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Abstract

Increasing growth in the volume of digital data of documents performed
the difficulty of accessing important information. The solution is using
automatic summarization systems that aim to extract important
information in a short time. The work of these systems is usually to extract

a single summary from a single document or multi-documents.

This dissertation presents several directions. The first is to propose a
new algorithm that coined the name Develop Clustering Algorithm (DCA)
to collect unlabeled data and put it in appropriate groups. The second is the
creation of a lexical chain based on similar semantic sentences or a similar
number of words among sentences coined the name
Lexical Chain Sentences (LCS), which is different from the traditional
Lexical Chain Word (LCW) that works based on words. The third is to
propose a set of features to extract important sentences and easy to
understand. The fourth is building a Backpropagation Multi-layer
Perceptron Neural Network (BMPNN) to find a sentence score. The fifth
is using the Random oversampling (ROS) method and its effective role in

rebalancing the data during the training process in BMPNN.

Finally, the problem of reordering sentences in the candidate
summary according to the importance of the sentence is solved by
depending on the date and in addition to three conditions taken into
consideration to ensure the accuracy rearrangement process. This work
used two datasets of interest in articles of news. Dataset one is the
Document Understanding Conference (DUC 2002), and Dataset two has
been created manually from the news documents collected by us for

experiments.



The results showed that the performance of the proposed DCA
algorithm has generally outperformed the hierarchical clustering algorithm
by the number of clusters generated, and also, on the K-mean algorithm by
evaluation results produced from the Davies Bouldin Index (DBI) metric.
Regarding the evaluation of the candidate summary. This dissertation used
three measures of the Recall-Oriented Understudy for Gisting Evaluation
(Rouge) family measures, Rouge-1, Rouge-2, and Rouge-L to evaluate the
candidate summary. The results of the evaluation of Rouge-1, Rouge-2,
and Rouge-L measures showed that the candidate's summary is very close
to the golden summary in terms of matching sentences, and it achieved
promising results. The average accuracy for rouge metrics above in all
topics in the DUC 2002 dataset is (0.81, 0.75, and 0.81) respectively when
the reference word summary is 200 words; (0.76, 0.69, and 0.76)
respectively when the reference word summary is 400 words; and (0.78,
0.72, and 0.78) respectively when the average reference word summary is
between 200 and 400 words. While the results F-score for these measures
above in second dataset for three topics are {(0.76,0.64, and 0.76),
(0.69,0.62, and 0.69), and (0.96,0.92,0.96)} respectively when the

reference word summary is (390,114, and 518) words respectively
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CHAPTER ONE

OVERVIEW OF THE TEXT SUMMARIZATION

1.1 Introduction
Internet's exponential expansion and the availability of a massive amount of online

information makes identifying relevant content that satisfies user demands has become
extremely difficult. This has sparked a race to develop technologies for automatic
document summarizing. This race is crucial not only for professionals who need to obtain
information quickly, but also for huge search engines such as Google, Yahoo, AltaVista,
and others [1]. To address this issue, automatic text summarizing systems are required,
which construct a summary from the specific text document(s) [2]. Consequently,
automatic multi-document summarizing can be defined as the process of constructing a
shorter version of a given text from several but related sources in such a way that the key

information conveyed by the documents is retained [3].

Usually, many text mining applications require text document summarization in order
to provide a succinct overview of a huge document or group of papers on a topic [4]. The
concept of text summarization is the acquisition of a subset of influential information to
portray the entire topic as briefly as possible. Text summarization is defined as the task of
compressing some text into a shorter version of the original that contains most relevant

and vital information, which may result in informational loss [5].

Text summarization can be used to create summaries of medical records,
meteorological data, and the latest news, summarize product reviews, student responses
to post-class questionnaires, collections of news articles on a specific topic, and among
other things [6].



The Summary classification is based on whether the result is Generic or Query-based.
The generic text summary gives readers a general sense of what the document is about
without requiring any prior knowledge, whereas the query-based summary is the
information offered in a query-relevant summary that should be relevant to a certain query
or topic [7]. A query-based summary displays the data related to the original search query.
A generic summary, on the other hand, gives an overview of the article's content, the text

summarization is split into three following approaches [8] [9]:

1. The Extractive summarizing approach is the process of extracting relevant data
from documents and literally summarizing it [5]. Figure 1.1 depicts the architecture
of the extractive text summarization system, which is made up of three major
components. The input text is pre-processed in the first half. The second step
involves post-processing (for instance rearranging sentences that have been
extracted, Pronouns are replaced with their antecedents, relative temporals are
replaced with actual dates, and so on). The processing tasks are described in three
steps [10]:

a. Constructing an appropriate to facilitate text analysis, a representation of the
input text is used (e.g. N-gram, bag-of-words, graphs, etc.).

b. Sentence scoring: evaluating sentences based on their representation in the
input text.

c. Extraction of high-scoring sentences: The summary is constructed by
concatenating the most important sentences from the input documents. The
length of the created summary is determined by the preferred compression
(or reduction) rate, which is limited by a length limit or threshold that keeps

the generated sentences in the same sequence as the original text.

Typically, the process of extractive summarization in current computer systems

consists of three stages. The creation of an intermediate representation of the original



text is part of the initial phase of the process. The second stage is to assess the
summary and construct a scale for evaluating the sentences. As a result, the key
sentences can be identified in this step. The third phase involves the selection of
coherent sentences for the building of the summary. This stage follows a difficult style
and often involves the selection of the sentences that have the highest score by
evaluation. [11] [12].

The extractive method is quicker and easier to use than the abstraction method. Due
to the extraction of sentences directly, this method produces more accuracy since the
summary is read using the same vocabulary as the original [13]. Furthermore,
extracting summarization is considerably more practical for modern summarizing
algorithms, which focus on finding the most important elements of a piece of text to
provide a short summary. However, the produced text is frequently incoherent. The
reader can, however, develop an opinion on the original content [14]. In addition, one
of the most difficult aspects of "extractive summarizing" is identifying key sentences
from the original source and using them verbatim in the summary. It entails combining
source sentences to form a summary [5]. Another issue is that this method differs

significantly from how human experts compose summaries [15].

: Target
Source ; Pre-processing Post-processing | o)
Document [:> \lr /{\ - Summary
E Creating a Extraction of ‘
Representation High-Scored
of Text Sentences
Scoring of Sentences

Figure 1. 1 An extractive text summarization system's architecture in general. [10]



2. The abstractive summarization approach necessitates a more in-depth
examination of the input text. Abstractive summarization uses different words that
do not exist in the original document to construct the summary, expressing the ideas
of that document [5] [16]. thereby making it more complex [5] "'. This approach is
more efficient than extractive summarization because it produces summaries that
are more human-like [16]. Also "Abstract summarization" algorithms typically
generate original sentences depending on the document's content. However, these
strategies are significantly harder to execute than extractive summarization
techniques in general. Therefore, numerous approaches attempt to combine the
principles of extraction and abstraction in their summaries [17].

3. The hybrid abstractive and extractive techniques. It is usually divided into many
stages [18]: Preprocessing, extractive phase: extract the most significant sentences
from the text, then apply abstractive procedures and techniques in the abstractive
phase, and post-processing: check for errors. The two approaches, extractive and
abstractive, become complementary as a result of this strategy, and the performance
of summarization as a whole enhances. However, because the created summary is
based on the extracts rather than the actual text, it produces a lesser quality
abstractive summary than the pure abstractive technique. Because the abstractive
approach is highly difficult and requires substantial Natural Language Processing
(NLP), the research community is focused more on the extractive approach than the
abstractive approach, employing various methodologies and strategies to generate

more coherent and relevant summaries [10].

The Summarization Algorithm can be either supervised or unsupervised. A training
step is required for the supervised algorithm, which requires annotated training data.
Unsupervised algorithms do not need the training data [19].



The most significant advantage of text summarization is that it can reduce the amount of
time a user spends reading. While maintaining a low level of repetition, a fantastic text
summary system should reproduce the diverse theme of the content. Several various

aspects of summarizing must be taken into account [20] :

e Construct: A natural language is a semantic representation that shows the schema
text and important points of a textual document when one wants to make an abstract
summarization. In contrast, an extracted summary includes parts of the original text

like keywords, phrases, paragraphs, full sentences, and/or concise sentences.

Type: A summary is a short story that explains the main points of a document in a way
that is easy to read. This includes a set of keywords, a title, an abstract, an extract, a

goal-focused abstract, an index, or a Table of contents.

Purpose: The purpose is to provide an overview summary of the entire document.
While a query-relevant summary provides content that corresponds to the user query
or user model, a goal-focused summary provides information that corresponds to a

specific purpose.

The number of summarized documents: Single summary can be made for just
one document, or a summary can be made for multiple documents to give an overview

of all of them at the same time

e Document length: knowing how much repetition is contained in a single document
Is possibly made by document length, so the newswire articles are recaps of an affair.
The least amount of frequencies are used in these publications. Official documents,
on the other hand, are written to demonstrate a certain intention, which is then re-

explained in the outline.

User goal: When a user wants to find specific information, the objective is a robust

informative summary construction that takes into account the source documents.



e Genre : the texts contain linguistic and structural features that are useful for
establishing a summary. There are numerous types of documents based on their
genres, such as news articles, opinion pieces, letters and memoranda, emails, scientific

documents, novels, web pages, legal decisions, and speech transcripts.

e Presentation: The summary can be displayed in either text-only or in text-with-
hyperlink to the source text(s). Both of these formats are considered to be text-based
formats. Generally speaking, any summary may include one or more of the following
elements: keywords, phrases, sentences, and paragraphs, to name a few. The length of
the summary could be made longer or shorter by giving more context about each

sentence summary or else part in the state of the text extractive summaries.

e Source language: When retrieving multilingual information by parts, the language of
the source document set may differ from the language of the output document set [20].
When it comes to language-based classification, A summarization system is
considered to be monolingual when both the origin and goal documents are written in
the same language. On the other hand, the original content is written in a variety of
languages (for example, English, Arabic, and French) and this system is claimed to be
multilingual because the summary is generated in various languages as well. The
cross-lingual is intended for the original text (for instance, English) and the summary
(e.g. Arabic or French) [10].

e Summary Content Classification: Indicative or Informative. An indicative summary
simply conveys the main thought of the original text. So it determines the input text's
content (i.e. what topics are addressed) and alerts the user. An indicative summary
informs users about the input text's scope, allowing them to select whether or not to
read it. A comprehensive summary, on the other hand, includes all relevant material
and concepts from the original text. An informative summary covers the major points

of the original material without elaborating [10].



This dissertation aims to improve and develop the strategy of the topic summary system
from multiple documents to extract the important sentences and form a coherent and
understandable summary that covers the topic and matches the opinion of the reader or
writer. Thus, it introduces the proposed (enhances) topic summarization system to work
on an extractive approach. Characterize the proposed system that it works as semi
unsupervised which means the collecting between clustering and classification algorithm.
This proposed system includes several modern directions. the first is creating a lexical
chain based on sentences (LCS). The second is to propose an MB clustering algorithm that
contributes to establishing LCS. The third is proposing a new combination of feature
extraction. The fourth is building a backpropagation neural network for finding sentences
scores. The last one is choosing important sentences from multiple documents that
correspond with the human expert's opinion and reordering the candidate sentences

summary to produce a cohesive candidate summary by preparing some criteria.

1.2 Motivation

Text Summarization has become an important study issue due to the rising availability
of online textual databases and the advent of the Internet. Furthermore, the writer's
knowledge of the subject and the effect of subjective opinion reflect in the summary,
manually writing summaries is a time-consuming and error-prone operation Thus, several
important issues are discussed in summarizing the text in this treatise: How can we create
a lexical dealing with an entire sentence rather than words to overcome the ambiguity of
words?. How can we produce cohesive, consistent, and understandable summary events

that cover the topic of the article while consuming less time?.

1.3 The Statement of the Problems

» Extract best cohesive candidate summary for topic by multi-documents.



» Find of important sentences and extracted of the text.

» Grouping the important sentences into candidate summary which coverage whole

topic with avoid redundant of sentences .

> Reordering important sentences in candidate summary Through chronological

order to be create a summary concept and cohesive.

During the implementation of the suggested system or the current dissertation, various

obstacles have arisen. They will be mentioned in the following:

1.

Extracting a single summary from a group of documents (for example, multiple
documents). It is a difficult task because the input is various documents indicating
the same topic.

The dataset employed in this suggested system is unbalanced, with the number of
significant sentences being lower than the number of nonimportant sentences. As a
result, one of the challenges in classification problems is to train a classifier that
reliably predicts which class an observation belongs to. Using the Random
oversampling (ROS) strategy to overcome the unbalanced dataset problem to
assure the classifier's accuracy and avoid biasing it to one category exclusively.
This strategy proved successful in resolving the problem.

Choosing a set of features extraction with the intention of helping to access
important sentences by analyzing the results effects of these features on sentences
is a challenge.

Calculating a sentence's score based on the appropriate algorithm, thus how
choosing an active algorithm for this task achieves high accuracy is a challenge.
When applying reordering candidate sentences to achieve cohesive, consistent, and
understandable summary events that cover the topic observed that not all
documents in the dataset contain a date. In addition, For the same issue, not all

documents include a time, such as (am or pm). also, a title is missing from several



of the documents. Finally, several of the documents on the same subject have the
same date and time. Thus, for success in applying the reordering procedure for
candidate sentences summary, added the token "TEMP" for document\s that do not
contain a date. Also, added the token "Dd" to document\s that lack a timestamp
(i.e am or pm),and added token “2400” represent clock missing. Documents that
lack a title for the same topic take the title from the previous document and add it
to these documents, and then use one of the extraction features proposed for
rearrangement of the sentences in documents that have a date and time similarity to

the same topic.

1.4 Aim and Objective of Dissertation

The aim of dissertation produces cohesive summary from multi-documents by focus on
two key criteria. The first is coverage such that the candidate sentences for summary
must cover whole topic. the second is variety such that this candidate summary must
contain on variety sentences carry different events coordinated to the same topic. Thus,
the suggested system selects different sentences that are important to cover the core
topic, resulting in a high-quality summary. The objectives of this research can be

described as follows:

1. This work used two datasets. The first DUC 2002 dataset. Another dataset
collected from internet.

2. Create a new algorithm coined Developed clustering algorithm to work on the
clustering concept to deal with numeric data which is unlabeled. This algorithm
does not require the initial number of cluster prior because it determines the
number of clusters automatically, and help the user collect similar objects by

putting them in the cluster.



3. Evaluating the outputs of this proposed algorithm is by using one of the internal
clustering measures, which is the Davies Bouldin Index (DBI) metric, and
comparing the performance efficiency between this algorithm and two of the
algorithms clustering.

4. Building lexical chain based on sentences coined Lexical Chain Sentences (LCS)
interested to collect whole sentences rather than lexical chain based on words to
overcome word ambiguity problems by depending on close sentences in the
semantic or the number of words while being careful in not redundancy the
sentence in more of a chain.

5. Creating a new mix of feature extraction techniques collected from some earlier
studies to analyze sentences by extracting features to explore important sentences.

6. Building a multilayer perceptron backpropagation neural network (MLPBNN) to
compute a score for each sentence.

7. Making a cohesiveness summary by retaining the major sentences that indicate
the core topic of the document collection and removing the irrelevant, superfluous
sentences from the entire collection.

8. Use Rouge metrics to evaluate candidate summary with the golden summary

existence in the dataset used.

1.5 The Contributions of the Dissertation

The aim of dissertation will assist the reader in reading fewer data in less time. Because
our proposed system can read a group of articles on a certain topic at the same time,
deconstructing them and identifying the main concepts from the raw text in less time, it
will write a decent, unified cohesive summary before the person can look at the articles.

The following is a list of the dissertation's contributions:

1. Improved clustering of lexical chain sentences to satisfy the cohesion property of the
text to distinguish between important sentences and those that are not. In this case,

10



the text will be separated into clusters/chains. Each chain consists of a group of
sentences related to the same topic.

2. Using a backpropagation multi-layer perceptron neural network to find a score for
each sentence.

3. Suggesting a new type of cohesion in order to determine a tightly connected text by
creating lexical cohesion based on relating sentences instead of using traditional
lexical based on relating words to produce a cohesive summary for multi-document
as a new model. By discovering the effect of the context in obtaining the appropriate
meaning (sense) of the word found within a specific region (the sentence) to obtain
the exact meaning and to reduce the comparisons with all the words. Consequently,

generate lexical chains which provide the cohesion text feature.

1.6 Related Works

There various extraction-based techniques have been proposed for text

summarization.

1. In 2015 authors, Saleh and Kadhim in [1] focused on three issues which are
content coverage, frequency, information, and length. These issues together make
the global summary problem one of the most difficult tasks. They proposed a
multi-text summary model for extracting text based on the Genetic Algorithm
(GA) where they designed the problem as a separate optimization problem and
the specific fitness function was designed for the purpose of effectively dealing
with the proposed model. After that, a binary-encoded representation together
with a heuristic mutation and local repair operators were proposed to characterize
the adopted GA. Applied experimentally on ten topics from Document
Understanding Conference (DUC) 2002 datasets (d061j through d070f). The
proposed method was measured using the Recall-Oriented Understudy for Gisting
Evaluation (denoted by the ROUGE evaluation metrics).

11



2. In 2016 the authors Saleh and Kadhim [21] proposed two models that were then
coupled and defined as a Multi-Objective Optimization (MOQ) problem.
Heuristic perturbation and heuristic local repair operators were proposed and
injected into the adopted evolutionary algorithm. Because their proposed work
regards balancing the two significant objectives: the first, content coverage, and
the second, diversity when generating summaries from a collection of text
documents.Assessment of the proposed models was performed using document
sets supplied by Document Understanding Conference (DUC) 2002 and a
comparison is made with other state-of-the-art methods.

3. In 2018, Afsharizadeh, and et al [22] introduced a query-oriented text
summarization technique that is proposed by extracting the most informative
sentences, such that Ahuja's proposed method [23] has been improved by the
addition of several appropriate query-based features. In this search, 11 of the
finest attributes from each text are extracted. The feature set is enhanced with a
variety of other appropriate features in order to identify both informative and
query-relevant texts. The first set of features can identify informative sentences,
while the second set of relevant features can aid in the extraction of query-related
sentences. These features are related to the subject matter and headlines.
However, while Ahuja's derived features can be used for generic summarization,
they are insufficient for query-based summarization. However, they have shown
that the use of more suiTable features leads to improved summaries generated.
They used dataset (DUC)2007.

4. In 2019 Valdes, and et al. [24] proposed a new language-independent solution to
the multi-document summarization problem. The authors presented an
unsupervised extraction technique that uses a semantic graph to integrate the
processing of numerous phrase features with a fuzzy logic perspective. combines

the use of a semantic network with the processing of numerous phrase features
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using a fuzzy logic perspective.a semantic graph was employed to capture the
conceptualization and underlying semantic structure of the textual content, using
WordNet database to identify ideas and semantic links between them. The method
was tested using the MultiLing 2015 Spanish and English text collections.

. In 2019 Mallick, and et al [25] suggested a text summarization technique that uses
lexical chains and a coherence metric to choose summary phrases.The authors
concentrated on leveraging lexical chains to create a summary for a single
document. The problem was tackled in three parts: noun phrases of all the
sentences are inspected in the first phase, and some of them are chained until no
pair of sentences remains for processing. The weights of the individual chains
were totaled and sorted in descending order in the second phase.In the final stage,
the highest weighted chains were chosen iteratively until the summary length is
obtained. It is worth noting that they have used news articles from the BBC
Newsfeed.

. In 2019 Pradeepika and OM [25] suggested a new text summation approach that
seeks to locate the best combinations of sentence scoring systems and construct a
summary by improving cohesiveness, non-redundancy, and readability. there
Many meta-heuristic approaches, such as the Genetic Algorithm (GA), Harmony
Search Algorithm (HSA), Cat Swarm Optimization (CSO), and others, have been
used to discovered the best weights for scoring systems or relevant sentences for
a summary generation. However, for tuning a large number of control parameters,
these metaheuristic techniques necessitate significant computational effort.
Therefore, the authors adopted the concept of Teaching—Learning Based
Optimization (TLBO) in their research, which has a minimum number of control
parameters and produces very consistent performance. The key advantage of
TLBO is the lack of control parameters. Because TLBO only requires one random

number, the variation in output is quite modest in compared to other systems.
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7. In 2019, the authors Rezaei, and et al [26] used three distinct regression
approaches, including Linear Regression, Decision Tree Regression, and Epsilon-
Support Vector Regression (SVR), and proposed explicitly adding document
attributes in the feature vector of sentences. In addition, the researchers advocated
for the use of features that take into consideration the attributes of a document.
They called this feature document-aware, and they used the Pasokh dataset, which
contains 100 Persian news documents, each with five summaries. The authors
discovered that ROUGE ratings are always relatively high, even for a hastily
produced summary. However, they cannot learn to rank by considering dataset
sentences as an independent educational instance.

8. In 2020 Zhong, and et al [27] introduced a paradigm shift concerning the way
built neural extractive summarization systems by proposing a novel summary-
level framework and conceptualize extractive summarization as a semantic text
matching problem in which a source document and candidate summaries were
extracted from the original text matched in a semantic space. Instead of the
commonly used framework of extracting sentences individually and modeling the
relationship between sentences. The main objective should be more semantically
similar as a whole to the source document than the unqualified summaries. The
results of the experiment demonstrated the effectiveness of their method on six

benchmark datasets.

This dissertation is different from the studies above because it creates a new
developed lexical chain depending on sentences as a whole as a new idea by using
universal sentence encoder (USE), cosine similarity, and Develop clustering algorithm
proposed. Instead of using wordnet to create a lexical chain depending on words, as is
present in the rest of the articles in this field. It is also the creating of the class label and
using ROS the method in dataset DUC 2002 that is the basis of this work, as the idea is

14



not found in the section related to researchers' works. Last, reorder location sentences in

the candidate summary to form a cohesive summary. Table 1.1 displays a summary of

the studies mentioned above.

Table 1. 1 Summary of Previous Studies

No Authors Techniques Type summary Datasets
. Saleh, and el Genetic Algorithm generic Extractive summary DUC 2002
al, 2015 (GA). from multi-document
5 Kadhim, and a Multi-Objective generic Extractive summary DUC 2002
Saleh, 2016 Optimization from multi-document
Afsharizadeh, query-oriented text extracting the most Duc 2007
3 et al,2018 summarization informative sentences
technique
Valdés and et fuzzy logic Offered a new language- MultiLing
A al,2019 independent approach for the 2015
solution of the multi-
document summarization
Mallick, et text summarization Single document BBC
. al.,2019 technique by Newsfeed
constructing lexical
chains
PRADEEPIKA word2vec, extracting multi-document DUC 2006,
6 & OM,2019 TLBO metaheuristic summarization and 2007
and WordNet
Rezaei, and approaches, extracting Single-document Pasokh
7| etal, 2019 | including Linear summarization dataset
Regression,
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Decision Tree
Regression, and
Epsilon-Support
Vector Regression
(SVR)
Zhong, and et Neural network neural extractive CNN/Daily
al 2020 summarization systems Mail,
PubMed,
8 WikiHow,
XSum,
Multi-News,
and Reddit
datasets
creates a new extracting multi-document DUC 2002
lexical chain summarization
depending on
Our proposed | sentences by using
’ system USE, cosine
similarity, and
Develop clustering
algorithm proposed

1.7 Dissertation Organization
The remainder of this dissertation is arranged and organized as follows:

e Chapter Two (Background of The Fundamental Concepts) comprises two parts: the
first part gives the basic ideas about Text Mining, and Text Preprocessing. The
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second part clarifies the basic concepts of clustering, ,USE model, cosine distance,
lexical chain word, feature extraction, Multilayer Perceptron Backpropagation
Neural Networks (MLPNN) and activation functions, measure evaluation for
clustering algorithm, measure evaluation type for text summarization, and USE for
data representation.

Chapter Three (Proposed Methodology to Extract Cohesive Candidate Summary)
clarifies the architecture and workflow of the proposed model for topic
summarization. It describes this model with the basic architecture in the block
diagram, and it provides details of each part.

Chapter Four (Experimental Results and Discussions) presents the experimental
results that are conducted to test the proposed model Afterwards, it evaluates and
discusses the performance of the proposed model. Then the results of the proposed
cluster algorithm are compared with K-means and hierarchal clustering (HC) to
identify which one gives the best result. Also, display results evaluation for
candidate summary.

Chapter Five (Conclusions and Future Work) concludes the overall work presented
in this dissertation, summarizes the results and gives some research direction for

the future work.
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CHAPTER TWO

BACKGROUND OF THE FUNDAMENTAL CONCEPTS

2.1 Introduction

This chapter introduces the key concepts that serve as the foundation for understanding
the dissertation work. This chapter discusses Text Mining, Lexical Chain, Cohesion and
Lexical Cohesion, Feature Extraction, USE model, Cosine Similarity (CS), and Text
Summarization Evaluation Criteria. Then, it goes over clustering, cluster validity, and
internal clustering evaluation criteria. It also explains Multilayer Perceptron

Backpropagation Neural Networks (MLPNN) and activation functions.

2.2 Text Mining

The area of Text Mining (TM) has gotten a lot of attention in recent years because
of the massive volume of text data generated by various sources such as social
networks, patient records, health care insurance data, news outlets, and so on [28]. Text
data is an example of unstructured data, which is one of the most basic types of
information that may be generated in most settings. Humans can quickly comprehend
and perceive unstructured text, but robots have a much tougher time understanding it.
This collection of writing is, without a doubt, a great source of information and wisdom.
As a result, there is a pressing need to develop methods and algorithms for processing
this avalanche of text in a range of applications. With some exceptions, text mining
procedures are similar to classic data mining and knowledge discovery methods.
Knowledge discovery in databases (KDD) is the nontrivial process of obtaining
implicitly valid, new, and potentially helpful information from data. Data mining is the

process of extracting patterns from data using specific algorithms. While Text mining
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refers to the extraction of information and patterns that are implicit, previously
unknown, and potentially valuable in an automatic or semi-automatic manner from
Immense unstructured textual data, such as natural-language texts. The goal of KDD is
to find hidden patterns and connections in data. As a result, KDD refers to the general
process of extracting meaningful information from data, whereas data mining is a single
phase in that process. Data can be structured, such as in databases, or unstructured, such

as in a plain text file [4, 29].

2.3 Text Preprocessing

Natural Language Processing (NLP) is a branch of computer science that focuses on
automated text and language analysis. The preprocessing stage is regarded as one of the
most significant processes in text processing [30]. It contains a number of operations, the
most notable of which are word tokenization, punctuation removal, sentence tokenization,
stop word removal, and so on. It is not necessary to perform all preprocessing methods

every time, but the techniques are chosen based on the nature of the task [18].

2.4 Lexical Chain

The semantic distance between the terms is calculated using WordNet to create the
lexical chain [31] . WordNet is an online lexical database designed for use under program
control. English nouns, verbs, adjectives, and adverbs are organized into sets of synonyms,
each representing a lexicalized concept [32]. Words have lexical relationships with one

another. WordNet is used to extract these lexical relationships between words [33].

Each word must belong to exactly one chain when lexical chains are computed.
However, there are two obstacles: To begin, a word may have more than one meaning
(ambiguous word), in which case the proper sense must be identified. Another difficulty
Is that a word may be related to words in multiple chains. The lexical chain aims to find

the best way of grouping the words that will result in the longest and strongest chains.
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Among the high-performance characteristics is the lexical chain. As a result, lexical chains
can be used to identify the relevance of sentences in a text as an intermediate
representation of the lexical cohesiveness that exists across the text. Hence, this feature
makes better predictions than many of the other text features. As a result, this feature out
predicts several other text features. Even though the weight of the lexical chain feature
doesn't seem to be as high as the weights of features like sentence location and sentence
centrality, there are other ways to look at how well a text is put together. The sentence
centrality and co-occurrence link features support and strengthen the results because they

look at how well the text is put together from a different angle [31, 34].

Lexical chaining Consider word sense disambiguation as an example of "semantic
techniques,” also known as "linguistic approaches," because it attempts to create linkages
between words or phrases to provide a partial understanding of the document [35]. Morris
and Hirst were the first to put the concept of lexical chaining into practice in 1991. The
lexical chain primarily addresses the issue of word sense disambiguation (WSD). Lexical
chains are built using the same topic terms as the document. Because several words might
relate to the same subject, lexical chains provide a more accurate representation of the
subject of a conversation than word frequency. Even if these procedures do not divide

senses, they can generate concepts [17].

2.5 Cohesion and Lexical Cohesion

Cohesion is described as the connectedness of a text's exterior elements. Cohesion
happens when the interpretation of one part of the text is dependent on other elements to
the point that one element cannot be understood without the other elements. Whereas
coherence differs from cohesion, coherence can be described as the relationship between
words or phrases in a text such that it is one part of the discourse utilized to explain a fact
or event. As a result, coherence is tied to the paragraph's interrelation and interfaith order.

Cohesion (unity) and coherence are concepts used in the speech, both in paragraphs and
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entire works. The coherence and cohesion of the discourse hecome measurements of the

readability of the discourse's contents [36, 37]. To learn more about coherence, it is

classified into two categories: grammatical and lexical [36]:

1.The forms of cohesion in the grammatical aspect can be described as follows [38]:

>

Reference is the heart of the special information that has been marked to be
found again. It is in the form of referential meaning, which is the name of the
thing being talked about. There are words and phrases or other grammatical
units that show that there is a reference. In other words, they talk about the use
of pronouns for things. This is how it works: "Dr. Kenny lives in London." He's

a doctor. "He" in the second sentence refers to "Dr. Kenny" in the first one.

Substitution The placement or replacement of anything with other elements is

referred to as substitution. Substitution takes the form of specific language
elements that replace the language elements that come before or after them. In
other words, it employs an indefinite article to refer to a noun. The term "one"
corresponds to the phrase "vanilla ice cream cone™ in the example, "As soon as

John was given a vanilla ice cream cone, Mary wanted one too.".

Ellipsis The removal of an element. Imposing occurs when some crucial
structural pieces are removed and can only be retrieved by referencing a
previous part in the text. This ellipsis is cohesiveness in the form of the removal
of previously specified constituents. In other words, it implies a noun but does
not repeat it. says the statement "Do you have a pencil? 'No, I don't”, the word
"pencil” is implied but not explicitly stated in the second phrase. Lexical

cohesion is the most definite and easiest to find of these cohesion patterns.
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»  Conjunction When two or more ideas in a speech are linked together, this is

called "conjunction.” Conjunctions express certain meanings that show the

preconditions for the presence of other components in the discourse.

2.While The forms of cohesion in the lexical aspect are described as follows [36]:

= Repetition is the repetition of lingual units (sounds, syllables, words, or
sections of phrases) that are thought to be crucial to applying pressure in a
proper context.

= Synonyms are alternative names for the same item or expressions that have
similar meanings to other terms. Synonyms help to develop meaningful linkages
between particular words and other terms in a conversation.

= Collocation entails particular correlations in the use of word choices that are
frequently employed together. Collected words are terms that are often used in
a specific domain or network.

Typically, text linguistics attempts to determine the structure of a text by analyzing it
in terms of the two most significant criteria: cohesion and coherence. In a text, cohesion
refers to the use of other elements to explain or interpret an aspect within the text, as well
as giving explanations based on these elements. It is worth noting that tools of cohesion
can be described as semantic linkages between one element and another that play a
significant role in understanding the first element within the text [39].

Finally, lexical cohesiveness has been used to discriminate between significant and
irrelevant sentences in the text. This is thought to be beneficial. Lexical cohesiveness
divides the text into segments, each of which consists of a series of sentences on a given
topic. The essential subjects are included in the most relevant segments. The sentences

chosen to convey the summary are from the more relevant segments. [40].
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2.6 Feature Extraction

The extraction of features is crucial in the field of topic summarizing and is dependent
on the goal of the text summary. The purpose of feature extraction is to find the features
In each sentence. As a result, the important sentences from numerous documents can be
identified and chosen to construct the candidate's summary. This section will clarify the
implementation procedures for some of the features used in this dissertation. The

following are some of the features:

1. Centrality: This feature falls under the category of informative score features. The
sentence’s centrality implies that it is similar to other sentences. A document (or a
collection of documents) is represented as a matrix, with nodes representing sentences
and links connecting them weighted according to their similarity. The centrality of a
node can be determined by computing its degree or by running a ranking algorithm.
After calculating the centrality score for each sentence, the sentences are sorted in
reverse (i.e. descending) order, with the highest-ranking ones included in the
summary. If a sentence has a greater centrality degree, it is the best contender for

inclusion in the summary, and its score is calculated as follows in equation 2.1 [41]:

Centrality(S;) = XL CosSIM(S;, Sip_j))--vvveeernvnnn 2.1

Where S; represent sentence and CosSim is mean cosine similarity distance.

2.Proper noun (Number noun word feature (NNWF)): This characteristic is
categorized as a readability feature; sentences with the most noun words are considered
to be significant and are more likely to be included in the candidate summary.
Generally, noun terms refer to individuals, actions, cities, and objects. The proper noun
is calculated as equation 2. 2 by dividing the total number of noun terms in the sentence
by the sentence length [23]:
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Y noun words (S;) 2 9

NNWF ==—————————— ..............
len (S;)

Where S; represent sentence.

3.Sentence Position Feature (SPF): In general, the first and last sentences in a text are
considered the most important [23], but in the study, the golden summary existence in
the dataset used in this dissertation found that there were also important sentences in
the middle of the text. This is what is referred to as the Sentence Position Feature (SPF)
in the informative score features. Equation 2. 3 was used to calculate this characteristic
[42].

SPF = Max (7, =) oo 2.3

Where i is the index sentence, and N is the number of sentences in the document.
In this dissertation, this feature is used to extract the important sentence position from
each document even if it is in the middle of the text as mentioned above. Because this

work deals with multiple documents.

4. Sentence Length Feature (SLF): This feature is categorized as a readability feature
because of the length of the sentences it contains. It is critical to assign importance to
a sentence based on the length of the sentence to the rest of the phrase since big
sentences include more information than short sentences. This feature is computed by
dividing the length of each sentence in the document by the length of the longest

sentence in the same document as equation 2. 4 [23].

Length(Sy)
The Longest Sentence In The Document

This work has taken advantage of this feature to calculate the length of the sentence so

SLF(S) = ———e0) 2.4

that the sentence that achieved a higher score is considered a long sentence.
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5. Headline Feature (HF): This feature is classified within readability features, the
similarity of each sentence in the document with the title of the document is calculated
as semantically using cosine similarity. The sentences that achieve a high degree in
this characteristic mean that they contain special important words related to the

concept of texts. This feature can be calculated through equation 2. 5 [42]:

Z?:O Si xH
J2?=0(si)2x J2?=0(H)2

Where H represents the Headline sentence in the document and S; represents each

sentence in the document.

6.Sentence Numerical Feature (SNF): This feature is classified within informative
score features. It searches for sentences that contain numbers and gives weight to that
sentence based on equation 2. 6 [23]:
CNW(S;))

SNF(SI) = len(sp) T 2.6

Where CNW(S;) implies count numerical words existence in a sentence S;, and Len(S;)

Is represent sentence length.

7. Positive Feature (PF): This feature is classified within informative score features. It
works to find the positive words in each sentence and give weight to them. Usually,
these words are like “defined as”, “called”,”significant”, “means”, “important”

increasing sentence importance more often. Can be calculated by equation 2.7 [42]:

cPw

Ton(sy) e 2.7

PF(S;) =

Where CPW represents the count of positive words existing in a sentence S;.
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8. Negative Feature (NF): This feature is classified within informative score features. It

works to find the negative words in each sentence and give weight to them. Usually,

29 2

these words are like “not”, ”but”,” unless”, “although™,” however” less sentence
importance more often. Can be calculated by equation 2.8 [42] :

CN

NF(S) = s oo 2.8

Where CN represents the count of negative words existing in a sentence S;, and len(S;)

represents sentence length.

2.7 Universal Sentence Encoder (USE) Model

Typically, sentence embeddings (which are commonly constructed on top of word
embeddings), and encoding grammatical structures that are not present in the task-specific
training data can be employed to further boost generalization capabilities. As an outcome,
high-quality universal sentence representations are extremely desirable for a wide range
of downstream NLP applications. These representations, or embeddings, differ in that they
are not always trained to perform well on a single task. Additionally, their ability to
acquire data that may be used in any type of system or pipeline, on a wide range of tasks
[43]. one of the models used for sentence embeddings is the Universal Sentence Encoder
(USE) produced [44]. These models used pre-trained sentence embedding which
explained that it robust transfer task performance rather than models which used pre-
trained word embedding like the word 2 vector model which was produced by [45], and
the Glove model which was produced by [46]. Because word embeddings are especially
effective in cases where there is limited training data, leading to sparsity and poor
vocabulary coverage, which in turn lead to poor generalization capabilities [43, 47]. This
dissertation used a Universal Sentence Encoder (USE) model for constructing sentence

embeddings.
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in 2018, Daniel Cer, and et al produced the USE model. They discovered that transfer
learning with sentence embeddings outperforms word-level transfer. Furthermore, for a
transfer task, they reported very strong performance with small quantities of supervised
training data using transfer learning via sentence embeddings. Thus, USE model showed
good transfer to a variety of different NLP tasks in sentence embedding. This model
includes two models proposed based on trade-offs in accuracy against inference speed.
The first is the transformer encoder model which builds sentence embeddings using the
transformer architecture's encoding sub-graph. This sub-graph employs attention to
calculate context-aware representations of words in a sentence that accounts for both the
ordering and identity of all other words. The transformer encoder has better accuracy on
downstream tasks but higher memory and computes resource usage due to complex
architecture. The Second encoding strategy employs a Deep Averaging Network (DAN)
model, which averages input embeddings for words and bi-grams before passing them
through a feedforward Deep Neural Network (DNN) to produce sentence embeddings.

The DAN encoder, like the transformer encoder, takes a lower-cased tokenized string as
input and generates a 512-dimensional sentence embedding [44]. The Deep Averaging

Network (DAN) encoder will be discussed in detail because this architecture has been

used in this work.
e Deep Averaging Network (DAN) encoder

This encoder is based on the architecture proposed by lyyer, and et al. [48]. The authors
lyyer, and et al. summarized how the deep averaging network (DAN) works in three

simple steps:

Stepl: Compute the vector average of the embeddings associated with tokens sequence

input.

Step2: Take the average and run it through one or more feedforward layers.
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Step3: Apply (linear) classification on the representation of the final layer.

Usually, Deep feed-forward neural networks are designed with the idea that each layer
learns a more abstract representation of the input than the preceding one [49]. DAN
applied on Neural Bag-of-Words (NBOW) model. The NBOW simplicity, consider text
classification: convert an input sequence of tokens X to one of k labels as equation 2. 9

proposed by [48]:
z=gwEeX) =ﬁ2wewi ...... 2.9

Where z is the vector representation for input text X, by averaging the word vectors
Vwex »g represents composition function, v,, represents a sequence of word embeddings,
X represents an input sequence of tokens. Feeding z to a softmax layer induces

estimated probabilities for each output label as Equation 2. 10 [48]:
y=softmax(W, Xz+Db).............. 2.10

where W is k X d matrix for a dataset with k output labels, and b is a bias term, and
Softmax activation function as equation 2. 11 [50]

exp (q) 711

Softmax (q) = Yk_iexp ()

They abled further transform z by adding more layers before applying the softmax. The
authors have supposed to have n layers, z1 ....n. They computed each layer as equation
2.12 [48].

Zi = g(zi—l) = f(Wl X Zi_1 + bl) ....... 2.12

In the beginning, DAN works embeddings for words, and bi-grams present in a sentence
are averaged together. Then, they are passed through a n-layer feed-forward deep DNN to
get 512-dimensional sentence embedding as output. The embeddings for word and bi-

grams are learned during training as showed the DAN layout in Figure 2.1 by sentencel
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“Predator is a masterpiece” [48, 44]. The sentence2 “Hello world” is example explain
work DAN as Figure 2.2 [51].

softmax

LI 1 [ 1 Jhe=f(Wz-hs+bo)

L] || | | hy = f(W;-av+by)

/7\—]
o N O O O |

Predator is a masterpiece
Cq Co Ca Cyq

av =7 %
i=1

Figure 2. 1 Layout DAN which Applied on Sentencel [48]

[T 11 512-dim embedding

Final layer

Hidden layer 3

Hidden layer 2

Hidden layer 1
[T11

average

LCITT1 LCITT1 LCITT1
hello world hello world

Deep Averaging Network
Figure 2. 2: Layout DAN which Applied on Sentence 2 [51]
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2.8 Cosine Similarity (CS) Metric

Many metrics, such as the Euclidean distance-based metric, Cosine, Jaccard, Dice, and
Jensen-Shannon Divergence-based metric, have been presented in recent years to cope
with various types of information retrieval and natural language processing difficulties.
One of the most commonly used metrics is the angle among two vectors, which is the
cosine because cosine similarity is used in high dimensional spaces [52] . The
multiplication of two normalized vectors is used to calculate it. The cosine similarity

between two N dimension vectors V and C is determined using equation 2. 13 [53]:

YizoVi X €
\/Z?=0 Vi x \/Z?=0 c;
Note, this dissertation has been used N dimension which represent 512 the fixed length

Cosine Distance(V,C) =

dimension because sentences have been converted into embedding vectors by using
Universal Sentence Encoder (USE) model.

Cosine similarity is a metric that is often used to execute tasks such as information
retrieval and data mining, particularly in high-dimensional positive spaces. Unlike the
Euclidean distance, which is sensitive to even minor deformations, cosine similarity is
more concerned with directions [54]. Cosine similarity is the most common inner product
family measure of the degree of similarity between two vectors. It can be used to represent
the degree of similarity between two sentences within the context of text classification
[55].

2.9 Evaluation Criteria for Text Summarization

The evaluation of the performance of all summarizing jobs is a difficult problem in and
of itself. Recall — Oriented Understudy for Gisting Evaluation (ROUGE) is the most
often utilized evaluation technique nowadays [56]. It provides measurements for

automatically judging the quality of summaries by contrasting them with ideal human-
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created summaries (such as the count of overlapping n-grams or word sequences).
However, because these measurements do not include the meaning of words, synonyms,
for example, are not considered equal. Because automatic summarizing is evaluated by
comparing the system summary to a human-made one [57]. ROUGE scoring expects
system summaries to recover the contents of reference summaries exactly. ROUGE scores

stay low unless the system summary is fully similar to the reference summary [58].

ROUGE is a recall-based quantitative analysis metric. It computes the number of
overlapping n-grams between the computer-generated summary and the reference
summaries written by humans. Previous research has found that ROUGE scores are highly
linked with human judgments of summary quality. There are many variants of the
ROUGE metric, for example, 1) The bigram overlap between the candidate computer-
generated summary and the reference summaries is measured by ROUGE-2. 2) ROUGE-
N calculates the n-gram overlap, which includes ROUGE-1. 3) For contrast, ROUGE-L
measures the overlap in the Longest Common Subsequence. 4) ROUGE-S calculates
over-laps in skip-bigrams or bigrams with arbitrary gaps. 5) ROUGE-SU4 compares skip-
bigrams to unigrams. Some researchers have used human evaluation along with the
ROUGE Score to find the overall quality of the summary [59] [60]. The Rouge scale
degree might be useful in covering. However, it is ineffective for determining coherence
and other aspects such as non-redundancy because these metrics only compute the
repeatability of N-grams. [59]. Can compute the Precision, Recall, and F-measure for any

of these metrics in the following [61]:

A. ROUGE recall refers that how many words of the candidate summary are
extracted from the reference summary. The equation 2. 14 is used to calculate

recall:

number of the overlaping words

Recall =———F"——-—"—"—-— ... 2.9

Total words in golden summary
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B. ROUGE precision refers to how many candidate summary words are relevant.

The equation 2. 15 is used to calculate precision:

number of overlaping words
f pingwords ... 2.10

Precision = . -
Total words in candidate summary

C. F-measure provides the complete information that recall and precision provide
separately. equation 2. 16 to calculate F-measure:

(1+B2) R xP

RipixE 2.11

F — measure =

Where =1, R represents recall, and P represents precision.

2.10 Clustering

Clustering is a typical approach for detecting and analyzing structure in data. In other
terms, it is the process of generating groupings (clusters) of similar patterns from a given
collection of input data. Clustering is being used in numerous disciplines, including web
mining and text mining, business and marketing, machine learning, pattern recognition,
image analysis and segmentation, information retrieval, and bioinformatics [62].
Clustering is an unsupervised aggregation approach. This technique has a wide range of
applications in domains such as medicine, business, imaging, marketing, image
segmentation, chemistry, robotics, and climatology. It is a branch of data mining
technology that is particularly efficient in selecting useful information from a dataset [63].

Cluster analysis methods are classified as statistics and informatics. One of the cluster
constraints is that two items from the very same cluster are more similar than two objects
from different clusters, and the partitioning procedure should achieve two crucial

characteristics. The first characteristic is cluster homogeneity (data belonging to the same
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cluster should be similar). The second characteristic is cluster heterogeneity (data from
two or more different clusters should be dissimilar) [64, 65].

Most clustering methods involve, implicitly or explicitly, a similarity metric among
patterns, the selection of which is challenging if no prior knowledge about cluster forms
or structure is available. The Euclidean distance is the most commonly used pairwise
distance between patterns in most clustering techniques. However, numerous additional
measurements, such as the Mahalanobis distance, can be utilized [66].

There are two main categories of clustering methods including partitional [67, 68,
69],Hierarchical clustering [67, 68, 69] , Grid-based methods [68], and Density-based
methods [68, 69] . The following subsections explain these clustering methods in some

details.

2.10.1 Partitional Clustering

Partitional clustering algorithms aim to partition the input data into a fixed number of
clusters [70]. The partitional methods seek a partition that improves a sufficiency criterion
function locally. Typically, the user must specify the number of clusters ahead of time.
Selection a right number of clusters in a model considered as a problem itself, which is
frequently non-trivial, especially for real-world datasets [66].

Partitional clustering algorithms have two primary drawbacks. In the beginning, the
quality of data clusters cannot be guaranteed because partitional clustering relies
significantly on predetermined criteria, such as the number of clusters. Second, partitional
methodologies discover all clusters as a partition of the data at the same time and do not
impose a hierarchical structure [71].

There are two types of partitional clustering: hard clustering and fuzzy [72]. Hard
clustering produces a division where each item in the dataset is assigned to a single cluster.
The well-known k-means algorithm is a member of the partitional clustering algorithm

family [70]. This algorithm is starting with a random set of centroids, then assigns each
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item to the centroid closest to it. Then, for each group, a new central point is determined
depending on its members, and pattern assignments to their closest centroids are altered
as needed. The algorithm completes when no pattern reassignments are required or after
a predetermined amount of time has passed [62]. Clusters, on the other hand, can overlap
in numerous real-world problems, resulting in many things having features from multiple
clusters [73]. Fuzzy clustering generates a fuzzy division that indicates the membership
degree to which each pattern belongs to the specified cluster. Due to the fact that fuzzy
clustering is more natural than hard clustering, items on the boundaries of many clusters
are not required to fully belong to one of the clusters; rather, they are awarded membership
degrees ranging from 0 to 1 to indicate their partial connections [70]. The Fuzzy C-Means
(FCM) clustering technique is one of the fuzzy clustering methods that are available. The
standard FCM clustering algorithm is a non-hierarchical clustering method. Its goal is to
provide a fuzzy partition of a set of patterns in ¢ clusters and a corresponding set of
prototypes in such a way that a criterion measuring the fitting between the clusters and

their prototypes is locally minimized [74].

2.10.2 Hierarchical Clustering (HC)

A set of patterns is sorted into hierarchical clusters and shown as a tree called a
dendrogram. A dendrogram is a tree with each node representing the integration of two or
more partitions [62]. As a result, it may categorize and divide a dataset into numerous
levels using distance or density functions. BIRCH (balanced iterative reduction and
clustering utilizing hierarchies) [75] is an example of a clustering technique that builds
clusters rapidly and effectively using a tree structure. Chameleon finds data clusters by
evaluating data similarities and grouping them together. Clustering using Representatives
(CURE) [76] is a technique that can be used to find non-spherical cluster structures in a
large database [68].
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The qualities of hierarchical representation are advantageous for the viewing and
interpretation of clustering findings. The hierarchical clustering technique groups items
using a nested sequence of partitions via an agglomerative (bottom-up) or divisive (top-
down) strategy [77].

In agglomerative clustering, each unique pattern is first assigned to a cluster that
contains only that pattern. Then, the two clusters that really are nearest to each other are
integrated into a new group, and so on until one gets a cluster that contains all of the
patterns. [62, 77].

Divisive clustering typically works in the opposite direction. It starts with a single
cluster containing all of the patterns and divides them until a stopping requirement is
fulfilled (usually upon obtaining a partition of singleton clusters) [70].

Hierarchical clustering has two major advantages. To begin, the number of clusters does
not need to be stated in advance. Second, they are unaffected by the beginning conditions.
The main disadvantage of hierarchical methods is that they are static, which means that
data points allocated to one cluster cannot be moved to another. Furthermore, because to
a lack of knowledge regarding the global structure or size of the clusters, they may fail to
distinguish overlapped clusters [78]. Additionally, HC faces a fundamental difficulty in
data analysis, where provided data points and their pairwise similarities are represented
as a tree, with leaves representing data points and internal nodes representing clusters.
Despite the availability of HC algorithms. But the HC theory is regarded as undeveloped
due to the lack of a "global" purpose [79].

2.10.3 Density-based methods
Density-based clustering (DBCL) is based on the idea of determining a region's density.

The goal of DBCL is to discover clusters with appropriate noise filtering at various levels
of granularity. The DBCL's density idea allows for the separation of compact regions in

the data space from noise. Clusters are detected in DBCL as places with a higher density
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than the rest of the data space These methods are designed to find clusters of densities that
are reasonably uniform across the data space [69]. DBCL have the ability to discover
different shapes of clusters. For example, Density Based Spatial Clustering of
Applications with Noise (DBSCAN) [80]. DBSCAN aid in the detection of arbitrary-
shaped clusters. DBSCAN is sensitive to input parameters, however, ordering points to
identify the clustering structure (OPTICS) [81].

As a result, density-based approaches can be used to uncover distinct cluster shapes.
For example, density-based spatial clustering of applications with noise (DBSCAN) is a
well-known algorithm for identifying the arbitrary shape of clusters, and many individuals
have offered improved approaches to overcome any shortcomings and increase efficiency.
The input parameters of DBSCAN are very important. However, using ordering points to
determine the clustering structure (OPTICS) may be able to avoid this problem which
from impacting the clustering results. It, on the other hand, is unable to obtain reliable
cluster results. Density-based clustering (DBCL) is a method that uses a kernel density

estimation model to identify the high density of clusters of any shape [68].

2.10.4 Grid-based methods
Grid-based approaches create the dataset is stored using a grid layout, with each grid

acting as the fundamental unit of a cluster. Grid-based clustering is especially useful when
dealing with large datasets [82]. The main idea is to create a spatial summary of the data
by covering the data space with a grid. Each non-empty cell of the grid is weighted by the
number of original data points it contains, as shown in Figure 2.3 Clustering is

accomplished by combining adjacent dense cells to form clusters [83].
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Figure 2. 3 Summaries of Datasets. Left A Regular Rectangular Grid. Right An Adaptive
Hypercubic Grid.

The grid-based clustering method thereby divides the data space into fragmented grid
cells, with clustering focused on the space surrounding the data points rather than the data
points themselves. When seeking to locate clusters of observations that may be displayed
using grids, it is crucial to understand how near or far apart the observations are from one
another. The distance between individual observations or clusters of observations may be
understood in the Euclidean sense or in an analogous manner. Directly calculating
proximity by examining each individual data point, or indirectly by selecting a
representative point within a grid cell, is possible. The distance average has always been
employed and regarded as an exact quantitative measure of the proximity of observational
groups [84].

Usually, Grid-based approaches are comparable to density-based clustering, except
instead of individual points, local densities and neighborhood interactions occur between

cells [83] . Furthermore, computing grid distances using the distance average is time-
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consuming and expensive, and thus cannot be used to fully exploit the benefits of grid-

based clustering [84] .

2.11 Cluster validity
Clustering validity is an important criterion for assessing the clustering's quality. As a

result, cluster validation is required to verify the goodness of clustering following
partition. Many statistical and numerical measurements attempt to determine how
effective the clustering algorithms and starting parameters were for the dataset in question.
The cluster validity index is a numerical measure that can be used to represent these
measures. Internal, external, and relative criteria are the three types of cluster validity
indexes [85, 86]. Internal criteria assess the quality of clusters for data by extracting
information from data and clusters alone, such as compactness of data points within a
cluster and cluster separation, and include several measures such as the Davies Bouldin
Index (DBI), Dunn Index, Silhouette Coefficient, the sum of squared error, scatter criteria,
trace criteria, and determinant criteria. External criteria, on the other hand, assess results
based on a preset structure for data that is provided in the form of labeling in addition to
clustered data. The major goal of this method is to find a statistical measure for the
similarity or dissimilarity between generated clusters and labels [87], which includes
measures like Variation of Information, Jaccard Coefficient, and Fowlkes-Mallows
Measure. Finally, relative criteria are used to compare two clustering algorithms with the
same data and differing beginning parameters such as the number of clusters. While most
approaches utilize internal indices to evaluate relative, other research employs external
criteria [85].

This section will go over one of the internal criteria, the Davies Bouldin Index (DBI), in
detail because it was used to assess the quality of the clustering algorithms employed in

this dissertation.
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2.11.1 DBI clustering evaluation
The Davies Bouldin Index (DBI) is used to analyze linkages between clusters and to

evaluate correlation content within each cluster. Finally, it assigns a grade. This score is
good whenever it has a positive and low number. This implies that this strategy is strong.
The DBI adds a scattering measure SC; to measure scattering inside the same cluster and
maximizes the scattering measure to cluster center isolation ratio. Let C. deliver the DBI
for several clusters. As a result, the DBI takes into account the average case of each cluster
by using the mean of each cluster. the equation for scattering measure can be written as
equation 2. 17, the equation for measure of how good the clustering scheme can be written

as equation 2. 18,and the equation for DBI can be written as equation 2. 19 [88, 63].

1
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Where SC; represents scattering measure, A; represents the size of cluster i, x; be an n-

dimensional feature vector allocated to the cluster, v; represents the centroid of the
cluster, R; represents a measure of how good the clustering scheme; and C represents a

number cluster.

2.12 Overview of Random Oversampling (ROS) method
The classification problem for imbalanced datasets has been a prominent research

subject in recent years. Unbalanced data is one of the top ten most difficult problems in
data mining research. As a result, the classification challenge for imbalanced datasets is
prevalent in many data mining disciplines. Almost all algorithms suffer from the problem

of an imbalanced dataset, in which some classes have more occurrences than others,
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causing biases in classification and poor generalization performance. Real-world
applications include fraud detection, bioinformatics, text classification, the medical
profession, and so on. The minority is the most intriguing in these applications, and
identifying it is critical. This necessitates a fairly high detection rate for the minority class
while allowing for a small error rate in the majority class because the cost of
misclassifying a majority instance might be quite low. The issue of class disparity is
critical. It has the potential to significantly reduce the performance achievable by typical
learning methods that presume a balanced class distribution [89].

ROS is the simplest technique to balance the imbalanced nature of the dataset. It is an
effective way to solve this problem at the data processing level so that it balances the data
by replicating the minority class samples. This does not cause any loss of information, but
the dataset is prone to overfitting as the same information is copied which reduces the

classification performance of the model on invisible data [90].

2.13 Artificial Neural Network (ANN)

It is one of the most extensively used modeling tools in reservoir characterization, and
it is known as the Artificial Neural Network (ANN). ANN has the strength of getting a
better modeling capability by combining with other soft computing techniques. When
used with other soft computing techniques (called hybrid models) like fuzzy logic, genetic
algorithm, the limitations of ANN like overfitting, parameter selection, can be overcome
[91].

2.13.1 The Structure ANN

An Artificial Neural Network (ANN) is a collection of highly interconnected
processing components known as neurons, which are analogous to biological neurons. It
has been used to construct intelligent systems for prediction, function approximation,

pattern recognition, feature learning, optimization, and control, among other things. A
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multilayer perceptron (MLP), often known as a Feed-Forward Neural Network (FFNN),
Is the most fundamental and simplest artificial neural network model. Each neuron
represents a mapping, especially with multiple inputs and a single output. The output of
the neuron is a function of the sum of its inputs. The function used in the output of a
neuron is called an activation function. The single output of the neuron can be applied as
an input to some other neurons, and therefore the symbol for a single neuron shows the
number of arrows coming from the neuron. Signals that are sent from input to output are
weighted sums indicating the direct relationship between the two layers. The addition of
layers between input and output makes the neural network contains many layers called
Multi-Layer Perceptron (MLP) [92]. The MLP's nodes are linked in such a way that
information can only flow forward. Each succeeding layer receives input from the
preceding layer, and the process is repeated. In particular, the activation function of the
hidden layer is in charge of the nonlinear transformation of the input characteristics into
a feature that is easier to represent and more important for choosing the destination. The
sigmoid function is the most often encountered activation function. As depicted in Figure

2.4, the architecture of the multilayer perceptron can be seen [93].

Input Layer Hidden Layer Output Layer

Figure 2. 4 Multilayer Perceptron Architecture X=[X1, X2] Is The Input Vector, Y=[Y41, Y2] Is
The Output Vector, And W=[W®, W] Is The Vector Of Weight Matrices For Layer 1 And
Layer 2 [93].
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Any ANN platform’s utility is dependent on its capacity to train the network utilizing
methods such as error backpropagation, which is a critical need for utility. A large amount
of computing time and resources are required for such training, and it is normally ideal
for error backpropagation to be performed on the same platform as the training process
[94]. It is possible to circumvent the constraints of ANN, such as overfitting and
parameter selection. Because of its capacity to simulate complex nonlinear functions,
artificial neural networks are a widely popular machine learning technique. neural
network with one hidden layer is adequate for approximating any continuous function
with an adequate number of hidden neurons and any nonlinear function with an adequate
number of hidden neurons. However, when dealing with complicated issues such as time
series, computer vision, and speech recognition, increasing the number of hidden layers

may be beneficial in terms of modeling capabilities and efficiency [94, 93].

2.13.2 Backpropagation algorithm
The backpropagation algorithm, which was first presented in the 1970s, is the most

extensively used ANN learned skill. The algorithm gained popularity after 1986, and for
the first time, the perceptron learning technique could be used for multilayer perceptron’s.
The overall training procedure for ANNs employing backpropagation is separated into
two phases: forward propagation and backward propagation. In forwarding propagation,
data is transmitted to the output layer via hidden layers coupled by random weights. The
model's anticipated output at the end of the forward pass may differ from the desired
output. The network's weights are modified to get the projected output as near to the
intended output as possible. The weight is adjusted during the backward propagation step.
The derivative of the mistake (the difference between the intended and projected output)
Is calculated and propagated backward in backward propagation. This is referred to as

"backpropagation via gradient descent" in technical terms. The error derivative is used to
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change the weights so that the output error is as small as possible. The backpropagation

algorithm in its entirety can be summarized as follows [93]:

1- Initialize the weights of the network to small random weights.

2- Present an input vector from the training dataset to the network.

3- Propagate the input to generate the output which is called the Feed Forward phase
of the input.

4- Calculate the error by comparing the estimated output of the network with the
desired output.

5- Propagate the error backward through the network which is called
backpropagation of error.

6- Adjust the weight in such a way that it minimizes the error.

7- Repeat the above steps 2-6 until the error doesn’t improve anymore.

The following are some of the benefits of backpropagation: 1) Backpropagation is a
fast, basic, and straightforward technique that is simple to program. 2) Aside from the
number of inputs, there are no parameters to tweak in this model. In addition, because it
does not require prior knowledge of the network, it is a flexible method. 4) It is a standard
method that, in most cases, is effective. 5) It is not necessary to provide any specific

description of the characteristics of the job to be learned [95].

2.13.3 Activation Functions
The Activation Function (AF) is critical in the training of neural networks. They

provide the model with the necessary non-linearity to learn complex representations.
Piecewise linear functions and locally quadratic functions are the two basic types of
activation functions. A piecewise linear function is made up of a small number of linear
segments that are defined over an equal number of intervals, which are usually of the same
size. A piecewise linear function can be used to represent the Rectified Linear Unit
(ReLU) variation. The absence of curvature in every interval indicated by the breakpoint

Is a distinguishing feature of these sorts of activation functions. While a locally quadratic
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function is a non-linear smooth activation function with a nonzero second derivative. the

Sigmoid, Hyperbolic Tangent, Rectified Linear Unit (ReLU), Parametric Leaky Version

of a Rectified Linear Unit (PRelu), Exponential Linear Unit (ELU), Scaled Exponential

Linear Unit (SELU), Mish, and softmax are some examples of activation functions [96]

[97].

The sigmoid activation function, which is used in this dissertation, will be explained in-

depth in the following.

e Sigmoid Activation Function

The step activation function's fundamental flaw is that it is non-differentiable. As a
result, it can't be utilized to calculate backpropagation neural network error
coefficients. Instead, the Sigmoid Activation Function (SAF) is used. [51]. The
Sigmoid is a nonlinear AF that is mostly utilized in feedforward neural networks. It's
a bounded differentiable real function with positive derivatives everywhere and
considerable smoothness, defined for real input values. In deep learning (DL)
architectures, the sigmoid function appears in the output layers. They've been utilized
successfully in binary classification challenges, modeling logistic regression tasks,
and other neural network areas for forecasting probability-based output. It has a
smooth derivative and is non-linear by nature, as seen in Figure 2.5. The Sigmoid
activation function is also known as the logistic function or the squashing function
in some publications. The Sigmoid function study resulted in three sigmoid AF
versions that are used in DL applications. Equation 2. 20 can be used to compute the

Sigmoid activation function [95] [98].

sigmoid = f(x) = T 2.13

The output landscape of the sigmoid function is shown in Figure 2.5,
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Figure 2. 5 Output Sigmoid Activation Function

The sigmoid functions have the advantage of being simple to grasp and are
commonly utilized in shallow networks. Sharp damp gradients during
backpropagation from deeper hidden layers to the input layers, gradient saturation,
sluggish convergence, and non-zero-centered output are all important shortcomings
of the Sigmoid AF, causing gradient updates to propagate in various directions. The
Sigmoid and SoftMax AF differ primarily in that the Sigmoid is used for binary

classification while the SoftMax is utilized for multivariate classification [98].
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CHAPTER THREE

PROPOSED METHODOLOGY TO EXTRACT COHESIVE
CANDIDATE SUMMARY

3.1 Introduction
This chapter presents the design of the proposed topic summarization system. This

system can distinguish and extract salient important sentences of different sizes to form a
cohesive candidate summary that fits with the golden summary. This chapter also provides
three suggestions, the first one is a new clustering algorithm to collect unlabeled data, and
the second creating a lexical chain based on sentences as a new idea different from the
traditional lexical chain. This suggestion was achieved through the use of the proposed
clustering algorithm in this dissertation too, and the third presents a new group
combination of features extraction. All these suggestions are considered one of the

important and necessary stages in the proposed system.

The proposed system comprises several stages that aim to extract a cohesive candidate
summary starting from preprocessing techniques, embedding vector techniques, text
clustering techniques, feature extraction, and sentences reduction techniques. In addition,
this system has able of sorting candidate sentences based on time events. Therefore, this

chapter aims to introduce innovative methods for the proposed system.

3.2 The Proposed System Layout
This section talks about the general layout of the proposed topic summarization

system. The Proposed System combines two concepts clustering and classification can be
coined (Semi clustering unsupervised system based on extractive topic

summarization). It consists of several stages as stated in Figure 3.1 and each stage has
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role affective contributed in generate a cohesive candidate summary. Each stage of this

system will be explained in the next sections.

DataSet

<

Preprocessing Stage

Sentence Tokenization

Punctuation Removal |—| Word Tokenization

White Space removal

v

Part Of Speech (POS) |g— | StopWord removal

'

Clustering Stage

Create Lexical Chain
sentences

Data Representation by USE proposed Developed
model clustering algorithm

Compute Cosine
Similiraty

v

Features Extraction Stage

Candidate Cohesive Summary Stage

Sentences Reduction

|
Filtering Sentences Candidate 1 Senenss g

""" > Reordering Salient Sentences Candidate

Centrality Sentence Length
Sentence Numerical Sentence Position
ProperNoun Title
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A\ 4

A

Classification Stage
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Random over Sampling
(ROS)

.

Multi-layer-Perceptron

Evaluation Candidate Summary
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Figure 3. 1 Summarization System Proposed Layout in General
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3.3 Data Set
For example, in this dissertation used two datasets. The first named Document

Understanding Conferences (DUC) 2002 special for text summarization, and it has 59
topics [99]. The DUC 2002 dataset is briefly described in Table 3.1. Each topic is
comprised of a collection of documents (articles) T; = {d,,d;, d;, .....,d,}, and each
document d; is comprised of a collection of sentences d; = {S;, S, Sk, ..., S, }. Table 3.1
show describe for this dataset. Another dataset collected by picked news articles on certain
topics from various news agencies over the internet, and extracted the golden summary
for each topic using QuillBot software to ensure the efficiency of this system's

performance. this dataset will be explained details in section 4.2.4.

In this work, all of these documents' sentences have been merged into a single file D*.

For the sake of simplification.

Table 3. 1 Description Dataset DUC 2002

Description DUC 2002 dataset
Number of topics 59 (d061j through d120i)
Number of documents in each topic ~10
Total number of documents 567
Golden Summary length 200 and 400 words

3.4 Preprocessing Stage
Preprocessing is considered one of the main important steps in text processing in

natural language preprocessing (NLP). This stage includes a set of procedures are: word
tokenization, Punction removal, sentences tokenization, removal of stop words, part of
speech (POS), and white space removal. Algorithm 3.1 explains the six procedures above
and how applying them in this stage details. The main steps of this stage are described

listed as follows:
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1. Input multi documents for a certain topic taken from dataset and read their text.

2. At the beginning insert text completely and convert it into lower case words
characters by using Lower Case Letters technique (LCLT) to avoid the variance
between the words upper case and lower case that affects negatively on results
preprocessing procedures later, also benefits for fast reading, and make all the
sentences in one format.

3. Using Sentence Tokenization Technique (STT) to break text into sentences to
benefited in clustering stage for encoded it by USE model which explained in
section 2.7. later is segmented each sentence into words by using Word
Tokenization Technique (WTT) for the purpose of completing the requirements
calculation the features extraction stage utilized in this work.

4. Using the WhiteSpace Removal Technique (WSRT) to delete extra whitespace
(double space) for each sentence by inserting all sentences produced by STT to
make all sentences in a file have the same space between words. This step works to
prepare the sentences in a manner appropriate to enter the clustering phase because
the clustering phase depends on the first two steps, which end in this step. In
addition, it is considered an important step for the rest of the preprocessing
procedures that contribute to the extraction of features more accurately. These
procedures will be explained in the next steps.

5. Deleting the punctuation existing in the sentences produced from WSRT because it
is insignificant information, by using the Punctuation Removal Technique (PRT)
is beneficial in improving task performance.

6. The Word Tokenization Technique (WTT) is used to break down each sentence
from PRT into words so that the rest of the preprocessing steps can meet the needs
of the feature extraction stage.

7. The Stopword Removal technique (SWRT) is removing all words irrelevant

produced from WTT such as “a,” “an,” and “the.” Less intuitively, commonly used
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negation terms, such as “no” and “not,”, etc are also generally considered stop
words.

8. The final step is to extract part of speech (POS) for each word in a sentence
depend on SWRT results, like numeric words, noun words, Verb words, Adj words,
etc. In this work benefit of POS is to identifying numeric words count in the
sentence to be computed in the numeric feature, and noun words count in the
sentence to be computed in the pronoun feature. These features will be explained
in section (3.2.4).

Note that the cluster stage in the proposed system depends on the first three steps of
the preprocessing techniques only. While the feature extraction stage made use of all
preprocessing techniques to meet its requirements. In general, the fundamental
background for the preprocessing procedures was discussed in detail in chapter two, in
section (2.3).

Algorithm 3. 1: Preprocessing Stage.

Input: Population Size N \\ N set of text taken from multi documents to the same topic.
Output: SWRT\\ sentences without Stopword , POST \\ part of speech for each word.
Begin
1. LCLT « &( lower case(N));\\ & represent function, convert capital into small latter.

\\ The implementation of the procedure the lower case function

return N.lower() \\ final result which will save in LCLT

2. STT « §(Sentence Tokenization (LCLT)); \\ § represent function, STT array of sentences.

\\ The implementation of the procedure the Sentence Tokenization function

return sent_tokenize(LCLT) \\ final result which will save in STT
3. WSRT « S(Extra space removal(STT )); \\ WSRT saving the results of the function,
deleting extra whitespaces from each sentence.

4. PRT < &( punctuation removal(WSRT ));\\ PRT saving the results of the function

S. WTT;j « 5( Word Tokenization(PRT ));\\ WTT array two-dimension saving results.
\\ The implementation of the procedure the Word Tokenization function
\\ Segment each sentence in WST; into words
5.1 return sent_tokenize(LCLT) \\ final result which will save in WTT
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6. SWRT « § ( stop word removal(WTTij)) ; \\ Delete the stop word removal

7.POST;; < § (part of speech(SWRTij)) ; \\ The implementation of the procedure the
part of speech function

8. End

3.5 Clustering Stage
This section discusses three significant aspects. The first consideration is how data is

represented using the Universal Sentence Encoder (USE) model discussed in section 2.7.
The second consideration is the scale utilized to compute the similarity of sentence vectors
generated by the model. the third component, creates a lexical chain based on sentences
coined (lexical chain sentence (LCS)) as a new contribution, which was utilized in this
dissertation by proposing a novel clustering technique called
(Developed clustering algorithm) and generating a graph for each cluster. Algorithm 3.2
explains the implementation mechanism steps to this stage in the proposed system, and

these aspects (steps) will be discussed in further depth below.

Algorithm 3. 2 Clustering Stage (WSRT)

Input: WSRT \\ WSRT array of the sentences without whitespace
Output: LCS \\ create Lexical Chains based Sentences
Begin

1. ESV « USE(WSRT); \\ESV Embedding Sentence Vector

\\ The implementation of the procedure is the universal encoder sentence(USE) model.

\\ Convert each sentence into an embedding vector using the USE model.
Fori « 0to size(WSRT)
sent « WST;

emmbeding array[i] « embed(sent) \\ embed Convert each sentence into an
embedding sentence vector using USE model.
End for

return emmbeding array \\ this final result will put in ESV
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2. SimiliratyMatrix « CosinSimilarity distance(ESV ); \\ see section 3.5.2

3. LCS < Developed (SimiliratyMatrix);\\ see to algorithm 3.3 (Developed
clustering)

4. End

3.5.1 Data Representation
This dissertation used the USE model as a tool to represent sentences as embedding

vectors. The USE model is a technigue working to convert text into a sentence embedding
vector. It is characterized as representing sentences regardless of their length to a fixed
length of size 512, it deals with the context of sentences and not a word because its method
benefits in semantic matching so that takes the whole sentences instead of using wordnet
or the thesaurus. Also, it solves a spars problem that exists in word 2 vector(w2v)
embedding vector technique because each sentence became has one dimension vector
instead of many dimensions there more details are explained in section 2.7 about USE

model.

3.5.2 Cosine Similarity scale
This scale is more popular used in text mining when asking for computing similarity

among two sentences. The basic task of this scale is computing cosine distance semantic
similarity between two sentences vectors generated by USE technique. Applying
equation (2.13) special with this scale which is mentioned in Chapter Two Section (2.8)
to form matrix similarity N X N which will be useful to know the degree of similarity
each sentence with the rest sentences, Table 3.2 shows this matrix produced from this
process as an example. The Cosine Similarity scale in the normal case is neither interesting
to semantic similarity nor the context. However, it cares about matching sentences degree
with other sentences due to each vector being the Back Of Words (BOW). Therefore, the
role of embedding concept and especially the USE model embedding sentences vector in

this field appears because its concern to semantics and context when generating vector,
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thus making this scale intake consider semantic and similarity when computing as

explained above.

Table 3. 2 Similarity Matrix Resulted from Computing Cosine Similarity for Sentences Vectors
Generated By USE

51 Sy S3 S4 S5 Se Sy Sg Sg S10 S11 S12
S1 1 01 055 005 04 058 012 079 065 011 0.33 0.2
S, 0.1 1 013 0.1 054 022 06 015 029 0.77 021 0.5
S3 0.23 0.13 1 03 06 011 048 028 035 016 0.69 048
Sy 005 01 03 1 056 019 061 05 042 0.5 0.003 0.3
S11 033 021 069 0.003 08 045 0.01 04 055 0.02 1 011
S12 02 05 048 0.3 . . . . . . 011 1

3.5.3 Create Lexical Chains Based on Sentence (LCS)
This work generates multi-chains based on sentences called Lexical Chain Sentences

(LCS) or another expression it creates lexical cohesion based on the related sentences. This
dissertation aims to establish a lexical chain sentence (LCS) depending on the closest
semantic sentences or similar between sentences words that differ from the traditional
Lexical Chain Word (LCW) which depends on the words. To create a lexicon proposed
must find the clustering algorithm appropriate to help in achieving that. Therefore, the
dissertation suggests a new clustering algorithm named
( Developed clustering algorithm) that contributes in establish LCS proposed.
Developed clustering is an algorithm that collects unlabeled data generally and
constructs clusters occasion will explain in more detail in section (3.5.4).

In general, the LCS is a similar internal cluster principle so that each chain composes
a set of sentences close to sense or repeated some of the share words among them. The

idea of proposing LCS is to make the LCS deal with the problem of sentence sense
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disambiguation (SSD) and how to make it in the correct chain. Lexical sentence chains
are created based on similar sentences sense and on another hand same based on the topic
sentences of the document. The proposed LCS is constructed by computing the semantic
distance among sentences by using the memetic between Universal Sentence Encoder
(USE) method and Cosine Similarity distance coined USECS without using WordNet as
LCW.

Usually, the LCS relationship that exists between sentences is extracted from USECS.
Each sentence must belong to exactly one chain (cluster) when lexical chains are
computed. An important advantage of the LCS is that it successfully overcomes the LCW
challenge of word meaning demystification (WSD) by taking entire sentences without
encoding sentences into words as occurs in traditional LCW . Each sentence has one sense,
inverse to the words, which may have more than one sense. Thus, identifying the correct
sentence sense will become easier. The LCS also prevents repeat sentences in more than
one chain (cluster). Therefore, the LCS seeks to find the best method to collect sentences
that will result in the longest and strongest chains. Figure 3.2 depicts the differences
between the work LCW and the proposed LCS.
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Figure 3.2 A: Lexical Chain Word for Extracting Word Semantic Similarity from Text, and B:
Lexical Sentences Graph for Extracting Sentences Semantic Similarity from The Text.

3.5.4 Proposed Developed Clustering Algorithm
A new algorithm named Developed clustering algorithm has been proposed in this

dissertation. This algorithm plays an important role in grouping sentences according to
sense or closet similar words for each cluster (Chain). The proposed algorithm has nine-
phases as shown in Algorithm 3.3. In this section, the main steps of the proposed method

are described listed as follows in detail:

1. The population is taken from a dataset.

2. Determine the threshold value previously and do not identify a number of the clusters
because this algorithm is deciding the number of clusters optimality based on the

threshold value automatically.

3. Using the USE model proposed by [44] for creating an embedding sentence vector

for each sentence with a fixed length. this model is interesting with sentences (i.e.
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context-based representation) only so that transforms each sentence completely into

an embedding sentence vector.

. Each sentence embedding vector (i.e., each sentence) will be put in a cluster to
become a centroid (or center). Thus, will generation number of clusters equal the

number of sentences.

. Using Cosine similarity as stated in Equation 2.13 to compute the similarity degree
between the center and the rest of the sentences. Thus, each center attracts sentences
that are similar semantically through similar values resultant from the center and
sentence which must be greater or equal to a threshold value and put in his cluster
named Cluster ESV; where (ESV;) is represent sentence vector index which
becomes the center and Cluster ESV; represent sub-matrix (cluster) including

sentence numbers that attracted

. Now, the proposed algorithm will reduce the number of clusters generated by
considering each sentence attracted in the first cluster Cluster ESV, for example,
cannot be selected or keep it as a center for another cluster because these sentences
found a high affinity for the first cluster. Thus, each sentence existing in the Cluster

ESV; must delete their cluster.

. After completing the collection process of sentences in clusters and keeping them in
a list named Cluster ESV , the proposed method must ensure that clusters of content
are free of redundant the same sentence in more than one cluster. If such a situation
exists, it compares similar values in the sentence in all clusters and the survival of
this sentence in the cluster which has a higher similarity value than other clusters,

then the similarity values of this sentence are deleted in the rest of the clusterable.
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8. Checking the number of sentences in the cluster created. This method is required that
the cluster content must be greater than two to avoid that being content in this cluster

less than two after duplicate removal.

9. Now, there exist maybe sentences that have values of similarity with centers but are
not compatible based on a threshold value, thus becoming these sentences called
outliers. To include these outliers through taking similarity values each one of them
with centers only and comparing among them and selecting a higher value and
putting it in the cluster that belongs to that center. This list is considered certified
lexical chain sentences. In this step, the process ends with creating the proposed LCS,
or a set of clusters that cover all the sentences in the document. The characteristics

Develop clustering algorithm characteristic are:

1. It is different from clustering algorithms in principle because it does not require
identifying the number of clusters at the start, but it decides the number of clusters
automatically based on the threshold value. Because the proposed algorithm allows to
put a range of the threshold values. Then selecting optimal threshold based on the least
positive evaluation of a series of evaluations, it was obtained through the DBI measure
which is discussed in Chapter Two Section (2.11.1) for clusters generated by this
algorithm. The algorithm 3.4 explains execution steps for choosing the best number of
clusters. the results this process has been displayed in Section 4.2.1. While most
cluster algorithms require identifying the number of clusters k in beginning like

Kmeans algorithm.

2. It is similar to the hierarchical clustering algorithm in principle not requiring the
number of k clusters at the beginning. Whereas it differs from the hierarchical

clustering algorithm because when wanting to merge an item in a cluster, the proposed
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method computes the distance between center and item only to decide merge or not
without computing the distance between content cluster and item. The merge condition
whether min\max depends on the data type used in work also according to the threshold
value. Thus, this method is less expensive. while in hierarchical clustering merging
process item with cluster occurs by computing scale between content cluster with an
item then select min\max scale this depends on the data type and does not require to
identify threshold value in order grouping points (sentences). Thus, hierarchical
clustering considers more expensive.

3. In general, this method is suitable for clustering any numerical data type unlabeled.

4. It can abstract the properties of the Developed clustering algorithm the following:
A. It depends on a distance measure like cosine distance.
B. The number of clusters is based on the threshold value previous, thus it does not
require an initial k centroid.
C. It prevents the same item or sentences being repeated between clusters.

D. Compute usage the Developed clustering algorithm time complexity is 0(n?).

Therefore, this algorithm belongs to the environment of the clustering algorithms
which depend on distance metrics. From the algorithms that classify in the same

environment are Kmeans and hierarchical clustering algorithms for instance.
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Algorithm 3. 3: Developed Clustering Method

Input: Population Size WSRT \\ WSRT array of the sentences without whitespace
EmbeddingSentenceVector : ESV
Threshold « constant value
Output: TotalSentenceCluster \\ it is a matrix of two-dimension that contains set of sub-arrays
inside, each array represents cluster includes the number of
sentences.
1-Each ESV is consider as center C in each cluster.
ESV = { ESV,,ESV,, ..., ESV,}}
C ={Cy,C,,. Cn} Il list of size n where C; is empty set
size(ESV ) = size(C )

2- The center selecting from ESV; this selection is sequential.
For i < 0to size(C)
For j « 0to size(ESV)
SimilartyResult « Compute CosineSimilarty between C;and ESV;;
If (SimilartyResult > Threshold) then
Cluster_matrix C; « index (ESV;);

Else
Next j
End if
End for
End for
3- If center C is existence in other clusters, then remove it this center based on higher similarity with
other.

Repeat step2 and step3 until being sentences which computable with the threshold at appropriate
clusters.
4- Filtering out duplicate sentences between any two clusters by keeping only the sentences with the
highest similarity to its center.

5- Search for outlier sentences which incompatible with threshold and compare them with centers.
inserting these sentences in one of Cluster_matrix; which has the highest similarity with the
center.

Step7: End,;
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Algorithm 3. 4: Method Selecting Best Number Of The Clusters

Input: WSRT ,T1,T2\\ T1,and T2 insert range of threshohs Let T1 is a minimum value and
T2 is a maximum value.
Output: ONC \\ optimal number clusters

1. ESV « USE(WST );\\ explained this step-in algorithm 3.2 (cluster stage)
2. SimiliratyMatrix < CosinSimilarity distance(ESV );
Fori < 0tosize (ESV)

A « ESV; \\ first vector
Forj < 0to size(ESV)
B « ESV; \\ Second vector
numsum <« sum (dot productA with B)
rootl « square root( sumation A?)
root2 « square root( sumation B?)
Z « dot product rootl and root2
Similartyscore;j « division numsum by Z \\ Similartyscore matrix
retrun similarityscore

3. NC <« MB(SimiliratyMatrix); \\ explain in algorithm 3.3 (MB clustering)
4. If (NC == 0) then \\ NC number cluster
gotostep 7 ;
Tl =T2;
Else
go to step 5

End if
5. DBI score « DBI(NC) ;\\ DBI Davies Bouldin Index metric to evaluate NC
Matrix DBI[i] « DBI score ;\\ Collecting DBI scores in the matrix DBI

If (T1==T2) Then
go to step 8;
Else
T1=T1+ 0.01; \\ Increase T1 value to 0.01.
go to step 3; \\ Repeat from step3 when the T1 value does not match with the T2 value.
Endif

8.ONC « Min(Matrix DBI);\\ ONC optimal number of clusters by a select small value
9. End

N o
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3.6 Feature Extraction Proposed
The benefit of this step is to identify the important sentences from the text. In this work,

several features from the [23], [42], and [41] were selected and aggregated to form a new
group to determine the significance of the sentence. This group is distinguished by
combining the features of the informative score (important sentence) and the features of
extracting sentences that are easy to understand named (readability features). The features
informative scores are Centrality, Positive Feature, Sentence Position Feature,
Sentence Numerical Feature, and Negative Feature. While, the features readability
scores are Proper noun, Sentence Length Feature, and Headline Feature. These
features have been described in detail in chapter two section (2.6). algorithm 3.5 describes

implantation steps to extract the features for each sentence in the feature extraction stage.

Algorithm 3. 5: Mechanism Implementation Feature Extraction Stage
Inputs : ESV ,SWRT,WSRT ,and POST results
Output: centrality, PN,SPF,SLF,HF,NF,PF,NF,and features score

1. Centrality < centrality feature(ESV );
\\ Compute the centrality feature for each sentence vector with the rest sentences

vectors in the same document.
m < 0 \\ counter variable
Fori « 0Otosize( ESV)

mem+1

Forj < 0tosize(ESV)

If ESV; not equal ESV; then
dist arry ,, < compute cosine distance between ESV; and ESV;

End if
End for
result sum < summation of dist array,,
centarlity array ; < result sum
End for
return centarlity array
2. PN « Proper nounfeature(POST);
\\ Compute Proper noun based on POST results to identify the number of noun words for
each sentence.
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Fori <« 0tosize(POST)
list « POST;
noun < 0\\is variable
For j < 0to size(list)
word <« list;
if word equal to unites then \\ unites nouns include ('NN’, 'NNP’, 'NNS', 'NNPS")
noun < noun +1
End if
End for
POST array; < noun divsion by length list
End for
return POST array
3. SPF « Sentence Position Feature(SWRT );
\\ Compute Sentence Position Feature for each sentence for same document
Fori « 0to size(SWRT)
document « SWRT;
total_sentences_at_ecah_doc < len(document) \\ compute number of sentences.
For j < 0 to size(document)
indexsentence < j + 1\\ to avoid divide by zero.
indexorginal « indexsentence — 1
If indexorginal equaltoj then
A < 1 /indexsentence)
B « (1 /((total_sent_at_ecah_doc — indexsentence) + 1)))
sent_position = max ((4, B)\\ choose maximum value
End if
End for
End for
return sent_position
4. SLF « Sentence Length Feature (SWRT );
\\ Compute Sentence Length Feature for each sentence
\\ 3.1 Find longer sentence in document
longer < 0
Fori « 0 to size(SWRT)
sentence < SWRT;
If longer < len(sentence) then \\len compute number words of sentence
longer sentence « int(len(sentence))\\int is integer number
End if
\\ 3.2 compute length score for each sentence
Forj < 0to size (SWRT)
document « SWRT;

For k « 0 to size(document)
Length sentence < len(document;)
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length scorj, < length sentence/longer sentence
End for
End for
return length scor

5. HF « Headline(WSRT ,TEV);\\title embedding vector (TEV)
\\ Compute Headline Feature (HF) by finding the similarity degree between each
sentence and headline in the document.
Fori < 0to size(WSRT)
document < WSRT;
ESV document < USE(WSRT;)
topic « TEV;

For k « 0 to size(ESV document)
Eebedding sentence < ESV document;
distance score ;, < Cosine Similarity between Eebedding sentence and topic
End for
End for
return distance score

6. NF « Numerical feature (SWRT );
\\ Counting the number of the numerical words for each sentence
Fori < 0tosize(SWRT)
document < SWRT;
Forj « 0to size(document)
count < 0
For k < 0 to size(document;)
if documentj, equal to units then \\ units like (1, one,2, two, sixteen, and etc.)

count < count +1
End if
End for
Numerical score ;j « count divided by length document;

End for
End for
retrun Numerical score
7. PF « Positive Feature(SWRT ); \\ Compute Positive Feature (PF) to find the number
of the positive words for the sentence.
8. NF « Negative Feature (SWRT );\\ Compute Negative Feature (NF) to find the
number of the negative words for the sentence.
9. features score <« collects results(centrality, PN,SPF,SLF,HF,NF,PF,and NF)
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\\ collect all feature results and put them in the feature array.
v« —1
Fori < 0tosize (centrality)
For j < 0to size(centrality ;)
vev+1
feature array, < (centrality;, PN;, SPF;,SLF;, HF;, NF;, PF;,and NF;)
End for
End for
retrun feature array
10. End

3.7 Classification Stage (Finding Score for Sentences)
This stage is useful in finding the scores for sentences for distinguishing salient important

sentences from each cluster and choosing it as candidate sentences to form a candidate
summary. This stage starts after extracting the features for all sentences in all documents
on the same topic. this dissertation used a
Backpropagation Multilayer Perceptron Neural Network (BMPNN) to find a score for each
Sentence. This stage has two sides. The first side is considered a complement to the
clustering stage because it helps in evaluating sentences by giving scores for them in
clusters and showing salient sentences for each cluster for choosing it. The second side is
proving the power of the set of combination features used in this work, which helped in
finding scores for the sentences.

To achieve the classification concept, this dissertation established a binary label of
(0" or '1") depending on the sentences of the golden summary for each topic existing in
the dataset DUC 2002, so that every sentence matches the sentence of the Golden
summary has a label "1’ and every sentence does not match the golden summary sentence
has a label ‘0" by computing cosine similarity between sentences golden summary and
sentences file. Thus, became each sentence has a class label in the file to easiest apply the
BMPNN method to find the sentence score.
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Finally, this stage seeks to appear significant sentences in a summary that matches the
sentences of the golden summary. To achieve this goal, the sentences that have only one
label 1" have been selected, and they represent the True positivity in the confusion matrix
which depends on the predictions of the BMPNN. The BMPNN is explained briefly in
algorithm 3.6 by displaying all steps used in this stage. additional explained in section
3.7.2 in detail. Also, this stage used the Random oversampling (ROS) method which

to achieve the balance and obtain better results. This method is explained in section 3.7.1.

Algorithm 3. 6 Classification Stage

Inputs: features score ,and class label
Output : sentence score
1. balance < ROS( feature score,class label)
\\ Use the Random Over Sampling (ROS) method to imbalance the dataset for each cluster
label0 < 0
label1 < 0
For i « 0 to size(class label)
label 0 « label 0 sum with number '0’s in each cluster
label 1 « label 1 sum with number '1' s ineach cluster
End for
z « label 0/label 1
unbalance < sum the label 0 with the label 1 then divided by z
For j « 0 to size(class label )
If class label equalto1 then
list label 1 « feature score; \\ list label 1 an array to put sentence has label 1
End if
End for
h « —1
h « -1
For k « 0 to size(feature score )
h «h+1
nen+l1
If hequal to unblance then
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Fori < 0to size( list label 1)

list ROS,, < feature score ;

class label ROS; < 1

nen+l

h < -1

End for

Else

list ROS,, « feature score

End if

End for

return list ROS

2. Normalization data < standraize method (list ROS)\\ to ensure unbiased data

3. Sentenc score « BMPNN( Normalizatio data,class label)
\\ Find sentence score by building a backpropagation multilayer perceptron neural
network.

Fori < 0tosize( Normalizatio data)
input layer « Normalizatio data;
hidden layer1l < Sigmoid (dot product between input layer and weight1)
hidden layer 2 « Sigmiod (dot product between hidden layer1 and weight2)
output layer « Sigmiod(dot product between hidden layer2 and weight3)
If output layer not equall class label; then
Apply backpropagation process to modify result
End if
End for

3.7.1 Random Over Sampling (ROS) method
After became each sentence has a class label, observed the data used suffers from an

imbalance in terms of the number of 'l’s and '0’s in the target category classification,

considering this is one of the challenges in the classification problems where the goal is

to train a classifier that accurately predicts the class to which an observation belongs.
The sentences with a '1’s target class label are less than the number of '0's target class

label sentences. Therefore, to achieve balance and obtain better results, using the Random
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Oversampling (ROS) method in training, this method explained detail in section 2.12. the
ROS principle is achieved by proposing in this dissertation Equation 3.1 which is:

_ Totalno.of label "0
"~ Totalno.of label'1’

__ Total no.of label '0’+ Total no.of label "1’

S= = ... 3.1
Z

Where Z is a result dividing the total number '0’s by the total number '1’s in the label
column, and S represents a sum of the total number to '1’s with '0’s are divided by Z.
Therefore, the sentences labeled '1's are randomly repeated to ensure balance based on
the S result.

3.7.2 Backpropagation Multi-Layer Perceptron Neural Network (BMPNN)

In this step, a score for each sentence is extracted using a backpropagation Multi-layer
perceptron neural network. the features extraction are input to this network with bias, thus
become input layer contain of nine neurons. This network consisting of three layers by
applying the objective function in this model as equation (3.2) in this network. The first
hidden layer (L1) includes seven neurons, the second hidden layer (L2) involves five
neurons, and the last layer (L3) is output layer consists of one neuron is 0 or 1 of prediction
as shown in Figure 3.3. while Figure 3.4 describes work at this step by displaying
processes used in it event obtain sentences candidate summary. the architecture this
network is learning rat =0.001, the Epoch=5000, and Batch size is 64. This method is good
in finding the higher sentence score by multiplying the value of the features for each
sentence with weights that are generated in this network and choosing them as sentences
in the candidate abstract without going to extract the appropriate weights experimentally
or manually as in the source [23] and [100]. The objective function proposed in this model

IS:
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Score(S;) = sigmoid(X)_,(sigmoid( X%, sigmoid (i, F; * W) « W;) x W) ... 3. 2

Where sigmoid represents the activation function used in the output layer, y represents
the number of classes in the output layer (L3), also sigmoid is an activation function used
in two hidden layers, m represents the number of input hidden layer2 (L2), n represents
the number of input hidden layerl(L1), F; is number features as input data for each
sentence, and W represents weights generated in each layer. Can abstracting steps find
sentence score following:

Stepl: Compute the Sigmoid activation function as Equation (2.20) which mentioned in
section (2.6) in two hidden layers (L1,L2). The Equations from 3.3 into 3.8 display

implement the Sigmoid activation function method between L1 and L2.

X1=Y"F;«W; ... 3.3
L1 = sigmiod(X1) ................ 3.4
X2 =32 L1+W; . 3.5
L2 = sigmiod(X2) ................ 3.6

where X1 represents dot product between features and weights in hidden first layer L1,
and X2 represents dot product between features and weights in hidden second layer L2.

Step2: in the output layer (L3) used the Sigmoid activation function as Equation (2.20)
mentioned in section (2.6) to classify sentences according to class because this function

can be used with binary classification.
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3.8 Candidate Cohesive Summary stage
To access into candidate cohesive summary, this stage considers three directions,

the first one aims to extract a candidate summary from the sentences that match sentences
of the golden summary as much as possible through choosing the sentences that have only
label '1’, and they represent the True positivity in the confusion matrix which depends on
the predictions of the BMPNN that are explained in the previous section; the second is the
length candidate summary must be appropriate with a length of the golden summary by
putting some of the conditions which next talking it in section (3.8.1), and the third is
solving reordering problem of the sentences of the candidate summary which in section

(3.8.2) will be explained. Algorithm 3.7 describes work at this stage as briefly.

Algorithm 3. 7: Candidate Cohesive Summary stage
Input: sentence score, date and time, golden summary, SLF, and total sentence clustering
Output: candidate cohesive summary

1. candidate summary < Reduction( sentence score)\\ reduction important sentences which
classified true positive (TP) in confusion matrix
\\ put all important sentences from all clusters in one cluster
n <20
Fori « 0 to size (sentence score)
For j « 0 to size(sentence score;)
If sentence score;j equal to class label;; then
repositary important sentence, < total sentence clustering ;;
length score, < SLF;; \\ sentence length feature score
nen+l
Endif
End for
End for
return repositary important sentence

2. posfilter «
lengthTotal(candidate summary, golden summary, all date, clock, centrailty, length)

\\ Compute the length of a candidate summary of words compared with the length of the golden
summary.

70




length candidate <« len(candidate summary)\\ compute number of words
length golden « len(golden summary)
If length candidate larger than length golden then

min length < find minimum length feature score

index « index(length[min length))

Delete lengthi,gex

Delete centrality;ngex

Delete date ;p4ex

Delete clock;, ey

Delete candidate summary;pgex
Endif
Repeat this step until be candidate summary less or equal to golden summary
return candidate summary

candidate cohesive summary « reordering(posfilter ,all date, clock, centrality)
\\ Reordering the important sentences candidate resulting from step 2 to produce a cohesive summary.
\\ 3.1 Before beginning the sorting process, save the date and location.
For i « 0to size(all date)
list pure date; « all date;
list pure index ; « i
End for
\\ 3.2 date sorting from the older to newest
Sort date « sort(all date ) \\ explained in section 3.8.2
\\ 3.3 Saving new date location after sorting process
n <0
Fori « 0to size (sort date)
For j « 0 to size(list pure date)
If sort date; equal to list pure date; then
list index, < list pure date;
nen+1
End if
End for
End for
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\\ 3.4 Check dates when exist frequent same date
f <0
Fori < 0tosize(all date)
date < all date;
If date Exist in list avoid_overloop then
Next i
Else
z <0
k <0
Forj < 0to size(all date)
If all date; equal to all date;

z «<z+1
list index similarity date; « list index;
k «k+1
End if
End for
If z lager or equal than 2 then
sim« 0
list avoid_overloopf « date
fe<f+1

For m « 0 to size(list index similarity date)
\\ check when exist two or more date similarity have different clock.
If clock candidate list,, not exist in list frequent clock then
clock candidate list,, append into list frequent clock
Else
\\ compute number of frequent to that clock then adding to list frequent clock
sim «sim+1
clock candidate list,, append into list frequent clock
End if
End for
If sim equal to len(list index similarity date) then
Clear contains the clock candidate list
Ford < 0to size (list index similarity date)
centrality,; Append into list centrialy temparry
End for
list centrialy after sort « Sort (list centrialy temparry) \\ sort Ascending
For L « 0to size(list centrialy after sort)
date final < list pure date [put index for centraity,|
final sentences « filter candidate[put index for centraity,|
final clock « clock[put index for centraity,]
End for
Else
list after sort « Sort (list centrialy temparry) \\ sort Descending
For L < 0 to size(list after sort)
w <« index clock |
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date final « list pure date,,
final sentences « filter candidate,,
final clock « clock,,
End for
End if
return final sentences
4. End

3.8.1 Filtering candidate sentences
The length of the candidate summary must be suiTable with the length of the

golden summary for implementing the evaluation process correctly later. however, the
length of the candidate summary maybe not be compatible with the length of the golden
summary existing in the dataset used. Due to existence candidate sentences one or more
effects on increased length summary produced. Thus, must put condition-based on one of
the features extractions used in this dissertation to overcome this problem is the Sentence
Length feature. This condition is removed sentence based on the smallest sentence length
feature value Then the length of the candidate sentences summary is recalculated
candidate summary. In the case candidate summary if still is the largest from the golden
summary, then repeated and apply this condition above again. The end of the goal of the
filtering process is the issuance version of the candidate summary is convenient with a

golden summary in terms of length.

3.8.2 Reordering Sentences of Candidate Summary
The reordering procedure for produced summary is considered one of the problems

relevant to text summarization that must be solved. although conducting many
experiments in choosing the feature based on which the sentences are arranged, in the end,
the centrality feature was relied on to rearrange the sentences. However, to achieve more
consistency and cohesive, this dissertation success in solving this problem by highlighting
the arrangement (reordering) of the candidate sentences according to the date and time.
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The date and time can consider an additional feature extracted from each document then
put the front of each candidate sentences date and time that belong to it. This stage takes
into consideration similar dates for candidate sentences through establishing two
checkpoints. The first checkpoint employed to ensure whether if similar dates or not. If
this checkpoint finds a similar date, then it groups these sentences that have similar dates
after those rearrangements these sentences based on time. The second checkpoint works
by reordering candidate sentences that have the same date and time based on the centrality
feature descending so that the sentence that has max centrality value is being before other,

after complete this process is added into reminding sentences candidate summary.

Thus, we will obtain on the candidate summary is characterized by consistency
(cohesive) and synchronized events in the subtraction. this dissertation is interested in date
and time because it deals with articles news, thus the date and time forming factor is
important in a rearrangement of the sentence’s locations. Figure 3.9 describes the
operations performed at this stage as a flowchart. Here end generating process cohesive
candidate summary after passing the several stages, therefore must evaluate it with a
golden summary in the next stage using Rouge metrics. Note the evaluation stage will

discuss in detail in chapter four.
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CHAPTER FOUR

EXPERIMENTAL RESULTS AND DISCUSSIONS

4.1 Introduction

This chapter compares the performance of the proposed MB clustering algorithm to
the well-known techniques, the Kmeans algorithm, in terms of the number of clusters
created. In addition to evaluating the correlated relationships between the number of
clusters generated by K-means and the developed clustering algorithm only using the
Davies Bouldin Index (DBI), this chapter also displays the evaluation results of the
cohesive candidate summary produced by the topic summarization system proposed by

Rouge measures.

4.2 Experimental Results

The experiments were conducted under Windows 10 Pro operating system, Intel(R)
Core (TM) i7-6920HQ CPU @ 2.90GHz 2.90 GHz, 16 GB random access memory, and
64-bit system type. This section presents the performance evaluation of the MB algorithm
proposed and the summarization system proposed. The evaluation is presented in terms
of F_score, Precision, R, DBI_score,and ACC. The language programming used in this

dissertation is Python.
4.2.1 Developed Clustering Algorithm Performance Evaluation

This section presents the results of the Developed Clustering Algorithm proposed
compared with the K-means in terms of performance and the number of clusters generated
through a series of threshold values that were imposed as a period starting from 0.5 to 1.0

as showed in Table 4.1. The reason for starting from a value of 0.5 is due to many of the
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experiments conducted in this work until found that the similarity of the sentence begins
with convergence from this value and upwards. This was proven when calculating the
similarity between the outliers points and the centers of the clusters. Therefore, when it is
less than half the similarity is almost non-existent or very weak. While the reason for
determining a value of 1.0 as the end of the period is mean that the sentences that reach
similar to this value are means high match state (i.e., may be repeated in another
document). Thus, can benefit from this case to knowledge of redundant sentences by

removing them and keeping only one of them.

Due to the large volume of data in the number of topics in the DUC 2002 dataset, which
reaches 59 topics as described in detail in Section 3.2.1. Also, the huge volume of results,
six of the topics were selected randomly. the topics encoded are 064,078,087,090,105,

and 119 to present their results. Note, each encoded indicates behind the title for news.

Tabel4. 1 Number Of Clusters Generated From proposed Developed clustering algorithm

TOPIC Developed Clustering Algorithm
NUMBER OF CLUSTERS THRESHOLD
14 0.5
10 0.51
11 0.52
10 0.53
7 0.54
5 0.55
4 0.56
2 0.57
64 2 0.58
2 0.59
16 0.63
13 0.64
9 0.65
8 0.66
8 0.67
7 0.68
7 0.69
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5 0.7
3 0.71
2 0.72
2 0.73
2 0.74
2 0.75
23 0.5
22 0.51
19 0.52
19 0.53
16 0.54
14 0.55
10 0.56
9 0.57
78 7 0.58
6 0.59
6 0.6
6 0.61
5 0.62
3 0.63
3 0.64
2 0.65
2 0.66
29 0.5
25 0.51
21 0.52
21 0.53
21 0.54
18 0.55
14 0.56
14 0.57
12 0.58
817 11 0.59
6 0.6
5 0.61
5 0.62
4 0.63
4 0.64
3 0.65
3 0.66
2 0.67
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20 0.5
19 0.51
14 0.52
13 0.53
14 0.54
9 0.55
12 0.56
9 0.57
6 0.58
9 0.59
11 0.6
10 0.61
90 7 0.62
8 0.63
5 0.64
5 0.65
5 0.66
5 0.67
4 0.68
3 0.69
2 0.7
2 0.71
2 0.72
2 0.73
2 0.74
15 0.5
14 0.51
12 0.52
11 0.53
10 0.54
8 0.55
105 6 0.56
5 0.57
5 0.58
4 0.59
2 0.6
2 0.61
2 0.62
13 0.5
119 14 0.51
12 0.52
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Above Table 4.1 explains that the number of clusters in the proposed method in all
topics. But the number of the clusters may be frequenting and this does not mean frequent
same sentences or same centers. Due to it based on condition, mean a set of sentences
compatible with one center. Thus, become this a set within a content this center. Therefore,
the number of clusters is different as when T = 0.52 the number of the clusters is 19
whereas when being T = 0.6 the number of clusters is 6 for example in topic 078. Also,
the series of threshold values assumed within the period may be un reach the period end
which is 1.0 during generating a number of the clusters such as the topic 064 last
threshold value is 0.75, topic 078 the last threshold value is 0.66, topic 087 the last
threshold value is 0.67, topic 090 the last threshold value is 0.74, topic 105 the last
threshold value is 0.62, and topic 119 the last threshold value is 0.62 because each topic
independent from other in terms content and also the proposed method does not create
clusters because the sentences maybe are not compatible with the threshold value specially

or with the condition generally.

When compare the proposed algorithm with the k — means algorithm as shown in
Table 4.2 by taking the same number of clusters generated in the two algorithms and
subjecting them to the Davies Bouldin Index (DBI) scale. The DBI measure is
utilized to evaluate cluster content and cluster relationships among them or the other word,

it is used on two sides the first to assess clusters and knowledge of the strong relationship
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between them, and another side is to evaluate correlation content between them for each
cluster. In the end, it gives a score. This score when to be a positive and low value it is
considered good and indicates that this method is strong and better, and more detail about
this measure was explained in section (2.11.1). The goal of using this measure is to
evaluate the power of these algorithms in internal clustering. Note, this work has taken all
topics from the DUC 2002 dataset to display how distributing sentences in the clusters is
based on threshold value in the proposed method or based on the number of k as in the
k — means algorithm. Figure 4.1 shows a brief description of the above six topics to

increase understanding and convergence of viewpoints through comparison results.

Tabel4. 2 Evaluation K-means and proposed method by using DBI measure.

Topic Number Of DBI_Score for_ DBI _Score for
Cluster Developed clustering K-means
14 0.685265 2.789
10 0.631362 2.948
11 0.535524 2.860
7 1.146702 3.290
5 2.816969 3.117
064 4 4.618549 3.309
2 28.05815 3.820
16 0.748338 2.807
13 1.451087 2.914
9 2.870145 3.310
8 1.803425 3.368
3 17.64205 3.522
23 0.167069 2.564
22 0.197423 2.513
19 0.294197 2.626
16 0.250165 2.732
14 0.395143 2.959
78 10 0.768576 3.093
9 0.839562 3.207
7 1.895056 3.259
6 3.023633 3.447
5 4.655018 3.508
3 20.08902 3.520
2 41.89374 3.872
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29 0.116223 2.354
25 0.203342 2.427
21 0.350026 2.565
18 0.19916 2.825
14 0.353845 3.008
o 12 0.459526 3.133
11 0.532208 3.131
6 2.89072 3.376
5 3.692883 3.499
4 6.559097 3.533
3 12.01871 3.679
2 34,2646 3.892
20 0.307027 2.599
19 0.331096 2.644
14 0.682036 2.822
13 0.809205 2.700
9 1.326829 2.980
12 0.575502 2.779
6 2.568761 3.268
=0 11 0.568075 2.028
10 0.670942 2,871
7 1539255 3.073
8 1.173263 3.087
5 3.368386 3.270
4 5.112887 3513
3 10.62775 3.508
2 2857484 3.416
15 0.476057 2.872
14 1.059623 2.806
12 0.500509 2.787
11 0.646664 2.951
105 10 0.688129 3.163
8 1.297875 3.249
6 2.352609 3.300
5 3.336893 3.250
2 39.72709 3.748
13 0.790258 2.654
14 0.644743 2.635
119 12 0.985493 2.775
10 1539851 2.848
9 1.982295 3.038
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7 3.403959 3.063
6 5.62241 3.362
3) 7.543996 3.456
4 11.89822 3.505
3 35.13887 3.759
2 27.33936 4.046

Table 4.2 displays the evaluation of the results k — means algorithm and the proposed
method using DBI measure. Most experiments in evaluating the number of clusters
generated totally in the proposed method are successful in grouping clusters with more
correlation and efficiency than the k-means algorithm. The DBI scores for the algorithms
when being an algorithm lower score than another algorithm which means the algorithm
Is good. Since the DBI score when being low this means a good indication. This Table is
contained six topics coined 064,078,087,090,105,and 119 . Each topic contains
evaluations between the proposed algorithm and K — means algorithm by using the DBI

measure.

The results of topic 064 show that the proposed method is not successful with k —
mean when the cluster number is 2,3,and 4, but in the remaining clusters it was
successful. Topic 078 shows the proposed method better than the k — means method in
all numbers of clusters except cluster numbers 2,3,and 5. In topic 087 the proposed
method success only in cluster numbers 29,25,21,18,14,12,11, and 6 while in the
remaining clusters to the same topic is failed like 2,3,4, and 5. In topic 090 the proposed
method is advancing on the k-mean algorithm except for cluster numbers 2,3,4,and 5. In
topic 105 the proposed method outperforms the K — means algorithm in all clusters
except cluster numbers 2, and 5. Finally, in topic 119 the proposed method in most cases
is outperformed on the K — means algorithm except for some of the clusters which are

cluster numbers 7,6,5,4, and 2 did not have good luck in those clusters.
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According to the DBI scores shown in the Table above, when the number of clusters
reaches five or fewer, the DBI score examined for Developed clustering is a high positive
score. This means that Developed performance in the correlation content and relationships
between clusters begins to deteriorate, as illustrated in Figure 4. 1, due to the nature of the
dataset utilized, which is text data that looks for similarity using the cosine similarity
scale. The dissertation advises employing the dataset of interest in another field and using
a distance metric such as Euclidean, for example, to see if the performance improves or

vice versa, which can be recognized in future investigations.

DBI score
DBI score

1410175 4216139 8 3 23219161410 9 7 6 5 3 2

Number of clusters for topic 064 Number of clusters for topic 078 = DBI for MB
m DB for K-means

940 940
g g
020 020
0 0
%9 %9
2922118141216 5 4 3 2 20191413 9126 11107 8 5 4 3 2
Number of clusters for topic 087 Number of clusters for topic 090
9_)40 40
g
» 20 20
0
0, 0 .
1% 14 122 11 10 8 6 6§ 2 13141210 9 7 6 5 4 3 2
Number of cluster for topic105 Number of cluster for topic 119

Figure 4. 1 Evaluations DBI Measure Between Developed clustering And K-Means Algorithm
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This scale was also used to choose the best number of clusters, represented by the
threshold value generated for each topic the DBI scale chooses the best group of the
clusters resulting from a certain threshold value based on the lowest positive evaluation
score because it considers the number of the clusters are good when achieves the lowest
positive score during evaluation. Thus, can obtain the threshold value as an optimal value
depending on the degree of its evaluation to the group of the clusters which generated it,
as shown in Table 4.3, and its adoption in the construction of

Lexical Chain Sentences (LCS) proposed.

Tabel4. 3 Optimal Threshold Values Selected By The DBI Method

Topic | Optimal Threshold | Number of Clusters
064 0.52 11
078 0.5 23
087 0.5 29
090 0.5 20
105 0.5 15
119 0.51 13

The above Table presents the best optimal threshold values that were selected by the DBI
scale by evaluating the groups of clusters generated from these values and which
depending on it in creating LCS proposed and access into forming a candidate summary
later. The various in choose optimal thresholds in all topics back to less score evaluation

achieved during calculation by DBI measure.

It is always better if the small threshold is not considered. For instance, the optimal
threshold in topic 064 is 0.52, which means the number of clusters in it is eleven, while
when the threshold is 0.5, it has fourteen clusters, which is not considered optimal because
this measure may reveal strong links and correlation among clusters when there are only

11 clusters.
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Therefore, it can be concluded that the evaluation metric showed the proposed
algorithm succeeded in evaluation impressively in many experiments when the number of
groups is small, regardless of the presence of some minor failures. Thus, it can be said
that each algorithm has successes and failures. The proposed Developed clustering
algorithm is considered the best compared with the K — means algorithm in terms of

relationships and correlations between clusters.

4.2.2 Extract Salient Important Candidate Sentences

The experiments in the BMPNN focused on the aspect of classification and the process
of prediction in distinguishing the important sentences corresponding to the golden
summary before and after using the ROS method. The reason for using this method is to
create a balance between data points exactly among class labels as mentioned in section
3.2.5.1. Observing that the DUC 2002 dataset has a very small number of class labels ‘1’s
compared with ‘0’s this means there exists an unbalance as shown in Table 4.4. Also, the
ROS played an important role in the training process, and it was reflected positively in the
testing process of the neural network, as shown in Tables 4.5 and 4.6. On the other hand,
this section focuses on the process of selecting the important sentences that carry the label
‘1°.

Tabel4. 4 The Number of The Class Labels between '1" and Label '0' Before and after Using the

ROS Method
) Summary of Total No. of class No. of class
Topic Method
words Sample label “0” label “1”
200 Before use ROS 182 174 8
. After use ROS 342 174 168
400 Before use ROS 182 168 14
After use ROS 336 168 168
Before use ROS 262 257 5
078 200
After use ROS 477 257 220
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400 Before use ROS 262 246 16
After use ROS 446 246 240
200 Before use ROS 264 257 7
087 After use ROS 495 257 238
400 Before use ROS 264 250 14
After use ROS 488 250 238
Before use ROS 233 229 4
200
After use ROS 417 229 188
090
Before use ROS 233 223 10
400
After use ROS 443 223 220
Before use ROS 235 228 7
200
After use ROS 438 228 210
105
Before use ROS 235 225 10
400
After use ROS 425 225 220
Before use ROS 187 182 5
200
After use ROS 342 182 160
119
Before use ROS 187 178 9
400
After use ROS 349 178 171

87

Table 4.4 shows the wide gap between the sentences scored as the class label 1" and
sentences rated as the class label "0" this was before the use of the ROS method. This
Reflects negatively because the network was not able to train appropriately and accurately.
Thus, the network favors sentences with the class label "0" since their number is greater
than that of sentences with the class label '1’. For example, in Topic 064, the important
sentences that carry a label "1’ to cover a summary of 200 words are 8 sentences, and the
number of sentences that are rated class label ‘0 is 174, whereas the important sentences
that are related to class label ‘1’ to cover a summary of 400 words are 14 sentences, and

the number of sentences that are rated class label '0' unimportant in the field of this




research is 168, leaving a large gap. As a result, the categorization and learning processes
are ineffective and may produce erroneous findings, which is a concern. The dataset must
tackle this The

Random Over Sampling (ROS) method, which helps increase the learning process and

be balanced as much as possible to problem.
expects essential sentences that match the golden summary sentences written by experts,
is one of the most well-known ways to accomplish balance. This method attempts to
reduce variation as much as possible by randomly increasing the number of important
sentences by applying equation (3.1). As a result, the number of important sentences
increased to 168 to cover the summary of 200 words, and the number of unimportant
sentences stayed at 174, while the number of important sentences increased to 168 to cover
the summary of 400 words, and the number of unimportant sentences stayed at 168.
Sometimes. Sometimes such equality occurs between labels and sentences, but not

always.

Tabel4. 5 Correct Predicate in ANN Before and After Using ROS Method With Summary Size

200 Words
No. of Correct Correct
Golden Number ) )
_ No. of class class predicate predicate
Topic | Summary Method of
label “0” label class label class label
of words samples
6‘1’3 “0” “1”
Before
ROS 55 54 1 0.98 0.00
Method
064 200
After ROS
103 52 51 0.79 1.00
Method
Before
78 200 ROS 79 78 1 0.92 0.00
Method
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After ROS
Method

144

83

61

0.88

1.00

87

200

Before
ROS
Method

80

77

0.99

0.00

After ROS
Method

149

78

71

0.95

1.00

90

200

Before
ROS
Method

70

68

0.94

0.00

After ROS
Method

126

73

53

0.93

1.00

105

200

Before
ROS
Method

71

70

0.99

0.00

After ROS
Method

132

71

61

0.89

1.00

119

200

Before
ROS
Method

57

56

0.95

0.00

After ROS
Method

103

57

46

1.0

1.0

Table 4.5 demonstrates that before employing the ROS technique, the right percentage

of the class label '1" is very bad. As a result, the ROS job is obvious and effective in

terms of enhancing outcomes.




Tabel4. 6 Correct Predicate in Ann Before and After Using Ros Method with Summary Size

400 Words
No.of | No.of Correct Correct
Golden Number ) )
) class class | predicate | predicate
Topic | Summary | Method of
label label | label class | label class
of words samples
GCO” 641” C‘O") 4(.1”
Before
ROS 55 51 4 0.92 0.25
Method
064 400
After
ROS 101 55 46 0.84 1.00
Method
Before
ROS 79 75 4 0.96 0.00
Method
078 400
After
ROS 146 72 74 0.92 1.00
Method
Before
ROS 80 74 6 0.99 0.33
Method
87 400
After
ROS 147 73 74 0.97 1.00
Method
Before
ROS 70 68 2 0.97 0.50
Method
090 400
After
ROS 133 62 71 0.97 0.93
Method
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Before
ROS 71 68 1 0.97 0.00

Method
After
ROS 134 55 79 0.98 1.00

Method

105 400

Before
ROS 57 55 2 0.95 0.00

Method
After
ROS 105 47 58 0.91 1.00

Method

119 400

Above, in Table 4.6, although the correct prediction percentage for the class label "0"
before using the ROS method is perfect, the correct predicate percentage for the class label
"1" is frustrating and bad. Except for topics 064,087, and 090, the class label "1" was
achieved 25%, 33%, and 50% sequentially in the testing stage. This is due to unbalanced
data. The results showed that the number of rows labeled "0" was greater than the number
of rows labeled "1". This caused a failure in learning the backpropagation neural network
correctly, and the training and testing stages became a failure. Therefore, using ROS,
helped in increasing the correct predicate percentage class label "1", which represents the
sentences matching the golden summary sentences, and it achieved high perfection.
Therefore, the correct predicate percentage for the class label "1" in all topics became
1.00 for the same topics in the special, except for topic 090, which was improved to 0.93.
This result is also considered perfect when compared with the above percentage for the

same topic in particular.
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4.2.3 New Summary Evaluation

This work deal with a text dataset named DUC 2002. The Document Understanding
Conference (DUC) is the most common benchmarking dataset used for text
summarization [101]. The DUC 2002 contains a set of topics up the number to 59 topics
T= {t,, ty, ..., t,} , each topic includes a group of documents (articles )t; =
{d,d,, ....,d;} talking about that topic. each d contains a set of sentences S =
{51,832, ..., Sm }. All documents sentence special to a specific topic makes into one

file D* = {sy,s,, S3, ..., Sy} Tor simplifying.

This section presents an evaluation of the new summary produced by the proposed
summarizing system utilizing ROUGE metrics. In the context of summarization, the
Rouge measures are the most typically utilized. This research focuses on three measures
for comparing the candidate summary to the golden summary: Rouge — 1, Rouge — 2,

and Rouge — L. In section 2.9, rouge metrics are thoroughly explained.

Two different volumes of golden summaries were taken for each topic and compared
with the candidate summaries. One consists of 400 words and the other of 200 words.
Table 4.7 describes number of sentences in all documents, and number of sentences in
golden summary at 200 and 400 words for each topic of six topics taken in this work . On
the other hand, the new candidate summaries are subject to several conditions before the
evaluation process are: the first is a process of selecting the important sentences that bear
the label "1" only; the second is checking the length candidate summary whether taller
than golden summary, in this case, must remove some of the sentences in candidate
summary which have the smallest score for length feature, and the final condition is the
process of arranging (reordering) these sentences according to importance their depending
on the date and time as additional features, and depending on centrality feature also in
special cases, they will be detailed later. The dataset used in this dissertation contains

articles of news, and thus the date and time become important features in this scope. They
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become a sequent of events accepted and understood during sentence candidate summary
to achieve cohesive summary and consistency. Thus, reordering is considered more
complex because it seeks to reorder sentences as a good way to simulate corresponding

with the brain.

Table 4. 7 Displaying the Number of Sentences for Each Topic Compare With The Golden
Summary Number Of Sentences for it in DUC 2002

No. of sentences in

No. of sentences in No. of sentences in the
) the golden
Topic | all documents for golden
. summary at 200
each topic summary at 400 words
words

064 182 9 16
078 262 8 18
087 264 10 16
090 233 6 14
105 235 8 13
119 187 6 11

However, various issues arose during the implementation process. The first issue with
extracting date and time features is that certain documents lack either the date or the time.
Sometimes, only one of them is present. This problem was overcome by adding the word
"empt" to refer to the date and the number "2400" to denote clock time because most
documents only reach "2300" at most times. Another issue arises when candidate
sentences have similar dates and the sentences are from different documents on the same
topic. This challenge is overcome by emphasizing time (the clock) in the sorting process
between these sentences, only then attaching them in the final candidate summary to
complete the format. The third issue is that some of the potential sentences have the same
date and clock time in some circumstances. This challenge is handled by relying on one
of the eight proposed features. So, after many tests in selecting the feature on which the
sentences are organized, the centrality feature ultimately depended on rearranging these
phrases and then attaching them to the final candidate summary.
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The reordering when reviewing the results of the candidate summaries for the six
selected topics compared to the golden summary as shown, starting from Figure 4.2 to
4.3, it is noted that there is some discrepancy in locations between the candidate and
golden summary sentences. The reason is that the process of arranging the sentences in

the candidate summary was subject to three criteria or conditions are:

1. The main criterion in the arrangement of sentences in general in this dissertation is

depending on the date.

2 . The first secondary criterion: if there are two or more candidate sentences with
similar dates, then these sentences with similar dates will be taken and arranged in
ascending order depending on the time (clock), and then they are returned based on

the new order to the final candidate abstract.

3 . Second secondary criterion: If there are two or more sentences in the final
candidate’s summary, that have a similar date and time, then those sentences will
be taken and their positions re-arranged depending on the central feature, then they
will be returned depending on the new arrangement to the final candidate

summary.

There is an important point that must be made about this study: the sentence positions
in the golden summary do not always appear in the same positions in the final candidate
summary. For example, the sentence in the first position in the golden summary does not
always appear in the same position in the final candidate summary. This comes back to
One of two reasons is that, first, all the candidate summary sentences were subjected to
the criteria indicated above, or second, perhaps, the proposed system did not predict that
sentence. In the end, it leads to the following: there will be a process of crawling in the
positions of the candidate sentences, so that the sentence in the second sequence in the

golden summary may appear in the first position in the candidate summary, for instance.
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Therefore, this dissertation focuses, by results analysis, on four sides. First, analyzing
evaluation results obtained from the candidate summary compared with the reference
summary using ROUGE metrics to find the degree of accuracy, precision, and recall this
side will discussion in Table 4.8 which explains the results of the topics taken under the
scope in this study, and the Table 4.9 shows average the topics results in a dataset in
general. Second, Table 4.11 displays comparison results between our proposed system
and the model described in [1]. Third, The Tables from 4.10 to 4.12 show and discuss a
comparison between the final candidate summary generated at the test stage with the
golden summary sentences for each of the six topics above, when the golden summary
content is 200 or 400 words based on the answers to the three questions following: How
many sentences in the candidate summary are predicated by the proposed system
compared to the golden summary at 200 and 400 words for the topics mentioned above;
why were one or more candidate sentences in the final candidate summary placed in
positions that may differ from the position of these sentences in the golden summary; and

why was more than one sentence chosen from the same chain (cluster) at times?

fourth, determining the amount of cohesiveness during analysis by computing the
average of the consecutive sentences that matching between the candidate summary and

the golden summary.

Tabel4. 8 Results Evaluation Cohesive Candidate Summary Using the Rouge Metrics

NO. Rouge-1 Rouge-2 Rouge-L No. of
Topic of F- F- F- word new
P words Regall P score Recall P score Recall P score | summary
064 200 0.96 1.0 0.98 0.92 0.97 0.95 0.96 1.0 0.98 188
400 0.92 1.0 0.96 0.89 0.98 0.93 0.92 1.0 0.96 362
078 200 0.61 | 099 | 0.76 0.57 0.97 0.72 0.61 0.99 0.76 128
400 0.86 | 0.99 | 0.92 0.82 0.96 0.88 0.86 0.99 0.92 329
087 200 0.84 | 098 | 0.90 0.84 0.97 0.90 0.84 0.98 0.90 168
400 0.92 | 099 | 0.95 0.91 0.97 0.94 0.92 0.99 0.95 371
090 200 0.71 | 099 | 0.83 0.64 0.97 0.77 0.71 0.99 0.83 123
400 0.66 1.0 0.79 0.61 0.97 0.75 0.66 1.0 0.79 242
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105 200 084 | 10 | 091 | 0.78 0.96 0.86 0.84 1.0 0.91 164
400 0.78 | 1.0 | 0.88 | 0.70 0.98 0.82 0.78 1.0 0.88 261
119 200 087 1099 | 093 | 0.82 0.96 0.89 0.87 0.99 | 0.93 181
400 092 1099 ] 095 | 0.90 0.98 0.94 0.92 0.99 | 0.95 379

The results of the evaluation scales in most of the six topics are encouraging, as seen in
the Table above. When compared to the golden summary content of 200 or 400 words,
the F — score findings in the Rouge —1 measure obtained remarkable levels of
accuracy. Except for Topic 078, which scored 0.76 against 200 words, and Topic 090,
which scored 0.79 against 400 words, the recall score reveals that the number of essential
phrases predicted by the proposed system is smaller than the number of golden summary
sentences. The extent of matching between predictive and reference sentences is reflected
in the recall degree. Thus, topic 078 has a recall degree of 0.61, while topic 090 has a
recall degree of 0.66. For topics 078, and 090, the f-score degree on the rouge-2 scale is
lower than the rest of the topics for the same reason above, and in addition to that, the
recall score for topic 078 is 0.57, and for topic 090 it is 0.64 for 200 words and 0.61 for
400 words. This rouge measures the bigram overlap between the candidate's computer-
generated summary and the reference summaries. Thus, the bigram overlap refers between
the candidate and the golden sentences summary is accepted but is small compared to the

rest of the topics.

Tabel4. 9 Average the Rouge Evaluations Measure for Topic Summarization System Proposed
to All Topics in The Dataset

Rouge-1 Rouge-2 Rouge-L

Words Recall | P F- Recall P F- Recall P F-
score score score

200 0.69 | 0.99 | 0.81 0.63 0.97 0.75 0.69 0.99 0.81

400 0.63 | 0.99 | 0.76 0.56 0.96 0.69 0.63 0.99 0.76

200&400 | 0.66 | 0.99 | 0.78 0.60 0.97 0.72 0.66 0.99 0.78
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The Table 4.9 above shows three of the average final evaluations. The first is the related
results candidate summary at 200 words, the second is the related results candidate
summary at 400 words, and the last is the mean results of the candidate summary related
200 and 400 words together, for all topics in DUC 2002, as determined by the proposed
system. the results of the Rouge — 1, Rouge — 2,and Rouge — L tests revealed that the
candidate cohesive summary generated by the proposed system is generally good. Thus,
the proposed system can achieve a predicting-to-important sentence ratio greater than
50%, as evidenced by the recall scores for all of the above measures. The different degrees
of F — score are determined by the type of measure utilized, which was discussed in

section 2.9.

A comparison with other related models should be made to evaluate our proposed
model. In this dissertation, the model described in [1] is used for comparison. This model
formulates content coverage and redundancy reduction challenges in a novel way. The
GA method was used in [1] for comparison fairness. The evaluation measures rouge2, and
ROUGE-L are used to compare the two models. These evaluation criteria were calculated
by comparing computer-generated summaries against human-generated summaries. The
machine-generated summary is evaluated by comparing it to the reference summary
provided by professionals and supported by the DUC2002 dataset for each topic. The
suggested model and the model introduced in [1] were tested on ten topics from the
DUC2002 dataset [d061j, d062j, d063j, d064j, d065j, d066j, d067f, d068f, d069f, dO70f].
Table 4.10 presents detailed average scores for the 20 runs to the rouge-2 and rouge-L
scores, which describe the procedure of each topic in the model [1], compared with the

results obtained from the proposed system.
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Tabel4. 10 Detailed Results for Rouge-2 and Rouge-L Score

Topic number Number of Model in [1] Propose Model
words Rouge-2 | Rouge-L | Rouge-2 | Rouge-L
061j 200 0.306 0.554 0.907 0.93
062j 200 0.200 0.481 0.752 0.815
063j 200 0.275 0.528 0.785 0.754
064j 200 0.233 0.488 0.95 0.98
065j 200 0.182 0.457 0.909 0.931
066j 200 0.181 0.441 0.832 0.892
067f 200 0.260 0.529 0.874 0.912
068f 200 0.496 0.626 0.673 0.734
069f 200 0.232 0.476 0.890 0.932
070f 200 0.262 0.513 0.820 0.872

The Table above demonstrates that the suggested system outperforms the model proposed
in [1]. This suggests that the proposed system can provide a good cohesive summary and
preserve the key phrases indicating the primary theme of the document collection form
more accurate than the model proposed in [1] while simultaneously removing irrelevant

and redundant ones from the entire collection.

Tabel4. 11 Compares Between the Correct Candidate Summary Sentences Prediction with The
Golden Summary Sentences at Test 200 Words in Topic 064

Topic 064 with 200
Golden summary
the next east European McDonald's is scheduled to be opened in Budapest, Hungary, by the end
of this year, said Vesna Milosevic, another Genex official.

. The world's largest version of the landmark American fast-food chain rang up
30,000 meals on 27 cash registers, breaking the opening-day record for McDonald's worldwide,
officials said. Shenzhen, china (ap). McDonald's hamburgers, fries, and golden arches came to
China on Monday when the fast-food chain opened its first restaurant in a nation famed for its
distinctive cuisine.McDonald's hopes to open a restaurant in Beijing later.Moscow.

Seoul. seven years after the u.s. hamburger giant first tried to bring its big macs to
South Korea, the golden arches were finally going up.
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Candidate Summary

The communist world gets its first mcdonald's next week, and some people here are wondering
whether its merican hamburgers will be as popular as the local fast-food treat, pljeskavica. The
next east european mcdonald's is scheduled to be opened in budapest, hungary, by the end of this
year, said vesna milosevic, another genex official. South korea may be one of mcdonald's most
promising foreign markets, business analysts say. Seven years after the u.s. hamburger giant first
tried to bring its big macs to south korea, the golden arches were finally going up. The world's
largest version of the landmark american fast-food chain rang up 30,000 meals on 27 cash
registers, breaking the opening-day record for mcdonald's worldwide, officials said. Mcdonald's
hamburgers, fries and golden arches came to china on monday when the fast-food chain opened
its first restaurant in a nation famed for its distinctive cuisine. Mcdonald's hopes to open a
restaurant in beijing later. Opening the second mcdonald's restaurant in moscow, along with a 12-
storey office block, mr george cohon, head of mcdonald's canada, could well be described as the
russian authorities' idea of a model investor.

Cluster name Sentences candidate date Time

14-Mar-

33 1223

clusterO

the next east european mcdonald's is scheduled to be
clusterl opened in budapest, hungary, by the end of this year, 1223

14-Mar-

; . , .. 88
said vesna milosevic, another genex official.

clusterl

seven years after the u.s. hamburger giant first tried to
clusterQ bring its big macs to south korea, the golden arches 12-Apr-88 | 2400
were finally going up.

the world's largest version of the landmark american
fast-food chain rang up 30,000 meals on 27 cash

cluster9 . . . 31-Jan-90 | 2051
registers, breaking the opening-day record for
mcdonald's worldwide, officials said.

mcdonald's hamburgers, fries and golden arches came
clusterd 'Fo chma on monda}/ when.the fast-food Fhalljl o'perfed 8-0ct-90 | 2027

its first restaurant in a nation famed for its distinctive

cuisine.

cluster4 mcdonald's hopes to open a restaurant in beijing later. | 8-Oct-90 | 2027
cluster7 2-Jan-93 | 2400
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Table 4.11 shows the number of sentences in the candidate summary as predicated by the
proposed system, seven sentences, compared to the golden summary, nine sentences, at
200 words, for topic 064, which forms 80% of the number of sentences in the golden
summary. The difference among sentence positions is that, for example, sentence number
one is located in the first position, and sentence number two is located in the second
position in the golden summary, while sentence number one becomes in the second
position and the other one in the first position, respectively. Because the candidate
sentences are subject to one of the three reordering criteria mentioned above, these two
sentences are rearranged based on the centrality feature score because the date and time
in these sentences are similar; thus, the sentence with a higher score in their document is
introduced on the other. Also, note that sentences three and nine in the reference summary
changed positions in the final summary since the reordering process in this state depends
on old date priority because this dissertation deals with news articles, thus the date is
considered very important. Therefore, sentence number three became in the fifth position
because its date is "12-Apr-88", and sentence number nine became in the third position in
the final summary because its date is "2-Jan-93". For easy understanding, Figure 4.2
displays a simple summary of the variance of the positions between the final and golden
summary. Last, note that chosen two sentences from the same cluster (cluster) as in cluster
0, cluster 1, and cluster 4 because these sentences may be shared with one or more than
the similarity of the words but not match them with the semantic, like sentence numbers
2, and 3 shares with the word "McDonald's"; while, sentences 6, and 7 shares with the
three words "McDonald's", "open,™ and "restaurant” in the final summary; or maybe it is
an important sentence, but it is an outlier, it does not have relation to sentences in those
clusters, and during the reduction sentence procedure, it shows that it has a high score,
like sentence 1, and 4 in cluster 0.
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Topic 064 with 200 words

Golden summary Candidate summary
location location predication

N\

Figure 4. 2 Compares Candidate Sentence Positions with Original Sentence Positions in
Golden Summary Special to Topic 064 At 200 Words

Figure 4.2 was referred to above because it helps with ease of understanding. In addition,
through it, it is possible to calculate the percentage of the number of consecutive sentences
that came in the final summary and match it with the golden summary to show the
proportion of coherence and similarity between the final summary and the golden
summary. Note that sentences No. 5 and 6 are consecutive sentences that appeared in the
final summary in the same format in the golden summary, but in a different location for

reasons discussed in Table 4.10 In addition, the unpredictability of the proposed system
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for the sentences 4 and 7 in the golden Abstract, led to the occurrence of the crawling
process described earlier. Therefore, when calculating the ratio of successive sentences to
the total number of sentences in the final summary, it results in 20% of the sentences
being consecutive sentences similar to the golden summary in order in this topic at

comparing with 200 words, regardless of the difference in locations between the two
abstracts.

Tabel4. 12 Compares Between the Correct Candidate Summary Sentences Prediction with The
Golden Summary Sentences at Test 400 Words in Topic 064

Topic 064 with 400
Golden Summary

belgrade, yugoslavia (ap).

.police kept watch on the lines of customers snaking around the block, and they regulated
the number who came inside to avoid overcrowding. i think this restaurant has no competition in
belgrade," said milica danic, a housewife who treated her son to a cheeseburger.

he world's largest version of the landmark
american fast-food chain rang up 30,000 meals on 27 cash registers, breaking the opening-day record
for mcdonald's worldwide, officials said.

mcdonald's built its own factory, including bakery, dairy, meat-processing plant
and even potato storage yard, to provide its own guaranteed supplies in a country where up to 25
percent of the harvest rots en route to the consumer.shenzhen, china (ap).

.mcdonald's hopes to open a restaurant in
beijing later.moscow.opening the second mcdonald's restaurant in moscow, along with a 12-storey
office block, mr george cohon, head of mcdonald's canada, could well be described as the russian
authorities' idea of a model investor.

seoul seven years after the u.s. hamburger giant first tried to bring
its big macs to south korea, the golden arches were finally going up.
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Candidte Summary

The communist world gets its first mcdonald's next week, and some people here are wondering
whether its american hamburgers will be as popular as the local fast-food treat, pljeskavica. The next
east european mcdonald's is scheduled to be opened in budapest, hungary, by the end of this year,
said vesna milosevic, another genex official. “i think this restaurant has no competition in belgrade,"
said milica danic, a housewife who treated her son to a cheeseburger. Police kept watch on the lines
of customers snaking around the block, and they regulated the number who came inside to avoid
overcrowding. South korea may be one of mcdonald's most promising foreign markets, business
analysts say. The competition, besides wendy's international's 11 shops and six of burger king, a unit
of pillsbury co., includes home-grown burger chains. The company is a 50-50 joint venture of
mcdonald's corp., oak brook, ill., and an accountant-turned-entrepreneur, ahn hyo young. The
world's largest version of the landmark american fast-food chain rang up 30,000 meals on 27 cash
registers, breaking the opening-day record for mcdonald's worldwide, officials said. The restaurant,
built by the company in a joint venture with the city of moscow that began 14 years ago, brought to
52 the number of countries where mcdonald's operates. Mcdonald's built its own factory, including
bakery, dairy, meat-processing plant and even potato storage yard, to provide its own guaranteed
supplies in a country where up to 25 percent of the harvest rots en route to the consumer.
Mcdonald's hamburgers, fries and golden arches came to china on monday when the fast-food chain
opened its first restaurant in a nation famed for its distinctive cuisine. Mcdonald's hopes to open a
restaurant in beijing later. Opening the second mcdonald's restaurant in moscow, along with a 12-
storey office block, mr george cohon, head of mcdonald's canada, could well be described as the
russian authorities' idea of a model investor. Although the first moscow restaurant is the busiest
mcdonald's in the world the plunging rouble, high inflation and constantly changing tax rules have
been a challenge to mcdonald's management, who admitted that they have no idea of when it could
recoup its initial dollars 50m investment.

Cluster Name Sentences Candidate Date Time

cluster0 14-Mar-88 1223

clusterl 14-Mar-88 1223

cluster5 i think this restaurant has no competition in belgrade," said 24-Mar-88 | 1514
milica danic, a housewife who treated her son to a
cheeseburger.

clusterl0 | police kept watch on the lines of customers snaking around the | 24-Mar-88 | 1514
block, and they regulated the number who came inside to avoid
overcrowding.

clusterl 12-Apr-88 | 2400

cluster9 12-Apr-88 | 2400
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cluster0 12-Apr-88 | 2400

cluster9 the world's largest version of the landmark american fast-food 31-Jan-90 2051
chain rang up 30,000 meals on 27 cash registers, breaking the
opening-day record for mcdonald's worldwide, officials said.
cluster7 the restaurant, built by the company in a joint venture with the 31-Jan-90 2051
city of moscow that began 14 years ago, brought to 52 the
number of countries where mcdonald's operates.
cluster9 | mcdonald's built its own factory, including bakery, dairy, meat- | 31-Jan-90 2051
processing plant and even potato storage yard, to provide its
own guaranteed supplies in a country where up to 25 percent of
the harvest rots en route to the consumer.

cluster4 8-Oct-90 2027
cluster4 mcdonald's hopes to open a restaurant in beijing later. 8-Oct-90 2027
cluster7 opening the second mcdonald's restaurant in moscow, along 2-Jan-93 2400
with a 12-storey office block, mr george cohon, head of
mcdonald's canada, could well be described as the russian
authorities' idea of a model investor.
cluster2 2-Jan-93 2400

Table 4.12 shows the number of sentences in the candidate summary as predicted by the
proposed system, fourteen sentences, compared to the golden summary, sixteen sentences,
at 400 words, for topic 064, which forms 80% of the number of sentences in the golden
summary. Note, that the first row is the golden summary, and the rest rows represent the
candidate summary. The difference among sentence positions is that, for example,
sentence number two is located in the second position, and sentence number three is
located in the third position in the golden summary, while sentence number two becomes
in the first position due to it has an older date which is “14-Mar-88 and the other one in
the fourth position due to rearranged based on the centrality feature score because the date
and time in between sentence number 3 and 4 sentences are similar. these two sentences

are rearranged based on the centrality feature score because the date and time in these
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sentences are similar; Also, note that all sentences in the reference summary changed
positions in the final summary since the reordering process in this state depends on the
old date priority because this dissertation deals with news articles, thus the date is
considered very important. Therefore, all the candidate sentences are subject to one of the
three reordering criteria mentioned above. For easy understanding, Figure 4.3 displays a
simple summary of the variance of the positions between the final and golden summary.
Last, note that chosen two sentences from the same cluster (cluster) as in cluster O, cluster
1, cluster 4, cluster 7, and cluster 9 because these sentences may be shared with one or
more than the similarity of the words but not match them with the semantic, like sentence
numbers 11, and 12 shares with the word "McDonald's"; while, sentences 9, and 13 shares
with the three words "McDonald's", "Moscow", and "restaurant” in the final summary; or
maybe it is an important sentence, but it is an outlier, it does not have relation to sentences
in those clusters, and during the reduction sentence procedure, it shows that it has a high

score, like sentence 1, and 7 in cluster 0.

Topic 064 400 |
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Figure 4. 3 Compares Candidate Sentence Positions with Original Sentence Positions In
Golden Summary Special To Topic 064 At 400 Words

105



Figure 4.3 was referred to above because it helps with ease of understanding. In addition,
through it, it is possible to calculate the percentage of the number of consecutive sentences
that came in the final summary and match it with the golden summary to show the
proportion of cohesion and similarity between the final summary and the golden summary.
Note that sentences number 6,7,8,9,10,11,and 12 are consecutive sentences that
appeared in the final summary in the same format in the golden summary, but in a different
location for reasons discussed in Table 4.12 In addition, the unpredictability of the
proposed system for the sentences 1 and 13 in the golden Abstract, led to the occurrence
of the crawling process described earlier. Therefore, when calculating the ratio of
successive sentences to the total number of sentences in the final summary, it results in
50% of the sentences being consecutive sentences similar to the golden summary in order
in this topic at comparing with 400 words for topic 064, regardless of the difference in

locations between the two abstracts.

Also, this topic was extracted other golden summary consist of 22 sentences which
represent 504 words by using QuillBot software to ensure the efficiency of this system's
performance and compare matching with candidate summary as shown in Table 4.13. The
Table 4.14 displays percentage of candidate summary sentences matching sentences in
golden summary. the predicate candidate summary reach to 11 of sentences which mean
50%. Table 4.15 shows that the Results Evaluation Using the Rouge Metrics between
cohesive candidate summary and golden summary which produced from QuillBot
software proven that candidate summary achieved Encouraging and convincing results.
The details of the rest of the topics taken as samples in this study are included in Appendix

No. 1 at the end of the dissertation.
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Tabel4. 13 Compares Between the Correct Candidate Summary Sentences Prediction with The Golden
Summary Sentences which produced by QuillBot software at Test 504 Words in Topic 064

Golden Summary

Pljeskavica is made of ground pork and onions, and it is served on bread and eaten with the hands. The
next East European McDonald's is scheduled to be opened in Budapest, Hungary, by the end of
thisyear, said Vesna Milosevic, another Genex official. Negotiations have been going on for years for
expanding the fast-food chain to the Soviet Union, but no agreement has been announced. The
Belgrade media have suggested that the success of McDonald's in Yugoslavia depends on its
acceptance by citizens long accustomed to a hamburger-like fast-food dish called the Pljeskavica:
ground pork and onions on a bun. " The Big Mac meal, consisting of a hamburger, soft drink and french
fries costs the equivalent of $2.57, or about as much the similar meal would cost in numerous
Pljeskavica joints around town. Sadik Seljami, a waiter in a small Pljeskavica outlet just a few hundred
yards from the McDonald's, suggested that the American restaurant wants to drive Yugoslav fast-food
outlets out of business. The American corporation plans to open five additional restaurants Yugoslavia
in the next five years. The next East European McDonald's, and the first in a Soviet bloc country, is to
open next month in Budapest, Hungary. The world's largest version of the landmark American fast-
food chain rang up 30,000 meals on 27 cash registers, breaking the opening-day record for McDonald's
worldwide, officials said. The crush of customers was so intense the company stayed open until
midnight, two hours later than planned. The previous opening-day record for sales was in Budapest,
company officials said. McDonald's of Canada Chairman George Cohon, the man behind the deal, said
many people were buying multiple orders and the restaurant served 15,000 to 20,000 people in just the
first five hours of operation. Hundreds of Chinese waited for hours outside the restaurant in Shenzhen,
an economic boom town near Hong Kong, for their first taste of a McDonald's hamburger, fries or
shake. It is estimated there are more than 5,000 different Chinese dishes. However, many Chinese,
who earn an average $32 a month, are still unable to afford fancy meals at restaurants. Another U.S.
fast food outlet, Kentucky Fried Chicken, opened a restaurant in Beijing in 1987, and it now has four
outlets there. McDonald's hopes to open a restaurant in Beijing later. The 500-seat McDonald's
restaurant in a three-story building is operated by McDonald's Restaurant Shenzhen Ltd., a wholly
owned subsidiary of McDonald's Hong Kong. But McDonald's executives hope eventually to get their
supplies of beef and potatoes from China. Daniel Ng, chairman of McDonald's Restaurant Shenzhen
Ltd., said it took two years to prepare for the restaurant's opening and his ambition now is to serve 10
million burgers a year. A waiter at the restaurant can earn 53 cents an hour.

Candidate Summary predication

Negotiations have been going on for years for expanding the fast-food chain to the soviet union, but
no agreement has been announced.Sadik seljami, a waiter in a small pljeskavica outlet just a few
hundred yards from the mcdonald's, suggested that the american restaurant wants to drive yugoslav
fast-food outlets out of business.The belgrade media have suggested that the success of mcdonald's in
yugoslavia depends on its acceptance by citizens long accustomed to a hamburger-like fast-food dish
called the pljeskavica: ground pork and onions on a bun. The big mac meal, consisting of a hamburger,
soft drink and french fries costs the equivalent of $2.57, or about as much the similar meal would cost
in numerous pljeskavica joints around town. The american corporation plans to open five additional
restaurants yugoslavia in the next five years.The next east european mcdonald's, and the first in a soviet
bloc country, is to open next month in budapest, hungary.The previous opening-day record for sales
was in budapest, company officials said.Mcdonald's hopes to open a restaurant in beijing later. The
500-seat mcdonald's restaurant in a three-story building is operated by mcdonald's restaurant shenzhen

107




Itd., a wholly owned subsidiary of mcdonald's hong kong. Another u.s. fast food outlet, kentucky fried
chicken, opened a restaurant in beijing in 1987, and it now has four outlets there. Daniel ng, chairman
of mcdonald's restaurant shenzhen Itd., said it took two years to prepare for the restaurant's opening
and his ambition now is to serve 10 million burgers a year. But mcdonald's executives hope eventually
to get their supplies of beef and potatoes from china. It is estimated there are more than 5,000 different
chinese dishes. A waiter at the restaurant can earn 53 cents an hour.

Tabel4. 14 Percentage of Candidate Summary Sentences Matching Sentences in Golden Summary

Topic No. of words The percentage of correct
Golden summary candidate sentences
200 80%
064 400 80%
504 50%

Tabel4. 15 Results Evaluation Cohesive Candidate Summary Using the Rouge Metrics

NO. Rouge-1 Rouge-2 Rouge-L No. of
Topic of F- F- F- word new
words Recall | P score Recall P score Recall P score | summary
064 504 071 | 1.0 | 0.83 | 0.62 0.97 0.75 0.71 1.0 0.83 286

The results explained above prove that the proposed system can access the important
sentences and form a candidate summary free from redundant sentences, thereby
achieving diversity and coverage. In addition, the system was able to create a cohesive
and understandable summary so that the percentage of the consecutive sentences is very
close to the percentage of consecutive sentences in a golden summary. Also, it succeeded
in building a lexical chain based on sentences (LCS), solving traditional lexical chain
problems. It is worth noting the success fantastic of the Developed clustering algorithm
compared with the K — means algorithm despite some minor failures. However, each
algorithm has failures and successes according to the nature of the data applied to it, and

on the other hand, its effective contribution to building a LCS.
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4.2.4 Validation Of The Proposed System Performance

This dissertation collected another dataset by picked news articles on certain topics
from various news agencies over the internet and extracted the golden summary for each
topic using QuillBot software to ensure the efficiency of this system's performance. The
Quillbot is an online program that includes text summaries and paraphrase tools for
authors, students, and marketers [102]. Table 4.16 describes number of sentences for each

topic with their golden summary

Tabel4. 16 Number of Sentences for Each Topic with Their Golden Summary

Topic | No. of sentences in all documents | No. of sentences in golden summary
Al132 142 17
B151 90 3
C185 295 20

This dissertation focuses, by results analysis, on three sides. First, analyzing evaluation
results obtained from the candidate summary compared with the reference summary using
ROUGE metrics to find the degree of accuracy, precision, and recall this side will
discussion in Table 4.17 which explains the results of the topics taken under the scope
in this dataset, Second, The Table s from 4.18 to 4.20 show and discuss a comparison
between the final candidate summary generated at the test stage with the golden summary
sentences for each of the three topics above, when the golden summary content is 390,114,
or 518 words based on the answers to the three questions following: How many sentences
in the candidate summary are predicated by the proposed system compared to the golden
summary at different sizes of the words for the topics mentioned above; why were one or
more candidate sentences in the final candidate summary placed in positions that may
differ from the position of these sentences in the golden summary; and why was more than

one sentence chosen from the same chain (cluster) at times?
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Third, determining the amount of cohesiveness during analysis by computing the
average of the consecutive sentences that matching between the candidate summary and
the golden summary, this side will discuss topics results taken as sample related in this

dateset shown in the Figures which started from 4.4 to 4.6.

Tabel4. 17 Results Evaluation Cohesive Candidate Summary Using the Rouge Metrics

NO. Rouge-1 Rouge-2 Rouge-L No. of
Topic of F- F- F- word new
words Recall | P score Recall P score Recall P score | summary
Al132 | 390 0.67 | 087 | 0.76 | 0.57 0.74 0.64 0.67 0.87 | 0.76 303
B151 | 114 055 | 093 | 069 | 0.48 0.86 0.62 0.55 0.93 | 0.69 63
C185 | 518 093 | 1.0 | 096 | 0.88 0.97 0.92 0.93 1.0 0.96 480

The results of the evaluation scales are fantastic in most of the three topics above, as seen
in the Table above. When compared to the golden summary content with different sizes
of words, the F-score findings in the Rouge-1 measure obtained remarkable levels of
accuracy. Except for Topic B151, which scored 0.69 against 114 words, the recall score
reveals that the number of essential phrases predicted by the proposed system is smaller
than the number of golden summary sentences because the number of sentences entered
to proposed system in test stage are 45 sentences, and that the number of correct
sentences existence in this sample are 2 sentences. Therefore, the recall degree is low
and the f-score is low too compared rest topics. For topics B151 the f — score degree on
the rouge — 2 scale is lower than the rest of the topics for the same reason above. This
rouge measures the bigram overlap between the candidate's computer-generated summary
and the reference summaries. Thus, the bigram overlap refers between the candidate and

the golden sentences summary is accepted but is small compared to the rest of the topics.
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Tabel4. 18 Compares Between the Correct Candidate Summary Sentences Prediction with The
Golden Summary Sentences at Test 390 Words in Topic A132

Golden Summary

rubin, on a tour of asia's economic trouble spots, arrived from beijing, where he had accompanied u.s. president
bill clinton on a visit. rubin will leave monday for thailand and south korea.the thai government has shut down
56 finance companies and taken over four small banks to sort out its financial sector.nairobi, kenya (ap) _ u.s.
treasury secretary robert rubinfriday urged kenya to combat corruption and get its economy back ontrack.he
was scheduled to meet with east african central bankers andfinance ministers later friday before concluding his
week-longafrican trip that also included stops in ivory coast, south africa,namibia and mozambique.new york _
robert rubin, before joining the clintonadministration, built his career at goldman, sachs & co., tradingstakes in
companies as head of that wall street firm's arbitragedesk. rubin and stephen friedman, co-heads of goldman
from 1990 to 1992, had thebiggest stakes in the goldman partnership in the early 1990's, whenthe firm's top
officers still could hold as much as 5 percent ofthe partnership, according to people at goldman. ( joining the
clinton white house in january1993, rubin was appointed treasury secretary in december 1994. ms. smith said
rubin '"has no economic stake in goldman's success or failure. "robert rubin's decision to step aside as treasury
secretary wasresponsibly timed in that the major crises in the world now are notprimarily economic. rubin, a
former co-chairman of the investment bank goldman,sachs, was chairman of president clinton's national
economiccouncil until he was chosen as treasury secretary in late 1994,shortly before the mexican crisis erupted
as that country'scurrency fell sharply.lawrence summers, the deputy secretary named to succeed rubin, is an
outstanding if sometimes undiplomatic economist who is well qualified and deserves prompt confirmation.and
treasury secretary robert rubin, who announced hisresignation wednesday, has joined greenspan in the
pantheon ofmoney gods. ( he arrived in washington as a supposedchampion of the poor.though rubin has
bucked wall street by opposing a capital-gains taxcut, he comes from wall street, and most of his closest friends
andadvisers are wall streeters, and he generally heeds the street.during the global financial crisis, rubin has
halfheartedlywarned americans not to invest cavalierly in weak foreigneconomies, but anytime foolhardy
american investors have beenthreatened, rubin has rushed to save them.he insists he was not trying to help
wall street.be nice to wall street, and perhaps youcan be a money god, too.

Candidate Summary

Rubin will leave monday for thailand and south korea. The thai government has shut down 56 finance companies
and taken over four small banks to sort out its financial sector. Nairobi, kenya (ap) _ u.s. treasury secretary
robert rubin friday urged kenya to combat corruption and get its economy back on track. He was scheduled to
meet with east african central bankers and finance ministers later friday before concluding his week-long african
trip that also included stops in ivory coast, south africa, namibia and mozambique. Rubin and stephen friedman,
co-heads of goldman from 1990 to 1992, had the biggest stakes in the goldman partnership in the early 1990's,
when the firm's top officers still could hold as much as 5 percent of the partnership, according to people at
goldman. Rubin, a former co-chairman of the investment bank goldman, sachs, was chairman of president
clinton's national economic council until he was chosen as treasury secretary in late 1994, shortly before the
mexican crisis erupted as that country's currency fell sharply. Robert rubin's decision to step aside as treasury
secretary was responsibly timed in that the major crises in the world now are not primarily economic. Though
rubin has bucked wall street by opposing a capital-gains tax cut, he comes from wall street, and most of his
closest friends and advisers are wall streeters, and he generally heeds the street. During the global financial
crisis, rubin has halfheartedly warned americans not to invest cavalierly in weak foreign economies, but anytime
foolhardy american investors have been threatened, rubin has rushed to save them. He insists he was not trying
to help wall street. and treasury secretary robert rubin, who announced his resignation wednesday, has joined
greenspan in the pantheon of money gods. be nice to wall street, and perhaps you can be a money god, too.
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Cluster

Sentences Candidate

Date

Time

Name
clusterO rubin will leave monday for thailand and south korea. 28-Jun-98 | 536
cluster0 the thai government has shut down 56 fln.anc‘e companles and taken 30-Jun-98 | 339
over four small banks to sort out its financial sector.
cluster2 nairobi, kenya (ap) _ u.s. trgasury secretcary robert rubin friday urged 17-1ul-98 732
kenya to combat corruption and get its economy back on track.
he was scheduled to meet with east african central bankers and finance
cluster0 ministers !ater friday befc.arej concluding his week‘—long afr'ic.am trip that 17-1ul-98 732
also included stops in ivory coast, south africa, namibia and
mozambique.
rubin and stephen friedman, co-heads of goldman from 1990 to 1992,
had the biggest stakes in the goldman partnership in the early 1990's,
clusterl ) . : 10-Aug-98 | 2135
! when the firm's top officers still could hold as much as 5 percent of the ue
partnership, according to people at goldman.
rubin, a former co-chairman of the investment bank goldman, sachs, was
chairman of president clinton's national economic council until he was
cluster2 . . 12-May-99 | 2159
! chosen as treasury secretary in late 1994, shortly before the mexican y
crisis erupted as that country's currency fell sharply.
robert rubin's decision to step aside as treasury secretary was
cluster3 responsibly timed in that the major crises in the world now are not 12-May-99 | 2159
primarily economic.
though rubin has bucked wall street by opposing a capital-gains tax cut,
clusterl he comes from wall street, and most of his closest friends and advisers 13-May-99 | 1310
are wall streeters, and he generally heeds the street.
during the global financial crisis, rubin has halfheartedly warned
cluster3 amerlcans not to |nvgst ca.vallerly in weak foreign economies, k.)ut 13-May-99 | 1310
anytime foolhardy american investors have been threatened, rubin has
rushed to save them.
clusterd he insists he was not trying to help wall street. 13-May-99 | 1310
clusterl and treasury secrfet.ary robert rubln., who announced his resignation 13-May-99 | 1310
wednesday, has joined greenspan in the pantheon of money gods.
clusterl be nice to wall street, and perhaps you can be a money god, too. 13-May-99 | 1310

Table 4.18 shows the first row is the golden summary, seventeen sentences, at 390 words,

and the rest rows are the number of sentences in the candidate summary as predicted by

the proposed system, twelve sentences, compared to the golden summary, for topic A123,

which forms 70.5% of the number of sentences in the golden summary. Note, the first

row is the golden summary, and the rest rows represent candidate summary. The

difference among sentence positions is that, for example, sentence number two is located

in the second position, and sentence number three is located in the third position in the
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golden summary, while sentence number two becomes in the first position and the
sentence number three became in the second position due to rearranged based on the date
priority. Typically, all sentences in the reference summary changed positions in the final
summary since the reordering process in this state depends on the old date priority because
this dissertation deals with news articles, thus the date is considered very important.
Therefore, all the candidate sentences are subject to one of the three reordering criteria
mentioned above. For easy understanding, Figure 4.4 displays a simple summary of the
variance of the positions between the final and golden summary. Last, note that chosen
two sentences from the same cluster (cluster) as in cluster 0 because these sentences may
be shared with one or more than the similarity of the words but not match them with the
semantic, or maybe it is an important sentence, but it is an outlier, it does not have relation
to sentences in those clusters, and during the reduction sentence procedure, it shows that

it has a high score.
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Figure 4. 4 Shows Candidate Sentence Positions Compared With Original Sentence Positions In
Golden Summary Special To Topic A132 At 390 Words
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In the preceding paragraph, Figure 4.4 was mentioned since it aids incomprehension. It is
also possible to calculate the percentage of the number of consecutive sentences that
appeared in the final summary and compare it to the golden summary to show the
proportion of cohesion and similarity between the final summary and the golden summary
using the information provided by this Figure. Keep in mind that sentences numbers
1,2,3,4,8,9,10,and 12 are consecutive sentences that appeared in the final summary in
the same structure as the golden summary, but in a different location for the reasons
described in Table 4.18. Table 4.18: As previously said, the unpredictability of the
suggested system for the sentences 1, 6,8,11, and 13 in the Golden Abstract resulted in
the occurrence of the crawling process, which was previously reported. Consequently,
when the ratio of consecutive sentences to the total number of sentences in the final
summary is calculated, it results in 66 % of the sentences in this topic being consecutive
sentences similar to the golden summary in order, for topic A132, regardless of the
difference in locations between the two abstracts. Typically, the most intriguing sentences
in any article are found in the beginning sentences, and the final sentences in news articles
are found in the last sentences. As a result, the suggested system in this field allows for

the most precise prediction and rearrangement of significant sentences.

Tabel 4. 19 Compares Between the Correct Candidate Summary Sentences Prediction with The
Golden Summary Sentences at Test 114 Words in Topic B151

greenspan, who announced a quarter-point interest rate hike tuesday, ends his current four-year
term on june 30, 2000. republican elizabeth dole approves of greenspan's performance and
would reappoint him if she were elected, said her spokesman ari fleischer. Arizona sen. john
mccain approves of Greenspan, but thinks it is premature to consider his reappointment now,
said spokesman howard opinsky. since Alan Greenspan haschaired the federal reserve,
inflation and unemployment are both down nearly 2percentage points, interest rates are down
2.5 percentage points, the dow is up325 percent and the economy has grown at a 3.2 percent
annual rate."
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cluster4 | Arizona sen. john mccain approves of greenspan, but thinks it | 24-Aug-99 | 1540
IS premature to consider his reappointment now, said
spokesman howard opinsky.

cluster0 | since Alan Greenspan has chaired the federal reserve, inflation | 4-Jan-00 2025
and unemployment are both down nearly 2 percentage points,
interest rates are down 2.5 percentage points, the dow is up
325 percent and the economy has grown at a 3.2 percent
annual rate."

Table 4.19 shows the first row is the golden summary, three sentences, at 114 words, and
the rest rows are the number of sentences in the candidate summary as predicted by the
proposed system, two sentences, compared to the golden summary, for topic B151, which
forms 66% of the number of sentences in the golden summary. because each sentence in
the golden summary represents around 33.3%, therefore this system predicated two
sentences from three origins. Note, the first row is the golden summary, and the rest rows
represent candidate summary. The difference among sentence positions is that, for
example, sentence number two is located in the second position, and sentence number
three is located in the third position in the golden summary, while sentence number two
becomes in the first position and the sentence number three became in the second position
due to rearranged based on the date priority. Because the second sentence date is 4 —
Jan — 00 (the 00 here represents the year 2000). Typically, all sentences in the reference
summary changed positions in the final summary since the reordering process in this state
depends on the old date priority because this dissertation deals with news articles, thus the
date is considered very important. Therefore, all the candidate sentences are subject to one
of the three reordering criteria mentioned above. For easy understanding, Figure 4.5
displays a simple summary of the variance of the positions between the final and golden

summary.

115



[ Topic B151 with 114 |

Golden summary location
UorjeaipaJd uopeno| ALewwns aepipue)

Figure 4. 5 Shows Candidate Sentence Positions Compared with Original Sentence Positions in
Golden Summary Special to Topic B151 At 114 Words

In the preceding paragraph, Figure 4.5 was mentioned since it aids incomprehension. It is
also possible to calculate the percentage of the number of consecutive sentences that
appeared in the final summary and compare it to the golden summary to show the
proportion of cohesion and similarity between the final summary and the golden summary
using the information provided by this Figure. Keep in mind that sentences numbers
1,and 2 are consecutive sentences that appeared in the final summary in the same
structure as the golden summary, but in a different location for the reasons described in
Table 4.19. Table 4.19: As previously said, the unpredictability of the suggested system
for the sentence 1 in the Golden Abstract resulted in the occurrence of the crawling
process, which was previously reported. Consequently, when the ratio of consecutive
sentences to the total number of sentences in the final summary is calculated, it results in
100% of the sentences in this topic being consecutive sentences similar to the golden
summary in order, for topic B151, regardless of the difference in locations between the
two abstracts. Typically, the most intriguing sentences in any article are found in the
beginning sentences, and the final sentences in news articles are found in the last
sentences. As a result, the suggested system in this field allows for the most precise

prediction and rearrangement of significant sentences.
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Table 4. 20 Compares Between the Correct Candidate Summary Sentences Prediction with The
Golden Summary Sentences at Test 677 Words in Topic C185

the rev henry lyons says the biggest difference between himself -- the prominent leader of a large
black church organization, the national baptist convention usa -- and president clinton is that
ordinary americans already have forgiven clinton. *
BRBBR. the case started in the summer of 1997 when lyons' wife was charged with setting fire to a
$700,000 waterfront home he owned with another woman. lyons' claims that the convention had
more than 8.5 million black members was a hoax, prosecutors said. lyons was to deliver black
baptists and the convention would receive 33 percent of sales through commissions. instead,
prosecutors say, just $187,600 of loewen's money went to market cemetery plots, while more than
$1.6 million went to lyons, his friends and family. largo, fla. (ap) -- the rev henry lyons put a huge

down payment on a $700,000 home, bought a 5.5-carat diamond ring and spent lavishly on cars,
furniture and clothin

. defense lawyers say failed business deals are not
criminal matters. he testified the convention claimed more than 8 million members years before
lyons became president. prosecutors have said an 8.5 million membership Figure was a hoax --
and lyons and ms. edwards used it to court companies seeking access to the group's members,
romising them use of the convention's mailin

. bernice
edwards and lyons, president of the national baptist convention usa, are accused of swindling more
than $4 million from corporations seeking to do business with the influential black church
organization.without telling jurors she was convicted in 1993 of embezzlement, ms. edwards said
thursday that she was put on probation for three years shortly before meeting lyons at a church
function. ms. edwards said she did not tell lyons about the conviction when she began working to
help his election as president, but did inform him of it before being hired as the convention's public
relations director.ms. edwards, who has been described as lyons' girlfriend, denied there was any
romantic involvement when he offered her the public relations job in 1994. prosecutors say the two
used the money to buy an expensive waterfront home, luxury cars and diamond jewelry. lawyers for
lyons said his decision not to testify was made partly because he faces a federal trial in april on
charges of fraud, extortion and money laundering. the former president of the powerful national
baptist convention usa was to return to court today to receive his sentence, expected to be three to
seven years in prison.on feb. 27, jurors convicted the 57-year-old minister of bilking more than $4
million from companies wanting to sell cemetery products, life insurance policies and credit cards
to convention members.

cluster2 [ instead, prosecutors say, just $187,600 of loewen's money went | 24-Jan-99 | 0951
to market cemetery plots, while more than $1.6 million went to
lyons, his friends and family.

clusterll | the case started in the summer of 1997 when lyons' wife was | 24-Jan-99 | 0951
charged with setting fire to a $700,000 waterfront home he
owned with another woman.

cluster8 | lyons' claims that the convention had more than 8.5 million | 24-Jan-99 | 0951
black members was a hoax, prosecutors said.
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cluster0 | the rev henry lyons says the biggest difference between himself | 24-Jan-99 | 0951
-- the prominent leader of a large black church organization, the
national baptist convention usa -- and president clinton is that
ordinary americans already have forgiven clinton.
cluster8 24-Jan-99 | 0951
clusterl2 24-Jan-99 | 0951
cluster7 | he testified the convention claimed more than 8 million | 11-Feb-99 | 0133
members years before lyons became president.
cluster6 11-Feb-99 | 0133
cluster8 | prosecutors have said an 8.5 million membership Figure was a | 11-Feb-99 | 0133
hoax -- and lyons and ms. edwards used it to court companies
seeking access to the group's members, promising them use of
the convention's mailing list.
cluster7 | largo, fla. (ap) -- the rev henry lyons put a huge down payment | 11-Feb-99 | 0133
on a $700,000 home, bought a 5.5-carat diamond ring and spent
lavishly on cars, furniture and clothing, prosecutors say.
cluster9 | defense lawyers say failed business deals are not criminal | 18-Feb-99 | 2353
matters.
cluster7 18-Feb-99 | 2353
cluster3 | ms. edwards said she did not tell lyons about the conviction | 18-Feb-99 | 2353
when she began working to help his election as president, but did
inform him of it before being hired as the convention's public
relations director.
cluster0 | without telling jurors she was convicted in 1993 of | 18-Feb-99 | 2353
embezzlement, ms. edwards said thursday that she was put on
probation for three years shortly before meeting lyons at a church
function.
cluster5 | lawyers for lyons said his decision not to testify was made partly | 31-Mar-99 | 253
because he faces a federal trial in april on charges of fraud,
extortion and money laundering.
cluster6 | bernice edwards and lyons, president of the national baptist K 31-Mar-99 | 253
convention usa, are accused of swindling more than $4 million
from corporations seeking to do business with the influential
black church organization.

Table 4.20 shows the first row is the golden summary, twenty sentences, at 518 words,
and the rest rows are the number of sentences in the candidate summary as predicted by

118



the proposed system, sixteen sentences, compared to the golden summary, for topic €185,
which forms 80% of the number of sentences in the golden summary. the difference
among sentence positions is that, for example, sentence number two is located in the
second position, and sentence number three is located in the third position in the golden
summary, while sentence number two becomes in the sixth position and the sentence
number three became in the second position due to rearranged based on the date priority.
Typically, all sentences in the reference summary changed positions in the final summary
since the reordering process in this state depends on the old date priority because this
dissertation deals with news articles, thus the date is considered very important. Therefore,
all the candidate sentences are subject to one of the three reordering criteria mentioned
above. For easy understanding, Figure 4.6 displays a simple summary of the variance of
the positions between the final and golden summary. Last, note that chosen two sentences
from the same cluster (cluster) as in cluster 0 because these sentences may be shared with
one or more than the similarity of the words but not match them with the semantic, or
maybe it is an important sentence, but it is an outlier, it does not have relation to sentences
in those clusters, and during the reduction sentence procedure, it shows that it has a high

Score.
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Figure 4. 6 Shows Candidate Sentence Positions Compared with Original Sentence Positions in Golden
Summary Special to Topic C185 At 677 Words

In the preceding paragraph, Figure 4.6 was mentioned since it aids incomprehension. It is
also possible to calculate the percentage of the number of consecutive sentences that
appeared in the final summary and compare it to the golden summary to show the
proportion of cohesion and similarity between the final summary and the golden summary
using the information provided by this Figure. Keep in mind that sentences numbers
2,3,5,12,and 14 are consecutive sentences that appeared in the final summary in the
same structure as the golden summary, but in a different location for the reasons described
in the Table 4.20. Table 4.20: As previously said, the unpredictability of the suggested
system for the sentences 16,17,19,and 20 in the Golden Abstract resulted in the
occurrence of the crawling process, which was previously reported. Consequently, when

the ratio of consecutive sentences to the total number of sentences in the final summary is
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calculated, it results in 31% of the sentences in this topic being consecutive sentences
similar to the golden summary in order, for topic c185, regardless of the difference in
locations between the two abstracts, except location 5,12, and 14 same sentences are
repeated in same position in both summarizes. Typically, the most intriguing sentences in
any article are found in the first three sentences, and the final three sentences at least in
news articles are found in the last sentences. As a result, the suggested system in this field

allows for the most precise prediction and rearrangement of significant sentences.

Finally, the proposed system was able to predict the correct sentences matching
with the golden summary in all topics as much as possible and succeeded in producing
the summary arranged according to the conditions applied in the re-arranging process
depended in this system. The difference in locations between the candidate’s summary
and the golden one does not mean that the summary is incomprehensible and unclear, but
this system has laid the foundations in the process to extract the important sentences and
rearrange these sentences in an appropriate manner according to the sequence of time
events that were referred to above. Therefore, through the candidate's summary, the reader

can know the content of that topic.
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CHAPTER FIVE

CONCLUSIONS AND FUTURE WORK

5.1 Conclusions

With the Internet's exponential expansion and the availability of a massive amount of

online information, identifying relevant content that satisfies user demands has become

extremely difficult. This has sparked a race to develop technologies for an automatic

document summarizing. Automated text summarization is regarded as an important

technique in Natural Language Processing (NLP) connected to text mining since it

improves access to key sentences addressing the issue. The main advantage of text

summarization is that the user's reading time can be minimized. The following can be

conclusion based on the study findings and the proposed system details of:

The proposed system is working based on generic classified.

The Proposed System combines two concepts clustering and classification can be
coined (Semi clustering unsupervised system based on extractive topic
summarization).

All sentences of documents are relevant to a specific topic gathered in one file for
simplifying, then, similar semantic sentences will be collected from this file and put
in an appropriate cluster coined-called chain sentence. After completing the
assembly process, a lexical chain sentence (LCS) will be created.

These proposed Developed clustering algorithm characteristics are different from
clustering algorithms in principle because it does not require identifying the number

of clusters at the start. but it decides the number of clusters automatically based on
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the threshold value. while most cluster algorithms require identifying the number of
clusters k in beginning like Kmeans algorithm.
The collect numerical data are unlabeled in clusters. This is important for easily
dealing. The clustering algorithms help to place close data in a specific cluster. This
work has taken K- means clustering, and compared with to the proposed method
results. The output of this approach clarified that it is the best in most experiments
conducted. Also, this work success in creating a lexical chain based on sentence
(LCS) thus become there flexible to deal with sentences as a complete sentence in
the chain based on semantic sentence similarity.
This dissertation succeeds in creating a lexical chain based on sentences (LCS),
which is used to extract important sentences from them to form a summary.
Through experiments, the results show that the use of the Random Over Sampling
(ROS) method was very useful and prominent and helped in improving the results
significantly. As for the proposed features, they helped in reaching the important
sentences, which are characterized by readability and understanding. The class label
for the created sentences is very useful in the process of classification by using the
backpropagation neural network proposed model. The proposed model succeeds in
classification right sentences, which handle class label '1' by giving it a high score.
Focusing on the true positive (TP) idea in the confusion matrix to extract sentences
matching the golden summary achieved impressive results. The reordering process
succeeded based on the date feature and the other three considerations taken in this
study in obtaining a cohesive and varied summary that covers the topic completely.
o Typically, In the future, this system could be applied to educational curricula to

teach students who have difficulty in the learning process.
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5.2 Future Work

The following points present some research directions for future work.

The future work is to apply the developed clustering method to other data and
compare it with other algorithms.

Developing and training the proposed system to be capable of extracting the main
ideas for various topics by developing and training it on larger datasets and storing
it for the purpose of teaching it to the greatest number of datasets.

Developing the performance of the proposed system by making it work on the
principle of extraction and abstractive, which is called (the hybrid approach).
Using different samples of data in different disciplines in the proposed algorithm to
know the strengths and weaknesses in terms of its performance and how to develop
it.

Can developing the proposed system to work online in the future.

Can use another algorithm intelligent like swarm optimization, deep learning, etc.

to apply this work
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APPENDIX 1

Table 1. Compares Between the Correct Candidate Summary Sentences Prediction with The
Golden Summary Sentences at Test 200 Words In Topic 078

."ben-hur" in 1959 was the
most-awarded film with 11, and walt disney was the most-awarded person with 32 .

he academy insists that a contract signed by oscar winners mandates that they will not sell the
trophies without first offering them to the academy for a nominal feelthe oscar statuette, one of the
most recognizable images in the entertainment world, has no copyright protection, a federal judge has

Cluster Name Sentences Candidate Date Time

clusterO “ben-hur" in 1959 was the most-awarded film with 11, and | 17-Feb-88 | 1039
walt disney was the most-awarded person with 32.

cluster19 23-Mar-89 | 1129

cluster2 the academy insists that a contract signed by oscar winners | 24-Mar-89 | 733

mandates that they will not sell the trophies without first
offering them to the academy for a nominal fee.

cluster18 the oscar statuette, one of the most recognizable images | 10-Nov-89 | 356
in the entertainment world, has no copyright protection, a
federal judge has ruled.

clusterd 20-Feb-90 | 1033
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Figure 1 Compares Candidate Sentence Positions with Original Sentence Positions in Golden
Summary Special To Topic 078 At 200 Words

Table 2 Compares Between the Correct Candidate Summary Sentences Prediction with The
Golden Summary Sentences at Test 400 Words in Topic 078

the motion picture industry's most coveted award, oscar, was created 60 years ago and 1,816 of
the statuettes have been produced so far. oscar, manufactured by the r.s.owens co., chicago, is
made of britannia metal, copper plate, nickel plate and gold plate. last year, the oscarcast was seen
by one billion people in 79 countries. "ben-hur" in 1959 was the most-awarded film with 11, and
walt disney was the most-awarded person with 32 .what actress has received the most
oscars?katharine hepburn, 4. oscar's 60-year history is filled with examples of the film world's highest
achievers being overlooked by the academy of motion picture arts and sciences. the academy
appeared to make amends last year by presenting spielberg with the irving thalberg award for
““consistently high quality of production"'.

the industry is still adjusting to its changing -- its older and more demanding audience -
- and that means a wider variety of films. nominations for acting, directing, art direction and all
specialized categories are handled by select branches and committees composed of academy
members. all voting members of the academy can participate in the best picture nominations and
may vote for the final awards in all categories.

but now that the word is out that these awards are worth $10,000 to $50,000, people
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the walt disney co. filed suit in los angeles federal court thursday against the academy of motion
picture arts and sciences, charging copyright infringement of its snow white character and unfair

competition .
Cluster Name | Sentences Candidate Date Time
clusterQ the motion picture industry's most coveted award, oscar, | 17-Feb-88 | 1039

was created 60 years ago and 1,816 of the statuettes have
been produced so far.

clusterO “ben-hur" in 1959 was the most-awarded film with 11, and | 17-Feb-88 | 1039
walt disney was the most-awarded person with 32.

cluster9 owens co., chicago, is made of britannia metal, copper plate, | 17-Feb-88 | 1039
nickel plate and gold plate.
cluster6 the academy appeared to make amends last year by | 25-Mar-88 | 908

presenting spielberg with the irving thalberg award for
“consistently high quality of production."

cluster1l last year, the oscarcast was seen by one billion people in 79 | 28-Mar-88 | 1345
countries.

cluster15 all voting members of the academy can participate in the best | 23-Mar-89 | 1129
picture nominations and may vote for the final awards in all
categories.

cluster19 23-Mar-89 | 1129
cluster10 nominations for acting, directing, art direction and all | 23-Mar-89 | 1129
specialized categories are handled by select branches and
committees composed of academy members.
cluster2 24-Mar-89 | 0733
cluster12 24-Mar-89 | 0733
clusterl6 24-Mar-89 | 0733
clusterll 30-Mar-89 | 2400
cluster21 the industry is still adjusting to its changing -- its older and | 30-Mar-89 | 2400
more demanding audience -- and that means a wider variety
of films.
clusterl4 10-Nov-89 | 0356
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Figure 2 Compares Candidate Sentence Positions with Original Sentence Positions in Golden
Summary Special to Topic 078 At 200 Words

Table 3 Compares Between the Correct Candidate Summary Sentences Prediction with The
Golden Summary Sentences at Test 200 Words in Topic 087

calgary, alberta (ap). the best america could do was six medals, its worst winter games showing
in 52 years. seoul, south korea (ap). the soviets took home 132 medals, including 55 gold, the
most ever in a summer olympics without a major-power boycott.
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_ olympic gold falls in advertising value --- medal winners lack

appeal as endorsers. dave johnson of the united states clinched the decathlon gold medal in the
final event at the world university games sunday .

. shooter bakes sets record, wins

Cluster Name | Sentences Candidate Date Time
clusters the best amferlcfa\ could do was six medals, its worst winter 28-Feb-88 | 2231
games showing in 52 years.
the soviets took home 132 medals, including 55 gold, the
cluster5 most ever in a summer olympics without a major-power | 2-Oct-88 | 1459
boycott.
cluster7 2-Oct-88 | 1459
clusterO 3-Oct-88 | 522
dave johnson of the united states clinched the decathlon
. . . . 28-Aug-
cluster22 gold medal in the final event at the world university games 89 2400
sunday.
28-Mar-
luster15 1820
cluster 90
cluster1l?7 8-Aug-92 | 2400
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Figure 3 Compares Candidate Sentence Positions With Original Sentence Positions In Golden
Summary Special To Topic 078 At 200 Words

Tabel 5 Compares Between the Correct Candidate Summary Sentences Prediction With The
Golden Summary Sentences At Test 400 Words In Topic 087

<sum calgary, alberta (ap).

.the best america
could do was six medals, its worst winter games showing in 52 years.seoul, south korea (ap).

.the summer olympics will be remembered for moments of glory like
that enjoyed by u.s. diver greg louganis and the startling moment of disgrace when the gold was
stripped from canadian sprinter ben johnson.olympic gold falls in advertising value --- medal
winners lack appeal as endorsers.now, marketers say, these medalists will be lucky to pull in

$100,000 to $500,000 a year.
.the late jesse owens, whose performance

at the 1936 olympics put the lie to hitler's boasts of racial superiority, picked up a fifth gold medal
wednesday for “humanitarian contributions in the race of life".president bush presented the
congressional gold medal to his widow, ruth owens, in a ceremony at the white house also attended
by three daughters and teammates of the track legend.shooter bakes sets record, wins gold.bakes,
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27, set a world record in the kneeling portion of the three-position rifle competition friday en route
to a gold medal at the 1990 world cup usa olympic-style shooting tournament at petersen's prado
tiro ranges in chino .tonight in the big stadium in barcelona the athletics is dominated by the four
relay finals.what the relays demonstrate more clearly than any other athletics event is that at the
olympics the race has traditionally gone to affluent countries - or to those, rather, that choose to
lavish resources on athletes.the cuban women's 100 metres relay teams of 1968 and 1972 are the
only women from outside the developed world to have won relay medals.

Cluster Name | Sentences Candidate Date Time
28-Feb-
lusterQ 0009
cluster 88
the best america could do was six medals, its worst winter | 28-Feb-
cluster5 . 2231
games showing in 52 years. 88
29-Sep-
I
cluster9 38 336
cluster5 2-Oct-88 | 1459
cluster7 2-Oct-88 | 1459
the summer olympics will be remembered for moments of glory
cluster0 like that enjgyed by u.s. diver greg Iouga'nls and the startI!ng 3-0ct-88 | 0522
moment of disgrace when the gold was stripped from canadian
sprinter ben johnson.
now, marketers say, these medalists will be lucky to pull in
luster5 4-Oct-88 | 2400
clUster $100,000 to $500,000 a year. ¢
cluster22 28-Aug- 2400
89
president bush presented the congressional gold medal to his
clusterl6 widow, ruth owens, in a ceremony at the white house also | 28-Mar- 1820
attended by three daughters and teammates of the track | 90
legend.
the late jesse owens, whose performance at the 1936 olympics
cluster1s put the lie to hitler's boasts of racial s.upgrlorlty, p.lcke.d up .a fifth | 28-Mar- 1820
gold medal wednesday for ““humanitarian contributions in the | 90
race of life."
bakes, 27, set a world record in the kneeling portion of the
cluster2?2 three-position rifle competition fr!day en route .to a gold medal 7-Apr-90 | 2400
at the 1990 world cup usa olympic-style shooting tournament
at petersen's prado tiro ranges in chino.
clusterl? what the relays demonstrate more clearly than any other 8-Aug-92 | 2400

athletics event is that at the olympics the race has traditionally
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gone to affluent countries - or to those, rather, that choose to
lavish resources on athletes.

the cuban women's 100 metres relay teams of 1968 and 1972

cluster19 are the only women from outside the developed world to have | 8-Aug-92 | 2400
won relay medals.
cluster20 tonight in the big stadium in barcelona the athletics is 8-Aug-92 | 2400

dominated by the four relay finals.
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Figure 5 Compares Candidate Sentence Positions with Original Sentence Positions In Golden

Summary Special To Topic 078 At 200 Words

Table 6 Compares Between the Correct Candidate Summary Sentences Prediction with The

Golden Summary Sentences at Test 200 Words in Topic 090

handling of the controversy highlighted all the inconsistencies for which mrs. aquino has been
criticized: lack of clear priorities tactical blundering and the strong influence of her relatives
over national policy.president corazon aquino said today she will not allow ferdinand marcos to
come home to die and her government will not permit the ousted president to be buried on
philippine soil.mrs. aquino said the philippines' debt was projected to increase to $29 billion by
year's end but that much was money that “was in fact stolen by the previous government" of
ousted dictator ferdinand marcos.as a military coup attempt unfolded in their homeland 7,000
miles away, supporters of the rebellious soldiers engaged in a shouting match thursday night
with supporters of president corazon aquino at the philippine consulate in los angeles .president
corazon aquino today reversed a long-held policy and said she was willing to negotiate cease-
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. the quick

collapse of a bizarre military revolt on the philippines' second-largest island leaves president
corazon aquino's beleaguered government with a muddied victory at best and clear danger signs

ahead .
Cluster Name Sentences Candidate Date Time
clusterQ president corazon aquino said today she will not allow 19-May-89 | 0707
ferdinand marcos to come home to die and her
government will not permit the ousted president to be
buried on philippine soil.
- _ T
cluster1l handling of the controversy highlighted all the 8-Apr-90 2117
inconsistencies for which mrsaquino has been criticized:
lack of clear priorities tactical blundering
and the strong influence of her relatives over national
policy.
cluster12 29-Aug-90 | 0838
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Table 7 Compares Between the Correct Candidate Summary Sentences Prediction With The
Golden Summary Sentences At Test 400 Words In Topic 090

handling of the controversy highlighted all the inconsistencies for which mrs. aquino has been criticized:
lack of clear priorities tactical blundering and the strong influence of her relatives over national
policy.president corazon aquino has agreed to allow ferdinand marcos to return to the philippines so that
the government can try him on charges of stealing billions of dollars, newspapers said saturday.

.government officials have accused marcos supporters of taking part

in at least two attempted coups against the aquino government _

.the 71-year-old marcos was in critical condition friday in a honolulu hospital after emergency kidney
surgery.

.mrs. aquino
said the philippines' debt was projected to increase to $29 billion by year's end but that much was money
that “was in fact stolen by the previous government" of ousted dictator ferdinand marcos.philippine vice
president and opposition leader salvador h. laurel declined saturday night to condemn the armed
insurrection in his country and said the rebels "have the right" to try to seize power .as a military coup
attempt unfolded in their homeland 7,000 miles away, supporters of the rebellious soldiers engaged in a
shouting match thursday night with supporters of president corazon aquino at the philippine consulate in
los angeles . the resignation of the land reform secretary raises doubts about president corazon aquino's
commitment to agrarian reform and dramatizes conflicts in a government criticized for lack of
vision.

.the quick
collapse of a bizarre military revolt on the philippines' second-largest island leaves president corazon
aquino's beleaguered government with a muddied victory at best and clear danger signs ahead .ironically,
noble made his move on the day a presidential fact-finding board issued a long-awaited 609-page report
on the causes of last december's coup attempt in manila, which left more than 100 people dead .

Cluster Name | Sentences Candidate Date Time
president corazon aquino has agreed to allow ferdinand marcos to return
cluster0 to the philippines so that the government can try him on charges of | 25-Jun-88 1555

stealing billions of dollars, newspapers said saturday.

the 71-year-old marcos was in critical condition friday in a honolulu

luster3 . . 19-May-89 1438
cluster hospital after emergency kidney surgery. ay
cluster0 20-May-89 | 2400
cluster0 20-May-89 | 2400

mrs. aquino said the philippines' debt was projected to increase to $29
cluster0 billion by year's end but that much was money that “was in fact stolen | 10-Jul-89 2059
by the previous government" of ousted dictator ferdinand marcos.

cluster9 10-Jul-89 2059

philippine vice president and opposition leader salvador h. laurel
cluster19 declined saturday night to condemn the armed insurrection in his | 3-Dec-89 2400
country and said the rebels "have the right" to try to seize power.
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the resignation of the land reform secretary raises doubts about
cluster10 president corazon aquino's commitment to agrarian reform and | 8-Apr-90 2117
dramatizes conflicts in a government criticized for lack of vision.

00! 000

cluster12 29-Aug-90 0838
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Figure 7 Shows Candidate Sentence Positions Compared With Original Sentence Positions In
Golden Summary Special To Topic 090 At 400 Words

Table 8 Compare Between The Correct Candidate Summary Sentences Prediction With The Golden
Summary Sentences At Test 200 Words In Topic 105

100,000 people, shabdolov said.

ethnic violence killed 148 people and wounded 885 this month in the central asian republic of kirghizia,
the official news agency tass said wednesday.

the civil war in the republic claimed the lives of more than
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.gorbachev acknowledged that

ethnic relations are "wound in a tight knot of contradictions" because of previous soviet policies,
particularly the effort to pull the country's 100-plus ethnic groups into a new "soviet nationality" with a
unified culture .the international community is starting to look beyond the conflict in the former
yugoslavia, and is becoming increasingly aware of the true magnitude and seriousness of ethnic and
political conflicts in the former soviet union.

Cluster Name Sentences Candidate Date Time
cluster0 2-Jul-89 2400
cluster9 ethnic violence killed 148 people and wounded 885 this month in the central | 13-Jun-90 | 2337
asian republic of kirghizia, the official news agency tass said wednesday.
cluster2 13-Jun-90 | 2337
clusterl 13-Jun-90 | 2337
cluster1l the international community is starting to look beyond the conflict in the | 14-Dec-93 | 2400
former yugoslavia, and is becoming increasingly aware of the true magnitude
and seriousness of ethnic and political conflicts in the former soviet union.
cluster5 the civil war in the republic claimed the lives of more than 100,000 people, | 16-May- 2400
shabdolov said. 94
cluster3 16-May- 2400
94
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state-run media also indicated friday that a crackdown had begun on people in armenia who continue
to agitate for annexation of a mostly armenian enclave in the neighboring republic of azerbaijan.the
government has decided to give ethnic germans and crimean tatars who were expelled from their
homelands by josef stalin their own autonomous regions but it will take years, tass reported wednesday.it
was also a potentially dangerous precedent: the soviet union is a patchwork of well over 100 ethnic
groups, and many of them have outstanding territorial claims. ethnic violence killed 148 people and
wounded 885 this month in the central asian republic of kirghizia, the official news agency tass said
wednesday.he said in moscow on tuesday that ministry troops had to be used in 13 regions of the soviet
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union because of such outbreaks, tass said.moldavia, acting to defuse one of the soviet union's most
explosive ethnic conflicts, agreed sunday to comply with a kremlin order to reconsider its law making
moldavian the republic's official language.tajikistan was hit most hard.the civil war in the republic claimed
the lives of more than 100,000 people, shabdolov said.soviet president mikhail s. gorbachev warned the
nation saturday night that the country's growing ethnic strife is endangering its unity as a state as well as
threatening his program of political and economic reforms .soviet president mikhail s. gorbachev warned
the nation saturday night that the country's growing ethnic strife is endangering its unity as a state as well
as threatening his program of political and economic reforms .with serious ethnic clashes in soviet central
asia over the past month, with troops needed to maintain the peace in the southern republics of armenia,
azerbaijan and georgia and with nationalism growing stronger in the baltic republics of estonia, latvia and
lithuania, gorbachev is struggling to hold the soviet union together as a state while he pushes broad
reforms that he believes will resolve most of the grievances .gorbachev acknowledged that ethnic
relations are "wound in a tight knot of contradictions" because of previous soviet policies, particularly the
effort to pull the country's 100-plus ethnic groups into a new "soviet nationality" with a unified culture

Cluster Name | Sentences Candidate Date Time

clusterl state-run media also indicated friday that a crackdown had begun on 29-Jul-88 1643
people in armenia who continue to agitate for annexation of a mostly
armenian enclave in the neighboring republic of azerbaijan.

cluster0 soviet president mikhail s. gorbachev warned the nation saturday night 2-Jul-89 2400
that the country's growing ethnic strife is endangering its unity as a state
as well as threatening his program of political and economic reforms.

clusterd the government has decided to give ethnic germans and crimean tatars 13-Dec-89 1711
who were expelled from their homelands by josef stalin their own
autonomous regions but it will take years, tass reported wednesday.

cluster2 it was also a potentially dangerous precedent: the soviet union is a 13-Dec-89 1711
patchwork of well over 100 ethnic groups, and many of them have
outstanding territorial claims.

cluster9 ethnic violence killed 148 people and wounded 885 this month in the 13-Jun-90 2337
central asian republic of kirghizia, the official news agency tass said
wednesday.

cluster2 he said in moscow on tuesday that ministry troops had to be used in 13 13-Jun-90 2337
regions of the soviet union because of such outbreaks, tass said.

clusterO moldavia, acting to defuse one of the soviet union's most explosive 30-Dec-90 1601

ethnic conflicts, agreed sunday to comply with a kremlin order to
reconsider its law making moldavian the republic's official language.

cluster11 14-Dec-93 2400

cluster5 the civil war in the republic claimed the lives of more than 100,000 people, | 16-May-94 | 2400
shabdolov said.

cluster3 tajikistan was hit most hard. 16-May-94 | 2400
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gildenhorn, according to senate sources, is one of several bush ambassadorial nominees who have been
rated "unqualified" by the american academy of diplomacy, an organization composed of former high
ranking diplomats, including all living former secretaries of state.

.the bush administration is expected to name career diplomat harry
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shlaudeman as the first u.s. ambassador to nicaragua in almost two years, a u.s. official says.the choice is
james . lilley, a career intelligence officer who served as cia station chief in china when bush headed the
u.s. liaison office there in 1974-75 .president bush has decided to nominate john d. negroponte, a
veteran diplomat who helped direct u.s. aid to nicaraguan rebels, to the key position of ambassador to
mexico, administration officials said thursday .washington -- president bush plans to name united nations
ambassador thomas pickering as u.s. envoy to india, and appoint the current head of the foreign service
to succeed him.;

Cluster Name | Sentences Candidate Date Time
cluster5 president bush has decided to nominate john d. negroponte, a veteran 3-Feb-89 2400
diplomat who helped direct u.s. aid to nicaraguan rebels, to the key position
of ambassador to mexico, administration officials said thursday.
clusterl gildenhorn, according to senate sources, is one of several bush 15-Jul-89 1301
ambassadorial nominees who have been rated “unqualified" by the
american academy of diplomacy, an organization composed of former high
ranking diplomats, including all living former secretaries of state.
cluster3 15-Jul-89 1301
clusters the bush administration is expected to name career diplomat harry 10-May-90 | 303
shlaudeman as the first u.s. ambassador to nicaragua in almost two
years, a u.s. official says.
clusters washington -- president bush plans to name united nations 3-Feb-92 2400

ambassador thomas pickering as u.s. envoy to india, and appoint the
current head of the foreign service to succeed him.
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Other ambassadorial nominees rated as unqualified by the American Academy of Diplomacy include Florida real estate
developer Joseph Zappala, nominated as ambassador to Spain; Melvin L. Sembler, a real estate executive in Florida
named to be ambassador to Australia; and Della M. Newman, a Seattle, Wash., real estate broker named to be
ambassador to New Zealand.

Hinton, currently ambassador to Costa Rica, replaces Ambassador Arthur H. Davis, who was recalled by Bush in protest
of what the administration considered the stealing of the Panamanian elections last May by Gen. Manuel Antonio
Noriega.

The administration had planned to send another career diplomat, Melissa Wells, to Managua but had a change of
heart after concluding she might face a prolonged Senate confirmation fight because she has been a target of
conservatives.
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The choice is James R. Lilley, a career intelligence officer who served as CIA station chief in China when Bush headed
the U.S. liaison office there in 1974-75 .
President Bush has decided to nominate John D. Negroponte, a veteran diplomat who helped direct U.S. aid to

Nicaraguan rebels, to the key position of ambassador to Mexico, Administration officials said Thursday .

WASHINGTON -- President Bush plans to name United Nations Ambassador Thomas Pickering as U.S. envoy to India,
and appoint the current head of the foreign service to succeed him.

cluster3 | it also approved the nominations of thomas melady to be ambassador to the vatican, 11- 2400
william howard taft iv to be the permanent u.s. representative on the council of the north | Sep-
atlantic treaty organization, keith |. brown to be ambassador to denmark, and joseph 86
gildenhorn, a washington lawyer and real estate developer, to be ambassador to
switzerland.
cluster5 president bush has decided to nominate john d. negroponte, a veteran diplomat who 3- 2400
helped direct u.s. aid to nicaraguan rebels, to the key position of ambassador to mexico, Feb-
administration officials said thursday. 89
cluster0 17- 1321
May-
89
clusterl 15- 1301
Jul-
89
cluster3 | other ambassadorial nominees rated as unqualified by the american academy of diplomacy | 15- 1301
include florida real estate developer joseph zappala, nominated as ambassador to spain Jul-
melvin |. sembler, a real estate executive in florida named to be ambassador to Australia 89
and della m. newman, a seattle, wash., real estate broker named to be ambassador to new
zealand.
cluster5 1- 2053
Aug-
89
cluster6 | hinton, currently ambassador to costa rica, replaces ambassador arthur h. davis, who was 2- 1736
recalled by bush in protest of what the administration considered the stealing of the Jan-
panamanian elections last may by gen. manuel antonio noriega. 90
cluster5 10- 303
May-
90
clusterll | the administration had planned to send another career diplomat, melissa wells, to | 10- 303
managua but had a change of heart after concluding she might face a prolonged May-
senate confirmation fight because she has been a target of conservatives. 90
clusters washington -- president bush plans to name united nations ambassador thomas | 3- 2400
pickering as u.s. envoy to india, and appoint the current head of the foreign service | Feb-
92

to succeed him.
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