English corpus to
show the language independent feature of the proposed algorithm.

1.2 Statement of the Problem

Locally a number of researches have been conducted on automatic Amharic document
summarization using supervised and unsupervised learning approaches mainly for single
document summarization.The works based on unsupervised or semi-supervised approach [8, 9,
10] mainly use topic modeling algorithm, Latent Semantic Analysis (LSA) and/or Probabilistic
Latent Semantic Analysis (PLSA) for modeling topics (a topic being the set of semantically
related words in a given document).
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The automation level of these works is limited because of the following facts:

1. They are genre specific — due to their consideration of genre specific features of a
document like position of a sentence, topic sentence, and similarity of a sentence to the
topic sentence either while modeling the topic or when ranking sentences.

2. Inherent limitations of the “unsupervised” topic modeling algorithms i.e. Latent Semantic
Analysis (LSA) and Probabilistic Latent Semantic Analysis (PLSA)

a. In Latent Semantic Analysis determining the number of dimensions retained after
the singular value decomposition is an empirical issue [11] which should be done
experimentally on a given set of documents. Infact this stage in LSA makes it a
supervised activity. Therefore one has to find the optimal dimension for a given
set of documents to be summarized in advance and this results in the need for
training corpus limiting the algorithms approach in using it for any set of
document without advance determination of the optimal dimension to be retained.

b. In Probablistic Latent Semantic Analysis the number of topics which are the latent
variables should be determined a priori [12]. This means that we have to know the
number of topics covered in a given document in advance which is possible either
through stipulation or experimentation. These days even a simple single news
article may discuss different topics, therefore using PLSA for modeling requires
that the number of topics covered in a document should be known in advance.

In contrast the use of graph based ranking algorithms in extractive text summarization avoids the
limitations (problems) mentioned above. The graph based algorithms can generate summary
without the consideration of genre specific features of the text document there by avoiding the
manual selection of genres of documents to be summarized and the process require no human
supervision.

In graph based text summarization nodes are ranked by the value of their centrality
measurement. Former works of automatic text summarization based on graph theory [7, 13]
adopt Google’s PageRank (which is an Eigenvector centrality measuring algorithm) in ranking
nodes of a textual graph, and PageRank has a polynomial order complexity which depends upon
the number of sentences, the weigth of similarity between the sentences and the threshold value
selected for the convergence. In this thesis we propose a new graph based ranking algorithm
which has a maximum of quadratic order complexity that rank sentences in a more efficient way
than PageRank.

The proposed algorithm is language independent like the other graph based ranking algorithms.
Graph based sentence ranking algorithms are language independent because they analyze the
structural relationship among sentences of a document that is created from their lexical content
similarity. This new graph based algorithm is proposed for generating generic and unsupervised
summarization of documents, the algorithm is tested on Amharic and English dataset, it is tested
on the two languages to prove its language independent features and to show its performance
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improvement against previous works which used alternative graph based ranking and were tested
on English data set.

1.3 Objective

General Objective

The objective of this research is to explore the use of graph based sentence ranking and propose
a new graph based summarization approach for generic and unsupervised automatic extractive
text summarization.

Specific Objectives
The following specific objectives are identified to realize the general objective:

» Conduct detailed review of literature on issues related to text summarization, graph
theories and evaluation of automatic text summarization.

» Propose a new graph based sentence ranking algorithm for extractive text summarization.

» Build a prototype based on the newly proposed graph based sentence ranking algorithm
for generating extractive summary.

» Conduct an experiment on the performance of the protype using Amharic and English
Dataset.

1.4 Application of Results

The thesis introduces a new graph based node ranking algorithm for automatic text
summarization, the algorithm facilitates the generation of extractive text summarization in
unsupervised manner and it is not affected by the genre of the document being summarized. In
addition to that it is language independent, capable of generating a summary for any given
language with the appropriate corresponding preprocessing.

The algorithm also reduces the iterative complexities in ranking individual sentences for
inclusion into extractive summaries from the polynomial complexity of PageRank to a maximum
of quadratic order complexity, where each sentence is ranked just once. This efficiency in
computation is achieved without compromising on the quality of the summary generated, rather
improving it.
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The thesis also serves as an additional work into the existing Amharic text summarization and
generic graph based automatic text summarization researches by introducing additional text
summarization algorithm for Automatic Text Summarization.

1.5 Research methodology

1.5.1  Corpus Preparation

Automatic text summarization using a graph based approach is a language independent
summarization approach because once relationship among sentences of a text document is
represented as a set of nodes and vertices the language feature will be a non-determinant factor in
measuring the centrality of each node which represents a given textual unit like a sentence, or a
phrase.

The proposed new centrality measurement for extractive summarization is tested on two
languages, Amharic and English.

The English corpus is obtained from 2002 Document Understanding Conference (DUC) which is
part of a Defense Advanced Research Projects Agency (DARPA) program of United States of
America, Translingual Information Detection, Extraction, and Summarization (TIDES), which
specifically calls for major advances in summarization technology, both in English and from
other languages to English (cross-language summarization).

The year 2002 is chosen to make a parallel comparison of this work with previous graph based
text summarization approaches which used 2002 DUC data as their test set.

National Institute of Science and Technology (NIST) produced 60 reference sets with sets
defined by different types of criteria as event sets, biographical sets, etc. Each set will have 5 to
15 documents with an average of 10 documents. Each document is at least 10 sentence length but
there is no maximum sentence length.

Each document set will be of one of the following four types. There will be an equal number of
document sets in each category.

1. Documents about a single natural disaster event and created within at most a seven day
window.

2. Documents about a single event in any domain and created within at most a seven day
window.

3. Documents about multiple distinct events of a single type (no limit on the time window).

4. Documents that present biographical information mainly about a single individual.
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The Ambharic corpus is 30 Amharic news articles collected from Ethiopian Reporter News Paper,
Ethiopian News Agency, Walta Information Center, Addis Admas News paper which have 15 or
more sentences each.

1.5.2  Summary Generation

For each of the individual text in the corpus a set of three summaries will be generated, two ideal
summaries and one system generated summary.

The system generated summary will be generated by using the prototype that will be built, the
two ideal summaries will be generated by human summarizers.

The DUC set already provides different set of ideal summaries both individually for each
document and a multi-document summary per document set. For this work purpose the two
generic abstracts (not extract) of each document with a length of approximately 100 words or
less provided by DUC will be used as a golden standard to compare against the summary that
will be generated by the prototype using ROUGE-N measurement.

For the Amharic corpus, due to the challenging nature of getting participants in generating 100 or
less word abstractive summary, each document will be given to two individuals who would
selected the first high ranked sentences whose number of words is at least 100, which will be
taken as human generated (golden summary) against which the system generated summary will
be compared.

1.5.3  Evaluation Technique

The system generated summary is evaluated by n-gram co-occurrence with the set of reference
summaries submitted by human summarizers. Among the different algorithms for such
evaluation, Recall Oriented Understudy for Gisting Evaluation (ROUGE) package introduced by
[14], is used. The package contains four evaluation methods called ROUGE-N, ROUGE-L,
ROUGE-S and ROUGE-W.

ROUGE-N also known as N-gram Co-occurrence Statistics is selected for evaluation technique
in this work. It is selected for two reasons

a. Because ROUGE-N is the evaluation technique used by previous graph based
summarization researches.
b. ROUGE-N evaluation is found to be highly co-related with human evaluations.
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1.6 Scope and Limitations of the Study

The preprocessing task i.e. tokenizing sentences into bag of words, removing stop words and
stemming content words limit the measure of lexical similarity between sentences which in turn
affect the rank of sentences. Therefore the accuracy of the algorithm is limited by the accuracy of
the preprocessing tasks.

The three preprocessing tasks are language dependent and require a different set of procedures
for each language which limits the direct application of systems built using the algorithm for all
languages.

The work is scoped to provide extractive automatic summary of a single document. All genres of
a document can be used as input and the summary generated by the prototype will be an
informative summary gisting the most important sentences of the document.

The algorithm is claimed to be language independent, but even though the actual algorithm is
language independent the preprocessings i.e. removing stop words, stemming is inherently a
language dependent task.Therefore, the prototype is built to consider only two languages,
Ambharic and English.

1.7 Organization of the Rest of the Thesis

The remainder of the thesis is organized into five chapters. Chapter Two is literature review
where the conceptual (scientific) aspects of Automatic Text Summarization (ATS) including its
historical background, current status and the different works and algorithms of automatic text
summarization are presented.It also contains details like features of a document that need to be
extracted for text summarization; and the methods for extracting those features. Finally Chapter
Two also contains section which discusses the Amharic language briefly with regard to its
grammar, parts of speech, and morphology.

Chapter Three reviews related works in automatic text summarization, the related work is scoped
to focus on those researches in automatic Amharic summarization and those researches which
use graph theoretic approach.

The related works are reviewed with regard to their objectives, problem statement, limitations,
contributions and justification in terms of the need for this work in that domain.

In Chapter Four we present the new proposed graph based sentence ranking algorithm. The
algorithm’s advantage in reducing the polynomial iterative complexity of the previous graph
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based sentence ranking algorithms into a maximum of quadratic order iterative complexity is
emphasized.

The chapter also presents the design and implementation detail of the prototype based on the
proposed algorithm.

Chapter Five contains the experimental setting and the experimental result obtained.

Chapter Six concludes the thesis by summarizing the proposed algorithm, the design,
implementation and result obtained and forwards recommendations for future work.
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Chapter 2
Literature Review

In this Chapter we present a review of literature on the subject of automatic text summarization.
We review automatic summarization interms of its historical background starting from its first
inception, and detailing on the different types of summaries that are generated automatically, the
techniques of generating automatic text summarization and the different algorithms which
employ the different techniques as well are presented.

Finally we reviewed the subject of automatic summary evaluation, focusing on the intrinsic
evaluation which evaluates the generated summary for its informative content and literary
quality.

2.1 History of Automated Text Summarization

Literatures like [1] and [2] assert that interest in text summarization begin around late 1950; the
most significant work being [3] which brought the feasibility of automatic text summarization to
the horizon.

The work of Luhn [3] uses word frequency and distribution to compute a relative measure of
significance, for individual words and then for sentences.

In 1969 Edmundson [4] brings new concept in addition to the usage of word frequency for
sentence evaluation, it adds three more additional methods for evaluating sentence importance:

» Cue Method — The Cue Phrase method is based on the assumption that the relevance of a
sentence is based on the presence of certain pragmatic phrases. Phrases like ‘the
conclusion of this paper’ indicates a positive relevance for that sentence, and phrases like
‘for example’ indicate a negative relevance [15].

» Title Method — This method assumes that if there is a content overlap between the title of
the document and a sentence in the document then the sentence’s relevance increases.

» Position Method — This is a method which considers the position of sentences as a
measure of their relevance for inclusion into summary.
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Since the 50°s and 60’s a tremendous progress has been made in automatic text summarization,
and a number of different algorithms and approaches have been used and still a number of new
researches continue to be conducted on the subject of automatic text summarization even though
much of the researches are on extractive summary due to the computational complexity of
abstractive summaries according to [16].

2.2 Types of Summarization

Automatic text summarization can be categorized in different ways, depending on which aspect
of summarization is to be emphasized. For example if we consider the input we can classify
summarization as:

» Single Document Summarization — where only a single document will be fed to the
summarizer.

» Multi Document Summarization — where multiple documents on similar topic will be fed
to the summarizer.

» Multi Lingual Summarization — where documents written in different language are
processed to generate a single language summary.

On the other hand depending on the method used to build the summary the summary can be
classified as:

» Extractive summary — where by sentences are evaluated based on their centrality in
representing the documents central idea and sentences which are ranked higher will be
candidates for inclusion into a summary.

» Abstractive summary — this is human like summary, in which instead of selecting
important sentences as they are in the document to be summarized, the summary of
abstractive summary will be a rewritten shortened form of the main concepts in the
document, paraphrased as per the summarizer wording. Even though abstractive
summary has a high potential for condensed summary, the programming required to
realize abstractive summary is relatively difficult because it requires Natural Language
Processing which in itself is a field under progress [17].

Based on the requirement of training data to be used by the summary generator, summarization
can be divided as supervised or unsupervised [17, 16] :

» Supervised — supervised summarization, as the name implies, requires the supervision of
the trainer in training the system on specific domains with large training data [17] to learn
key features of the document which will later be used for summary generation.

» Unsupervised — contrary to the supervised summarization, unsupervised summarization
will not require a training corpus nor other manual interventions to generate a summary.
Unsupervised summarization approach as the problem from a different angle by
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abandoning the attempt “to learn explicit features that characterize key phrases” from the
training data, to exploiting the structure of the text itself (without other corpus) to
determine key phrases that appear central to the text [17].

2.3 Document Features for Extractive Summarization Techniques

Gupta and Lehal [2] discussed textual unit’s features that are considered while extracting
sentences and the methods that are used for extracting those features. In total they have indicated
12 different kinds of features that are mostly used to generate extractive text summarization:

1. Content Word (Keyword) Features — content words are linguistic terms which refer to
words “such as nouns, most verbs, adjectives, and adverbs that refer to some object,
action, or characteristic” [18]. After the content words are identified they will be used as a
criteria to select sentences to be included in the summary.

2. Title Word Feature — with title word feature sentences which contain words that exist in
the title will be considered for inclusion into the summary.

3. Sentence Location Feature — with this feature position of sentences will have a certain
value based on their position in a document, for example, sentences that are the first in
the paragraph and last in the last paragraph to be of high value.

4. Sentence Length Feature — with this method, the length of sentences will be considered
as a sentence relevance criteria, for example, excluding sentences that are very short or
very long from the summary.

5. Proper Noun Features — proper nouns are given names for person, places and concepts,
ideas, etc and sentences containing proper nouns will have an increased probability to be
included in the summary.

6. Upper Case word feature — Casing in a literature conveys additional meta data hence
sentences containing acronyms or proper names are included in the summary.

7. Cue Phrase Feature — cue phrase featuring is one of the earliest techniques in text
summarization, with summarizers which consider cue phrases sentences containing cue
phrases like However, In conclusion, in contrast are most likely to be included in the
summary.
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8.

10.

11.

12.

Biased Word Feature — this technique compares words in sentences against a previously
defined biased word list, and if the sentence contains any of the biased words it will be
considered for inclusion in summary.

Pronouns Feature — with this technique sentences which contain pronouns are excluded
from list of sentences for inclusion into summary in order to avoid the problem of broken
anaphoric references.

Sentence to Sentence Cohesion — the technique rates sentences based on their content
overlap with other sentences of the document, and the sentence which is more overlapped
will be ranked higher for inclusion in the summary.

Occurrence of Non-Essential Words — some words indicate the information is not
essential either because the information following those keywords is elaborative,
additional or similar. Example of such words are like “because”, “furthermore”. With this
technique sentences which are annotated by such words will be excluded because they
are assumed to be redundant.

Discourse Analysis — a discourse is defined by [19] as an instance of a language use
whose type can be classified based on factors such as
a. Grammatical and lexical choices
b. And their distribution in
1. Main versus supportive materials
ii. Theme
iii.  Style, and
iv. The framework of knowledge and expectation within which the addressee
interpret the discourse.
Gupta and Lehal [2] suggest that the analysis of a discourse is one of the good features
for text summarization to produce coherent, fluent summary and to determine the flow of
the author’s argument.

In general the features that are considered for ranking sentences in extractive
sumamrization can be either statistical or linguistic.

The different extractive summary generation methods introduce different solution on how

to best extract those features and use those features in selecting/ranking sentences for
composing the summary.
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In Section 2.4 we present the different methods that are used for extracting document
features for extractive summary generation.

2.4 Document Feature Extraction Methods

The main task in most of the automatic extractive document summarization approaches is the
identification of important features of a given textual unit of a document which will be used to
select those units to construct the extractive summary. The textual units can be words, phrases or
sentences. Once the determinant features on the preferred unit of a text (words, phrases,
sentences, etc) are identified then those textual units which contain the important features will be
selected to construct our extractive summary.

There are a number of feature extractive methods. Here, we present some of the feature
extractive methods which we deemed important and pertinent to our work.

2.4.1 A Term Frequency Inverse Document Frequency (tf*idf) based Methods

According to [20] tf*idf is a means of measuring important terms in a document based on the
frequency of a word in a document or collection of documents.

As stated previously, one of the features in a document is the list of content words. One way of
selecting content words from a document is by using their term frequency (TF), their term
frequency being the total number of times a given word appears in the document divided by the
total number of words in the document. Yet prioritizing words of a document based on their term
frequency is biased by the frequency of non content bearing words, or what are called functional
words which are there to form grammatical relationship among words, and which tend to have an
exaggerated frequency because they appear in all documents.

For example if we happen to be looking for documents containing the words “the brown cow”,
and if we simply count the term frequency of each of the words “the”, “brown” and “cow” and
prioritize the documents based on their containing those words, the word “the” will give us an
exaggerated consideration because it is not a content word and it occurs much greater than the
other two words. So the term frequency i.e. the number of times a word occurs in a document
divided by the total number of words in a document is not a good measure, as this statistics gets
higher for words which are not content bearing and appear in almost all documents. Therefore it
should be countered by another factor to get a good statistics on content bearing words.
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This exaggerated frequency value of non content bearing words is countered by a method called
the inverse document frequency or IDF to weigh down the frequency of non-content bearing
word, there by pushing up the value of content bearing words.

The inverse document frequency (IDF) is the natural logarithm of the quotient of the total
number of documents divided by the number of doucments containing the term. The IDF will be
smaller for those words which tend to appear in every document, and the multiplication of the
term frequency (TF) by the IDF will result in a new value which is higher for content bearing
words than for non content bearing words.

This new measure is known as tf*idf and it is formalized as:

Total Number of Documents ) (1)

tf*idf=tf(

lo
Be Number of Documents witht in it

TF*IDF 1is originally a method used in Information Retrieval to evaluate document relevance
with respect to query words, and Text Summarization has adapted that approach to generate
automatic summary but as there might not be query words in the case of text summarization,
after measuring the tf*idf in the documents the summarizing algorithm considers those nonstop
words with higher tf*idf in the document [2] as query words and instead of the documents,
sentences will be considered when applied on single document and equation 1 can be modified
accordingly as follows:

| Total Number of Sentences ) )
08e Number of Sentences witht in it

tf*isf=tf(

2.4.2 LSA based Methods

The TF*IDF method fails to consider the semantic relationship between words for example even
though there are semantic relationships between the term money and wealth, the traditional term
frequency models, TF or the TF*IDF, will not consider their semantic relationship and just count
the words individually and compute their frequency regardless of their semantic relationship.

One of the methods to solve this problem of failing to account for semantic relationship such as
polysemy and synonym is Latent Semantic Analysis. The basic notion of LSA is that the
underlying (latent) semantic relationship between words of a document can be learned from the
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aggregate of all the word contexts in which a given word does and does not appear, as these
contexts provide a set of mutual constraints that largely determines the similarity of meaning of
words and sets of words to each other [11].

The first step in LSA is to represent the document as word-to-sentence co-occurrence matrix,
where sentences will be columns of the matrix and words rows of the matrix. The entries of the
matrix will be the number of times that word appear in that sentence, which is represented by the
column.

The next step after forming the word-to-sentence matrix is the use of a mathematical matrix
factoring called Singular Value Decomposition (SVD). SVD decomposes a rectangular matrix
into the product of three other matrices such that when the three component matrices are matrix-
multipied, the original matrix is reconstructed.

The final step in processing the word-to-sentence matrix is the dimension reduction which is
done by deleting coeffients in the diagonal matrix starting from the smallest one, the construction
with a reduced dimension will create a new co-occurrence matrix where semantically related
words will have close values.

Extractive summarization algorithms which use LSA use the list of semantically words induced
by the LSA as a criteria for ranking sentenece to be considered in their extractive summary.

2.4.3  Machine Learning Methods

The previous two methods are examples of what is commonly known as centroid based in the
context of automatic text summarization. They are named centroid based because they attempt to
find the central topic covered in a document as a bag of words and use that “central topic” as a
means of measuring sentence’s relevance to be included in an extractive summary.

Machine learning methods differ from the previous methods as they essentially models
summarization as a classification problem and this involves statistically learning the probability
of sentences to be included or not included in a summary from a training document and their
extractive summary using machine learning rule [2].

Given a set of training documents and their extractive summaries, sentences are classified as
summary sentences and non-summary sentences based on the features that they possess [2].

Different Algorithms have been used in machine learning including the Baye’s rule. Neto,
Freitas, and Keistner [21] has used Naive Baye’s and C4.5 Machine learning algorithms to learn
features of sentences that need to be included in the summary.
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Neto, Freitas, and Keistner [21] identified a set of 13 feautres which includes Mean TS-ISF,
Sentence Length, Sentence Position, Similarity to Title, Similarity to Keywords, Sentence-to-
Sentence Cohesion, Sentence-to-Centroid Cohesion, Depth in the tree, Indicator of main
concepts, Occurrence of proper names, Occurrence of anaphors, and Occurrenc of non-essential
information and used Baye’s rule.

Once these features of a sentence are computed the summary generation consists of the following
process.

1. Standard preprocessing is done on the document which are stop-word removal and
stemming.

2. Each sentence is converted into its vectorial representation.

3. The features mentioned above are computed, and those feature which are continuous
are discretized.

Then two ML algorithms, namely, Naive Baye’s and C4.5 are used to train the machine

on the features and a test data is used to generate the summary.

2.4.4 Graph based Methods

Graph based algorithms unlike the preceeding methods, topic modeling and machine learning,
doesn’t require an identification of a central topic as in the case of topic modelers nor the
training corpus with its corresponsing summary set but instead identify important sentences
based on the graphical relationship that will be formed from the lexical similarity among
sentences of a document.

Graph based methods have been used both in abstractive [22] and extractive summarizations.The
basic notion behind graph based algorithms in extractive summary generation is that by
representing the document as graph and analyzing it, it is possible to identify issues or topics
addressed in the document [2].

Using Graph based methods a document can be modeled as a graph by making document units
(which can be words or sentences) nodes of the graph and the level of similarity between the
document units as their edge. Once the document is changed into a graph with nodes and
weighted edges, one can extract issues or topics addressed in the document by using different
graph theories such as degree and centrality measurements.
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Representing a document as a graph has two important benefits:

1.

ii.

Once the document is formed as a graph clusters will be created which
allows the choice of coverage for generating summary for query based
summaries.Whereas for generic summaries representative sentences
from each cluster (sub graph) can be selected.

The second benefit of representing a document in a graph is for the
identification of important sentences in the document. Sentences that
are represented by the higher cardinality (number of edges connected
to that node) will be considered important sentences for inclusion in
the summary generation. shows a graphical representation of an
imaginary document, nodes with encircled sign representing
informative sentences of the document; they are informative because
they share similarity with more other sentences in the document

Figure 2-1 : Document Graph /2]

Figure 2-1 represents a hypothetical document, where we can see four distinct clusters
representing a set of highly related sentences and sentences represented by larger double circles

being the dominant sentences in that document because they are related to more sentences.
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2.4.5 Hybrid Methods

Hybrid is an approach which combines and integrate the methods discussed above and others
[23] in attempt to take advantage from the strength of each method. For example cue phrases
combined with position and word frequency based methods or position, length weight of
sentences combined with similarity of these sentences with the headlines [24].

2.5 Graph Theory Overview

Informally, a graph is a group of points that are connected by a line. The dots are called nodes
(or vertices) and the lines are called edges. Graphs are prevalent in Computer Science because
they model different kinds of relationships that exist between set of objects. The objects can be
programs, people, web pages, sentences and the relationship among them can be dependency,
connection, similarity or some other type of relationship. The objects and the relationship among
the objects can be modeled by a graph where the objects become the nodes and the relationship
among them an edge that connects the two objects in relationship.

Such a graph can be represented in different ways, we can draw it with dots and lines as in
Figure 2-2, we can represent it mathematically as a set of nodes and edges, or as an adjacency
matrix.

b 0/

Figure 2-2 : Pictorial Representation of a Graph

Steen [25] defines a graph formally as:

A graph G consists of a collection V of vertices and a collection edges E, for which we
write G= (V, E). Each edge e € E is said to join two vertices, which are called its end
points. If e joins u, v E V, we write e = <u, v>. Vertext u and v in this case are said to be
adjacent. Edge e is said to be incident with vertices u and v, respectively.

Much often it will be written as V(G) and E(G) to denote the set of vertices and edges with the
graph G respectively.
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The other common way of representing a graph is as an adjacency matrix, in which the columns
and the rows of the matrix represent the nodes of the graph and each element of the matrix
represent edges between the nodes.

Formally the adjacency matrix is defined as follows:

Given n-node graph G = (V, E) where V = {V;, V> ... V,}, the adjacency matrix for G is the

N X N matrix Ag = {ajj} where ajj =1 if {vi, vj} € E otherwise aj;;-0.

Considering four web pages as nodes and the link among them as edges, the following example
in Figure 2-3 shows the adjacent matrix representation of the hypothetical pages and their links.

R

01 00
0 01 0
0 0 01
01 00

Figure 2-3 : Adjacency Matrix Represenation of a Graph

Graph has been studied in mathematics since the 19" and 20" century [25]. It has introduced
different terminologies that allow us to be precise when we describe different characterstics of a
given graph. Among the different terminologies that characterize a graph vertex degree,
centrality, directed edge and weighted edge are the most pertinent to this research.

» The degree of a vertex is the number of edges that are incident to it.

» Centrality of the node is the measure of the importance of that node in that
graph.

» Directed/Undirected Graph — a graph is directed if all the edges are
directed from one edge to the other for example if we are representing a
one way street from junction A to B, then we need sense of direction, and
it is undirected if there is no direction between the nodes relationship.

» Weighted Graph —A weighted graph G is a graph for which each edge e
has an associated real-valued number w (e) called its weight [25].
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Centrality of a node being the ultimate ranking technique in this work we will discuss four
different centrality measurements as presented in [26]. A node’s importance, centrality, depends
upon what actually the graph models [25]. There are different centrality measurments, among
them

» Degree centrality — defines the importance of a node in terms of the
number of iteractions, edges incident to it, the higher the degree of the
node, the more important the node is.

» Closeness Centrality — defines a node based on how “close” to, and can
communicate quickly with, the other nodes in the graph.

» Betweeness Centrality — an important node will lie on a high proportion of
paths between the other nodes in the network. This is the less obvious
centrality to compute.

» Eigenvector Centrality — an important node is connected to important
neighbours in which a nodes importance depends on the importance of the
nodes to which it is connected to and the number of nodes it is connected
to.

The subsection 2.5 is a prelude intended to give us an overview of the field of graph theory upon
which Google’s PageRank is founded, Presenting Google’s PageRank and its theoretical
background becomes relevant to validate the advantage of our new proposed textual graph node
ranking algorithm as compared to the use of Google’s PageRank for textual graph node ranking.

In the following subsections we will present the computation of Google’s PageRank, its adoption
for automatic extractive text summarization respectively.

2.6 Google’s PageRank

Google’s PageRank is one of the most discussed node ranking algorithms due to its success in
becoming the founding principle upon which the most popular search engine, Google, is built.
The authors of PageRank were motivated by the lack of academic researches on large scale
search engines, eventhough the amount of information on the web and the number of
inexperienced users were increasing.

These problems were further exaserbated by the cost involved in maintaining high quality human
managed indices, indices of keywords versus web pages, and the failure of automated search
engines which rely on keyword in providing high quality results, and the vulnerability of key
word based search engines for misleaded ranking by advertisers.
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PageRank [27] addresses the limitation of search engines by exploiting the additional
information present in the hypertext, other than lexical content of the page which was the
approach followed by keyword based search engines. They want to answer the question “how to
effectively deal with uncontrolled hypertext collections where anyone can publish anything they
want”

Bring and Page [27] Answered the stated questions by considering the citation (link) graph of a
web that has been largely unused by the keyword based search engines. The main idea in this
approach is that — instead of solely depending on the content similiarity between search
keywords and a page’s content, analyzing the citations among web pages gives us the subjective
(As citations are done by people of a given domain, the more a page is cited by more people in
that domain the higher the prestige of the page) idea of the importance of the page. This idea is
equivalent to the idea that we rank a page based on a collective knowledge of the web
community instead of its content, which is hard to fool.

PageRank [27] gives two intuitive justification of their PageRank Algorithm, the first intuitive
justification is modeling a user behavior, in which it is assumed that there is “a random surfer”
who is given a page at random and keeps clicking on the links in the page, without hitting back
and the proabability that a given page will be visited in this model becomes its PageRank.

The other intuitive justification is that a page can have a high PageRank if there are many pages
that link to it or if there are some pages that point to it and have a high PageRank.

Google’s PageRank can be calculated in what is called Iterative Method or as an Eigenvector of
a stochaistic, irreducible and aperiodic adjacency matrix for an Eigenvalue of 1.

The Iterative Method as pointed out in their paper entitled “The Anatomy of a Large-Scale
Hypertextual Web Search Engine” [27] is defined as follows

We assume page A has pages T1....Tn which point to it (i.e., are citations). The parameter d is a
damping factor which can be set between 0 and 1. We usually set d to 0.85.Also C (A) is defined
as the number of links going out of page A. The PageRank of a page A is given as follows in
equation (3):

c(ry) (T

PROAY = (1— d) 4 d s <PR(T1) PR(Tn)> (3)

Brin and Page [27] stated that the PageRank theory holds that an imaginary surfer who is
randomly clicking on links will eventually stop clicking. The probability, at any step, that the
person will continue is a damping factor d, various studies have tested different damping factors,
but it is generally assumed that the damping factor will be set around 0.85.
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To give a theoretical example, if we just consider a world wide web to be just a collection of
three pages A, B, C and A is linked to B and C whereas B is linked only to C and C is only
linked to B which can be depicted as follows in Figure 2-4.

Figure 2-4 : Example of Web Links

The PageRank of each of the above pages using the PageRanking algorithm will be as follows, to
keep the calculation simple the damping factor which is generally 0.85 is now assumed to 0.5, so
given the above information and the Google’s PageRank algorithm their PageRank will be as
follows:

PR (A) = 0.5 + 0.5(PR(C))
PR (B)=0.5+0.5 (PR (A)/2)
PR(C)=0.5+0.5 (PR (A)/2 + PR (B))
This equation can be solved easily by substitution and the result will be
PR (A)=14/13 =1.07692308
PR (B) =10/13 =0.76923077
PR (C)=15/13 =1.15384615

The higher the PageRank the higher the probability of that page to be accessed by the random
surfer who would start clicking at a random page.

The trickier side of the Google’s PageRank iterative algorithm is the equation requires that to get
the PageRank of a page we need to first get the PageRank of those pages which are pointing to
this page i.e. to the page that we want to rank.

Had the pages to be ranked are simple sets of 3 or just few we can use the method of inspection
to find the PageRank but since we are considering billions of web links such approach will be
prohibitive, and to overcome this hurdle the problem can be approached iteratively by giving
equal random values to each page link at iteration of index 0 and doing the iteration until a
convergence below a given threshold is achieved. Convergence is achieved when the error rate
for the rank of any vertex in the graph falls below a given threshold. The error rate of a vertex V;
is defined as the difference between the “real” score of the vertex S (Vi) and the score computed
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at iteration k, S* (V;). Since the real score is not known apriori, this error rate is approximated
with the difference between the scores computed at two successive iterations: S¥*!(Vi) - S (V;)

[13].

Considering the above example, the iterative process will result in the following results after 13

iterations.
Iteration PRA) PR(B) PR{C)
o 1 1 1
1 1 0O.75 1.125
=2 1.0625 0. 785625 1.1484275
2 1.07421875 0.75e85549469 1.1528322032
<4 1.07641602 0.75910400 1.15255501
=1 1.07682800 D.7e920700 1.15281050
(=] 1.07590525 O.7e922a3z1 1.152832947
r 1.0759219732 0. 7e922993 1.15284490
= 1.07592295 0. 75922051 1.15284592
t= 1.07692296 0.75922074 1.1528494511
10 1.07692205 D.7o922075 1.15284515
11 107592207 0. 7e922077F 1.15284515
i1z 1.07592208 0. 7e922077 1.152846015

Figure 2-5 : PageRank Iterative Example

Unlike the simple inspection, the iterative way allows the computation of the rank without being
restricted by the size of the nodes even though the computation requires a number of iterations.

The iterative method of PageRank is an alternative explanation of calculating Google’s
PageRank is using Linear Algebra, by computing the Eigenvector of a stochaistic matrix for the
Eigenvalue 1 [28].

The citation among pages can be modeled as a transition matrix A where each element represent
the probability of moving from this page to the other which it is citing to. Since the citation is
unweighted and directed for a page which cites 5 pages then each page will have an equal

probability of 1/4 transition from this page.

Figure 2-6 : An Example of Web Link References /28]
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If we consider the above figure as an Internet of four web pages, it can be modeled as adjacency
matrix as follows:

o 0 1 1/2
4o |3 0 0 0
1/3 1/2 0 1/2
1/3 1/2 0 0

Tansae and Radu [28] States that considering a directed graph and a positive integer k. Then the
number of directed walks from node i to node j of length k is the entry on row i and column j of
the matrix 4%, where 4 is the adjacency matrix.

The fact that each incoming link increases the importance of a given page, which is the same as
multiplying the matrix with a vector which represents the importance of each page, but since the
importance of each page is not known in advance, we can start with a vector where all entries are
equal to 1/n, where n is the number of nodes.

Considering the above transition matrix A, if we start with a ranking vector where each node has
equal importance [%, Y4, ¥4, and V4], the importance of the pages will be Av, and the importance
of each page after one transition will be A%v, after two transitions A’v and this continues until the
difference between the resulting consequative Eigenvector values are lower than a given
threshold.

0 0O 1 1/2 0.25
a3 0 0 0 v = [0-25
~|11/3 1/2 0 1/2 ~10.25
1/3 1/2 0 0 0.25
0.37
_ |o.08
Av= 1033
0.20
0.43
_|0.12
AxAv=1407
0.16
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This sequence v, Av, A%v...A¥v iterates and converges resulting in a new Eigenvector, and this
new Eigenvector at the convergence is the rank of each node in the adjacency matrix. This is true
because IfAis a positive column-stochastic matrix, then there is a unique Eigenvector
corresponding to the Eigenvalue z = 1 such that it has only positive entries the sum of its entries
equals 1 [28].

2.7 The Use of PageRank for Sentence Ranking

PageRank is intended for ranking nodes of a directed unweighted graph which model the
hyperlinks among web pages, the rank of each page in PageRank shows the probability of
reaching that page through a continuous click without clicking back starting from any randomly
selected page.

Another way of looking at this rank is that a page is ranked based on the number of pages that
are citing it and the importance of those pages that are citing it [27]. Therefore a graph formed
from a lexical similarity between textual units can be analyzed (ranked) using Google’s
PageRank, two of the works that used this approach are [7, 13]. Once the document is converted
into a textual graph, the nodes (the textual units) can be ranked based on the number of other
textual units they are linked to and the importance of those textual units that they are linked to.

As explained in the review of related works [13] uses this approach for key word extraction and
extractive summary generation. In the extractive summarization generation, sentences are
considered to be the textual units (nodes) and the content similarity between them normalized by
the length of the sentences is taken as the edge between the nodes. But due to the fact that the
edge between textual units is weighted, unlike the edge between web pages which is unweighted,
they modified the Google’s iterative PageRank to include the weight between nodes in ranking
nodes. Given two nodes Vi and V; W;; being the weight between the similarity, the modified
PageRank [13] is formalized as:

WS =(1-d)+d ) B ws(v) ©

Wi
vj€ln(v;) vkeout (vj) ik

And they stated that “While the final vertex scores (and therefore the rankings) differ
significantly as compared to their unweighted alternatives, the number of iterations to
convergence and the shape of the convergence curve remain almost identical for weighted and
unweighted graphs”
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On the other hand Erkan and Radev [7] adopt a tf*idf modified cosine similarity with a given
thresholding and introduced three different ranking algorithms namely degree centrality,
Eigenvector Centrality and Continuous LexRank.

In all the three approaches first sentences with a given level of tf*idf modified cosine similarity
value will be removed inorder to consider only those sentences with a strength of simialirty.

The degree based similarity ranks sentences based on their degree, but this approach was
discouraged because they believed that it will have a negative effect in measuring centrality
when several unwanted sentences vote for each other and raise their centrality.

The Eigenvector centrality which is computed using google’s PageRank is chosen over the
degree based centrality because a sentence’s centrality depends not only on its degree but as well
on the importance of those sentences with which it is linked to.

Their third algorithm continuous LexRank, improves their second algorithm by considering the
weight of the threshold cut similarity of sentences, and the ranking is also calculated using
Google’s PageRank by modifiying it to consider the weight of edges.

Even though there is a measure of difference in the way similarities are measured among
sentences and the number of alternatives in ranking the nodes, ultimately both TextRank and
LexRank use the modified version of Google’s PageRank that considers the weight of similarity
in ranking nodes.

2.8 Evaluation Method of Text Summarization

Evaluation is an integral part of any undertaking to ensure if the desired objective is achieved or
not. Therefore it is necessary to have an evaluation mechanism for automatic text summarization
as well which measures the quality of the summary generated using different metrics.

Every evaluation effort works by comparing a given output against a “golden” standard, now the
evaluation effort becomes straight forward where reaching upon the golden standard against
which other outputs will be compared to is a deterministic issue, but this becomes difficult in text
summarization because making the golden standard summary is not a deterministric issue “no
one seems to know exactly what a summary is” [1]. Not only that but it is also entirely possible
that an automatic summary generation system can generate a good summary which is different
from the “golden standard”.

This is true because sentence selection is not a deterministic problem, i.e. there is no hard and
fast rule to dictate which sentence should be included in the summary, and a sentence can be
selected or rewritten subjectively and still become acceptable as a good choice. In the case of
extractive summary different sentences can be selected by different people or the same person
can select different sentences at different time.
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Even though finding a golden standard summary against which other summaries can be
compared against is a subjective issue, in automatic summarization researches the summary
generated by one or more human summarizers will be accepted as the golden summary and the
system generated summary will be compared to the single/multiple human summaries using
different measures. This kind of summary evaluation is called intrinsic evaluation, which is an
evaluation of the system generated summary for its informativeness as opposed to the extrinsic
evaluation which evaluates a system generated summary based on how well it can serve when
the summary is used as input to other automated information processing.

Steinberger and Jezek [29] Classifies automatic text summarization as Instrinsic and Extrinsic
Evaluation. The Instrinsic is further classified into to text quality evaluation and content
evaluation.

2.8.1 Intrinsic Evaluation

Intrinsic evaluation evaluates the summary in its own right without considering other external
purposes for which the summary can be used. The generated summary is compared with the
starndard summary in an effort to assess how much information is preserved in the condensation
(Content Evaluation), and based on the linquistic quality of the generated summary (Quality
Evaluation).

The amount of information retained in system generated summaries compared to golden standard
summaries can be measured based on the exact number of sentences that match between system
generated summaries and golden standard summaries (co-selection) or by the relative similarity
between system generated summaries and golden standard summaries (text similarity measures).

Three different formulas compute the degree of co-selection in system generated summaries and
golden standard summaries, precision, recall, and F-score.

Precision (P) - Precision is calculated by dividing the number of sentences that occur both in the
automatically generated summary and the standard summary (the intersection of the ideal and
generated summary) by the number of sentences in the automatically generated summary.

Ideally the precision measures how many of the automatically generated sentences are identical
(precise) with the ideal summary as a percentage of the automated summary. The point here is
that, a summary can be precise but not exhaustive, i.e. it is precise but fails to include other
sentences in the summary. Because for example, an automatic summary may contain four
sentences all which are precise but the ideal summary may contain additional sentences which
are not included in the “precise” summary.
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Recall (R) - Recall is calculated by dividing the number of sentences that occur both in the
automatically generated summary and the standard summary (the intersection of the ideal and the
generated summary) by the number of sentences in the standard summary.The recall measures
the exhaustiveness of the automated summary, because a summary should be precise (match) and
also include all the sentences in the ideal summary.

F-score - F-score is a composite measure of Precision and Recall which is calculated using the
Equation 5.

2-P-R (5)

F — Score = ———
core P+R

Determining a sentence relevance for inclusion into a summary is, a subjective issue and this
subjectivity results in different sentences picked/prioritized by different summarizers. Strictly
following co-selection ignores measure of similarities between summaries, because it requires
exacting matching between textual units, e.g., sentences, this problem is addressed by using text
similarity measurements. Text similarity measurements measure how two textual units or
documents are similar, even though there is no exact match of sentences like in co-selection.
Text similarity measures measure the similarity between two textual units based on their content
overlap even though the two textual units are not totally identical. Cosine Similarity, Unit
Overlap, Longest Common Subsequence and N-Gram matches are among other similarity
measures used for content similarity evaluation of system generated summaries against golden
standard summaries.

Cosine Similarity - when documents or sentences are represented as term vectors the
similarity between them can be quantified as the cosine of the angle between the two vectors
[30]. Two vectors with the same orientation have a Cosine similarity of 1, two vectors at 90
degree have a similarity of 0, and two vectors diametrically opposed have a similarity of -1.
Given two vectors of terms, A and B, the cosine similarity, cos (6), is represented using a dot
product and magnitude as shown in Equation 6.

A-B (6)

similarity = cos(0) = W
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Unit Overlap - Unit Overlap is the other similarity measure, which computes the percentage of
unit overlap as the quotient of the magniture of the lexical intersection divided by lexical union
minus the lexical intersection [31] which is formalized as shown in Equation 7:

[IXnYl| (7)
[IX1]+]1Y]]- 11X nY]|

Overlap (X,)Y) =

where X and Y are representations based on sets of words or lemmas. ||X]| is the size of set X.

Longest Common Subsequence
Measures similarity based on their edit distance which is formalized as shown in Equation 8:

(((length(X) + length (Y)) — d(X,Y)) (8)

LCS(X,Y) = :

where X and Y are representations based on sequences and where LCS(X,Y) is the length of the longest common
subsequence between X and Y, length (X) is the length of string X, and d (X,Y) is the minimum number of deletion
and insertion needed to transform X into Y.

N-gram matching (ROGUE)

According to Lin [32] ROUGE is an acronym that stands for Recall-Oriented Understudy for
Gisting Evaluation. It is a method to automatically determine the quality of a summary by
comparing it to other (ideal) summaries created by humans.

The measure is computed by calculating the content overlap between human summaries (ideal
summaries) and the computer generated summaries. Three kinds of ROUGE summaries are
known [32] ROUGE — n, which is an n-gram recall between a candidate summary and a set of
reference summaries which is calculated using the following formula [32] shown in equation 9:

ZSE{RS} Zgramnes Countmatch (gramn) (9)

ROUGE — N =
ZSE{RS} Zgramnes Count(gramn)

where RS = Reference Summaries

ROUGE-N computes percentage of the number n-gram matches between the ideal summary and
the candidate summary against the total n-grams in the reference summaries. Lin [32] lists the
other ROUGE scores, such as ROUGE-L — a longest common subsequence measure and
ROUGE-SUS - a bigram measure that enables at most 4 unigrams inside a bigram components to
be skipped.
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Intrinsically a summary can also be evaluated for its linguistic quality using human Annotators
using four metrics on the scale of A (Very good) upto E (Very Poor) [29] to each summary by
considering parameters such as:

Grammaticality — the summary should be grammatical correct therefore
grammatical errors like wrong punctuation marks or incorrect words should not
be there.

Non-Redundancy — the summary should not contain redundant information.

Referential Clarity — Anaphoric references should be maintained in a summary,
there should not be a pronoun in the summary without its correct antecedent.

Structure and Coherence - The summary should show a good structure by
maintaining the coherence between sentences.

2.8.2 Extrinsic Evaluation

Extrinsic evaluation is an evaluation of a summary for subsequent process. At times automatic
summaries are an input to other information processing activity, instead of being an end by
themselves. Hence extrinsic evaluation evaluates the automatic summaries based on their
relevance for the subsequent information processing activity for which they become an input,
namely these subsequent information processing activities are document categorization,
information retrieval and question answering [29].

The other advantage of extrinisic evaluation is giving the degree to which one can be definite in
concluding about the usefulness of summaries, which provides a justification for continued
research and development for new summarization methods [33].

2.9 The Amharic Language

Ambaric is the official working language of the Federal Democratic Republic of Ethiopia.
Arguably Ambharic is the only sub Saharan language which has its own writing system, making it
an ancient leading language in Africa.

From the fact of the Amharic Language being a descendant of the Ethiopic — which will be
evident, from a superficial knowledge of both — it claims the same affinity to the Semitic family
as its parent; although it has adopted other forms and words from surrounding nation, which bear
no relation to that family. Knowledge, therefore, of any of the Semitic Dialects, such as the
Hebrew and the Arabic, facilitates, to a great extent, the study of the Amharic [34].
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2.9.1 Punctuation Mark in Amharic

Nordquist [35] defines punctuation marks as a set of marks used to regulate texts and clarify their
meanings, principally by separating or linking words, phrases, and clauses. Amharic has a total
of nine punctuation marks according to [36]. Seven of them are listed below:

“.n

1) Word Separator “:” - unlike English words are supposed to be separated by this
mark in Amharic, even though many contemporary writings happen to neglect the
use of this mark. In Ambharic it is known as — hulet netib.

2) Full Stop (Period) “=” - The Ambharic Full stop, or as known in Ambharic “Arat
Netib “is a serious of four dots which are arranged in square shape.

133

3) Comma “#” - The Amharic comma is represented with this symbol.

4) Semicolon “i” - Also known in Ambharic as double cross, or “dirib serez”

5) Preface Colon “:-” - This is used for introducing speech from a descriptive prefix.

6) Question Mark “:” - Ambharic has quite a different question mark from English,
and it is rarely used.

CCazen

7) Paragraph Separator “::” - marks the end of a paragraph.

2.9.2 Amharic Grammar

A sentence is an aggregate of words expressing a judgment of the mind [34]. Sentences can be
simple, complex, or compound. The constituent parts of every sentence are:

> A subject,

» An attribute,

» A copula or joining verb
» And an object

Among the constituents of a sentence the object is the less necessary than the three other
constituents namely subject, attribute and joining verb.

1. Simple Sentence is sentence which contains just only subject, attribute and joining verb [34],
for example:

°LC A& §1:: “The Earth is spacious “
TH0: @@ :: “The King has come”

A704 4.0 18A:: “A Lion killed a horse”
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2. Complex Sentences are sentences which are amplified by qualifying words in connection
with either the subject or the attribute [34]; for example:

AL Hg avm :: “My son came today”

Is a complex sentence because the subject A% “son” is qualified by the six order sound in
Ambaric alphabet which changes the word from a single word in to a combination of possessive
pronoun + noun i.e. my son.

3. Compound Sentences are such as have either the subject, or the attribute, or the object, or all
of them, augmented by additional or explanatory parts [34] e.g.

OFL45 T 1D&M. T MNe@I® T, mPpar- A\PTF GF@. ;;
“The soldier, the merchant, and the farmer are useful men.”

Ambaric Sentences are constructed with the Subject + Object + Verb combination or with a
simple Subject + Verb Combination.

For example the English sentence — Education is a tool for change, more or less can be written in
Ambharic as “timihirt lelewut mesariya new” and the correspondence between the two will look
like as shown in Table 2-1 :

Table 2-1 : Amharic Sentences

English Word | English Part Ambharic Ambharic
transliteration Word

Education Subject Timihireet TPPUCT

Is Verb Newee 10,

A tool Object Mesariya avig e

For change Object lelewut Av@.T

To make the Amharic Sentence — we have to join the words in the format Subject + Object +
Verb i.e +9°UCt (Subject) Ad@T avasf (Object) 1. (verb).

2.9.3  Ambharic Morphology

Ambharic words can be morphologically altered by making use of prefixes, suffixes and at times
elisions. Both inflectional and derivational morphologies are possible, in the following
subsection we will discuss both Inflection and Derivational Morphology for Amharic briefly:
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Inflectional Morphology

In Ambharic Nouns, verbs, and adjectives can be marked for person, gender, number, case,
definiteness, and time [37]. These markings are inflectional morphological alterations of a word
which will not alter the category of the part of speech the word initially belongs to. The
following examples take the case of Amharic noun to show the different morphological
inflections by marking an Amharic noun for person, gender, case and definiteness.

Noun Inflection

1) Noun + Gender Marker Suffix.

2) Noun + Number Marker Suffix.

3) Noun + Case marker Suffix i.e. both for nominative and accusative case.

4) Noun + Definiteness Marker Suffix.
*accusative case - the case of nouns serving as the direct object of a verb — according to
the freedictionary.com
*nominative case - the category of nouns serving as the grammatical subject of a verb —
according to the freedictionary.com

Table 2-2 shows the different Amharic suffixes which can be inflected on some nouns to mark
them for gender, number, case and definiteness.

Table 2-2 : Amharic Suffixes

Suffixes
Noun Gender Marker Number Marker Case Marker Definiteness
Marker
At - eat AT - och 7 - ne A - 00

PF - woch % -ye’a P - wa
A7-an h-e€a @. - wu
At - e’eye P -wo At -itu
A - at v - hee ek - yitu

1 - she

A -uu

P -wa

AT7 - acheen

The following example shows the inflection of Amharic nouns with the suffixes in Table 2-2 to
mark the nouns for gender, number, case and definiteness. It is worth noting that those
inflections will not change the part of speech of the word being inflected i.e. it remains noun in
this case.
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Gender Marker — the example marks (inflects) the Amharic word for Ethiopia (As1?2.f) and

changes it to a new word which means a female Ethiopian by using the gender marker (“A4 —
“et”),

AAPRPT - (A1) — An Ethiopian, Female.

Number Marker — the example below takes two Ambharic nouns student (+994) and father (A0t)
and inflect them with Ambharic suffixes for number markers to result in new words students and
fathers by using the number markers (“4F - “och™) and (“# — “woch”). These two number
markers change a singular noun into plural and are applied depending on the noun, serving much
like the English “s” and “es”.

+a9e + P A0t + AT

+aPF - (PTF) — Students. AQT - (F) — Fathers.

Case Marker — case markers mark a noun to determine the grammatical function performed by the
noun, i.e. as subject or object. The following example takes the Amharic words for Mighty
(hf4) and Country (A7C) and inflects them with different suffixes to mark the noun as subject or
object of a sentence.

Casing noun for Subject Casing noun for Object
7247 (W) — Mighty People A1C? : (7) — The country.
A1CP : () — Your country, honorary.

A1CY : (V) — Your country, when you refer
to masculine.

A1CA : () — Your country, when you refer
to feminine.

A1-F7 : (WF?) — Our country.

Definitiveness Marker: definitive markers are generally used with nouns, to denote entities about
which a speaker or writer is confident that the hearer or reader knows about. The following two
examples take the Amharic word property (704+) and inflect it with definite markers and change
them to refer to entities which are defined earlier.

Met + (&) Met + P

Mk : (&) — His property MEtP : (P) — Her Property
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Derivational Morphology

Morphological inflections are called derivational when the inflections changes the category of
the part of speech a given words belongs to i.e. by adding a prefix, infix, or suffix or by the
process called a elision when a word belonging to one category of parts of speech is transformed
to another one.

Noun Derivation

Ambharic Nouns can be derived from basic nouns, adjectives, verbs, stems and roots [37]. “¥”
“ht” are used to derive nouns from the basic forms of nouns and adjectives, respectively. The
following examples illustrate the use of the suffixes “¥t” “At” to derive noun studentship
(+91¢'rF) from the noun student (+974) and nearness (¢COF) from the adjective near (¢CA)
respectively.

1994 = +9167t (1) — the noun student is changed to studentship.

®CA = $COTt (AT) — the adjective near is changed to nearness.
Verb Derivation

Unlike other word categories the derivation of verbs from other parts of speech is not common
[37]. The Amharic verbal roots have the pattern of three consonants. Some verbs can be derived
from such forms by fusing vowels with one or more of the consonants as shown in the example
below [37].

@02 is changed to ®AL (@-A-N-A-L-R)

Adjective Derivation

Adjectives are derived from verbs, nouns, verbal roots, and stems by adding suffixes, with the
most common suffixes here including — “% : nga”, “A97 : ama”, “A9°:am”, “A® :awi” and “h:a”.
For example the word history (F¢h) is changed to an adjective historical (F¢h®) with the suffix
“AP”.

Aéh (History) - éh€ (F6h-A®) (Historical)
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Chapter 3
Related Work

Automatic Text Summarization has been researched since 1950 and a large number of researches
have been published on the topic, a bibliography of Research in Text Summarization published
on 1998 by Association for Advancement of Aritificial Intelligence (AAAI) lists more than 100
researches done in Automatic summarization.

In this Chapter we will review a number of automatic text summarization researches which are
conducted both at a global and local level, focusing our selection based on their pertinence to the
stated problem the research addresses; exploring the use of graph based sentence ranking for
generic and unsupervised automatic extractive text summarization for Amharic document.

3.1 Related Works in English Language

The earliest and pioneering extractive summary generation is done in [3], motivated by the
increased computational power of IBM 704 and 705 Computers to calculate statistical features of
a document, which are used in the article for measuring the relevance of sentences.

The research measures the significance of a sentence by considering the frequency of the words
it contains and the position of a word in the sentence, the researcher puts the following statement
in measureing a sentence’s relevance, “a sentence’s relevance is determined from an analysis of
its words. It is here proposed that the frequency of words occurrence in an article furnishes a
useful measurement of word significance. It is further proposed that the relative position within a
sentence of words having given values of significance furnishes a useful measurement for
determining the significance of sentences [3].”

The research has made a significant pioneering contribution in automatic text summarization but
it suffers the disadvantage of being dependent on the style of the writer and further more
considering all words in calculating for word frequency bears its own negative effect because

words like “a”, “the” which we call as stop words will have an exaggerated frequency value.

In [4] Edmondson, the immediate sequel to [3], capitalizes on [3] by adding additional three
features other than word frequency and their co-occurrence in measuring significance of a
sentence.
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Namely these additional methods are:

1. Pragmatic Words (Cue Words)
2. Title and Heading Words
3. And Structural Indicators (Sentence Locations)

Even though the additional methods improve the quality of the summary they also restrict the
kinds of documents to which the approach can be applied to; because features like title are
specific to some kind of documents.And the structural indicators for example “topic sentences
tend to occur very early or very late in a document and its paragraphs™ [4] are statistically
learned feature of certain kinds of documents which are specific to specific kind of documents
and learning those features is a supervised task which requires a training corpus.

After the 70’s there have not been much work in automatic text summarization, but recently due
to the increased electronic data and improvement in computational powers has restarted the
interest in automatic text summarization.

Gong and Liu [38] used Latent Semantic Analysis for automatic text summarization being
inspired by Latent Semantic Indexing which has been in use in keyword search document
retrieval system.

LSA starts by forming the co-occurrence matrix of sentences and words of a document for topic
identification, unlike LSI (its predecessor) LSA uses sentences instead of documents as the
column of co-occurrence matrix on which the vector Singular Value Decomposition will be used.

The reason the SVD is applied to word-to-sentence co-occurrence matrix is to reduce the
dimensionality there by have those words and sentences that have strongest relationship and
remove word and sentences that are weakly related. This means the initial matrix will be redrawn
with reduced dimensionality while maintaining the most significant co-occurrence, and the bag
of words which are identified as having strong relations are used to identify the important
sentences for inclusion into the extracted summary.

But reducing the dimensionality is the challenge of LSA because keeping the dimension few
results in leaving out important patterns and increasing the dimension results in introducing the
noise of the original data [11].

Probabilistic Latent Semantic Analysis (PLSA) is the other approach which is similar to Latent
Semantic Analysis (LSA) in modeling topics of a document but unlike LSA, PLSA has a solid
statistical foundation as it is based on the maximum likely hood principle and defines a proper
generative model of the data [6]. Different researchers has applied PLSA to model the topics
(bags of words which are semantically related), for generic automatic extractive summary
generation. PLSA uses the latent variable model, in which the latent/hidden variables
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(represented by topics/concepts) are associated with the observed variables (represented by
documents and words, for the text domain) [12].

Bhandari, Shimbo, Ito and Matsumoto [39] used PLSI in which each document is represented as
a term frequency matrix and by using EM-algorithm P(w/z), P(d/z) and P(z) are calculated where
w stands for word, d stands for document (in this case sentence) and z the latent variable i.e. the
topic. And the equations P (d/z) represent the importance the document d in a given topic (z)
represented by P (z). And z with the highest P (z) is picked as the central topic of the document
and the sentence with the hight p (d/z) score contained in the selected topic are picked.

This approach of considering only sentences with the highest rank in the highest ranked topic
fails to take advantage of the fact that PLSI divides the document into several topics. To make
their extract to include sentences that better represent the several topics instead of only the most
important topic they introduced a new sentence measure which picks sentences which have good
influence ranging over several topics better.

Even though PLSA can be used in generating generic extractive summaries which can range
different topics covered in a document, the algorithm requires the determination of the number of
topics covered in the document in advance which actually requires an experimental training
making it a supervised approach.

The other approach that has grown in popularity in extractive summarization is graph based
approach. Central to graph based extractive summarization are the representation of a text as a
graph and the use of graph based ranking algorithms to rank the vertices in the graph based on
their centrality. A document d, can be represented as a graph G (V, E) in which V represents the
set of textual units (sentences, phrases, or words) and E represent the textual relationship
between the textual units’ interms of similarity.

Mihalcea and Tarau [13] used Google’s PageRank for key word extraction and automatic
document summarization. Given a directed graph G = (V, E) where V are the set of vertices and
E set of edges, and for a given vertex V;, let In (Vi) be the set of vertices that point to it and let
Out (Vi) be the set of vertices that V points to, using Google’s PageRank the rank the vertex V;
will be calculated as follows

1 (10)

RID=(1-d)+d( Y T RO))
|Out (V)]

JEIn(Vy)

where R(V;) is the Rank of Vertex Viand d is called a damping factor which usually is set to 0.85 /27].

This formula is bound to be iterative as the rank of a given page is dependent upon the rank of
the pages pointing to and there is no way of predetermining the rank of the pointing page.

38| Page



Google’s PageRank considers a directed and unweighted graph which models a reference link
among web page, where as a textual graph modeling sentence relationship based on their
similarity is undirected and weighted. Even though the direction of the link doesn’t have any
effect on the calculation of the rank, the weight of the relationship has therefore [13] modified
Equation 3 to consider the weight of the edge connecting the two nodes, and they have claimed
that the consideration of the weight will result in different ranking but that is appropriate while
considering the weight factor, the only negative effect is, the weight increases the number of
iteration. The weight modified PageRank is formalized as follows:

(11)

WR(V)=(1-d)+d Z L WR(V)

jEmWy ka eout (vj) Vij

where wji represent the weight (similarity) between vertex viand its adjacent sentences.

Mihalcea and Tarau [13] defined the connection between two sentences to be their similiarity
where similarity is measured as the degree of content overlap between the two sentences,
moreover to avoid favoring longer sentences they use a normalizing factor and divide the content
overlap of the two setnences by the length of each sentence. Which is formally given as follows,
given two sentences S; and S;, with a setnences represented by the set of N; words that appear in
the sentence : Si= W';, Wb, Wi, . The similarity of Si and S;is given by equation (12):

{wy €5; &wy €S} (12)

S, l . S,S =
imilarity ( i J) log(]S;]) + IOg(lsjl)

The textual graph then is constructed from the similarity matrix that is built from calculating the
the similarity between each sentence in the document using the above formula, which will result
in a highly connected graph.

The modified Google’s PageRank algorithm, modified to consider the weight of similarity will
be applied on the subsequent graph to rank each node (sentence), after which sentences are
sorted in descending order based on their rank and the top ranked sentences are selected for
inclusion in to summary.

The other work which follows a similar approach with [13] is the work in [7] which proposes a
new approach called LexRank for ranking sentences based on the Eigenvector centrality in a
graph representation of sentences.

Erkan and Radev [7] Represent cluster of documents as a cosine similarity matrix where each
entry in the matrix is the tf*idf modified cosine similarity between the corresponding sentences.
After this representation they define a threshold to avoid sentences similarity below the
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threshold, but this approach of setting a threshold is purely experimental which makes the
process supervised. After the thresholding they propose the following ranking algorithms:

Degree centrality — in which sentences are ranked based on their number of connections.

Eigenvector Centrality or LexRank — in which they followed google’s random surfer model
which ranks each node in the graph based on the probability that a given surfer will reach at that
node without being stuck in any part/cluster of nodes by randomly starting from any given node
in the graph.

The rank of their probability is represented by the Eigenvector that will be iteratively computed
from the similarity matrix which is modified to be stochaistic, aperiodic, and irreducible for an
Eigenvalue of 1.

To make the matrix stochaistic i.e. a matrix where the sum of rows is equal 1, a given sentences
will distribute its degree among its neighbours equally which forms the stochaistic matrix B,
represented by the equation 13:

A )) (13)

BOD=saan

where each element is divided by the row sum (degree) of that row (node or sentence).

To make the stochaistic matrix irreducible and aperiodic, i.e. a markov chain is irreducible if any
state is reacheable from any other state and it is aperiodic if the return to a state is reached only at
multiple of 1 steps [27] introduced the dumping factor called d which gives every state a default
probability of transition d.

This modification of the stochaistic matrix to aperiodic and irreducible is required because of
Perron-Frobenius theorem, such a matrix is guaranted to converge to a unique stationary
distribution i.e. vector starting from a given uniform value where X"(1, j) gives the probability of
reaching from state i to j in n transitions.
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Which can be calculated as the Eigen vector which converges after n transitions starting from a
uniform values or by what is called the power method which are given by the following
equations 14 and 15.

p=[dU+(1-ad)B]'p (14)

where U is a unit matrix introduced to make the original stochaistic matrix irreducible and aperiodic, in which each
entry in the matrix is 1/n, n is the total number of sentences in a document.

Alternatively each page can be ranked iteratively by the following equation 15:

P() (15)

d
P =5 +A-d) >

veadju]

Continuous LexRank — similar to LexRank but considers the weight of similarity between the
sentences and the corresponding power method formula is modified as shown in equation 16:

idf modified cosine(u, v) (16)
r(v)

d
P =g +A-d) )

el Y7 cadjiv) ldf modified cosine(z,v)
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3.2 Related Works in Amharic Language

Melese Tamiru [9] is an Amharic summarization research which applies the Latent Semantic
Analysis for topic modeling as primary technique to generate automatic text summary and based
on the LSA the work proposes two methods for summarization. The two methods proposed are
called TopicLSA and LSAGraph.

TopicLSA employs LSA to identify the main topics (bags of words) of a document, then the
identified topics cosine similarity with each sentence in the document coupled with document
genre information, namely, the position of a sentence in the document and the similarity of a
sentence to the title are used in aggregate to rank each sentence in the document.

By LSAGraph the work argues that using semantic representation of sentences avoids the
problem of polysemy and synonym which it points out as the problem of previous graph based
ranking algorithms used by previous researches such as [13, 7], and it also argues that by doing
so text summarization is promoted from key-word level analysis to semantic level analysis.
Again the paper states that “we constructed graphs where the nodes in the graph are represented
by the semantic representation of the sentences and the cosine similarity between them
establishes the edge between nodes.”

The LSAGraph has the following two limitations:

1. Graph based ranking is applied after after SVD and the corresponding dimension
reduction, therefore the inherent problem of LSA in dimension reduction remains.

ii. The graph based ranking used uses the same iterative ranking algorithms PageRank
and HITS for ranking the sentences which this thesis proposes to minimize.

Eyob Delele [10] is another Amharic summarization which proposes the use of Probabilistic
Latent Semantic Analysis (PLSA) which is another topic modeling statistical tool.

The thesis proposes six sentence ranking algorithms once the topics are identified using
probabilistic latent semantic analysis on word-to-sentence matrix.

They use the six suggested sentence ranking algorithms to rank relevance of sentences to the
identified topics.

The sentence ranking in this work estimates the presence of keywords in each sentence and since
they experiment on news articles “the sentence ranking algorithm is designed to ALWAYS
select the first sentence of the document in order to take advantage of the fact that important
information exists near the beginning of news articles most of the time” [10].
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The need for the determination of the number of topics in advance by PLSA and the mandatory
inclusion of the first sentence in extracting summary sentence is the citable limitation of [6]
which makes it a supervised, generic-specific summary which is not portable across all domains.

Another work on Amharic summarization which is different from the other reviewed related
works is [8] which considers multi-document summarization, and the main challenge of multi
document summarization is redundancy of information in the group of documents to be
summarized.

Apart from increased redundancy and large corpus to process the central idea in extracting the
summary remains the same, i.e., identify important topics (by avoiding repetition) and extract
those sentences which are similar with the topic identified.

The topic from the multi document is identified by a two-step process

1. Sentence to sentence matrix is built and the cosine similarity between the sentences is
calculated, which will result in sentence to sentence graph. And those nodes/sentences
which are loosely coupled with the rest of the document will be removed resulting in a set
of sentences which are highly related.

2. And the remaining sentence matrix which is generated in step one is given to the topic
modeler, for selecting the important sentences.

Once the topics are modeled then the research uses four sentence scoring methods for selecting
summary sentences.

The proposed sentence ranking methods are:

» ORST (Overall relevance of sentence across the topics)

» GSSST (Graphical Sequential Selection of sentences from all Topic),

» NGSST(Non-Graphical Sequential Selection of sentences from all Topic)
» Topic Fold

This work, since it primarly depend on PLSA, the inherent limitation of PLSA will also be true
for this work.
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Chapter 4
The Proposed Approach

In this Chapter we discussed the new proposed algorithm. Having a good understanding of
general graph theory and Google’s PageRank facilitate the discussion of the proposed algorithm.
The proposed approach has three distinct measurements Content Overlap (CO), Independent
Rank (IR) and Sentence Rank (SR) which allows an improvement over PageRank when used for
extractive text summarization.

4.1 The Proposed new Ranking Algorithm

PageRank is a centrality measurement algorithm in the vernacular of graph theory, among the
different kinds of graph centralities PageRank measures the Eigenvector centrality, which is
presented by one of the different intuitive explanation for PageRank (PageRank measures the
importance of a node based on its degree, number of citations, and the importance of those pages
which are inDegee with the page).

The idea of Eigenvector centrality is further explained in [13] by the example of “voting” or
“recommendation” in which when a node links to another node, it is basically casting a vote for
the other node therefore the higher the number of votes are casted for a vertex the higher the
importance of that node is. Moreover, the importance of the node casting the vote is taken into
consideration by the ranking model. In general the ranking score of a given node is the
composite of the number of votes cast for it, and the score of the nodes casting these votes.

The adoption of Google’s PageRank in analyzing/ranking textual graphs has the following two
limitations:

i. In their article Brin and Page [27] stated that “...PageRank extends this
idea by not counting all links from all pages equally, and normalizing by
the number of links on a page”, from this statement it is evident that an
incoming link’s importance is reduced by the normalization, but this
normalization is not necessary as a textual graph is undirected and
therefore no need of normalizing it for its outbound links.

i1. Whichever technique, the iterative process or Eigenvector computation, is
used to compute PageRank, it is an iterative process which is iterated until
a certain convergence. On a preprocessed matrix PageRank has
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polynomial complexity which is shown with the big of notation as O (n€)
where ¢ is a variable dependent on three factors namely, the size of n,
convergence value chosen and the weight factor considered.

Out proposed algorithm introduces two new measures called Independent Rank and Sentence
Rank which can be calculated in a maximum of quadratic order complexity, resulting in an
observable improvement over the polynomial complexity of Google’s PageRank, and the
proposed algorithm delivers a better informative summary which is evidenced by an improved
ROUGE-1 result compared to the TextRank and LexRank which are based on Google’s
PageRank.

4.1.1 Independent Rank (IR)

Eigenvector centrality is a measure of centrality where a nodes importance is determined by:

1. The number of nodes connected to it and
2. The importance of those nodes connected to it

Therefore we introduced a new measurement called Independent Rank (IR), which ranks a single
sentence’s importance in a given document based on the product of its degree and the weight of
its edges. The intuitive explanation to the Independent Rank is that, a sentence is important if it
shares similar content with many sentences and the extent of similarity is higher. This measure
doesn’t consider the rank of the sentences to which it shares a content, but it determines the
importance of the sentence in the document independently by itself based on its degree and
weight of its edges.

We, as well, proposed that for the effectiveness of the IR a new sentence similarity measure that
measures the similarity between two sentences in terms of the content overlap between the two
sentences is necessary. As the IR ranks a sentence based on the product of its degree and the
weight of its edges, factors like the length of the sentence should not be considered because a
sentence is complete in itself, representing a complete concept and the preprocessing has reduced
the sentence into a bag of content bearing stemmed words, and this bag of content bearing
stemmed words (which embodies a given concept) should be evaluated based on their lexical
cohesion with other sentences in the document not based on the length of the sentence from
which they are extracted nor the length of the sentences to which they are sharing contents.

Our sentence similarity measure, known as, Content Overlap (CO) is formalized as follows,
given S; and §; in a document and W} being the total number of words in the document after stop
words are removed and the remaining words are stemmed, the Content Overlap (CO) between
two sentence is given by equation 17:
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€O (S;,S;) = {wil wy €S;&&wy, €S|} (17)

And the Independent Rank is formalized as follows, given Adj (S;) the set of sentences which are
adjacent to S; by sharing a content with S; and S;._~ being all the sentences in the document, the
Independent Rank of a sentence is given by equation 18 :

- (18)
RS)= > €O
Sk €Ad) (5;) && k=1

Calculating the Independent Rank of a sentence in such a manner, gives us the advantage of
avoiding the iterations in computing the rank of sentences (i.e. each sentence’s/node’s rank is
calculated ¢ times until convergence as presented in the big notation O (n°) until convergence).

The iterative method of Google’s PageRank computation is iterative because, the rank of a page
is dependent upon the rank of those pages pointing to it and there is no way of predetermining
the rank of those pages pointing to this page, therefore the problem is solved by iteratively
calculating the rank of each node/page starting with a given equal value, say 1, until
convergence.

But because a textual graph is a weighted graph, we proposed that each sentence can be ranked
first by aggregating the product of its degree with its similarity. And the Independent Rank can
be computed as part of the similarity matrix computation by aggregating each row.

Programatically, the computations are carried out in the following manner. As we have discussed
in the literature review part a graph can be represented as a matrix, and a textual graph can be
represented as a similarity matrix where both the rows and columns represent each sentence in
the document and the entries at the rows and column intersection, except where rows and
columns value are the same, will be the similarity of the sentences computed using our newly
introduced lexical sentence’s content overlap CO.

Given a document D with N number of sentences the matrix representation of the document
based on their CO will be as shown below:

CO; . Ciy
COyj - Cu
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Once the document is represented as a similarity matrix using CO, the IR of each sentence will
be the sum of its corresponding row in the matrix representation as shown by the formula (18). A
sample document taken from DUC 2002 and the corresponding IR of each the sentences is
shown below. The numbers preceeding each sentence are their sequence in the document
followed by their IR computed accordingly after the sentences are preprocessed.

1(16):BC-Hurricane Gilbert  09-11 0339.
2(16):BC-Hurricane Gilbert,0348.

3(23):Hurricane Gilbert Heads Toward Dominican Coast.
4(0):By RUDDY GONZALEZ.

5(1):Associated Press Writer.

6(7):SANTO DOMINGO, Dominican Republic (AP).

7(38):Hurricane Gilbert swept toward the Dominican Republic Sunday, and the Civil Defense alerted its heavily populated south coast to
prepare for high winds, heavy rains and high seas.

8(12):The storm was approaching from the southeast with sustained winds of 75 mph gusting to 92 mph.

9(7):"There is no need for alarm," Civil Defense Director Eugenio Cabral said in a television alert shortly before midnight Saturday.
10(11):Cabral said residents of the province of Barahona should closely follow Gilbert's movement.

11(8):An estimated 100,000 people live in the province, including 70,000 in the city of Barahona, about 125 miles west of Santo Domingo.
12(24):Tropical Storm Gilbert formed in the eastern Caribbean and strengthened into a hurricane Saturday night.

13(31):The National Hurricane Center in Miami reported its position at 2 a.m. Sunday at latitude 16.1 north, longitude 67.5 west, about 140
miles south of Ponce, Puerto Rico, and 200 miles southeast of Santo Domingo.

14(27):The National Weather Service in San Juan, Puerto Rico, said Gilbert was moving westward at 15 mph with a "broad area of
cloudiness and heavy weather" rotating around the center of the storm.

15(12):The weather service issued a flash flood watch for Puerto Rico and the Virgin Islands until at least 6 p.m. Sunday.

16(27):Strong winds associated with the Gilbert brought coastal flooding, strong southeast winds and up to 12 feet feet to Puerto Rico's
south coast.

17(1):There were no reports of casualties.

18(17):San Juan, on the north coast, had heavy rains and gusts Saturday, but they subsided during the night.

19(22):0n Saturday, Hurricane Florence was downgraded to a tropical storm and its remnants pushed inland from the U.S. Gulf Coast.
20(8):Residents returned home, happy to find little damage from 80 mph winds and sheets of rain.

21(13):Florence, the sixth named storm of the 1988 Atlantic storm season, was the second hurricane.

22(13):The first, Debby, reached minimal hurricane strength briefly before hitting the Mexican coast last month.
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Figure 4-1 : Sample Document Graph with IR

We can see from the weighted graph representation of the Indepenent Ranks of the above
document, sentence 14 and sentence 16 are equal with a value of (27) as shown in the figure
Figure 4-1. Sentences 14 shares contents with sentences (1,2,3,7,8,10,12,13,15,16,18,19,20,21) a
total of 14 sentences and an IR of (27) and sentence 16 shares contents with sentences
(1,2,3,5,7,8,10,12,13,14,15,18,19,20,22) with 15 sentences and an IR of (27). This equality in IR
was possible despite the different set and different number of sentences adjacent to them (their
degree), because Independent Rank considers the weight of the edges in addition to the number
of edges.

4.1.2  Sentence Rank (SR)

The Independent Rank (IR) ranks sentences without considering the importance of sentences to
which a sentence shares a content, Sentence Rank (SR) considers the importance of the sentences
to which a sentence shares a content which is represented by the sentences Independent Rank
(IR).

The Sentence Rank (SR) is formalized as follows, given Adj (S;), the set of sentences which are
adjacent to S; by sharing a content with S; and S;._ .~ being all the sentences in the document, the
Sentence Rank of a sentence is given by equation 20:
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20
SR(S;) = Z IR(S,) * CO (S5, i) (20)

Sk €Adj (S;) && k=1

The advantage of Sentence Rank (SR) is that it can be computed with a maximum of quadratic
complexity of O (n?) where n is the total number of sentences in a document, as the Independent
Rank (IR) can easily be computed as part of the similarity matrix preparation by aggregating the
CO values of a row (sentence). This computation of Sentence Rank reduces the complexity of
ranking individual nodes from a polynomial order of the Google’s PageRank to a maximum of
quadratic complexity.

Ardo [40] presents the pseudocode for Google’s PageRank which we have shown below:

proc PageRank (G Web Graph, g damping factor ===0.15)
N <-- |G|

for each p € G do
Pagerank = 1/N
Auxp = 0
od
while (PageRank not converging) do
for each p € G do
r+(p) <-- pages pointed by p
for each p' E r+(p) do

Pageranky
Ir+®)I

Auxpr = Auxp’ *+

od

od

for each p € G do
Pagerank, = gq/N + (1 - g) Auxp
Auxp, = 0

od

Normalize PageRank: YPageRanky = 1

end
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We can see from the pseudocode for PageRank that it receives the web graph and the damping
factor as input and start by giving an equal rank of 1/N for each page, then it iterates a number of
times to reach to the rank of each page until convergence i.e. shown by the condition while
(PageRank not converging) do in the pseudocode. It is this convergence iteration, that with our
proposed approach, will be avoided and each sentence will be ranked just once.

Our attempt to reduce the number of iterations doesn’t consider the complexity inside the while
loop, since our objective is reducing the number of convergence iterations. Even in that case, the
total complexity of our Sentence Rank (SR) and Independent Rank (IR) is much lower than that
of PageRank as shown by the pseudocode presented below for our Sentence Rank (SR) and
Independent Rank (IR).

roc SentenceRank (G Text Graph)
for each s E G do
r+(p) <-- corresponding weight of sentences adjacent to s

for each p' E r+(p) do

IRy | r+ (p) |

SRpr = SRpr + (COpr * IRp)

end

In addition to the iteration improvement, the use of the new algorithm extract better
representative sentences compared to LexRank and TextRank which uses PageRank for ranking
the sentence nodes, this is evidenced by an improved ROUGE-1 result on 2002 DUC dataset and
30 Sample Amharic documents.

Considering the same sample document the document is modified to show the sequence of
sentences with their corresponding Sentence Rank value. The number before the bracket is the
sequence of the sentence and the number in the bracke is its Sentence Rank.
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1(256):BC-Hurricane Gilbert 09-11 0339
2(256):BC-Hurricane Gilbert,0348

3(506):Hurricane Gilbert Heads Toward Dominican Coast
4(0):By RUDDY GONZALEZ

5(1):Associated Press Writer

6(49):SANTO DOMINGO, Dominican Republic (AP)

7(1406):Hurricane Gilbert swept toward the Dominican Republic Sunday, and the Civil Defense alerted its heavily
populated south coast to prepare for high winds, heavy rains and high seas

8(144):The storm was approaching from the southeast with sustained winds of 75 mph gusting to 92 mph

9(42):"There is no need for alarm," Civil Defense Director Eugenio Cabral said in a television alert shortly before
midnight Saturday

10(121):Cabral said residents of the province of Barahona should closely follow Gilbert's movement

11(64):An estimated 100,000 people live in the province, including 70,000 in the city of Barahona, about 125 miles west
of Santo Domingo

12(576):Tropical Storm Gilbert formed in the eastern Caribbean and strengthened into a hurricane Saturday night

13(837):The National Hurricane Center in Miami reported its position at 2 a.m. Sunday at latitude 16.1 north, longitude
67.5 west, about 140 miles south of Ponce, Puerto Rico, and 200 miles southeast of Santo Domingo

14(729):The National Weather Service in San Juan, Puerto Rico, said Gilbert was moving westward at 15 mph with a
"broad area of cloudiness and heavy weather" rotating around the center of the storm

15(144):The weather service issued a flash flood watch for Puerto Rico and the Virgin Islands until at least 6 p.m. Sunday

16(702):Strong winds associated with the Gilbert brought coastal flooding, strong southeast winds and up to 12 feet feet
to Puerto Rico's south coast

17(1):There were no reports of casualties
18(289):San Juan, on the north coast, had heavy rains and gusts Saturday, but they subsided during the night

19(440):0n Saturday, Hurricane Florence was downgraded to a tropical storm and its remnants pushed inland from the
U.S. Gulf Coast

20(64):Residents returned home, happy to find little damage from 80 mph winds and sheets of rain
21(169):Florence, the sixth named storm of the 1988 Atlantic storm season, was the second hurricane

22(169):The first, Debby, reached minimal hurricane strength briefly before hitting the Mexican coast last month
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Once the Sentence Rank is calculated the sentence will be sorted in descending order based on
their Sentence Rank, and sentences with highest rank will be considered for summary based on
the percentage of summary requested by the user.

Sentence Rank differs from Independent Rank because it considers the importance of those
sentences to which it is connected to, i.e., a sentence which shares a content with more important
sentences will have a higher Sentence Rank. We show the difference between Sentence Rank
and Independent Rank using the graphical representation of the Sentence Rank and Independent
Rank of the above document in Figure 4.1 and Figure 4.2 respectively.

Sentences 14 and 16 even though they have equal Independent Rank their Sentence Rank is
different because Sentence Rank considers the importance of (in our case the Independent Rank)
of those sentences to which it is connected and the weight of (the number of contents they share).

12;[578) 1:4256]
13:(837] 2:[256]
14:729] Bonce:
18:[144] 511
16:[709]
FiH408]
#T144]
18:[789]
19.[440]
021]
20:164]
22:169]

Figure 4-2 : Sample Document Graph with SR
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We can see from the Sentence Rank weighted graph representation of the document that sentence
14 has a Sentence Rank of [729] and sentence 16 a Sentence Rank of [702]. The point here is
that even though both sentences have equal Idependent Rank and sentence 14 has a lesser degree
of 14 its final Sentence Rank exceeds that of 16 by a value of 27, the difference comes from the
weight of similarity that sentence 14 have with sentences such as 16 and 18 and as well with
other important sentences.

Another additional point that is worth considering from this graphical representation of the
document is the characterstics of sentence 3 and 17, as that validates our new similarity
measurement CO to effectively rank sentences using IR and SR of a sentence as a sole measure
of its importance without factors like the length of sentences. As we can see sentence 3 being a
topic sentence its importance in the document is evident, and that fact is shown by our approach,
as sentence 3 is ranked above much longer sentences such as 11,18,19,22 in the document. This
is possible because each sentence is evaluated based on its IR and SR i.e. its lexical cohesion
with other sentences and the importance of those sentences to which it’s overlapping.

Similarily we see that sentence 17 which is short yet have a very weak cohesion with sentences
in the document is ranked lowest, only better than sentence 4 which actually doesn’t share any
content with any other sentence in the document.

We believe that our proposal, that a sentence represent a complete concept by itself, regardless of
its length and therefore each sentence should only be evaluated by its cohesiveness (IR and SR)
in a document is proven by the example of these 2 sentences rank using our proposed approach.

4.2 Prototype Design and Implementation of Sentence Rank (SR)

The Prototype is designed with three main components, the preprocessing component, the
summarization component, and the ROUGE-N component.

The preprocess component is a language dependent component. Essentially the preprocessing
involves removing stop words and stemming content words, and these tasks are language
dependent because we need to have a list of stop words to remove stop words and we need a
language specific stemming procedures.

The summarization component takes the preprocessed document as a set of sentences which are
reduced into a set of content words which are stemmed and ranks each sentence based on their
degree, the weight of similarity and the importance of those sentences which are incident upon it
using our newly proposed algorithms, namely, Independent Rank (IR) and Sentence Rank (SR).
This component is language independent because sentences are ranked solely based on their
lexical relationship.
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The ROUGE-N component evaluates the generated extractive summary against two ideal
summaries for that specific document, ROUGE-N being a co-occurrence statistics, it measures
the amount of content term overlaps between the system generated summary over the set of ideal
summaries supplied.

Operationally the preprocessing, as shown in Figure 4-3 (for stop word removal) and Figure 4-4
(for content word stemming), begins by reading the document, once the document is read it will
be tokenized into sentences, and then each sentences is further tokenized into a set of words in
the sentence. Then each sentences, and each word in each sentence will be preprocessed
iteratively i.e. if it is stop word it will be removed and if it is not stop word it will be stemmed,
finally words of the sentence that are non-stop word and are stemmed will be used to reconstruct
to form the preprocessed sentence and the preprocessed sentences stringed together to form the
preprocessed document.

— > Read Document —» Tokenize into sentences

o—

Tokenize sentences

i
{

Rebuild new stentence No Is stop word

S

Remove stop word

No Is end of Yes
sentence

Figure 4-3 : Stop Word Removal
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Figure 4-4 : Stemming

Once the document is preprocessed, the summarization module as show in figure 4-5, creates a
sentence-to-sentence similarity matrix. The entries of the matrix being the Content Overlap
between preprocessed sentences which is done by the compute content overlap method, and
followed by aggregation of each CO for a sentence into its IR, then SR for each sentence is
computed by aggregating the product of the CO and IR of that sentence.

—> Create Sentence Matrices

\4

Compute Content Overlap (CO)

A

Compute Independent Rank

v

Compute Sentence Rank

Percentage of

Sentences Based Sort Sentence on Rank [¢

on Rank

Figure 4-5 : Summarization Module
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The evaluation module computes the ROUGE-1 value of the system generated summary against
the set of ideal summaries supplied. Our prototype considers two ideal summaries supplied by
two human summarizers. Therefore, the evaluation module takes three summaries which are the
summary generated by the system and two ideal summaries supplies as reference summaries then
the 1-gram co-occurrence statistics between the system generated summary and the reference
summary sets will be computed by the module as shown in figure 4-6.

System Ideal Ideal
Generaed s ca 1 . ea 5
G ummary ummary
\
Custom
N Implemenation of

A

ROUGE-1 Evaluation

ROUGE-1
Result

Figure 4-6 : Evaluation Module
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4.3 Prototype Screen Shot and Guideline

Figure 4-7 : Prototype Screen Shot

The prototype, the screenshot displayed on Figure 4-7, reads the document to be summarized,
preprocess it in a language dependent manner and finally evaluate the system generated
summary against the set of ideal summaries. The documents to be summarized should be place in
the InFolder with .txt extension.

Once the documents are read, after providing the full file name, the document need to be
preprocessed by selecting the appropriate preprocessing language by the document’s language.
Since preprocessing is language dependent the current prototype considers only two languages
Amharic and English.

The summary generation requires the percentage of the summary. Therefore, to generate the
summary we have supply the percentage of extraction which will be later normalized to the
minimum of hundred word (count of words in the selected sentences) set of sentences.

Finally if we supply the set of ideal summaries in the input folder we can compute the ROUGE-1
result of the system generated summary against those set of ideal summaries.
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Chapter 5
Experiment

In this Chapter we present the experiment carried out in evaluating the performance of the new
proposed algorithm and its comparative result compared with TextRank, the graph based
extractive summarization algorithm.

5.1 Experimental Setting

Tokenizing a document to be summarized into a set of distinct sentences is a compulsory task for
identifying individual sentences of a document, and this task require a means of identifying
sentence ending characters.

(Y3

Considering “.” as a sentence ending characters, for the case of English data, will create a
confusion for computerized sentence tokenization as full stop or period serves multi-purpose in
English language, for example “.” can be used to show decimal places as in the sentence “The
temperature is 22.3 degree centigrade” or as shortening of some words such as Doctor to Dr.
among other purposes it can serve. Therefore, for successful tokenization either we need an
XML representation of the document to be summarized and a corresponding XML parser, as the
practice in DUC researches or we need a manual means of marking each individual sentence in

the document.

For our test purpose, we manually modified each English document with a special Unicode
Character to serve as the end of a sentence. In fact, we could also have stipulated that each
sentence be on a new line but such approaches further complicate the manual reviewing and
evaluating of a document as there are some sentences which are very long in documents.

Ambharic has a very distinct sentence end marker “:” which is known as “Arat netib” but due to
the typing complexions, as there are no full featured Ambharic editors, many contemporary

[T 3] €,

literatures join two colons “:” as “::” to form the Amharic “:” and others join the Amharic colon

“” to form “x”. Such modifications further complicate the task of sentence tokenization as each
of the above Ambharic period morphing has their own separate Unicode representation and the

[T 3] 1]

Amharic “:” or “:” also serve as word separator in Ambharic.
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We alleviated this problems by stipulating that:

1.

5.1.1

All words should be separated by space, not by the English or Amharic colons i.e. “:” or

1%
H

TR L)

Sentences can end in either Amharic period “x” or its customizations “::”” or “::” which
formed by joining the English or Amharic colons, the only problem associated with this is
that empty sentences will be introduced, which will be further cleaned by an empty
sentence removing routine.

Experimental Data Source

Totally there are 527 documents in the DUC 2002 dataset, of which 51% of them (264) are used
for evaluating the proposed algorithm.

The Amharic language summarization is tested on 30 Ambharic articles collected from four major
news outlets namely Ethiopian News Agency, Walta Information Center, Ethiopian Reporter
Newspaper and Addis Admas News Paper.

5.1.2

5.1.3

Tools Used For Implementation

The Algorithm is implemented using ASP.Net and C# which is built on the .Net
Framework 4.5.

Given the fact that the web application is built using Visual Studio 2013, it is deployed
and accessed from Microsoft IIS Express Web Server.

The File For summarization read from a local hard disk in the location as specified by the
configuration guideline.

Configuration

The configuration or system setting is required to give the web application the default directory
from which it will pick the input file to process, and where necessary the default location where
the final output should be stored.

» InFolder — The folder from which the Input files is read.
» OutFolder — The folder to which the final output i.e. the summary is written.
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5.1.4  Experimental Data Summary Generation

The DUC 2002 summaries are manually created summaries by a human summarizer. By
manually created summaries it is implied that the summaries are abstracts instead of extracts.

The summaries of each document set are provided with a folder named in the format dnnnx:
Where d — means document
nnn — a document number from 061 — 120

x — a placeholder for the first letter of the name of the assessor who generated the
summaries.

In each folder there will 7 kinds of different summaries generated by the assessor, which are

1. 200e and 400e — 200 and 400 word extracts for current document set, this is a
multidocument kind of summary.

2. 10, 50, 100, 200: the 10-, 50-, 100, and 200-word abstracts for current document set

3. Perdocs - single-document summaries for each document in current document set by a

given assessor.

For this experiment the Perdocs are used as a combination of ideal summary 1 and ideal
summary 2 against which the system generated summary is compared using the ROUGE-1.

The summaries in perdocs are abstract summaries generated by the assessors, the summaries are
expected to be 100 words but there are cases where there are summaries with a slight difference,
in which the summaries are greater or less than the 100 words restriction.

The automatic summary generated by the prototype is also restricted to extract only those
sentences whose total count of words is a minimum of 100, i.e., if the first highly ranked
sentences are four and their total word count is 93 then the system will also include the 5%
ranked sentence so that the minimum of the word count in extracted sentences is greater or equal
to 100, but once the 100 word limit is reached additional sentences will not be considered.

Due to the problem of finding dedicated and professional summarizers the Ambharic Ideal
summaries are generated in different fashion. The English summaries are an abstract of the
original document with hundred words regardless of the size of the document. Finding human
summarizers, who can professionally, abstract each document with a limit of hundred words
while covering all the topics and have two people to generate separate summaries for each
document poses a logistical challenge.

Therefore the Amharic Ideal summaries were extracts of the document, where each summarizer
extract the first highly ranked sentences whose word count is greater or equal to 100.
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5.2 Summary Evaluation

For a smoother evaluation, establishing a reference summary and automating the process of
evaluation becomes necessary. The usual practice in establishing the reference summary is to use
human summarizers who either extract sentences or abstract based on a guideline, and the
evaluation is automated using different algorithms. Among the different algorithms that can be
used for automatic summary evaluation, ROUGE-1 is selected for this experiment due to

1. The fact that ROUGE-1 tends to favor a system generated summary which shares a
measure of all the reference summaries, because this is intuitive and reasonable as we
normally favor a candidate summary that is more similar to consensus among reference
summaries [41].

2. The fact that previously done graph based summarization used ROUGE-1 for evaluating
their summary performance.
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A sample document, the system generated summary and the two human generated summaries are
presented below for reference.

BC-Hurricane Gilbert 09-11 0339.
BC-Hurricane Gilbert,0348.

Hurricane Gilbert Heads Toward Dominican Coast.
By RUDDY GONZALEZ.

Associated Press Writer.

SANTO DOMINGO, Dominican Republic (AP).

Hurricane Gilbert swept toward the Dominican Republic Sunday, and the Civil Defense alerted its heavily
populated south coast to prepare for high winds, heavy rains and high seas.

The storm was approaching from the southeast with sustained winds of 75 mph gusting to 92 mph.

"There is no need for alarm," Civil Defense Director Eugenio Cabral said in a television alert shortly before
midnight Saturday.

Cabral said residents of the province of Barahona should closely follow Gilbert's movement. An estimated 100,000
people live in the province, including 70,000 in the city of Barahona, about 125 miles west of Santo Domingo .

Tropical Storm Gilbert formed in the eastern Caribbean and strengthened into a hurricane Saturday night.

The National Hurricane Center in Miami reported its position at 2 a.m. Sunday at latitude 16.1 north, longitude
67.5 west, about 140 miles south of Ponce, Puerto Rico, and 200 miles southeast of Santo Domingo.

The National Weather Service in San Juan, Puerto Rico, said Gilbert was moving westward at 15 mph with a
"broad area of cloudiness and heavy weather" rotating around the center of the storm.

The weather service issued a flash flood watch for Puerto Rico and the Virgin Islands until at least 6 p.m. Sunday.

Strong winds associated with the Gilbert brought coastal flooding, strong southeast winds and up to 12 feet feet to
Puerto Rico's south coast . There were no reports of casualties.

San Juan, on the north coast, had heavy rains and gusts Saturday, but they subsided during the night.

On Saturday, Hurricane Florence was downgraded to a tropical storm and its remnants pushed inland from the U.S.
Gulf Coast.

Residents returned home, happy to find little damage from 80 mph winds and sheets of rain.
Florence, the sixth named storm of the 1988 Atlantic storm season, was the second hurricane.

The first, Debby, reached minimal hurricane strength briefly before hitting the Mexican coast last month.
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Ideal Summary 1

Tropical Storm Gilbert in the eastern Caribbean strengthened into a hurricane Saturday
night. The National Hurricane Center in Miami reported its position at 2 a.m. Sunday to
be about 140 miles south of Puerto Rico and 200 miles southeast of Santo Domingo. It is
moving westward at 15mph with a broad area of cloudiness and heavy weather with
sustained winds of 75mph gusting to 92mph. The Dominican Republic's Civil Defense
alerted that country's heavily populated south coast and the National Weather Service in
San Juan, Puerto Rico issued a flood watch for Puerto Rico and the Virgin Islands until at
least 6 p.m. Sunday.

Ideal Summary 2

Hurricane Gilbert is moving toward the Dominican Republic, where the residents of the
south coast, especially the Barahona Province, have been alerted to prepare for heavy
rains, and high winds and seas. Tropical Storm Gilbert formed in the eastern Caribbean
and became a hurricane on Saturday night. By 2 a.m. Sunday it was about 200 miles
southeast of Santo Domingo and moving westward at 15 mph with winds of 75 mph.
Flooding is expected in Puerto Rico and the Virgin Islands. The second hurricane of the
season, Florence, is now over the southern United States and downgraded to a tropical

VISR

System Generated Summary

Hurricane Gilbert swept toward the Dominican Republic Sunday, and the Civil Defense
alerted its heavily populated south coast to prepare for high winds, heavy rains and high
seas.The National Hurricane Center in Miami reported its position at 2 a.m. Sunday at
latitude 16.1 north, longitude 67.5 west, about 140 miles south of Ponce, Puerto Rico, and
200 miles southeast of Santo Domingo.The National Weather Service in San Juan, Puerto
Rico, said Gilbert was moving westward at 15 mph with a "broad area of cloudiness and
heavy weather" rotating around the center of the storm. Strong winds associated with the
Gilbert brought coastal flooding, strong southeast winds and up to 12 feet feet to Puerto
Rico's south coast.
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Amharic Sample Data
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5.2.1 ROUGE-N Result of Top Performing Systems in DUC 2002

Mihalcea and Tarau [13] reported the evaluation results of top five performing systems in the
DUC 2002 single document summarization task which is shown in the following Table 5-1:

Table 5-1 : DUC 2002 top performing Systems

Systems ROUGE Score — ROUGE-1
Stemmed and no stop words

S27 0.4405

S31 0.4160

S28 0.4346

S21 0.4222

S29 0.4019

In the same period TextRank reported a competitive result of ROUGE-1 result of 0.4229 (shown
in Table 5-2) which is comparable with with the top performing systems shown in Table 5-1, the
evaluation is done on DUC 2002 dataset.

Table 5-2 : TextRank Competitive Result after preprocessing

Systems ROUGE Score — ROUGE-1
Stemmed and no stop words
TextRank 0.4229

On the same DUC 2002 dataset our new algorithm have shown a remarkable improvement over
the top 5 performing systems S27,S31, S28, S21 and S29 whose ROUGE-1 result is shown in
Table 5-1. Our new algorithm, as well, outperforms TextRank whose ROUGE-1 result is shown
in Table 5-2 with an average ROUGE-1 of 0.4229.

5.2.2 ROUGE-N Result of our proposed Algorithm

Our new Algorithm shows an average ROUGE-1 result of 0.5238 on the 264 documents from
DUC 2002 document set as presented in Table 5-3.

Table 5-3 : Proposed Algorithm ROUGE Result - English

Systems — For English ROUGE Score — ROUGE-1
Stemmed and no stop words
Proposed New Alogrithm | 0.5238
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The evalution on the Amharic document set reports a greater ROUGE-1 result with 0.04%
improvement, but the Ambharic reference summaries are extracts instead of human abstracts
unlike the DUC perdoc summaries.

Table 5-4 : Proposed Algorithm ROUGE Result — Amharic

Systems — For Amharic ROUGE Score — ROUGE-1
Stemmed and no stop words
Proposed New Alogrithm | 0.5644

5.3 Discussion

The intituitive explanation to graph based extractive summarization is that a sentence is
important in a document if it is connected to more important sentences in that document, in
addition to the number of sentences that it is connected to. For example a sentence which is
connected with 10 other sentences, which inturn are not connected with other sentences should
be less favored than a sentence which is connected with other 6 sentences which are connected
with other six sentences.

As stated earlier such ranking of nodes can be achieved by using Google’s PageRank but we
argue that adoption of PageRank for extractive text summarization has the following two issues:

1. In all the available means of computing PageRank its computation is iterative, where the
number of iterations depends on a complex set of variables such as the size of the
document (number of sentences), the convergence threshold selected and the weight
between edges (content similarity).

2. When calculating the rank of pages using the iterative method, PageRank normalizes the
rank of inbound pages by the number of their outbound links, this reduction of a page’s
rank for referencing other pages can’t be maintained in ranking sentences because there
will be no logical explanation for normalizing the rank of a sentence for referencing
(sharing a content) with other sentences.
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When we say that PageRank is iterative we mean that each page is ranked a number of times
before the difference between two consequative computation of a Page’s rank are below a given
threshold, in the case of TextRank the threshold being 0.0001.

Our new algorithm ranks and extract sentences without iteration, this is possible because we can
determine the importance of each sentence in a document in advance by considering the weight
of its similarities with the other sentences incident upon it and the degree of the sentence.

This predetermination of a page’s standing is impossible in a graph of web links because in web
link’s a page’s importance is dependent on the importance of page’s which are referecing it, and
the referencing page’s importance is in turn dependent upon on the importance of those page’s
referencing it and this chain continues in the entire network, since it is impossible to determine a
page’s importance (how probable it is to reach at that page starting from any random page in the
network) by simply considering the number of inlinks and outlinks in that page.

This is because ultimately PageRank is the embodiement of the random surfer model which
models the probability of a web page being accessed starting from any given random page by
continuous click without clicking back.

Therefore our algorithm which takes advantage of the weight of edges between sentences nodes
in combination with the sentences degree can succinctly rank the standing of a sentence in a
document independently, then the sentence rank which considers the independent rank of
sentences in the document rank sentences gives a better result and avoid the iteration that are
inherent in PageRank.
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Chapter 6
Conclusion and Future Works

6.1 Conclusion

If automatic summarization is intended to facilitate information retrieval and consumption, no
part of the process should be manual. Not only should it avoid manual intervention but the
summarization has to be generic, not affected by the genre of the document.

Even though there are a dozen of algorithms in automating text summarization ranging from
using a common sense approach of using word distributions upto the use sophisticated learning
algorithm, most of them are restricted by their requirement of parameterization or genre specific
features.

Yet the use of graph theory in extractive summarization is completely unsupervised and generic
means of generating automatic summarization. The entire process of summarization can be done
without any human involvement, without any machine learning or parameterization, without
considering document specific features like position of sentences.

Graph theoretic approach has been used both in single and multi document summarization, and
has reported a comparable result with supervised and genre specific approaches.

This thesis has taken graph based automatic extractive text summarization a notch up by
introducing a new sentence ranking approach. Previous graph based approach used the degree
based summarization which considers all sentences to be of equal importance or adopt Google’s
PageRank which ranks sentences by considering “prestigious” sentences more favorably than
“less prestigious” ones or in other words ranking sentences both the number of their connections
and by the prestige (importance) of those sentences to which they are connected.

This thesis has contributed a new algorithm of ranking sentences based on both the number of
their connections (degree) and the prestige (importance) of sentences they are connected to, the
new algorithm is better than the adoption of Google’s PageRank because

1. It reduces the computational complexity of PageRank which is in polynomial order
represented by the big O notation O (n®) where starts with a minimum of 4 and goes to a
conditional value dependent upon the the number of sentences, the convergence value
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selected and the weight of similarity between nodes to a maximum of quadratic order
complexity represented by the big O notation O (n*) where each sentence is ranked just
once.

2. The new algorithm resulted in a better informative summary which is evidenced by the
improved ROUGE-1 result as shown in subsection 5.2.1.

6.2 Future Works

Almost all solutions to a problem come with their advantage and disadvantage and automatic text
summarization is no exceptions, even though compared to other summarization algorithms graph
based approach is entirely unsupervised and generic it has got its own limitations.

Among the limitations the development of an exhaustive list of stop words and building a robust
stemming package is the major challenges we faced while working on this thesis.

Other limitations we observed is that the summary generated tends to focus on the major topic by
deemphasizing sub topics.

To that end, we forsee the following three potential enhancements for future work:

a. using tf*idf with a given thresholding to prune sentences into a bag of content
words before building the similarity matrix and ranking sentences, as this will
avoid the need for the use of stop words list and stemming, to use edit distance on
the bag of words instead of text similarity measures based on content overlap, yet
the outcome of this approach is to be verified by the researcher.

b. To consider a paragraph based summarization, where sentences will be ranked
first in their paragraph and then to form a new document by picking all the
sentences which are ranked first in their respective paragraph, and then to rank
those sentences anew or to do a variant of this, instead of considering only
sentences ranked first, to consider all ranks. This approach is intended to generate
a well representative informative summary which includes not only the main
topic, but also the subtopics

c. With the use of tf*idf and thresholding as suggested in “a” to prune sentences into
a bag of content words it is very much viable to extend our new algorithm to
generate a multi document summary.
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Annex — C# Code of Sentence Rank

C# Code for SentenceRank

public void SentenceRank()

{
double SentR = 0;
try
{
for (int i = @; i < removeEmptySentences.Count; i++)
{
SentR = 0;
for (int j = ©; j < removeEmptySentences.Count; j++)
{
if (1 + 3 1= 3)
SentR += Convert.ToDouble(SentenceMatrix[j + 3, i]) *
Convert.ToDouble(SentenceMatrix[2, i]);
}
//Simply the sum of (SentIR * CurrentOverlap) for
//overlapping sentences
SentenceMatrix[1, i] = SentR.ToString();
}
}
catch (FormatException ex)
{
string msg = ex.Message;
}
}

public void DocumentGraphBuilder()

{

List<string> sentences = new List<string>();
/*

*Computes the number of Content Overlaps of the sentences in

CopySentenceMatrix List

*and assign the corresponding value in the SentencesMatrix
*ACTUALLY THIS DOES

*1. COMPUTE SIMILARITY BETWEEN SENTENCES

*2. COMPUTE INDEPENDENT RANK

*/

//index (i,0),(i,1),(i,2) will contain the following values always
//0 - the sentence

//1 - Sentence Rank

//2 - the Independent Rank

int countOverlaps = 0;
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int contentOverlap = ©;

for (int k = @; k < removeEmptySentences.Count; k++)

{
¥

sentences.Add(CopySentenceMatrix[0, k]);

for (int i = @; 1 < sentences.Count; i++)

{

//SentenceMatrix[0@, i] = sentences[i];

for (int j = @; j < sentences.Count; j++)

{
//don't calculate similarity for the same sentences
if (1 1= j)

//get the content overlap to count sentences overlapping with the
sentence
contentOverlap = CalculateContentOverlap(sentences[i],
sentences[j]);
if (contentOverlap > 0)

{

countOverlaps = countOverlaps + contentOverlap;

}

SentenceMatrix[j + 3, i] = CalculateContentOverlap(sentences[i],
sentences[j]).ToString();

}
//for updating the out count
SentenceMatrix[2, i] = countOverlaps.ToString();

//reset for the next sentence
countOverlaps = 0;

*where Sentence Matrix and remove empty sentences are global variables

75| Page



Decleration

I, the undersigned, declare that this thesis is my original work and has not been presented for a
degree in any other university, and that all sources of materials for the thesis have been duly
acknowledged.

Declared By:

Name:

Signature:

Date:

Confirmed By Advisor:

Name:

Signature:

Date:

Place and Date of Submission: Addis Ababa, Ethiopia. June 2015.

76 |Page



