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ABSTRACT

The advance of technology and extensive use of the web has prompt the need
to summarization of text documents. Users tend to extract the most informative and/or
indicative information instead atading the whole original document(s). Naturally,
automatic text summarization will save time and effort for the users, and will enable
them to make decisions in less tinTédis work aims at building a system for Arabic
text summarization. Thgystemdesgn should be guided bgptimality in serse that it
should be easily trained aadaptabléo different domainsThe implemented system
currently extracts important sentences using supervised learning for political news
domain. For each sentence a featusztor is extracted basically using Arabic
morphological analysis and part of speech tagging. We have analyzed eleven features
and then reduced them to only five effective and discriminative features using a naive
Bayesian classifier along Genetic prograimgn classier. The two classifiers are
integrated together in an optimized way using simple intersection and union operators
to get better results. The system is evaluated usicgll, precision and-Measure.

The system performance is also compared agather human generated summaries

and it was found that the system performance is very close to performance of humans.
In addition, we used a well known commercial summarization system and compared
it against the system agaimmsing recall, precisionF-Measure and ranking the
extracted sentences by two independent humans. We found that in most cases our
system performed better. In conclusion, the system hasdesggnedjmplemented

and successfully testedhe experimentalresults show that its summarieesmpare

favorablyto thosegenerated by human
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Chapter
1 Introduction



1.1 Summarization

Summarization is the process of producing shorter presentation of the most
important information from gource or multiple sources of information according to
particular needs. Summarization is not applied only on text documents but also on any
multimedia facility. Summarization of text documents became a very important issue
due to the very large text sawe already available. Users tend to extract the most
informative and/or indicative information instead of reading the whole original

document(s).

1.2 Applications

The process of summarization is becoming very important in the presence of
large number oinformation sources available in every field. Summarization work has
been started as @umn 1998) exteacted absttadiseof stiehtfi® 6 s .
articles automatically using based on the assumption that frequent words represents
the most importat concepts of the document. (Edmundson et al. 1pfd9entd a
survey of the existing methods for automatic summarizaBased on cue phrases,
title, key words and title (Edmundson 1969) has implemented document
summarization. Basically, these methdéaisn the core of the extraction methods even
today.Generally speaking, summaries could be extractive or abstractive.

Extractive summarization extracts text by selecting from original document important
pieces to produce shorter result. Human summaries oféfay on cutting and pasting

of the original document to generate summaries. By decomposing human summary,
we can learn the kind of operations which are usually performed to extract and edit
sentences and then develop automatic programs to simulatedste successful
operations.

Abstraction on the other hand, generates summaries at least some of whose material
is not present in theriginal document Abstraction of documents by humans is
complex to model as is any other information processing by huri&esabstracts

differ from person to person, and usually vary in the style, language and detail.



Dealing with multiple documents summarizatighiDS) is challenging taking into
consideration the possible large input corpus and the possibility of re@eatént
conflicted data. Summary can be used tenbiicativeto produce a reference function

to select documents for more-depth reading omformativeto cover all or most
salient information in the source text documel@ammary can beeneric where

there is no focus on some topic or view point provided by the user or it casebe
focusedwhere summaries, are guided by user view point statement, topic or question
to be answered.

Size of produced summary can be veryrsfi$ey words,Headline) or relavely short
typically 20% to 25% of original document size.

Summary evaluation methods attempt to determine how adequate and reliable or how
useful a summary is relative to its source. Generally, there are two types of evaluation
methods. The first igntrinsic evaluation in which users judge the quality of
summarization by directly analyzing the summary. The second type of evaluation
methods iextrinsic Users judge a summaryos qualit.)
completion of some other task, suchleoow well they can answer certain questions
relative to the full source text. ROUGE (Ree@lliented Understudy for Gisting
Evaluation) is also used for summary evaluation by counting the number of
overlapping units such as-gram, word sequences, and w@opairs between the
computergenerated summary to be evaluated and the ideal summaries created by

humans.

1.3 Problem Definition

Our goal is to develop an extractiwvgormative summarization system for
Arabic single document. The extraction process will baséd on sentences. Each
sentence is represented as a feature vector. Based on literature survesedwe
supervised classification techniques in order to genexatective summaries of
documents.

Corpus collection and annotation is actually a challengask due to the lack of such
information for Arabic language. Feature selection and excretion is also challenging
due to the fact that it requires -depth Arabic language analysis such as

Morphological analyzerStemmer, and Part Of Speech Taggin®@OS) Another



challenge is the output summary evaluation. Comparing output summary with one
goldensummary is relatively easier thavaluating the output summary by itself.
Using techniques for evaluation such as human judgment or through measuring the
succes of another task like answer some questions after reading rassyns time

and cost consuming taking into consideration the purpose ajetheratecsummary

and the expected human qualitative variances

1.4 Contributions

In this thesis we used simple aptfective techniques for classification which are
naive Bayesian classification and Genetic Programming. We used each classification
approach alone and then we combined both techniques in actagHifier system

using an optimized and simple way to gettér results. Feature selection was based

on literature review and new features where proposed. Feature extraction is actually a
language dependent task as it needs a specific Arabic word level analysis.

Finally, for evaluation we adopted the InformatidRetrieval (IR) evaluation
techniques. We used the Recall, Precision aifMeksure to evaluate the system
generated summaries against the golden summaries. We also used human ranking for
generated summaries. Also we compared our system against a well known

commercial system. Here are the main contributions:

1. Trainable System

a. Designing andimplementing optimized trainable Arabic document
summarizatiorsystemuseful for a wide range of applications. System
evaluatiors werecomparable to other Engh language basesystems.

b. Choosing an Optimized set of featurBgatures were extracted using
commercial lexical analysis and part of speech tags core engines along
with heuristic featuresMoreover, Implementing features reduction
approach to reduce sgm dimensionality where maintaining system
accuracy. We started by 11 features and reduced to only 5 features and

with better results.



c. Embeddinga Cenetic programmingclassier from a well known
commercialtool in ou implementation oBayesianclassierbased on
Intersedibn and union.

d. Adopting nonsupervised techniques based on sentecosine
similarity in a supervised approacfio the author knowledgehis is
first time such a measure has been ukedway

2. System Evaluation:

a. Automating a procesfor measuringthe difference between human
summaries First a crossevaluation between summari¢gs been
calculated Next the system has been evaluatadainst three
independenthuman summarieslt is worth mentioning thatthe
proposed system results weretter compared tdhe humanreference
summarizer.

b. Compamg the system results taa commercidy well known
summarization systenfreferenced as the S systenthe proposed
systemhasperformedbettergiven thesametesting set

The results indicate thahe proposedsystem ispromising and suitable for many

applications.

1.5 Thesis Overview

Chapter two is a survey of the summarization work and current approaches.
Chapter threeefine in detail the system structure including the corpus collection and
annotation details, features selection and extraction and the used classification
approachedN\aive Bayesian classification and Genetic Programijramgl how we
combined them togetheChapterfour includesexperimentssummary evaluation
techniques andystem results. Finally chaptive, based on the results, introdace

conclusionsaandfuture work.
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2 Summarization Approaches



2.1 Introduction

The process of summarization is becoming very important in the presence of

large number of informeon sources available in every field. Summarization work has

been started as e a(tuhry 1958 sintroduced awaye for1 950 6

summarizationbased on keywords{fEdmundson1969) presents a survey of the
existing methods for automatic summarizatiord @m approach to summarization
based on sentence locatiorhich forms the core of the extraction methods even

today. Generally speaking, summaries could be extractive or abstractive.
2.2 Extractive summarizers

Extractive summarization extracts text by selggtirom original document
important pieces to produce shorter result. Human summaries often relay on cutting
and pasting of the full document to generate summaries. By decomposing human
summary, we can learn the kind of operations which are usually pedadiorextract
and edit sentences and then develop automatic programs to simulate the most
successful operations. A Hidden Markov Model solution to the decomposition
problem was proposeoy (Jing 1999 and it found that 78% of summary sentences
produced byhumans are based on -@rndpast. Granularities of extraction could be
phrases (2 or 3 words) as in or senteraesised byKupiec et al. 199b Extraction
approach may have the problem of coherence but they are trusted by the users. There
are different pproaches to implement extractive summaries. The most important ones
are: the linear methods that give a score for each sentence depending on heuristic
measures, Latent Semantic Analysis (LSA) which is inspired by latent semantic
indexing and applying Sindar Value Decomposition (SVD) to the document
sentence matriGongand Liu 2001), Maximal Marginal Relevance (MMR) which
measures the relevance or similarity between each sentence in the full document and
the sentences that have been selected and adttethe summaryCarbonelland
Goldstein1998, and Graph Based methods that models the document into graph
where sentences are the vertices, and Machine Learning Apprd&chesc et al.

1995.



2.2.1 Keyword method: Luhn 1958

Based on the assumption thatrd® which are frequent in a document indicate
the topic discussedifter pre-processing, stemming and stop word remasalone,
the distribution of each word in the documegpresented by term frequen(@f) and
the distribution of words indocuments ragsented by document frequency and
inverted document frequencyidf), are computed. Consider the inverted document
frequency

) NUMDOC
idf (term) =lo 2.1
(term g(NUM DOC(term))

WhereNUMDOC isthe number of documents aorpus, andNUMDOC (term)

is the number of documents where term occurs.

Then mly those terms such thatf*{df) is larger than certain threshold are
considered of key words is identified. The sentences that contain a high concentration
of key words are selected into summary. The term weight and sentence weigh are

computed as follos:

weightt) = tf (t).ifd (t) 2.2
weightS) = § weightt) 2.3

(S

Luhn suggested using named entity such as (persons , places, organizations, products ,
materials, et cetera) to promote certain sentences. The named entity could be extracted
from a dictionary.

2.2.2 Cue words, title and location method: Edmundson1969

In addition to words frequency, Edmundson added three components. Cue
words, title words and sentence locatiorhe Cue word method based on the
hypothesis that the probable relevance of a sentence is affected by the presence of
pragmatic words suh as fAsigni ficant o, Ai mpossi bl e
uses a dictionary of selected words. Cue words could be Bonus words that are
positively relevant. Stigma words that are negatively relevant. Title method is based

on the hypothesis that an aothconceives the title as circumscribing the subject

8



matter of the document. The sentence gets a score if it contains title words. Location
method is based on the hypothesis thatSejtences located under certain headings
(such as fAintrddwsdtoin@) o aared plfogostntencesl vy r e
tend to be located very early or very late in document and paragiapdetion

method uses a dictionary of wordBasically, four features are used: title, cue,

keyword, position. And then a weightassigned to sentences as follows:

Weigh(S) =a.Titlg(S) + b.CudS) + gKeywordS) + dPositioliS) 24

And the weighting parameters may be assigned as rules or adjusted using training
data. According to Edmundsdrexperiments it was shown that the most important
featuresare: Cue, Title and Positiprwhere the ceelected sentences in both
automatic and target extracts were 55% in average.

2.2.3 A Trainable document summarizer: Kupiec et al. 1995

Kupiec developed a trainable summarization program based on statistical
framework. The system used five features to clpsshtences to be in summary or
not. Sentence lengtlrixed phrase: binary feature set to true if the sentence contains
any of a predefined set of phrases (two
At hi s , paadraple positionnitial, final or middle, Thematic worda binary
feature if the sentence contains high frequent words) and Uppercase binary feature.
The classifier was based on naive Bayesian classification. Kupiec in his experiments
used features accumulatively by adding one featueetame.The strongest features
were: Fixed phrases and Sentence length. The system generated 84% correct

sentences when summary size was 20%.

2.2.4 Extracts by Lexical Chains: Barzilay and Elhadad 1997

Lexical chains method definex chain as a lisof words; the order of the
words is that of their occurrence in the text where a Word D is insertdainC if D
is related to C semanticallysing WordNet(synonym for example). The contribution
of word W to chain C is computed given the distanceeintences between word W

and W1 in the chain. After inserting all words in chains, for each word, the chain

9



where it most contributes identified and therit is deleted from the other chains and
so on. The summary is extracted by selecting sentehaed¢longto strong chains
that contain largest weightsThe system was developed to produce indicative
summarieslt was found that Wwen the summary size wabout20% length, recall

was 64% and precision was 47% compared to human generated summaries.

2.2.5 Similarity Between Paragraphs: Salton et al. 1997

In (Salton et al1997)paragraphs areepresented as vectors then the similarity
between paragraphs is evaluated. A graph of paragraphs as nodes sindldhées
as links is constructed. Given a threkl for similarity the link between two
paragraphgxists only if the similarity is above that threshold. The summarization is

based orarograplselection heuristics as follows:

1 Bushy path: Select paragraphs with many connections with other paragraphs
and present them in text order.
91 Depthfirst path: Select one paragraph with many connections; select a
connected paragraph (in text order) which is also well connected.
The average overlap between the system and the human summaries was about 46%.

2.2.6 Maximal Marginal Relevance (MMR): Carbonell and Goldstein
1998

MMR is based on the vectgpace model of text retrieval, and is walited
to querybased and muHlilocument summarization. In MMR, sentences are chosen
according to a weighted combination of itheelevance to a query (or for generic
summaries, their general relevance) and their redundancy with the sentences that have
already been extracted. Both relevance and redundancy are measured using cosine
similarity. Relevance would normally be the cossimilarity of the sentence and
query vectors, but since this task consisted of generic rather thandgypenydent
summaries, relevance was determined by the cosine similarity of the sentence vector

and a document vector representing the average ofrthkense vectors.

The MMR scoreSGmr() for a given sentenc& in the document is given by:

10



SGmr() =/(SIM§, D)) - @- /)(§,Summ 25

Where D is the average document vecBummis the average vector from the set of
sentenceaa | r eady selected, and & trad8misoff be
the cosine similarity between twexts

I n usual i mpl ementations of MMR, the wei
emphasized when the summary is short, and as the sungrmamg longer the

emphasis is increasingly put on minimizing redundancy. Typicaltythe first third

of the summary, & = 0.7, for the second
summar y Ascording@.a3et of key questions, the assgsslgment to the

automatic summary was 70%.

2.2.7 KEA System: Witten et al. 1999

KEA stands for Key Extraction Algorithm. KEA system was designed for:
providing support for browsing, searching and clustering in cases where manual key
phrases assignment is inddale. First, the input document is cleaned and parsed into
words (tokens). Second, the candidate phrases are constructed suthGlaaididate
phrase limited to maximum length (usually three words). 2) Candidate phrases cannot
be proper names. 3) Candtd phrases cannot begin or end with a stop word. Finally,
the candidate phrases are stemmed to allow treatment different variations of the same
phrase as the same thing. Two features are used for each candidate phitadie2))

First occurrence (distac e i nt o the document of t he ph
uses naive Bayesian classier for its simplicity. The results show that KEA can on
average match between 1 or 2 key phrases selected by the author in an independent

domain. It was shown that perfoance can be improved using a certain domain.

2.2.8 GenEX System: Turney 2000

GenEXx is a hybrid genetic algorithm for key phrase extraction. It has two main
components: Genitor and Extractor. Extractor sakdocument as input and produces
key phrases as outpurhe parameters of the extractor are tunes using the Genitor

genetic algorithm (Whitley 1989) to maximize the performance (fithess) on the

11



raining data. The system was trained on journal, emails, NASA documents. The
system performed better than C4.5 idiem tree due to that fact that the positive
examples were only 0.2% to 2.4% of the total number of examples; C4.5 usually
applied to more balanced class distributions. System average precession was 29%.
Subjective human evaluation showed that about 80%ie key phrases selecteg b

the system were acceptable to human readers.

2.2.9 Latent Semantic Analysis (LSA): Gong and Liu 2001

LSA is a vectorspace approach which involves projection of the term
document matrix to a reduced dimension representatioradtasiginally applied to
text retrievalby (Deerwesteet al. 1990, and has since been applied to a variety of
other areas, including text summarizat{@ongand Liu2001) and Gteinbergeet al.
2004) LSA is based on the singular value decompositidrD)Sof an m by n term

document matrix A, whose elemenis, ; represent the weighted term frequency of

termi in document j. In SVD, the tertlocument matrix is decomposed as follows:
A=USV 2.6

Where U is an m by n matrix of left singular vectors, S is an n by n matrix of

. . . . . T
singular values, and V is n by n matrix of right singular vectors. The rows ofnay

be regarded as defining tepj while the columns representing sentence form the

T . . T
document. Summarization is achieved by choosing from each rowVof the
sentence with the heist value. The process continues until the desired summary size is
reached According tohis experiments on CNN news documents, LSA method was

equivalent to relevance measure method. The averdieaBure was 56%.

2.2.10 LAKHAS System: Douzidia and Lapalme 2004

In its 2004 evaluation, NIST decided to include two tasks (3 and 4) to explore
summarizabn from noisy input produced by Arabic to English machine translation.
So the proposed scenario by the DUC organizers was the following: the original
Arabic texts are first translated to English by a Machine Translation (MT) system.

The resulting Engliskext is used as a source for the summarization system in order to

12



obtain a very short summary (O 75 bytes)

systems were used: one from the Information Science Institute (ISI) of the University
of Southern California andnather one developed by an IBM team. LAKHAS
(Douzidia and Lapalme 2004 is a summarization system that generates very short
(headline) summaries. They decided to follow another path, summarize the Arabic
text directly and only translate the summarized .tektis approach was very

successful for very short (headline) summary generation.

2.3 Abstractive summarizers

Abstraction, on the other hand, generates summaries at least some of whose
material is not presented in the input text. Abstraction of documenktaifans is
complex to model as is any other information processing by humans. The process of
abstraction is complex to be formulated mathematically or logi¢dllyg, H. and
McKeown K.R., 1999) Abstraction requires text analysis, modeling and language

generation techniques.
2.4 Single and Multi-Document summarizers

Dealing with multiple documents summarization is challenging when taking
into consideration the possible large input corpus and the possibility of repeated or
conflicted information among differenrdocuments. A single document summary
within a predefined domain is a simpler task. Another challenge is that the multi
documents also could be in different languagddere are examples of Multi

document summarization systems:

2.4.1 MEAD System: Radev et al. 2004

MEAD is a platform for multidocument multlingual text summarizationt
uses a form of muktlocument summarization called Centrbigised summarization.
A cluster of documents with a common topic are used to produce a cluster centroid,
consisting ofwords which are central to all of the documents in the cluster. The
cluster centroid is then used to rank sentences based on their relevance to the topic of
the clusterMoreover MEAD uses sentence position and overlap with the title features

for each setence.The MEAD architecture has four main components. First, each
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document is converted to an XMiased format. Then feature extraction is performed

on each sentence of each document in a cluster, where the features are dependent on
the selected summarizan algorithm. Third, a composite score is calculated for each
sentenceFinally, sentence scores may be refined based on considerations such as
sentence repetition, sentence ordering, etc. MEAD currently supports Chinese and

English summarization and cae extended to handle other languages.

2.4.2 SUMMARIST: Hovy and Chin-Yew 1999

The goal of SUMMARIST is to generate summaries of multilingual input
documents SUMMARIST is capable of generating query based summaries that
reflect both users concerns and thenmdeas of the respective documents through
automated training. SUMMARIST can process Engli8habic, Bahasa Indonesia,
Japanese, Korean, and Spanish texts. SUMMARIST combines natural language
processing methods (morphological transformation and-gbagieech tagging),
symbolic world knowledge (WordNetiller 1995, dictionaries, and information
retrieval techniques (word counting and term distribution) to achieve high robustness
and better concepevel generalizationThe core of SUMMARIST is based ohet
foll owing O6equation

summarization = topic identification + topic interpretati@generation.

These three stages are:

Topic Identification: Identify the most important (central) topics of the texts using cue
phrases and term frequency.

Topic interpretdon: To perform ‘concegtased' topic fusion, latent semantic
analysis, WordNet, term frequencies, topic signat(ltes1997) are used.

Generation: SUMMARIST is able to generate summaries in various formats such as
keywords, extracts (important sentes in original texts).

The system was linked to SYSTRANIsttp://www.systran.co.uk/translation

site (also known as Babelfish) for translating European languages into English. The
system has also been linked tSI's GAZELLE (JAPANGLOSS) project for

translation from Arabic, Japanese, and Spanish to English.
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2.4.3 CLASSY, Query Based Multi-Document Summarization: Conroy
et al. 2006

CLASSY (Clustering, Linguistics, And Statistics for Summarization Yield) is
an automat, extractgenerating, summarization system that uses linguistic trimming
and statistical methods to generate generic or topic (gqdamgn summaries for
single documents or clusters of documemntse main steps are:

Document PreparationEvery documentis transformed to the CLASSY internal
format by performing Sentence splitting and sentence typing. Sentences are typed
according to their potential usefulness in a summary (title, signature terms).

Trimming SentenceWithout using part of speech taggiflgOS) instead extensive
word lists are used:

1. Removal of extraneous words that appear in a sentence, including date

lines, editoés comments, etc.

2. Removal at the start of a sentence of many adverbs, all conjunctions, and

about 2000 phrases suchf@s amatter of fact) andfiAt this pointo

3. Removal of a small selection of words that osauid-sentence, such as

fihoweveo andfialsa.

Removal of age references suchigslpor i, aged 24).

Removal of gerund phrases (phrases starting withitigeform d a verb)
from the start, middle, or end of a sentence.

6. Removal of relative clause attributives (clauses beginning fwitio(m)o,

fiwhicho, Aiwhero, andfiwhera) wherever possible.

7. Removal of attributions, such d¥olice said, at the start or end of

senteges.
Scoring Sentence®racle score, which estimates the fraction of human abstract terms
a sentence contains. Details of this approach and its motivation can be found in
(Conroyet al. 2008. In the absence of human abstracts, they view the signatone te
as fisamples from idealized human summaries. A signature term is a term which
occurs significantly more than expected in the document.
Reducing Redundancy of the Selected Sentei@®sences are ordered by score, and
enough sentences are chosen talpce a summary as long as desired. Improving the

score by using the latent semantic indexing (LSI).
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2.5 How Summarizers Differ

Summary can be used to be indicative to produce a reference function to select
documents for more idepth reading or informative toover all or most salient
information in the source text documents. Summary can be general where there is no
focus on some topic or view point provided by the user or it can befacsesed
where summaries are guided by user view point statement, topjaestion to be
answered. Size of produced summary (Compression Ratio) can be very short

(Headline) or relatively short typically 20% to 25% of original document size.

2.6 Summary Evaluation

Summary evaluation methods attempt to determine how adequate iabterel
or how useful a summary is relative to its source. Generally, there are two types of
evaluation methods. The first ilstrinsic evaluation in which users judge the quality
of summarization by directly analyzing the summary. Users judge fluency, letw w
the summary covers stipulated key ideas, or how it compares to an ideal summary
written by the author of the source text or a human abstractor. None of these measures
are entirely satisfactory. The ideal summary, in particular is hard to construct and
rarely unique. In most cases there is no only one correct ideal summary for a given
document. The second type of evaluation methodexisinsic Users judge a
summaryodés quality according to how it aff
as how wadlthey can answer certain questions relative to the full source text. ROUGE
(RecallOriented Understudy for Gisting Evaluation) is also used for summary
evaluation by counting the number of overlapping units such-gsam, word
sequences, and word pairstiveen the computgenerated summary to be evaluated
and the ideal summaries created by humans
Extractive approach for summarization by classification enables us to use recall,

precession and-feasure to evaluate summaries.
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2.7 Document Understanding Conferences (DUC)

Document Understanding Conferences is an annual evaluation in the area of text
summarization organized by the American National Institute of Standards and

Technology (NIST)(http://www-nlpir.nist.gov/projects/dyc

As described in his boolMani, 1., Maybury, M.T. 1999 automatic single document

text summarization has long been a field of interest, beginning in the 1950s, with a
recent renaissance of activity beginning in the 19%)gstem generated single
document summaries for English are generally of good quality. Therefore, NIST
ended single document summarization evaluation after the 2002 Document
Understanding Conference (DUC).

2.7.1 Scope of Summarization at DUC

2001 and 2002
1 Geneic summaries of newswire/newspaper stories
1 Single and multdocuments
1 Word Lengths: 100 (single), 50, 100, 200 and 400 (multi); 2002: 10 word
headline
2003
1 Very short summary (10 words, single)
Eventfocused summary (100 words)
Viewpointfocused summarylQ0 words)

Summary for question answering (100 words)

= =A A =4

Given doc cluster, question, and set of sentences deemed relevant to the
guestion, create summary
2004

1 Very short summary (<=75 bytes, single doc)

1 Short multtdoc summary focused by events (<=665 bytes)

1 Very short single doc crodmgual summary (<=75 bytes, both manual and
automatic translations were available)

1 Short crosdingual multi doc crosgéingual summary (<=665 bytes)
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1 Short questioffocused summaries (<=665 bytes)
1 Summarization from noisy inpuproduced by Arabic to English machine

translation.

2005 and 2006
1 Given a DUC topic, a cluster of documents, and (in 2005 but not in 2006) a

user profile, create 25@ord summaries.

2007
1 Same as 2005 + 2006: 2&®rd taskfocused summaries (but no useofge)
1 Pilot task: Given a set of articles that the user has read, create a short multi
doc summaries (100 words) of a new set of related articles. The purpose of
each update summary will be to inform the reader of new information about a

particular topic

2008
1 Moving to celocate with TREQhttp://trec.nist.goy

9 DUC will now include both summarization aQuh
1 DUC Summarization 2008
o0 Main task: same as the update pilot task of 2007
0 Pilot task (propose): summarizationaginions expressed in blogs

2.8 Examples of Related Summarization Systems

Here are some examples of commercial summarization systems.

2.8.1 Copernic

Copernic summarizehftp://www.copernic.comis an easy to ustol for text

extractive single document summarization. It generates summary report&eyith
concepts(up to 100) andkey sentencesccording to the configured or customized
summary length. Also it exports summary reports to various file formats (HTML,
XML, Rich Text Format, Text file and URLSs)t supports English, French, Spanish

and German languagesteps:
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Document Standardizatioifhe first step in the summarization process is the
fistandardizationof document content: documents, which exist in a variety of
formats, must be converted to a common text format before their content can
be interpreted.

Language Detection and AnalysiShe language of the document is
recognized and identified automatically. Once the language is determined,
specific linguistic principls, rule systems and powerful heuristics are applied.
Sentence Boundaries Recognition and Tokenizatibmmplements a wide
range of heuristics to isolate sentences, bulleted lists, and special strings such
as email addresses and scientific formulas. tdidon, they tokenize each

and every word according to the context in order to identify actions, people,
places and things.

Concept Extraction: Copernic integrated Extractor, an application developed
in collaboration with the National Research CounciCahada (NRC), into its
solution. This application extracts, in less than a second, high quality
keywords by employing the machine learning techniques.

Long Document Segmentation: divide long documents into its constituent text
segments. This enables a akgie analysis of each segment, which is then
followed by the integration of all the composite segments into a single
complete representation of the original document.

Sentence Selection: All sentences are weighted according to the relative
importance ofthe information they contairfhe more the sentence exhibits
pertinent concepts, the more it is suited to developing important ideas, and
consequentlythe more likely it will be retained for inclusion in the summary.
Internal Document Representation: Tdh@ecument is thus transformed into an
internal representation that can be manipulated again. Because this flexible
structure, the user can repeatedly adjust the summary length, remove concepts

or eliminate sentences in real time.
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2.8.2 Sakhr

Sakhr summarizatiorsystem [ttp://siraj.sakhr.coin is an Arabic single

document extractive summary. #xtracts the most important sentences, using
basically syntax and semantic analysis, named entities recognizer and sentence

heuristt features.
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Chapter

3 The Proposed System
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3.1 Introduction

Typically extractive summarizers deal with sentences. Rules of sentence scoring
are generally heuristic; however given a training corpus it would be possible to
approach the problem as statal classification to classify a sentence to be in
summary or out of summary classes given its feature vetha.importance of a
sentence within a document can be is determined by various heuristics such as
position, cue phraseEdmundson 1969, Kupiek995, word/phrase frequency.(ihn
1958,Edmundson 1969, Kupiec 199%xical cohesionRarzilay and Elhadad 1997
discourse structuredarcu 1998, and indicator phras€slovy and Lin 1999, Kupiec
1995.

Naive Bayesian classification method is ddesed to be simple, easy to implement
and dos not require heavy processing. However, it assumes the independence
between features and it may fall into local optima. Naive Bayesian classification
method was used for extraai summariegKupiec et al. 19%) and key phrase
extraction (Witten et al. 1999. Genetic ProgrammingGP) is used also for
classification and could be used for extractive summarizétiomey2000. GP uses

a beam search to try to find global optima. The proposed system uses both
classification techniques and combines them in an optimized way to get better results
usingareduced feature set. The system structure requires labeled (annotated) training

and testing corpus
3.2 Arabic Preprocessing and Feature Extraction

Arabic, asahigh derivative and inflectivdanguagerequires good stemming for
information retrieval and summarization applications. Feature extraction requires
complex Arabic language processing: Stop words removal, Stemming and Part Of
Speech Tagging (POSTWe used the inlpmentation of Attia 2005 ArabMorpho©
for Arabic processing and feature extracti@asically the system includes

1. Arabic Morphological Analyzer
2. Arabic Part of speech tagger
The following sections will introduce the basick both components and howety

were used for feature extraction.

22



3.2.1 Arabic Morphological Analyzer

Analysis means decomposition, so an Arabic morphological analyzer is a
software engine that can decompose the words of a given Arabic text into their
constituting entities. The next semtiwill give an over view of the analysis for Arabic

words.

3.2.1.1 Arabic Word Model

As morphology is concerned with the analysis of words, it is primary to define the
term word. Although linguists may enjoy endless discussions about what a word

definitely meanA straightforward and easier approach can define words as:

A word is the alphanumeric string between any two-alphanumeric characters.

An Arabic word is a word, as defined above, which meets the following two
conditions:
1. Allits characters are bare diacritized Arabic alphabets
2. It belongs to either of the following two categories:
a. The original Arabic words.
b. The Arabized words.

Original Arabic words are divided in turn into two scétegories:

1 Derivative Arabic words: These are the verbs and nabas are built
according to the Arabic derivation rules. The sweeping majority of the Arabic
words belong to this category.

9 Fixed Arabic words: These are a set of words molded by Arabs, anciently, and
do not obey the Arabic derivation rules. Most of thizeed words are neither
verbs nor nouns, most of them are functional words like pronouns,
prepositions, conjunctions, question words, and the like. They may be best

regarded as the glue that ties the words of the Arabic sentence together.
The Arabized wads are nouns borrowed from foreign languages (perhaps with some
phonetic adjustments to suit the Arabic pronunciation) and have become common

among the native Arabic speakers. To preserve the purity of the Arabic language, it is
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not preferable to considem word in this category unless its meaning has no
counterpart in the category of the original Aratords. Figure 3.1 summarizes the

definition of the Arabic word.

Arabic word

Original Arabize(

Derivative Fixed

Figure 3.1: BasicArabic morphemes classification

Although the number of the derivative Arabic words is much larger than both the
fixed Arabic and the Arabized words, the frequency of the latter ones, specially the
fixed words, is considerably higtuchthat any treatment of Arabic must treat all the
above categags with the same degree of care. The following example stimtthe

fixed words are frequent in the Arabic text.

By e U AT 3 s LS 1SS O s 5 8 el 8, ods
Euoﬂs\ﬁfwuwgﬂ)

1 Total number of words in the paragraph = 23.
1 Number of fixed words in the paragraph = 8.

1 Frequency of fixed Arabic words in the paragraph = 8/35%

3.2.1.2 The Prefix-Body-Suffix Structure of the Arabic Word

In some modern European languages kkwlish, a word may be a verb, a
noun, a preposition, an article, ..., etc; i.e., a word in such languages is usually a
single entity. In Arabic, the situation is more complex. The next shows some simple
English sentences and their Arabic translatianalsb tabulates the Arabic words and

their English counterparts in these statements.
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Table 3.1: An Arabic word may correspond to more than one English word

Mohammad gave me many things
s s Lal s JLEP\

Arabic word English counterpart
At Mohammad
(ke Gave me
RN Many
Ll Things

He returned my book

Arabic word English counterpart
sled He returned
abs My book

I will do it
sl

Arabic word English counterpart

aeslo | will do it

The example above shows that the Arabic word may correspond to a single entity but

can as well bea compound of more than one entity. In fact it may be a phrase or even

a complete sentence. Sthe Arabic word is in general a complex. If we study a

sufficiently large sample of Arabic text, we can infer the following general simple

structure of the Arabic words:

1 The main part, a noun or a verb, of the word occurs in the middle. Let us call

T

this part the word's body.

The body may be prefixed by something like the definitive article, a
preposition, a gender determiner, a tense determiner, ..., etc., or some
combination of them. When a prefix precedes a body, it may slightly modify
its string and als be slightly modified. We should note that the prefix cannot
be a standalone word.

The body may also be suffixed by something like a pronoun, a gender
determiner, a tense determiner, ..., etc., or some combination of them. When a
suffix succeeds a bodyt, may slightly modify its string and also be slightly

modified. We should also note that the suffix cannot be a standalone word.
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If the absence of a prefix is assumed as a null prefix and the absence of a suffix is
assumed as a null suffix we can themeagalize the aforementioned structure of the
Arabic word as:

Any Arabic word = Prefix Body Suffix

Table3.2shows this structure for the words of an Arabic sentence.

Table 3.2:Example of prefix, body and suffixof Araboc words

£S5 013 (3}3; Gl ey B0 Bl 2 )

Arabic word Prefix Body Suffix
. X f % ”
2 | T - o Z
3 o 1 oy v
4 KN Y s d
5 | 52 ’ & s
6 els Y o dl
7 355 Yo 33 3

3.2.1.3 The Structure of the Arabic Word's Body

The body part of the Arabic word has in turn an internal structure which is
different for the bodies of the derivative Arabic wordempared tothe non
derivative; fixed and Arabized oneArabic has a very powerful bodigeneation
mechanism called derivation that makes Arabic have the richest vocabulary ever
found among all the important contemporary natural languages. Arabic has a
relatively small number, about one thousand, of derivative forms. Each form is a
string of two ypes of characters; fixed characters (or constants) and 3 or 4 generic
characters (or variables). Although the form carries one or more specific semantics, it
cannot be a wordds body on its own. Ar ab
thousands, of d&ative roots. Each root is a set of 3 or 4 fixed characters. Each root
also cannot be a word's body on its own. Nevertheless, the root has one or more
standalone specific semantics. The derivation of a word's body from a specific root
and a specific fornis made by respectively substituting the generic characters of the

form with the fixed characters of the root. The derivation process is successful only if
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each constant character of the root is in the permitted range of the corresponding
generic characteof the form. The semantic of the resulting word's body is a mix of
the semantic of its form and the semantic of its root albeit the latter plays a greater
role. Table3.3illustrates the derivation process for several derivative word bodies.

Table 3.3:The derivation process of some regular derivative Arabic word bodies from their forms and

roots.

Form Root The Resulting Body
Jg—b ool g,_,lf

S sa¢ S

JL’-"; oo i

Jlrie >d s

;L:ij: Lﬂ; ( C SL;:_;

Each of the forms mentioned above may be regardedyaseralderivation rule and

the bodies made by combining them with roots are cadlgdlar derivative bodies.
However, there is a small set, few hundreds, of derivative bodies that ardaitregu
The form of an irregular derivative body is tailored only for that specific body; i.e.,
such a form does not have any generic characters and can hence combine with only
one specific root to produce one specific body. Irregular derivative bodiesmiact i
regular derivative ones that have been deviated from its regularity. People then
preferred the deviated form that became famous and neglected the regular one which

became extinciTable3.4 presents some famous irregular derivative word bodies.
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Table 3.4: Some famous irregular derivative bodies

Irregular derivative body The corresponding (not Root
used) regular body

b KUY _aJid

sl OU¥ 441

B G sef

o+ ) ¢

LS}A’ 6}9) S 3

quadruple;

One may haveseveral fixed or Arabized words that are semantically or
functionally related to one another. In such a case they may be viewed logically as

afamily. Table3.5illustrates this classification for some fixed word bodies.

Table 3.5: The concept of the raxfta family of fixed bodies

Fixed word bodies Root of the family
. czjb L;—i LL:».};A L;;;h C}i }jﬁ
s 2 w 8 w 8
CEST ST (s J
. cg\Lu\.'h cgif\:a cg-;.\.'h c’:\ﬁb cL\S I3

3.2.2 ArabMorpho® Details

g=(t:pr.f,9)
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Due to the highly derivative and inflective nature of the Arabic language, it is
much more comprehensive, effere, and economic to deal with its compact set of
basic building entities; i.e. morphemes, than its unmanageably huge generable
vocabulary. Following that morphenrt@sed approach, the canonical lexical structure

of any Arabic word w according to ArabMdrp© has been formulated as a

Where t is Type Code (with possible types are Regular Derivative, Irregular
Derivative, Fixed, Arabized), p is Prefix Code, r is Root Code, f is Pattern Code, and s




is Suffix Code.These kind®f morphemes in the Arabic lexicon of ArabMorpho®© are

clearly classified in the figurg.2below.

Morphemes

= socy

Derivative Non-derivative
Ry Fra Fig Fixed Arabized
[R]  [F] [R] [Fa]

Figure 3.2: DetailedArabic morphemes classification

With a dynamic coverage ratio exceeding 99.8%without counting the Aabic
transliterated foreign wordsthe knowledge base (i.e. the lexicon)AsaibMorphd
based on this model are composed from only about 7,700 morphemes with the fully
agentoriented linguistic description of each. The sizes of each kind of morphemes in
the figure above are as follows:

1 P: About 260 Arabic prefixes.
Rg: About 4,600 Arabic derivative roots.
Fq:  About 1,000 Arabic regular derivative patterns.
Fq:  About 300 Arabic irregularly derived words.
Ry: About 250 Roots of Arabic fixed words.
F: About 300 Arabic fixed words.
Ra: About 240 Roots of Arabized words.
Fa: About 290 Arabized words.
S: About 550 Arabic suffixes.

© 0o N o g b~ W DN
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Table3.6 below shows this model in application on few sample Arabic words.

Tabl e 3.

6 :

|l exi cal

Ar ab Mo r p h olEeosampe wardsi ¢ a |
Sample Tvpe Prefix & Root & Pattern & | Suffix &
word yp Prefix Code | Root Code | Pattern Code| Suffix Code
P . ; .L:{\/ L; -
W) Fixed - @
2 87 48 0
S Regular — Jso S —
Derivative 86 4077 176 8
ST Regular _ oo d J ol
Derivative 9 3354 684 27
,/,\/ Re_gul_ar fl e d ¢ J= L
Derivative 9 2754 842 28
S Fixed - ot < R
0 63 118 0
o Regular - £ 2 Jeslia -
Cps jﬁ . . -
& Derivative 0 4339 93 0

For more information about Arabic languadgtails, the reader may refer to (Attia
2000).

3.2.3 Arabic Part Of Speech Tagging

PartOf-Speech (POS) tagging is a fundamental linguistic analysis process
where POS tags that convey the basic corftext syntactic features of input surface
text words are exacted. Among several linguistic processing taBiG3S tagging may
be quite useful as PQ8gs are the most essential input features for all kinds of
natural language computational syntax parsers which are in turn one step higher in the
ladder towards langage understanding and machine translation as Basled on that
definition the position of POS tagging is obviously a middle sub layer between the
two fundamental lexical and syntactic ones on the NLP ladder as shown in the figure

below.
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To higher layers

fy

Layer = Semantic Analysis

.

Layer 2 Syntactic Analysis

Zub layer 1-2 POS Taggig

Layer 1 Lexical Analysis

.

up tesxt

Figure 3.3: The position of POS tagging on the Niagers

Table 3.7 displayed below shows the Arabic POS tags(&éta 2005)used in this

thesis along with the meaning of each tag verbalized in both English and Arabic.
Moreover, the 62 tags in the set ammdtionally categorized in order to maximize
clarity. While some tags in the following table may have corresponding ones in other
languages; e.g. English, others do not have such counterparts and are specific to the
Arabic language.

31



Table3.7: POS tagsfabic POS Labeling

Cat Mnemonic Meaning in English Meaning in Arabic
558 _ s
58 § Sow StartOf-Word marker S Gl
[2] -

E gg o Padding Padding string i
[}

§ ] NullPrefix Null prefix %

[ = -

e 0 . S P

c g Conj Conjunctive Cibs

g2

R Confirm Confirmation by Laam LAY

T o

o =1 ’ o -
L Interrog Interrogation by Hamza plydiw VI 5 n

s 3

3 X NullSuffix Null suffix VY

S E Iz
S ®

02

5¢

[oie] . Object or possession v s e

o) Caf

é < ObjPossPro pronoun ~ e e

3 R ! )

§ 4] MARF 1% Arabic syntactic case EHr

o

2o

g
o8

5 €

Lz MANSS 2" Arabic syntactic case o gai

S X

B % &on "

28 Definit Definitive article iy 2 "

=R

g )

('R

Noun Nominal pov]

) .- Nouns made of se -
Nounlnfinit PR Jdae

E infinitives

_2 NounlInfinitLike fAiNounl nfin iz /[:.1/

j

g SubjNoun Subject noun ygcu‘ﬂ//

bS] ExaggAdj Exaggeration adjective WS G

%]

o Ao

El ObjNoun Object noun Spndo 22

I ‘

(3} . o F P

u TimeLocNoun | Noun of time or location BLegsyper)

An Arabic feature of a N
s [SESOPS/ P,
NOSARF specific class of nouns e o g

Pos®ssPro Possessive pronoun } e

» - — —

o RelAd] Relative adjectives i

& maker

2 Femin Feminine il

> =

E Masc Masculine S

=) Single Singular >k

S : ;

9 Binary Binary e

E Plural Plural i

= o

(] . . L

L Adjunct Adjunct Sz
NonAdjunct NonAdjunct Ol s
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Table3.7: POS tagsArabic POS Labeling (continue)

29or 39 Arabic

Arabic conditionals

2 of g
MANSS_MAGR syntactic case SIS e
MAGR 3 Arabic syntactic case o
“(,67_> " Present Present tense C'VJL..@
Fr=a]
= o X
22%
§osa )
u Future Future tense Jlizn!
Active Active sound (Sl poleal] io
g Passive Passive sound (Js2inl)) J}P»Uu/m"
[7}
: Imperative Imperative ,f/
E °
8 Verb Verb ey
[
> L . .
5 Intransitive Intransitive verb I, y
%]
S MAJZ 4™ Arabic syntactic case] Pz
I
& Past Past tense ool
Present tense, or o 7z ’
. A / 4/
Presimperat imperative ) @w
5. SubjPro Subject form pronoun ;.ajj.w
9= 8 —
% 2 5:;( ObjPro Object form pronoun ol pels
@L® g - =
w 2"%or 4" Arabic ¢
N /
MANS_MAJZ syntactic case o ) e
Prepos Preposition JegrE )
Interj Interjection sl o5
PrepositiorPronoun vz
PrepPronComp Compound s b
RelPro Relative pronoun Ssezp0 sl
DemoPro Demonstrative pnoun $pLz) Lo
InterrogArticle Interrogation article plgdza) I/
For specific articles that
JAAZIMA make the consequent verb i 4o jl>
the 4" Arabic syntactic case -
CondJAAZIMA Feature of a class of Ll iB03

Features of; mostly functional fixed words, and scarcely affixes

CordNot Feature of a class of il CE 1305
JAAZIMA Arabic conditionals E
LAA Arabic specific article y
LAATA Arabic specific article oy
Except Article of exception s Lz
A class of articles that 2 xo
N ntaEffi ; ilale
oSyntakffect have no syntactic effect »e
Feature for certain kind 3o f
DZARF ; L
of Arabic adverbs -
A class of particles that
make the subject of the .
ParticleNAASIKH consequent nominal il O3>
sentence in"? Arabic e
syntactic case
A class of auxiliary verbs
that male the predicate of
VerbNAASIKH the consequent verbal Al fnd
sentence in® Arabic e
syntactic case
Arabic specific class of
. particles that make the .
ParticleNAASSIB consequent verb i ol
Arabic syntactic case
MASSDARIYYA Arabic specific article 4 jlaze

For words beyond
our morphological
model

Translit

Transliterated Arabic
string

L g b L
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3.2.3.1 Arabic POS Labeling

Having the Arabic POS tags set designed, labeling the morphemes of the
lexical knowledge base comes as thetnelx which is straightforwardrovidedthat
the following three main points are carefully considered:
1- For morphologically analyzed words; the f part of the quadruples gives
the Arabic POS tagging of stems, while the p and s parts give the
Arabic POS taggg of affixes. Hence, the root morphemes of all kinds
which do not participate to tagging are not Arabic POS labeled.
2- Due to the atomicity of the tags in the Arabic POS tagsdaiedtothe
compound nature of Arabic morphemes in general, POS labels of
Arabic morphemes are vectors not simple scalars.
3- Only ensured Arabic POS tags are considered in the Arabic POS
labeling of morphemegWhen an Arabic POS tag is a possibler
even a highly probablé but not an ensured feature of a given
morpheme, it is nahcluded in its Arabic POS label vector.
The following few morpheme labeling examples are listed below in order to
concretely illustrate the process:
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Table 38: Sample Arabic POS labels from ArabMorpho© knowledge base

Morpheme
Morpheme type and cod/shown as Arabi Arabic POS vector label
string
Prefix; 9 —J [ Definit]
Prefix; 125 — [Future PresentActive]
Regular derivative pattern; 48 U@L;’ [Noun,SubjNoun]
Regular derivative pattern; 67 JL;;;‘L/ [Noun,Nouninfinit]
Irregular derivative @ttern; 29 &Qd:f [Noun,NoSARF,Plural]
Fixed pattern; 8 A [Noun,SubjPro]
Fixed pattern; 39 j;’ [Noun,Masc,Single,Adjunct, MARF]
Suffix; 27 ol [Femin,Plural]
Suffix; 427 m;}_ [Present, MARF,SubjPro,ObjPro]
Suffix; 195 uLj_ [RelAdj,Femin,Bnary,NonAdjunct, MARF]

3.2.3.2 Arabic POS Tagging

The Arabic POS tagging process is implemented in the following steps:

1- The Arabic strings sequence to be POS tagged are morphologically
analyzed and disambiguated using ArabMorph@@tia 2005) this
results in a d@mbiguated quadruples sequence.

2- For the prefix, pattern, and suffix morphemes of each quadruple in the
sequence, the Arabic POS labels are retrieved from the Arabic lexicon
of ArabMorpho®©.

3- The Arabic POS tags vector of each word in the sequence is then
composed usingContactfunction. Ths function simply concatenates
the POS sub vectors of the constituting morphemes after eliminating

any mutual redundancy among their tags.

The resulting Arabic POS tags vectors by ArabTagger© of the words in-bfeeal
phrase are shown in the tald® below:
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Table 39: The resulting Arabic POS tagging of a rdiéé phrase using ArabTagger©

Phrase words Most likely Arabic POS tags vectors
iy 2 [SOW,Conj,NoSyntaEffect, NullSuffix]
o o s [SOW,NullPrefix,Verb,Past,Single, Femin]
dd LI [SOW,NullPrefix,Noun,ExaggAdj,Single, Femi
KIS Kyenl [SOW, Definit,Noun, Plural, NoSARF,NullSuffix
3 < [SOW,NullPrefix,Preos,NullSuffix]
il ) o0 TP [SOW,Translit]

3.2.4 Stop words removal

Introduction of an Arabic stemmer and a list of 168 stop words were presented
in (Khoja and Garside1999) We used the implementation dAttia 2005)
ArabMorpho© as a moregenericmehod for extracting stop words where Arabic
words are analyzed and categorized into regular derivatives, irregular derivatives,

fixed, Arabized or Transliterated. We considered that fixed words are stop words.

3.2.5 Stemming

The purpose of stemming is to cluswdifferent words into shared groups
depending on roots or stems (root and form). Different approaches for Arabic
stemming can be identifieduch asmanually constructed dictionaries, algorithmic
light stemmers which remove prefixes and suffixes, morphabginalyzers which
try to find the roots and forms of words. Stemmers can be weak, fail to conflate
related forms that should be grouped together, or strong, where unrelated forms are
conflated. We used the Arabic Morphological AnalygAttia 2005) for extracting

roots.

3.2.6 POS Tagging

POS Tags are also important because they enable recognition of important
information about words for example whether they are nouns (single or plural,
feminine or masculine, identified or not identified) or verbs (presenast) @and so
on. Implementation ofAttia 2005)is used for extracting POS Tags.
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3.3 The Proposed Features

The input document is parsed into a number of paragraphs and each paragraph
is parsed into sentences. Each sentence is parsed into words. The doisument
assumed to be in plain text. The parsing process makes use of spaces, commas,
parenthesis and new line for identifying words, sentences and paragraphs. Feature
vectors are extracted for each sentence. Term Frequency times Inverse Document
Frequency tf-idf) is commonly used in information retrieval systems to assign
weights to terms in a document and usedWitten et al. 1999 and Nobata2004) to
assign weights tkiey phrasesSimilar concept is usead this thesigo assign weiglst
to sentences. Disnce of the phrase from the document start feature is used by
(Witten et al. 1999. Sentence location ithe document is considereah important
feature in(Kupiec et al. 199% and (Nobata2004). Here, sentence location the
document feature isised andexpandedto the locationof the sentencen the
paragraptwhereit belongs to. Also, paragraph length (which the sentence belongs to)
is considered. Also we used the featureéSiobh et al. 20063s "basic features" and

more additional features as "negafures". The basic features are:

3.3.1 Feature 1: Sentence Weight

After stop word removal, each word is transformed into its root. Then the
frequency for each root is computed in the current document. For each sentence the

summation of non stop word frequeegiis computed and normalized.

3.3.2 Feature 2: Sentence Length

Sentence Lengtlsithe number of the words in a sentence after removing stop
words. This feature is normalized making the length relative to the longest sentence in
the current document.

Table3.10shows an example of sentence extracted from a document. The sentence is
parsed into words. For each word the root is extracted as the stem. Then the type of
the word is extracted. The word is considered a stop word ifaifiieed word. Then

the freqencies foreach non stop words are computed given that the total number of
distinct stems in this document was 270. Then these frequencies are accumulated and
then normalized by dividing the accumulated total frequency by the maximum weight
of a sentenceofund in this document.
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Table 310: Sentence Weight and Sentence Length featuers samples
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0 In this document the longest sentence length was 18 words

3.3.3 Feature 3: Sentence Absolute Position

Sentence Absolute Positiasithe order of the sentence in the document. This
feature is normalizetvhere the maximum value is one for the first sentencehe

document.

3.3.4 Feature 4: Sentence Paragraph Position

Sentence Paragraph Positimnthe normalized order of the sentence in the

paragraph in which the sentence is located.
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3.3.5 Feature 5: Sentence Paragraph Length

Sentence Paragraph Lengshtihe normalizetength of the paragraph in terms
of number of sentences in which the sententecated
Table 3.1 shows a hypotheticalexample of the normalized Sentence Absolute
Position, Sentence Paragraph Length and Sentence Paragraphfeahgts

Table 3.1: Sentence Absolute Position, Sentence ParagPasitionand Sentence Paragraph Length

normalized featuers example

Paragraph|  Sentences AbS(.)I.ute Para.g-raph Paragraph
Position Position Length
S1 1 1 1
P1
S2 0.94 0.5 1
S3 0.882353 1 0.4
S4 0.823529 0.8 0.4
P2 S5 0.764706 0.6 0.4
S6 0.705882 0.4 0.4
S7 0.647059 0.2 04
S8 0.588235 1 0.5
S9 0.529412 0.75 0.5
P S10 0.470588 0.5 0.5
S11 0.411765 0.25 0.5
S12 0.352941 1 0.66
P4 S13 0.294118 0.66 0.66
S14 0.235294 0.33 0.66
S15 0.17641 1 0.66
P5 S16 0.117647 0.66 0.66
S17 0.058824 0.33 0.66

In addition to the basic features more features are also proposed to take the advantage
of the relations between sentences in terms of similarity and to use Part of Speech

Tags information forlte words in each sentence. The new features are:
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3.3.6 Feature 6: Sentence Similarity

The similarity feature of a sentence is computed as the next formula:

sim=3", .Sims.s,)

The similarity of sentenc8is the summation of the similarities betweenteroeS
and all other senesces in the document. The similarity is computed usiogsthe
method. The similarities are saved in a similarity matrix where:

1T A, =Sin(S,S;)Element (i, j) is the similarity between sentence i, |

1 A5 T A The similarity between sentence i and j is equal to the
similarity between sentence jand i

9 =1 The similarity between sentence and itself is 1

Then the values were normalized per document. The similarity between sentences
method wasused in literature before as a rampervised heuristic method to decide
when to consider the sentence in summary or(@arbonelland Goldsteinl998.

Here we are proposing a new method for using similarity as a feature along with other
featuresn a supervised learning approaéigure 3.4 shows two vectors representing

two sentences in a space of only three wqdisensions) and the angle between

them.

S2

\ 4

w1

Figure 3.4: Two sentences represented as vector in 3 dimexdsipace.
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Table 3.2 shows how the similarity between sentences using the cosine method can

be computed.

Table3.12: Sentence Similarity example between two sentences

0 5 potons Unl2) O DB sall 08

Sentences Similarity
s1 5 s UL OB U8 ekl (2 1
s2 @b sall 08 1 8 atie SUslsl O) 1
S3 J3Ll) sey @l sl (2 wlslel ) ezl O) 0.816
s4 oW gadl Qe ol Sl sl 0.223
S5 U ) ezl i 5l 6 4l 0.75
S6 il Flal el ddas 2ds £ 0

Here are ameinterestingnotes:

1 SO, S1: Are identical and have a similarity of 1

1 SO, S2: Are almost identical with different word orders and have a similarity
of 1 (cosine similarity des not care about the order of wodisiension}

1 SO, S3: Have aelatively high similarity measureas they share almost all
words, and S3 has two additional words

1 SO, Sk Have relatively low similarity measure due to the fact that they do not
share except one word.

1 SO, S5:Have arelatively high similarity measure as theghare ahost all
words, and S3 has two additional words. But they have the opposite meaning.
Only one word can negative the meaning and the cosine similarity measure
will think theyare similar. Actually the two sentences are sinfilam lexical
point of viewbut have different meanings.

1 SO, S6: Orthogonal sentences where the similarity between them is zero

because the there is no comntimensiongwords).
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3.3.7 Feature 7: Number of Infinitives

Number of Infinitivesis the normalized number of infinitives in a samte per
document.Infinitives are words that give the same functionality as the vbybs

indicating actions butithout the time dimension.

3.3.8 Feature 8: Number of Verbs

Number of Verbsis the normalized number of verbs in a sentence per document.

Verbs ae actions that could be in the past, future, present or order.

3.3.9 Feature 9: Number of Identified

Number of Identifieds the normalized number of identified words in a sentence per

document.

3.3.10 Feature 10;: Number of "Marfoa'at"

The normalized number of "Mat" words in a sentence per document.
These are the words that come as a beginning in a noun sentence or as the doer or

actor in a verbal sentence.

Features 7 to 10 are extracted by using the Part of Speech tdédfiiag2005)
However we found thahis implementation has limitations for extracting Number of
Identified and Number of "Marfoa'at”, it extracts the most common but not all the
cases.

After normalization, these features are converted into discrete six levels from zero to

five in order tosimplify the Bayesian classifier.

3.3.11 Feature 11: Includes Digit

A binary feature equals 1 if the sentence includes a digit and O otherwise. The

digit could represent for example money, date, quantity or address.

The following tablesshow the POS for sestices. In someaseshe POS could not

correctly tagwords.
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Table3.13: POS tags example 1

Wl a5 IV OULV) g5 a5 55y Jo 1550
2 Correct Symy— pasd
Infinitives Wrong -
0 Correct -
Verbs Wrong ~
0 Correct -
Marfoa'at Wrong _
3 Correct Aol ael N llas
Identified Wrong o
Table3.14: POS tags exaple 2
AL Ay lsl3 g Al Slaasd Sds ol
1 Correct A
Infinitives
Wrong -
1 Correct SRS,
Verbs T — -
rrect -
0 Correc
1 Correct DAl
Identified s -

Table 3.14shows thathe POS did not recognize a wiaas Marf@at.
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Table 3.5: POS tags example 3

A S @ ol U (S ey bW Jadl) 5555 & azl
0 Correct -
Infinitives Wrong 3
2 Correct & sl — o el
Verbs2 T -
0 Correct -
Marfoaat Wrong L2 — 543,
5 Corred A = sl —r-@-\ - oWl - edll
Identified Wrong 5955

Table 3.15shows thathe POS did not recognize two werds Marf@at and one

word asidentified.
Table 3.5: POS tags example 4

1 Correct

Infinitives Wrong
3 Correct i

Verbs2 Wrong :

i

3 Correct

Marfo'at Wrong

5 Correct

Identified Wrong

Table 3.16shows thathe POid not recognizanidentified word.
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