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JAbstract

The textual based information amount is rapidly accumulating Which
stored electronically on our computers or Web. Any computer (laptop or
desktop) is capable of accommodating enormous data amounts owing to the
improvements in the storage devices.

Texts are included in text dataset and this dataset are unstructured.
These unstructured data can be handled by text mining. The complexity and
the considerable number for these data uncover numerous new capabilities to
the analysts. Therefore, this work presents an enhancement of extracting
useful patterns from text documents in the field of text mining using Pattern

Taxonomy Model (PTM) and Levenshtein Distance Algorithm (LDA).

There are various methods to handle text documents. In this thesis, text
mining system was suggested to overcome the problems that have occurred in
term-based method and phrase-based method. The proposed system based on
the behavior of LDA algorithm and PTM for determining the best accuracy
of the extracted patterns with a short time and to prove that pattern based
method is the best solution for text mining without any problems in the

information extracted from the text.

The strength of the two algorithms (PTM, LDA) are tested using
threshold values from 1 to 10 to get 1% to 10% of information in the text.
The proposed system used "Openosis opinion dataset" and "Reuters 50_50

dataset" which stored in a file of ".txt" or text document.

II



The results of this test obtained by comparing among values of four
features which are (global probability, local probability, absolute support,

relative support) for the text to get higher average accuracy.

The results of proposed system have been compared with other systems.
The proposed system get (98.68%) average accuracy for Unigram grammar
and (99.65%) average accuracy for Bigram grammar while a system that
used the Levenshtein Edit Distance for automatic lemmatization for modern
English achieved an accuracy of 96% for English language and the system
that used the process of pattern evolving and pattern deploying get 62% of
precision and 82% of recall. So, using LDA with PTM achieved a better

results compared to other systems.
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Chapter One

General Introduction

1.1 introduction

80% of all the information saved in governments, businesses, industries,
and other organizations are storing in the form of text. Texts are the most
popular means of formally information exchanging. There is a requirement in
our modernistic life to have a tool of business intelligence that is capable of
extracting information as quickly as possible from texts. [1].

Data mining term is also called Knowledge mining that is the significant
extracting of inherent, formerly unknown and possibly beneficial information
from data in the dataset. It has many techniques such as Decision tree
classifier, Neural network, Genetic algorithm, Rule extraction [2].

Different applications like business managing and market analyzing can
benefit from the utilization of extraction information from a huge data amount.
The process of knowledge discovery can be represented as a non-trivial
extracting of information from big databases, information which is presented
in an implicit manner in the data, formerly unknown and possibly beneficial to
users. Data mining is a fundamental stage in the knowledge discovery process
in dataset. Based on the approaches of data mining, a considerable number of
patterns are created[3].

The processes of finding the effective use and updating the patterns
remain an open research problem. The developed model of knowledge
discovery satisfies this issue and is capable of applying the patterns in the

domain of text mining [4].



Chapter one General introduction

The techniques of text mining are very useful to users for finding the
desired knowledge from a massive data amount. It is extremely significant to
retrieve efficient and relevant information for the users. Term-based
approaches were used to provide these requirements. But these approaches
have several drawbacks like polysemy and synonymy. Polysemy refers to a
word which has several meanings, while synonymy refers to the words which
have the same meaning[5].

For overcoming these drawbacks, the phrase-based approaches were
presented. But these developed approaches also had several drawbacks such
as
1- Lower statistical properties to terms.

2- The occurrence frequency of the phrases is minimal compared with the
keywords

3- A considerable number of redundancy and noisy phrases.

In the presence of these drawbacks, pattern-based approach have been

proposed to get rid of the problems in the previous approaches [6].
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1.2 Related Work

e Ning Zhong et al. (2012) [7], proposed a technique for discovering patterns
to handle the issues of low frequency and misinterpretation of text mining.
The experiments were conducted on Reuters Corpus Volumel(RCV1) data
collection and Text Retrieval Conference (TREC) topics. This technique also
used the pattern deploying and evolving processes for finding the obtained
patterns in text documents.

eDipti S. Charjan and Mukesh A. Pund (2013) [8], proposed a technique for
patterns discovery that encompasses the pattern deploying and evolving
processes for improving the efficiency of utilizing and updating discovered
patterns to find interesting and pertinent information. The presented
technique used a document of .txt as input and applies different algorithms
for getting useful patterns.

e Bharate Laxman, and D. Sujatha (2013) [9], presented a technique to
discover patterns and then compute the patterns specificities to evaluate the
concept of weights as per their distribution in the obtained patterns. This
technique works on updating patterns which show ambiguity that is a
characteristic called pattern evolution. Patterns deploying and evolving are
also used. The obtained results on the prototype application expose that the
obtained result is useful in the text data mining field.

e Charushila Kadu et al. (2013) [10], presented a hybrid system is working on

minimizing the dimension dataset and similarity constraints. A feature-based
analysis is used to reduce the dimensional of the massive datasets. This

system uses the evaluation of feature for reducing the high dimensionality of
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text vector, and then identifies the term frequency, after that, these
frequencies are weighted via utilizing the inverse document frequency
technique. The documents weight is utilized in clustering. The system
combines both the semantic and similarity constraints and combined the
Individual Pattern Evaluation PTM (IPE).

e V. Aswini and S. K. Lavanya (2014) [11], presented a technique that utilized
the pattern taxonomy model for discovering the patterns from a large data
amount and seeking for important patterns. This technique includes the
pattern evolving and deploying processes for improving the efficiency of
utilizing and updating derived patterns to find important and relevant
information. This technique get 62% of precision and 82% of recall as a
result.

e Shivani D Gupta and B.P.Vasgi (2015) [12], the designed system that
concentrates on the performing of a specific manner to deriving the pattern,
in addition, to utilize them for retrieving the relevant text. The pattern
deploying and evolving are two processes that are utilized for developing the
efficiency of the obtained patterns. Then, the obtained patterns are utilized to
search for important and relevant information. to develop the efficiency of
utilizing and updating obtained patterns regarding the view of users, the
testing on RCV1 data collection fulfills the users needed data from a
document.

eVaishali Pansare (2016) [13], proposed an approach that uses the association
rule mining based on the AprioriAll algorithm for discovering frequent
patterns in text documents. The input can take different formats of a text file.

It uses Hash Tree structure to store candidate itemsets, and find frequent
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patterns and itemsets within less time. This proposed approach finds a

solution to the misinterpretation and low-frequency issue. The obtained

results have demonstrated that the time of execution needed by the algorithm
1s minimal than the time needed by the other compared algorithms.

¢ S. R. Lomate (2016) [14], The proposed system introduced a technique for
pattern discovery that consists of the pattern deploying and evolving
processes, for improving the efficiency of utilizing and updating obtained
patterns for finding the important and relevant information. The fundamental
prototype of Pattern Taxonomy Model (PTM) using Advanced Apriori

Algorithm which focuses on the problem of getting beneficial frequent

patterns from the documents. This technique used substantial tests on RCV1

data collection shows that the obtained result provides a hopeful
performance. A comparison between the Apriori algorithm and Advanced

Apriori Algorithm is done for finding frequent patterns in pattern mining and

a show advanced Apriori has better computation time for frequent patterns.

Reduce computing time and rule count for frequent pattern generation.

e H. M. Mahedi Hasan et al. (2018) [15], presented a technique for key terms
extraction that is depending on semantic relation. This approach is working
on extracting a specified number of keywords from documents for
identifying the main text content. The data set is collected from various
sources like newspapers, books, journals, etcetera. To extract these
keywords, several machine learning and statistical techniques have been
utilized such as Logistic regression, support vector machine, word co-
occurrences, and PAT-tree. This technique presented an approach of
modified semantic relation with an accuracy of 77.6% precision and 84.3%

recall to chosen data sets.
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1.3 The Problem Statement

Lots of researches in the field of text mining have concentrated on
improving effective mining algorithms to discover various patterns from larger
text documents. Hence, finding interesting and useful patterns remains an open
issue. Within this field, the techniques of data mining can be utilized for
finding a variety of text patterns, like frequent itemsets, and sequential
patterns. This thesis deals with three problems which are:

I- Getting an effective deal with the massive amount of text document.

2- Discovering the useful patterns from digital text documents, and

utilizing these mined patterns to develop the performance of the system.

3- How to improve and evaluate the efficiency of the discovered pattern

from text documents.

1.4 Aim of the Thesis

The aim of this thesis is to:

1- Extract interesting patterns from text document while these patterns
contain accurate information about the document.

2- Reduce the time required for finding the patterns which describe the
content of the document.

3- Increase the accuracy of information extracted from the text by using data
mining techniques such as:
a- Summarization.
b- information extraction.

4- Proof that the discovery of a pattern is the best solution for text mining.
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1.5 Outline of the Thesis

The other chapters in this thesis are as follows:

Chapter Two: Theoretical Background

This chapter gives the background and review of text mining and its
techniques: (classification, clustering, retrieval information, extracting
information, and summarization), the stemming, N-gram and Levenshtein
algorithm

Chapter Three: The Proposed System

This chapter describes the proposed pattern discovery system with its design
and implementation.

Chapter Four: Experiential Results and Tests

This chapter explains the results and evaluation that have been getting from
the proposed system.

Chapter Five: Conclusions and Suggestions for Future Works

This chapter presents the conclusions of this work. Furthermore, it justify

provides suggestions for future work.
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Chapter Two

Theoretical Background

In the current chapter the basic theoretical aspects of pattern discovery
system in text mining are presented, a brief introduction to text mining which
can be utilized to finds the patterns from text. In addition, it presents the
background for various necessary preprocessing issues and techniques that had

been used in this thesis.

2.1 Data Mining

Data mining is the process of analyzing data from different perspectives
and summarizing it into useful information —information that can be used to
increase revenue, cuts costs, or both. Data mining software is allows users to
analyze data from many different dimensions or angles, categorize it, and
summarize the relationships identified. Technically, data mining is the process
of finding correlations or patterns among dozens of fields in large relational
databases. As the data are available in the different formats so that the proper
action to be taken. Not only to analyze these data but also take a good decision
and maintain the data[16].

when the customer will require the data should be retrieved from the
database and make the better decision. The important reason that attracted a
great deal of attention in information technology the discovery of useful
information from large collections of data industry towards field of “Data
mining” is due to the perception of “we are data rich but information poor”.
There 1s huge volume of data but we hardly able to turn them in to useful

information and knowledge for managerial decision making in business [16].
8
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With the massive volume of data stored in a dataset, files, and other
warehouses, it is very necessary, to evolve a strong process for analyzing and
interpreting such data and to extract the good knowledge which could assist in
making a decision. The answer to the above is the utilization of the data
mining process. This process is working on extracting the hidden predictive
information from huge databases; it is a strong technology with large
possibility to assist organizations to focus on the most substantial information

in their data repositories [17].
2.2 Text Mining

Because the text is the generality normal form to store the information,
it is believed that text mining represents a higher commercial probability than
data mining. Actually, the recently existing studies referred that 80% of the
company’s information is included in text documents. But, the task of text
mining is more complicated than data mining since it deals with texts which
are inherently fuzzy and unstructured [18].

The process of text mining works on discovering useful knowledge in
text documents. The main challenge is to acquire accurate knowledge in text
documents for helping employers to get their needs. Several applications like
business management and market analysis are capable of benefiting from the
utilization of the knowledge and information extracted from a huge volume of
data. Knowledge discovery can efficiently utilize and update discovered
patterns and implement them in the text mining field. Therefore, Data mining
is a fundamental stage in the knowledge discovery process in dataset, that
indicates, the data mining is having the whole techniques of the process of

knowledge discovery and giving modeling step which is the application of
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techniques and algorithms for calculation of search pattern or models. So, it is
very necessary to provide a proper model of text mining with relevant
efficiency which is capable of retrieving the information that employers need

[19].

Text mining is the same as data mining excepting the tools of data
mining that are constructed to handle the structured data, while text mining
can handle the sets of semi-structured or unstructured data like full-text
documents, electronic mails, Hyper Text Markup Language (HTML) files
etcetera [19].

Generally, text mining framework includes two distinct portions:

1-Text refining which transforms free form into an Intermediate Form (IF) text
documents
2- knowledge distillation which produces knowledge or patterns from IF.
There are two types of IF:

1- Structured IF like the relational data representation

2- semi-structured IF like the conceptual graph representation.

IF can be concept-based in which every entity refers to concepts or objects of
interests in a particular field or document-based in which every entity refers to
the document [20].

Unstructured data indicates to commonly computerized information which
either doesn't have a model of data or can't easily be used via computer
programs [20].

The Semi-structured data is information which doesn't exist in a relational
database, and this may lead to having several organizational attributes which

make it easy to analyze with several processes you can store them in relational

10
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database (it could be very difficult to several kinds of semi-structured data),
but the semi-structured are available to ease space, compute or clarity.
Instance for semi-structured documents; Not Only Structured Query Language
(NoSQL) databases, Comma-Separated Values (CSV) but Extensible Markup
Language(XML) and Java Script Object Notation (JSON) documents [21].
Structured data is an organized structure, so, it is a term utilized for the
actual data. The mostly utilized universal kind of structured data like
Structured Query Language (SQL) and access are data sources. For instance;
SQL, records (rows) and variables (columns) dependent information allows in

select [22]. Figure (2.1) shows structured data versus unstructured data.
""80% of business-relevant information originates in

Unstructured form, primarily text."

I R

Structured data vs. Unstructured data

Figure (2.1): Structured Data vs. Unstructured Data [22].

Text Mining encompasses different functions, the essential ones are the
search function, information extracting, classification, summarizing, setting
priorities, clustering, information monitoring, and questions and responses

[23].

11



Chapter Two Theoretical Background

2.3 The Text Mining Need

Text mining is beneficial to handle textual data. This type of data is
unclear and very hard to manipulate, and unstructured, therefore, text mining
1s the most beneficial technique for exchanging information, while data mining
is essentially implemented on business data [23].

Daily, Massive volumes of new data and information are produced out
of academic, social and economic activities, with considerable possible
societal and economic values. The data and text mining and analysis
techniques are needed for exploiting these possibilities. The fundamental aim
of this planning is to minimize the efforts needed to obtain information from a

large number of text documents [24].

2.4 Text Mining Versus Data Mining

The text mining is different from data mining in the context of the data
source . Essentially, the inputs in the text mining are unstructured files, but in
data mining, the inputs are structured data [24]. Therefore, in text mining, the
unstructured files are utilized to extract the patterns, whereas, in data mining,
the structured data is utilized. Nowadays, the most existing business data is
unstructured; although it may include facts, numbers, and dates in structured
fields, typically, unstructured data is text (website text, articles, blog posts,
etcetera). The existence of unstructured data leads to difficulty implement the
activities of knowledge management utilizing conventional tools of business
intelligence. The process of discovering the sources of knowledge which

include unstructured data or text is named text mining [25].

12
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Text mining is an outstanding manner for companies in the fields of
business because most of the data in these locations are stored as text files.
Therefore, the fundamental variation between text and data mining is that in

text mining data is unstructured [25].

2.5 The Discovery of Patterns

The patterns are utilized as phrases or words which are extracted from
the text documents. Lots of patterns can be discovered from the text
documents, however, not all these patterns are useful. The patterns can be
viewed as useful knowledge when evaluated in a specific way to be beneficial.
It is a central process between association rule mining and inductive learning.
It works on discovering patterns in labeled data which are descriptive. This
process may face an issue when the discovered patterns are not useful
(patterns are not suitable to be knowledge). So, the process of finding
knowledge must have the ability to decide whether a pattern is useful enough

to compose knowledge in the current context [26].

2.6 The Taxonomy of Patterns

The patterns are able to be constructed as a model of taxonomy-used
knowledge discovery which is presented to apply the techniques of data
mining in the applications of text mining. Knowledge Discovery in Databases
(KDD) represents data mining term that works on finding the useful patterns

from a database. Particularly, the process of KDD turns the low-level data into

high-level knowledge [27].

13
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Therefore, this process means data mining that extracts patterns from
data. This thesis works on developing a model of knowledge discovery to
efficiently utilize and update the discovered patterns and implement them into

the text mining field [27].

2.7 Text Mining Methods

Text mining methods are developed on the basis of how text document is

analyzed [18]. These methods are as follows:

1) Term-based method: The term in the document is utilized for
identifying the content of the text. Each term is associated with the value
known as weight. Here, the text document is analyzed on the basis of the term.
The advantages of the term-based method include efficient computational
performance as well as mature theories for term weighting. The fundamental
disadvantage of this method is that the relation among words can't be reflected.
The other issue is considering single words as features is the semantic
ambiguity which can be categorized in [28]:

« Polysemy: means a word has multiple meanings.

« Synonymy: is multiple words having the same meaning.

2) Phrase-based method: The phrase is less ambiguous and carrying more
semantics like information. Here, the document is analyzed on the phrase basis
as phrases are more discriminative and less ambiguous than single terms. The
probable causes for the discouraging performance involve [28]:

1) The phrases have low statistical properties to terms.

2) A low frequency of occurrence

3) Lots of noisy and redundant phrases are existing among them.
14
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3) Concept-based method: This method works on finding a term which
gives additional semantic meaning to document. Here, the term that
contributes to sentence semantic is analyzed considering its importance at the
sentence and the level of document. Usually, this model relies on the
techniques of natural language processing. In order to remove ambiguity and
noise, and optimize the representation, the feature selection is implemented to

the query concepts [29].

4) Pattern-based method: In this method, the text documents are

analyzed on the basis of the pattern. Patterns are item subsequences, sets, or
substructures that appear in a data set with a frequency no less than a user
specified threshold. The pattern utilized as a phrase or word which is extracted
from the text document. To overcome the disadvantages of phrased based

approaches, pattern mining based approaches have been proposed [30].

2.8 The Techniques of Text Mining

Several types of techniques are existing through which the text pattern
mining and analysis are implemented. the main techniques are presented

below.

2.8.1 Summarizing Text
Based on the number of documents, it is essential to produce summaries

owing to a massive volume of information. Here, the document length will be
minimized with no effects on the meaning of the document contents. A
summary is producing from a single or a group of documents. A collection of

documents is replacing by a summary [30].
15
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For instance, the tools of summarization can extract the sentences that
follow the keyword “conclusion”, typically, after this phrase, the essential
points of the document lie. Also, these tools can search for headings and
subtopics for identifying the essential points of a document [31].

The process of automatic summarization is partitioned into several steps
[31]:

Stepl: The step of preprocessing: Obtain the structured representation of the
original text.
Step2: The step of processing: Convert the structure of text into a structure of
the summary.
Step3: The step of generation: Obtain the final summary from the structure of
the summary.

In terms of the level in the linguistic space, the summarization methods
can be divided into two groups:

- Shallow techniques: These techniques are restricting to the syntactic-
level of representation and trying to extract prominent parts from the
text in an appropriate manner.

- Deeper techniques: These techniques suppose a semantic-level of
representation of the original text and include linguistic processing at

some level.

2.8.2 The Classification Technique

The classification technique is a supervised technique that is depending on the
group of input and output instances that are essentially utilized for training the

model being utilized, for classifying the new documents [32].
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This process finds the essential theme of the document via adding
metadata and analyzing document. It finds the words counts and based on
these counts, it will decide the document topic. In this technique, text
documents are classified into predefined class label [32]. Figure (2.2) shows

the classification technique.

Test Document

Classification
Algorithm j !
{—} Class
Training Loader
Documents J
ﬁ Classes

Text
Documents

Figure (2.2): Classification [32].
There are several classification techniques can be implemented to classify
the text such as:
1- Naive Bayesian classification.

2- Nearest Neighbor classification.

2.8.3 The Clustering Technique

The text clustering technique is an unsupervised technique in which no input

out patterns are pre-defined. This technique is depending on dividing the

17
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similar text into the same cluster. Every cluster includes a number of
documents. The clustering is looked better when the contents of the intra-
cluster documents are more similar than the contents of inter-cluster
documents [33]. The clustering technique is utilized to collect similar
documents. This technique is worked on clustering the documents on the fly,
while in the classification technique, the documents are clusters via the
utilization of pre-defined topics. When the similarity is calculated, the
algorithms of clustering should be implemented for generating classes list
[33]. There are different categories of clustering: hierarchical clustering
(Bottom-up and Top-Down), and partitioning clustering. Figure (2.3) shows

the clustering technique.

@uments sourD

s | Clustering System

- |
el | poc |29 poc
DOC boc [ DoC |

DOC

Similarity measure

Figure (2.3): Clustering [33].
2.8.4 Information Extraction
The fundamental aim of information extraction techniques is extracting
beneficial information from the text (see figure 2.4). It specifies the extraction
of relationships, entities, and events from the unstructured or semi-structured

text [34].
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E 8 - - Data mining
3 techniques

Text document Structured ‘
For different database Knowledge
sources Discovery

Figure (2.4): Information Extraction [34].

Information extraction is related to the semantic information extraction
from the text in which the parts of the text are extracted and assigned a
particular attribute to it. Mainly, Extracting Information identifies the words or
feature terms from within a textual file. These feature terms are directly

concurring with the domain [34].

2.8.5 Information Retrieval

The system of information retrieval (IR) is algorithms network that facilitates
the searching for pertinent documents or data according to the user need.
Besides providing the pertinent information for the user, it works on tracking
the displayed data utility according to the user behavior[35]. The most famous
IR systems are on-line library catalog systems, Google search engines, and
online document management systems that recognize those an extension to
document retrieval where the documents which are returned are processed for
extracting the beneficial information interesting to the user [35]. IR steps are

summarized in figure (2.5).
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Given
- A Source of textual documents
- A user query (text based)

Document
Source

Find
- A set (Ranked) of documents
-That are relevant to the queryl g o Spam/Text

Ranked
Documents

Figure (2.5): Information Retrieval [35].

After the stage of document retrieval, the stage of text summarizing
which i1s focused on the posed user query, or the stage of information
extraction are followed. In the wider sense, Information retrieval is dealing
with the entire information processing range, from retrieving the information
to retrieve the knowledge. It acquired maximized concerning with the growth
of search engines and WWW [36].

Typically, the main issue of information retrieval is to locate relevant
documents in a document collection depending on the query of the user, that is
frequently some keywords describing an information requirement, though it
could be an instance relevant document as well [36].

The set of documents relevant to a query be denoted as {Relevant}, and the set
of documents retrieved be denoted as{Retrieved}.The set of documents that
are both relevant and retrieved is denoted as {Relevant } N{Retrieved}[36], as

shown in the Venn diagram of Figure (2.6).
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Retrieved
documents

elevant
and retrieved

Relevant
Documents

All documents

Figure (2.6): The Relation Between the Set of Relevant and the Set of Retrieved

Documents.

2.8.6 The Visualization of Information

The visualization of information or visual text mining lays considerable
textual sources in a visual map or hierarchy and supplies the abilities of
browsing and plain searching. The visualization of information is beneficial if
the user requires for narrowing down a wide range of documents and
exploring related topics. The government is capable of using the visualization
of information for identifying terrorist networks or for finding information
about criminality, which may have been formerly considered unconnected. It
could equip them, with a map of potential relationships among suspected
activities in order that they can explore connections which they wouldn't have

come up with on their own [37].
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The aim of the visualization of information, the structure may include
these steps [37]:
(1) The preparation of data: this means, specifying and obtaining the
visualization of original data and forming original data space.
(2) The analyzing and extraction of data: this means, analyzing and extracting
visualization data required from original data and forming visualization data
space.
(3) Mapping of visualization: this means, employing a specific mapping

algorithm for mapping visualization data space to visualization target.

2.8.7 Natural Language Processing (NLP)

NLP is a technology that concerns with natural language generation
(NLG) and natural language understanding (NLU). The NLG utilizes some
level of text underlying linguistic representation, for making assured that the
text is grammatically generated fluent and correct. Most systems of NLG
consist of:

I- Syntactic releaser for ensuring that grammatical rules like subject-verb
agreement are followed.

2- The text planner for deciding how arranging paragraph, sentences and other
portions coherently.

The generality famous application of NLG is the system of machine
translation. This system works on analyzing texts from a source language into
conceptual or grammatical representations and then generating corresponding
texts in the target language [38].

The system of NLU calculates the representation of meaning, especially,

restricting the domain discussion of computational linguistics. At least, NLU
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includes one of the following parts; tokenizer, lexical analyzer, syntactic
analyzer, and semantic analyzer. The tokenizer works on segmenting the
sentence into a list of tokens. The token represents a special symbol or word
like a question mark [38].

The lexical analyzer (morphological) works on tagging each word with
its speech part. The complication attached to this analyzer when it is potential
to tag a word with more than one speech part. The Syntactic analyzer assigns a
parse tree or a syntactic structure, for a given natural language sentence. It
specified, for example, how a sentence is separated into phrases, how the
phrases are separated into sub-phrases, and all the way down to the actual
structure of the words utilized [39]. In this thesis, some of data mining

techniques such as summarization, information extraction are used.

2.8.8 A Comparison Among The Techniques of Text Mining

The text mining utilizes different techniques that take a significant role.
These techniques vary among them. The classification is a supervised
technique which utilizes the predefined set documents based on the contents.
This technique finds the words counts and based on these counts decides the
document topic. The clustering is utilized for finding essential structures in
information and arranging them into related sub-groups for additional analysis
and thesis [39]. Table (2.1) explains the comparison among text mining

techniques.
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Table (2.1): Comparison Among Text Mining Techniques [39]

Techniques Characteristics Tools

Information Retrievals valuable information | Intelligent Miner ,

Retrieval from un structured text Text Analyst
Information Extract information from Text Finder, Clear
Extraction structured database Forest Text

Reduce length by keeping its Tropic Tracking
Summarization | main points and overall meaning | Tool, Sentence Ext

as it is Tool

Categorization | Document based Categorization | Intelligent Miner

Cluster collection of documents, Carrot, Rapid
Cluster Clustering, classification and Miner

analysis of text document

2.9 Challenges of Text Mining Tasks

Although text mining has been studied for decades, there still exists
several challenges and issues that should be addressed in this study, such as:

e Performance: Ideally, for each category, the algorithm is assumed
to find everything relevant in the system (high recall) and only
retrieve those into that category (high precision). The accuracy of
the model depends largely on how the documents are represented as
well as the distribution of the documents. For example, in document
classification, the documents are usually in the form of vectors.
Thus the vector space is usually quite large and sparse, which is the
main cause of the “curse of dimensionality” phenomena.
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performance has been the major measurement for almost all text
mining tasks.

e Scalability: Efficiency is as crucial as performance for large-scale
applications. To achieve better performance, usually, more training
documents are preferable, which could in turn causes prohibitively long
model training time for the algorithm. For example, in most scenarios of text
classification, the training time is linear or quadratic to the number of training
documents. e.g. the training time for support Vector Machine Classifiers
(SVMs) is usually quadratic until a recent improvement which turns the
training time to be linear. Some other simple classifiers, e.g., K-nearest
neighbors classifier (KNN), logistic regression, their training cost is also
decided by the number of categories in the training data.

e Adaptivity: An algorithm may perform well in one application (e.g., image
categorization) but bad for another (e.g., text categorization). More
commonly, a classifier may have different performance on different data sets
in the same application. Thus building a universal algorithm that is both
application-independent and dataset-independent becomes quite desirable
[37].

o Customization(Personalization): Retrieving relevant documents
based on user preferences has become a new research trend. For web users,
the algorithms have to deal with documents with diverse content and users
with diverse interests. Thus conventional algorithms (e.g., classifiers) that

fix categories in advance obviously can't cater for all user interests [38].
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2.10 Stemming

Stemming is a pre-processing step in text Mining applications and a very
common requirement of NLP functions. At present-day, the word-stemming
represents an essential feature provided by searching and indexing systems.
Searching and indexing are a part of NLP systems, text mining applications,
and IR systems. Usually, the stemming works on deleting any attached
suffixes and prefixes (affixes) from index terms before the actual assignment
of the term to the index. Actually, before applying any related algorithm, the
text clustering, categorizing and summarizing need this transformation as part
of the preprocessing as well [41].

While utilizing a stemmer, two points should be considered:
I- The morphological forms of a word that are assuming to have the same
base meaning and it should be mapped to the same stem.
2- The words that don't have the same meaning, it should be preserved
separate [42].

There are basically two types of stemming techniques, one is inflectional
and other is derivational. Derivational stemming can create a new word from
an existing word, sometimes by simply changing grammatical category (for
example, changing a noun to a verb). The type of stemming we were able to
implement is called Inflectional Stemming. A commonly used algorithms is
the "Porters Algorithm" for stemming [43]. Figure (2.7) clarify kinds of

stemming algorithms.
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Stemming Algorithms

A\/2 A2

Truncating Statistical Mixed
1)Lovins 1)N-gram a) Inflectional&
2)Porters 2)HMM Derivational
3)Paice/Husk 3)YASS 1)Krovets
4)Dawson 2)Xerox

b) Corpus Band

c¢) Context Sensitive

Figure (2.7): kinds of Stemming Algorithms [43].

2.11 Porter Stemmer

The algorithm of porter stemming is the most common stemming
techniques presented in 1980. Porter algorithm is used to remove the
stemming from the words and convert them into their base stem. It includes
five stages, for every step, several rules are performed until the conditions are
passed by one of the stages. When a rule is acceptable, the suffix stage should
be ignored, and the subsequent step is applied[44]. Figure (2.8) illustrated the

steps of porter stemming algorithm.
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Step 1 } Recode plurals and simple
—)
Recode plurals and simple present \
Word / Recode lly" tO lli"

Step 2 Recode double suffix to simple

Step 3 Recode remaining double suffixes
Step 4 Recode remaining simple suffixes

l/ Stem
Step S | Recode stem with e Recode stem with I

Figure (2.8): The steps of porter stemming algorithm [46].

The rule seems as the following [45]:
<condition> <suffix> — <new suffix>
For instance,
applied — applies— apply

printing — prints — printed— print

connection-connecting-connected— connect

In all situations, the whole words of the first instance will be handled as
‘apply’ and the whole words of the second instance will be handled as “print’.
The algorithm of porter has become the stemming English standard, and it
gives a natural model for the processing to other languages. In several of those
modern algorithms, the only relationship to the original is the utilization of a
very limited suffix dictionary [45]. Algorithm (2.1) shows the standard

algorithm of Porter algorithm.
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Algorithm (2.1): Porter Algorithm[45]

Input: a set of Paragraphs.

Output: Paragraphs with only stems.

begin

Step1: Remove suffixes and plurals.

Step2: Turn the "y" letter to "i" letter in the existence of various
vowels inside the stem

Step3: Do the mapping process of double suffixes to single ones: -
ational, ation, etc.

Step4: Handle the suffixes such as; -ness, -full, etc.

StepS: Delete -ence, ant, etc.

Step6: Remove the last —e.

End

2.12 Edit Distance Algorithm (Levenshtein Distance)

The Edit Distance Algorithm (also known as Levenshtein Distance) on
dictionary-based algorithm, which combines a string similarity and a most
frequent in flexional suffixes model. Searching similar sequences of data is of
great importance to many applications such as the gene similarity
determination, speech recognition applications, database and/or Internet search
engines, handwriting. Therefore, algorithms that can efficiently manipulate
sequences of data (in terms of time and/or space) are highly desirable, even

with modest approximation guarantees [46].
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Algorithm (2.2) shows the standard algorithm of Levenshtein edit

distance.

Algorithm (2.2): The Standard Algorithm of Levenshtein Edit Distance [46].

Input variables: char Text 1[O..M-1], char Text2[O..N-1]
Output: the similarity between two words or sentences.
Step 1: declare: int d [O..M, O..N]

Step 2: for i from O to M

Step 3:d [i, O]: =1

Step 4: for j from O to N

Step 5: d [O, j]: 5

Step 6: for i from 1 to M

Step 7: for j from 1 to N

Step 8: if char of Textl at (i-1)= char of Text2 at(j-1) then
Step 9: cost: = O

Step 10: else cost:=1

Step 11: end if

Step 12: d [i, j]:= Minimum (d[i-1,j] + 1, d [L, j- 1] + 1,d[i- 1 j- 1]+cost)
Step 13: end for (variable j)

Step 14: end for (variable 1)

Step 15: return d[M, NJ;

Where:
d - Levenshtein matrix of size N+1, M+1, formed for Textl and Text2
terms.

M ,N - are the two terms lengths respectively.
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d[i, j] — (i, j) - represents an element in Levenshtein matrix d.
min — a function to compute the minimum of three variables.
cost - a variable which obtains either O or 1 values.
The distance K of Levenshtein is the minimum number of operations (deletion,
insertion, and substitution) needed for changing the term into the another, as in
the next equation:

K=d (M, N) (2.1)

Levenshtein Distance is an easy dynamic programming algorithm which
addresses the problem of sequence matching based on the notion of a primitive
edit operation. By the term “primitive edit operation” we refer to the
substitution of a symbol by another symbol, the deletion of a symbol and the
insertion of a symbol [47].

It is clear that utilizing only the three mentioned operations of primitive
edit, it is permanently potential for transforming an initial string A into a target
string B (The two strings have the same alphabet). The distance of
Levenshtein for these two strings is the minimum number of single-character
substitutions, deletions, and insertions needed for transforming A into B [47].

Edit distance is the cost of unit operation which is needed for
transforming a string to another one, where these two strings are becoming the
same string. Unit operations can be categorized into four operations: deletion,
insertion, transposition, and replacement. The deletions and insertions have the

same costs, while the replacements have double of the insertion cost [48].
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2.13 The measure of similarity among terms

The measure of similarity P is the quotient of a number of Levenshtein
operations (after calculation of Lda) by the number of all Levenshtein
operations in pessimistic case. This means, before the calculations of Lda will
be completed but with the maximum possible number of Levenshtein

operations well known [48]. The similarity measures P is calculated by the

formula:

K
Kmax

P=1-( ) 3 Knax = max(N,M) (2.2)

K >0, M >0 ,N>0, Pe (0,1)

where:

K max — the length of the longest of analyzed two terms/text strings (i.e.
pessimistic case

K - is equal to the length of the longest term. Table (2.2) illustrates an example
of the Levenshtein distance and the measure of similarity between two

sentences.

Table (2.2) : An example of the Levenshtein distance and the measure of similarity

between two sentences[48].

No. Sentencel Sentence2 K P
1 My car isn’t working My bicycle isn’t working 1 0.75
2 | What did you do yesterday? What have you done? 3 0.40
3 Tom is writing a letter Tom is written letters 3 0.40
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2.14 N-grams

An N-gram is a sub-sequence of n-items in any given sequence. In
models of computational linguistics, N-gram is utilized generally in predicting
words (in word-level N-gram) or predicting characters (in character-level N-
gram) for different applications. Most applications in NLP and IR include
extracting sequences of successive words (generally referred to N-grams) from
large text documents. Extracted N-grams from text data can be utilized for
different purposes. In machine translation, for instance, N-gram has utilized
for constructing a model of statistical language [49].

The process of extracting N-grams from considerable text documents is a
challenging issue especially if the word with longer sequences are considered.
The number of distinct sequences increases as the data get bigger. With a large
group of text documents, finding and quantifying the frequencies for every N-
gram might need huge computational resources. Frequency of a term (TF) can
be computed by using equation (2.3)[50]:

TF=N,/ N (2.3)

Where
Ny: i1s the ratio of the number of times a keyword K appears in a given
document

N :is the total number of terms in that document.
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N-gram have some features such as:
Absolute Support (Sup,): absolute support can be computed by using
equation(2.4):

sup,(X)=IXI| (2.4)
where

IXI: is the number of paragraphs in which the term appeared.

Relative Support (Sup,): relative support is calculated by Implement the

equation (2.5) :
X
Sup; (X)—lps( D (2.5)
Where

IPS(d)I: is the number of paragraphs in the document.
Global Probability: it can be computed by using equation (2.6):
Global probability = 1/ Number of occurrence of a term in the whole document
(2.6)
Local probability: it can be computed by implement equation (2.7):
Local probability = 1 / Number of occurrence in paragraph (2.7)

Covering set: covering set can be computed by using the following equation:

Covering set= the paragraphs in which the term appeared (2.8)
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Chapter Two Theoretical Background

N-gram approach extracts a set of phrases (depending on the value of n)
rather than just a single phrase. For instance, the word “TEXT” would be
composed of the N-grams (in character level N-gram) as follows:
bi-grams: _T, TE, EX, XT, T_
tri-grams: _TE, TEX, EXT, XT_, T_ _
quad-grams: _TEX, TEXT, EXT_, XT_ _, T_ _
and in word level N-gram for example:
bi-grams: San Francisco

tri-grams: The Three Musketeers (is a 3-gram)

quad-grams: She stood up slowly (is a 4-gram) [51].
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Chapter Three

The proposed Pattern Discovery system

3.1 Introduction

The rapid growing of digital data in the form of text document has faced
some problems, analyzing these data manually is a hard task. The documents
include several important terms which pointing on the valuable information
additionally is supporting with various words inside the document. It is an
auto-process to identify a fixed amount of key phrase or word which better
reflect the main document content. Generally, it means the process of
discovering useful patterns, structures and other valuable information from
unstructured natural language texts. The keywords refer to the process of
documents summarization which assists other words inside the text for
inaugurating the main content. This process is a significant approach to
analyzing data. This chapter is concerned with the design considerations,
implementation requirements, and the steps taken from the establishment of an
innovative solution for text mining by building a pattern discovery. The
proposed system used various operations mainly relies on using machine

learning and text mining techniques.

3.2 The Proposed System

Generally, the proposed system includes some basic stages to perform all
relevant process for effective patterns extraction from a massive amount of
unstructured data. The proposed system for unigram grammar will be
explained in subsection (3.2.1) and for bigram grammar will be explained in

subsection (3.2.2).
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3.2.1 The Proposed System for Unigram Grammar:

The proposed system for unigram grammar includes six steps (input text,
extract paragraphs, clean paragraph, feature extraction, update document
information, apply Levenshtein algorithm). Figure (3.1) shows the proposed

system flowchart of unigram grammar.

J

[ Input the Textual ]

document

~

[ Extract Paragraphs

v

[ Clean Paragraph

J

Feature Extraction for each
term 1n the paragraph

( )
Update Document Information
. J
Apply Levenshtein Algorithm
End

Figure(3.1): The Proposed System Flowchart of Unigram Grammar.
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The description of each step at the figure (3.1) is given below:

1- Input text step: This is the first step in the proposed system. The input is
entered via the end-user. The input can be a text document (txt.). The raw
substance for text mining is the text documents which are unstructured since
these documents do not include pre-defined relations among phrases or
words when storing them in the computer. Figure(3.2) gives an example for

these documents.

I lowve the new body styvle and the interior is a simple pleasure except for the center dash.
However, there are a couple of things that kill it for me 1 ternble driver seat comfort,
kills mv back 2 lack luster intenior design, my Acadia has much better comfort 3 the
VCM drives me crazy because the constant change in cvlinder use 1s perceptible enough
to be an annovance. Love the intenior and the power and speed. but not hard to beat afier
what I had. Love the mnterior and exterior look, the V6 i1s sensational, and getiing
compliments on the steel metallic color as if it's a Lexus or BMW . The seats are decent,
the interior design is excellent IMO as well as the exterior design. and thus far it has
been extremely reliable. The mtenor quality 15 OK, myv 1999 Accord EX had a better
comfort level on the seats. The intenior design was much micer. The intenior 15 micely
equpped and I like the XM radio but not the monthly fee. The new stvling 13 very

upscale, and the interior layout iz also impressive and spacious inside. My only

reservations are the ivory cloth interior's durability had to have taffeta white |

Figure (3.2): An Example of Text Document.

2- Extract Paragraph Step: This is the second step in the proposed
system, In order to efficiently utilize the discovered pattern, this step is
related to Pattern Taxonomy Model (PTM). This model works on re-
evaluating the patterns measures via deploying them into a common
hypothesis space depending on their correlations in the taxonomies of
the pattern. This results in high specificity patterns to the subject which
can become adequate and reasonable important values leads to an

important development in the system efficiency.
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PTM method firstly works on scanning the uploaded document and
converting the entire document into a set of paragraphs which used as separate
documents. After that, a process for extracting an amount of the set of terms
from the obtained documents and terms form a specific pattern is done.

A set of paragraphs are shown in Table (3.1), to the specified document
"d", here SP(d) = {dp;, ..., dps} the whole redundant words are removed.

Considering that min-sup > 2. The 'S' frequent patterns are shown in Table

(3.2) with its covering-sets.

Table (3.1): Paragraphs Set. Iteration 1

Paragraph Terms Terms | Sup. Terms | Sup.
dpl 3 t4 tl 3 thez 3
t1,t3 3
dp2 263 2 > | o
t3 6 ’
dp3 t1 121316 4 ) » t1,t6 2 »
dp4 tl 2 3 t6 51 2,3 >
dps 321916 6 3 0w | 3
—9——1 ’
dp6 t5t4t3 2 341 1
t3,t6 3
tHht6——0
Table (3.2): "5" Frequent Patterns with its Covering-Sets. '
Frequent Pattern Covering Set Terms Sup.
{tl, 12, t3} {dp2,dp3,dp4} t1,t2,t3 3
(tl, 2, 16} {dp3,dp4} - t1,12,t6 2
{t1,t2,t3,t6} {dp3,dp4} t1,£2,t3,t6 2
{t1, 3, 16} {dp3.dp} t1,t3,t6 2
{t2, 13, 6} {dp3,dp4,dp5} t2,t3,t6 3
Iteration 2
Where :

Min-sup: It means that any frequency of a term less than 2 is canceled.
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ti: is mean a term in the paragraph.

dpj: is the paragraph of a document " d".

There are some terms used for Pattern Taxonomy Model in the proposed
system:

a-Term Frequency (TF): It is one of the main techniques for keyword
extracting in which the word existence in the document is counting, for
example, when TF of the word (Text) is equal to "8", this means that the term
(Text) appeared "8" times in a document. Generally, if the TF is high, then the
word is a significant one. TF can be calculated by using equation (2.3).

b- Term Supporting: Supposed a term set "X" in the "d" document, X is
utilized for denoting the covering set of "X" to "d" document, that consists of
the whole all "dp" paragraphs € PS(d) like: X<dp, this means;

X = {dpldp € PS(d), X Sdp}.

Where :

X— The covering set of a document d

dp — a paragraph of document d

PS(d) — a set of paragraphs for document d

c- Threshold: Threshold represents a boundary between the important terms
and non-important terms. The threshold is used for reducing the number of
discovered patterns in a big document. These discovered patterns of minimum
relative support will maximize the training burden. In this research, threshold
values from 1 to 10 are used in the tests of the proposed system, because the
higher the value of the threshold as we get closer to the words of the document
as a whole and this is not useful and confuse the information that extracted
from the text. Figure (3.3) shows the proposed PTM flowchart for absolute

support value comparsion.
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In figure(3.3), PTM
(SUP,) with the value of

algorithm compares the value of absolute support

threshold, if the value of SUP, is greater than the

threshold value then the term will be added to the terms group and then PTM

computes the accuracy.

No
Ignore Term

For each Term in
the Document

[ Assign threshold Ty ]

Yes

No

[ Add Term to key Term
L class

Terms

Finished?

Measure Accuracy by using
Levenshein Edit Distance
Algorithm

End

Figure (3.3): The Proposed PTM Flowchart for Absolute Support Comparsion
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PTM repeats the process for the value of relative support (SUP,)
and global probability and compute the accuracy of each feature. Figure

(3.4) shows the proposed PTM flowchart for relative support comparison.

( For each Term in the
l Document

[ Assign threshold Ty ]

No
Ignore Term

Yes l

class

[ Add Term to key Term
\

NO

Terms
Finished?

Measure Accuracy by using
Levenshtein Edit Distance
Algorithm

End

Figure (3.4): The Proposed PTM Flowchart for Relative Support Comparison
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In figure(3.4), PTM algorithm compares the value of relative support
(SUP,) with the value of threshold, if the value of SUP; is greater than the
threshold value then the term will be added to the terms group and then PTM
compute the accuracy. The proposed PTM model that compares the threshold

value with global probability value is doing by applying Algorithm (3.1).

Algorithm (3.1): The Proposed PTM Algorithm for Global Probability Comparision

Input: a set of documents, a threshold

Output: a set of paragraphs

Begin

Step1: For every term T into "d" document
Step2: Assign threshold Ty

Step3: If global probability> Ty Then
Step4: Key Terms «—T

StepS: else Ignore T

Step6: End If

Step7: End For

Step8: Measure Accuracy by using Levenshtein Edit Distance
End

3- Clean Paragraph Step: This is the third step in the proposed system. The
purpose of this step is finding the key terms in the text document. Each
individual word is considered as term. Clean paragraph consist of two steps.
These steps include:

i. Removing Stop-Word: Terms extracted from a document are usually
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compared to a list of common words ‘noise’ words that would be useless for

running queries and any matches against this list are discarded. This is usually
called a stop list (the words on this list are called stop-words).Articles,
prepositions, and pronouns are the most popular used words in the text
documents that provide no meaning and can be considered as stop words.
These words are not needful in applications of text mining, therefore, these
words will be eliminated. The number of stop-words are 970 word. An

n_n n "noon:

example of these stop- words are "a", "an", "the", "in", "and ", " but ", " near",

n

HtO , "it", HaS

, "able", "about", "above", "of", "allow", "allows", "alone",

n " n

am", "

an", "and", "but", 'clearly",

n "

can", "consider", and ....etc.

ii. Applying Porter Stemming: Algorithm(2.1) shows porter
algorithm. In this process the derived words are cut down to their stem or base
root words. For example learning is converted into learn, filtering is cut down

29

to filter. Removal of “ing”,”ed”,”es” etc. comes under stemming process.
Porter algorithm is used to remove the stemming from the words and convert
them into their base stem. Mostly, it a written word form. In order to get the
root of the word, the porter stemming can be used.

The first step of the algorithm(2.1) handles plurals, past participles,

AR [1352)
1

present participles. The second step transforms a terminal “y” to an “i”, For
example: “generalizations” is converted to “generalization”, “agreed” to
“agree”. The third step deals with double suffixes to single ones. For
example: “generalization” 1is converted to “generalize”, “oscillator” to

“oscillate”. The fourth step removes other double suffixes not handled in the
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previous step such as: “generalize” is changed into “general”. The fifth

step removes remaining suffixes such as: “general” is transformed into
“gener”, “oscillate” to “oscill”. The sixth step treat stems ending with —, and
treats words ending in double consonant. For example: “attribute” is recoded
“attribut”, “oscill” is converted to “oscil”. At the end of the sixth stage, the

consequent stem is returned.

4- Feature Extraction: This is the fifth step in the proposed system. Feature
extraction is an important preprocessing step, the main purpose of this step is
to extract some important features from the text that was scanned by PTM.
Extracted features are used to represent texts. Features are:

a- Absolute Support (Sup,): Considering "d" document is equal to { Xj,
X2,....., Xa}, and X; represents a sequence (a paragraph in a document).
Consequently, IX| represents the number of paragraphs in "d". sup, represents
the amount of occurrence of "X" terms in SP(d). Sup, can be calculated by
using equation(2.4).

b- Relative Support (Sup,): It is the paragraphs fraction which includes
the pattern, this means the following:

"X" term set is named frequent pattern when Sup,(X) or sup, (X) = threshold.
Equation(2.5) can be used to compute relative support.

c- Global probability: Global probability is the probability of the term
existence in the document. Global probability of a term (P) can be computed
by using the equation (2.6)

Local probability: Local probability is the probability of the term existence in
the paragraph. the local probability can be computed by using the equation

2.7).
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e- Covering Set: is the total number of paragraphs in which term appeared.
5- Update Document information
This is the sixth step in the proposed system. For using the semantic
information in the pattern taxonomy for improving the discovered pattern
performance in text mining, the discovered patterns must be interpreted by
summarizing them for accurately evaluating the term threshold. This process
will be done by using the deploy pattern algorithm. So, a term with a higher
value of TF would be no meaning when it has not cited via some significant
parts of documents. Pattern deploying method has also been proposed in order
to refine the patterns that help in improving the effectiveness of pattern
discovery. After pattern deploying step the resulting terms is sorting according
to the covering by using Timsort algorithm.

Timsort is a hybrid stable sorting algorithm, derived from merge and
insertion sorts, constructed for doing a well-performing on many real-world
data types. This algorithm obtains the data subsequences which are formerly
ordered and utilizes that knowledge for sorting the residue more effectively.
This is accomplished via merge an identified subsequence, named a run, with
existing runs till certain criteria are done. Algorithm (3.2) describes the

applied Deploy Pattern Algorithm.
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Algorithm (3.2): Deploy Pattern Algorithm

Input: a set of terms, threshold

Output: the most frequent terms

Begin

Step1: For Terms in Document

Step2: Sort Terms using Timsort Algorithm in descending order.
Step3: For each Term T in Document

Step4: If GlobProb (T) > 0.0095 Then Add T to Pattern List
Step6: End if

Step7: End for

Step8: End for

End

Where
T:is a term in the document
Globprob: the global probability

From algorithm(3.2), For the purpose of obtaining more than one percent
of the total words in the file, we concluded that 0.0095 is most suitable for the
data studied. global probability begin from this value and Deploy pattern
algorithm always test the value of global probability if it is greater than
0.0095, then the term will be added to the list of patterns.
6- Applying the Levenshtein Distance Algorithm:
This is the last step in the proposed system, algorithm (2.2) is applied for the
resulting terms that are obtained from the previous step. LDA take the
resulting terms with the title of the document and measure the similarity

among them according to the equation (2.2).
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LDA used in this research to test the efficiency of PTM algorithm and for
getting more accurate results for pattern discovery. Table (3.3) is an example
of the measured similarity between two short texts by using Levenshtein edit

distance

Table (3.3): An Examples of the Levenshtein Distance and the Measure of Similarity
Between Two Short Texts.

NO. Text1 Text2 K P
1 Boy Boys 1 0.75
2 Baby Babies 3 0.5
3 Tom is drawing a tree Tom is draw trees 3 0.40
Where

K : is the number of the difference of characters between two words or
sentences.

P : is the probability of similarity between two words or sentences

From table (3.3), LDA calculates the probability through measuring the
similarity between two words or two sentences by calculating the number of

letters of the word to the longest word between them.

3.2.2 The Proposed System for Bigram grammar:

The proposed system includes seven steps (input text, extract paragraphs,
clean paragraph, applying bigram grammar, feature extraction, update
document information, and Apply Levenshtein algorithm). Figure (3.5) shows

the flowchart of the proposed system for Bigram grammar.
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Input the Textual
Document

L

Extract Paragraphs

[ Apply Bigram Grammar ]

L

Feature Extraction for each
term in the Paragraph

[ Update Document Information

[ Apply Levenshtein Algorithm

Figure (3.5): The Proposed System Flowchart for Bigram Grammar.
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The steps of bigram grammar for the proposed system are the same as
unigram grammar except:
4- Apply bigram grammar: After applying stop—word removal and porter
stemmer, in this step the document is analyzed so that it takes two words each
time. It takes the first and the second term and then the second term and the
third term and etc., The result of analyzing of the document is two words in
every time. Figure (3.6) is an example of applying the bigram grammar step

for the text.

Figure (3.6): An Example of Applying Bigram Grammar for the Text.

3.3 Accuracy

The equation to compute the accuracy of each document (file) is as the

following:

P
Accuracy=1-(— )*100% 3.1

size of detected terms

Where
P : is the probability of Levenshtein edit distance algorithm.

Size of detected terms : the number of detected terms.
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3.4 Average of Accuracy

The average accuracy of a dataset can be computed by using the following

equation:
Total Accuracy
Average Accuracy = *100% (3.2)
Counter
Where :

Total Accuracy: the total accuracy for each document.

Counter: the number of documents.

3.5 The Total Time of Processing
For accurate processing of a text, we compute the time of processing of a

document in each step in the proposed system by using equation (3.3):
Time of Processing = End time — Start time (3.3)

Where:
End time: is the end time for processing the document.

Start time: is the start time to process the document.

After finding the time of processing for each document, we calculate the total

time to extract patterns from a data set by using equation (3.4):

Total Time = The sum of times of processing for each document (3.4)
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Chapter Four
The Experiential Results and Tests

4.1 Introduction

This chapter summarizes the implementation outcomes obtained by the
developed system described in detail in Chapter three. The experimental
results and tests of the system phases will be explained. In other words, this
chapter is the evaluation of the performance of the proposed pattern discovery
system. It will contain a detailed depiction of the steps involved in application
implementation.
4.2 The Environment of Implementation

The implementation of the developed system is done in java 13.0.1 and
Eclipse 2018-12 programming language using a laptop computer with
windows7 ultimate. The experiments were performed on an Intel (R) Core
(TM) 15-4210U CPU @1.70 GHz 2.40 GHz, 64-bit Operating System, and
8GB RAM. In the following sections, the detailed steps and implementation

results will be explained for each step to accomplish the suggested system.

4.3 Datasets

The implementation and testing are applying on two datasets:
1- Opinosis Opinion Dataset 1.0 — Documentation (datasetl): The datasetl
includes the extract sentences from surveys in a specific topic. As an instance
for topics; “room holiday in London” and “navigation amazon kindle”. Each
topic or document is stored in the form of a .txt file and has a specific title.
There are 51 such topics in this dataset and for each topic, there are about one

hundred sentences. The opinions are obtained from various sources such as
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Trip advisor(hotels), Amazon.com(various electronics), and Edmunds.com
(cars). The total size of datasetl is 28672 Bytes with different lengths of text.
2- Reuter_50_50 Dataset (dataset2): The dataset2 is a subset of RCV1. These
corpus has already been used in author identification experiments. In the top
50 authors (with respect to the total size of articles) were selected. 50 authors
of texts labeled with at least one subtopic of the class Criteria Cognitive
Aptitude Test ( CCAT) (corporate/industrial) were selected. That way, it is
attempted to minimize the topic factor in distinguishing among the texts. The
training corpus consists of 2,500 texts (50 text per author) and the test corpus
includes other 2,500 texts (50 per author) non-overlapping with the training

texts. The overall size of dataset2 is 1048576 Bytes.

4.4 Proposed System Implementation for Unigram grammar
To calculate the accuracy of a document, the system has seven stages
executed sequentially, starts by input text file and ends with Apply

Levenshtein algorithm as described in the following sections.

4.4.1 Input Text

The system gets the text from a dataset which is stored on the computer.
Usually, load text from a folder "Openosis or Routers 50_50 dataset", this
folder is stored in a file of ".txt" or text document to increase access speed
during system execution. Figure (4.1) illustrates the input text step in the

proposed system.
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Input Text Input Text
i T OEpEnaing o my STatom ., .'l 1
Ifnarn?lxsr:?eprlii POls : I am in my 50°s and the reading vision p»
Display is e?{cellenf isnt great so changing the font is a ble
the layout of information on the screen ngg.' ) - .
is very good showing upcoming tums Th_e interface is a bitlike reading new
atthe top { Spo ) )
your speed | though you can change the font size to
the local speed limit and the estimated B n.r T imceey sett_mgs i
brrisok saaal sbitis baktom Itis so much easierto read than a pa
In the map view ' per page and you can adjust the font si
if you touch the display bution to the left ze E.S negded o
I it's just like reading a paper bl:u_nh
it brings up a display that features som h;':_:[ Ele-l_trE_R blec:ause okt o s b
e stats about your trip and includes a ¢ I pn oo . .
ompass of sorts font sizes and page orientation can be D
The navigation display shows mare in :r adapted to the reader's needs . =
| formmatinn. Lot L L
| Open | | Open |
File Size: | 103.00 Bytes File Size: 94 .00 Bytes

Figure (4.1): An Example of an Input Text Step

In fig(4.1), the proposed system load the text document and read it to

perform the next step.
4.4.2 Extract paragraph Step

In this step, after loading the text, PTM algorithm is performed on the text
which implemented in the flowchart in figure (3.3), figure (3.4) and algorithm
(3.1). In this step the value of threshold between the range[1-10] to get from
1% to 10% the information in the text. The value of threshold will be
compared with the value of global probability, absolute support, and the
relative support for the two datasets. After the comparison, stop-words will be
eliminated and porter stemming will apply. The result of this step is that each

word in each paragraph is considered as a term. Figure(4.2) states the division
of the text into paragraphs.
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Figure(4.2): The Division of Text into Paragraphs
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From fig(4.2), the document is divided into number of paragraphs and each
paragraph treated as an individual document which consist of set of terms.
4.4.3 Feature Extraction step

In this step, five types of features were calculated for each term by
implementing equation (2.4),(2.5),(2.6), (2.7)and (2.8). These features are a
global probability, local probability, absolute support, covering set and relative
support. Figure (4.3) illustrate the calculation of the five features for each term
in the document.

Document Info Diocument Infao

| i | | &

| Term: toranto | Global Probs = 0.028
735632076859474 | Relative Suppor

| t=0.41666666 | Absolute Suppont =
&

| Converging Set: p9 p0 p1 pd pv

| Term: stocks | Global Probs = 0.0172
41379246115685 | Relative Support
=0.25 | Absolute Support =3

| Converging Set: p8 p0 p5

| Term: ended | Global Probs = 0.0057
47126415371895 | Relative Support
=0.083333336 | Absolute Support =
1

| Converging Set: p0

| Term: firmer | Global Probs = 0.0057
47126415371885 | Relative Support
={0.083333336 | Absolute Support =

| Build Document |

TIme: 44 44 ms

|

¥

Term: toronto | Global Probs = 0.036 |
14457696676254 | Relative Support )
= 046153846 | Absolute Support=6 [
Converging Set: p12 p0 p1 p3 p8 p1
1
Term: stocks | Global Probs = 0.0301
204826682806 | Relative Support=0
3846154 | Absolute Support=5
Converging Set. p10 p0 p1 p4 po
Term: rallied | Global Probs = 0.0060
240961611270905 | Relative Suppor
t=0.076582308 | Absolute Support =
1
Converging Set. p0
Term: close | Global Probs = 0.0060
240961611270905 | Relative Suppar
| t=0.07652308 _|__Absn|ute Sup_;_n_nrt: '

| Build Document |

Time: 45 30 ms

Figure(4.3): The Calculation Process of Features for Each Term in the Document.

4.4.4 Update Document Information(Deploy Pattern)
After calculating the five features of a term, by applying algorithm (3.2),
the most frequency term is considered as the word that has the full meaning of

a document and important. In this step, the terms with high frequency based on
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the threshold value for one of the four features (global probability, absolute
support, local probability and relative support) are arranged in descending
order. Figures (4.4) and (4.5) is an example of the most frequent terms of a

document for various threshold values for dataset] and dataset2 respectively.

| Global Probability (v {ADS IR SaRRatE i)

Consider Tap: 2 9% Consider Tap: |5 Y S

; o [
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stocks 5 Probability: 0030120482668 stocks 5 FProbability: 0.0301204826
5206 682806
© 4 Probability: 0 02409638464450836 c 4 Frobability: 0.02409638454450
o 8362
higher 3 Probability: 0.0180722884
8338127

gold 2 Probability: 0.018072288483 |wv

l Deploy Patterns _| [ Creploy Patterns |

Time: T7.06 ms Time: 010 ms

Figure(4.4): An Example of the Most Frequent Terms of a Document for Various Threshold
Values for Datasetl

| Relative Support TJ

| Absolute Support

4

Consider Tap: 3 B

Consider Top: 4 &

| food -106 Probability: 0.0992509350 =

1806259

good 23 Probability: 0.02153558049
Firarans

fast 12 Probability: 0.0 772026165
6045914

hotel 20 Probability: 001872653910
20822525

senvice 18 Probability: 0016853932 ¥ |

| Deploy Patterns ]

Time: 4542 ms

imperial 8 Probability. 0.038277510 =
553598404

tobacco 5 Probability: 0.0238923445
4920982864

analysis 4 Probability: 0.019138755
2YET99202

group 3 Probability: 0.01435406692
3260689

hanson 232 Probability: 0014354066 [*]

[ Deploy Patterns ]

Time: 012 ms

Figure(4.5): An Example of the Most Frequent Terms of a Document for Various Threshold

Values for Dataset2
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4.4.5 Applying Levenshtein Distance algorithm

By applying the similarity equation which is described previously in
equation (2.2) on the resulting terms from the previous step, we can get the
accuracy of each document by implement equation (3.1). Figure(4.6) state
calculating the accuracy of a document when the threshold is 1 for the global
probability of datasetl. Figure (4.7) states calculating the accuracy of a

document when the threshold is 3 for absolute support of dataset2.

Best Terms: keyboard screen size good smal
| comfortable typing is type easy battery life
File Mame: keyboard netbook 1005ha
accuracy = 93 42105263157895%

. Best Terms: buttons button page kindle press
File Mame: buttons amazon kindle
accuracy =87 .5%

| GetBestTerms | | GetBestTerms |

Total Time: | 7424ms Total Time: 19227 ms

Figure(4.6): The Calculation of Accuracy for Different Documents when the Threshold is 1
for Global Probability for Datasetl.

Best Terms: rooms clean hotel nice greatvie Best Terms: eyes easy read screen eye readi

w room spacious comfortable location in serv ng kindle text size font _
ice chicago large views beds File Mame: eyesight issues amazon kindle

File Wame: rooms swissotel chicago accuracy = 92727272727 2T 272%
accuracy = 95 1923075692307 7%

| GetBestTerms | | GetBestTerms |

Total Time: | 133.22 ms Total Time: 7795 ms

Figure(4.7): The Calculation of Accuracy for Different Documents when the Threshold is 3
for Absolute Support for Dataset?2.
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In fig(4.6) and (4.7), levenshtein edit distance is implementing on the
resulting terms and the title of a document to acquire the accuracy of a

document.
4.5 The Average Accuracy and Time of a Dataset

In this step, after calculating the accuracy of each document in the dataset,
equation(3.2) is implemented to compute the average accuracy of a dataset.
Figures (4.8) and (4.9) are an example of calculating the average accuracy of a

dataset] and dataset2 for different threshold values.

Global Probability |

File N’amegmgés_ué_ﬁﬁb@cﬁt;1bﬁalghﬁ;dmé Accul
Fﬂe N‘amezs__mnujﬁud_nﬁﬂ o_8gb.tdt.data Accuracy: ¢

Fle Namesp&ed wmdows?' bltdata Accuraqr a7. 44%

File Name:stafl_bestwestern_hotel_ smmm-m
File Nameﬁi’aﬂ’ S\'ﬁﬁﬁﬁﬂi |_chicago bd data Acci :
File Name:transmission_toyota_ camry_: 2007.

File Name:updates_garmin_nuvi QEEWJDS

File Name:wvideo_ipod_nano_ ng tet.data Accuracy: 95.08
File Name:voice_garmin_nuvi_255W_gps bt data Accura_
Average Accuracy of all files: 94.02%

28672.00 Bytes

Relative Support >

File Name staﬂ SMSseme# c'hu:aga- b data Mmaqrﬂ? !
File Name:transmission_toyota_camry_2007.bd.data Aci
File Name:updates_garmin_nuvi_255W_gps.bi.data.

File Namexwideo_ipod_nano_8ab tet data Accuracy: 95.
File Mame:wvoice_garmin_nuvi_255W_gps.txt.data :

Averag 1 fall files: 956
SR ey o e S5 02

28672.00 Bytes

(b)

Figure (4.8): An Example of Calculating the Average Accuracy of a Dataset] for Different
Threshold Values,(a) threshold=(1) for global probability,(b) threshold=(3) for relative
support.
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File Name:643869newsML tt Accuracy: 74.0%
File Name:562999newsHL tx Accuracy: 74.55%
File Name:6665newsML bt Accuracy: 83.33%
File Name:672244newsML td Accuracy: 83.95%
File Name:67683 TnewsliL.txt Accuracy: 84.15%
File Name:57952 TnewshL td Accuracy: 82.09%
File Name:67958 TnewsML bt Accuracy: 79.03%
File Name:58101 TnewshL tdt Accuracy: 82.09%
File Mame:G83946newshL bt Accuracy: 80.3%
File Name:684043news ML td Accuracy: 75.0%
File Mame:685395newsML e Accuracy: 77.27%

File Name:686969newsML bt Accuracy: 82.72%
Average Accuracy of all files: 76.1% -

1048576.00 Byt

Average Accuracy of all files: 12.5%

Coba Probs ity i File Name:147528newsML td Accuracy: 12.5%
Wi

Pick Folder
15.52 sec

1048576 Bytes

(b)
Figure (4.9): An Example of Calculating the Average Accuracy of a Dataset2 for Different
Threshold Values,(a) threshold=(5) for absolute support,(b) threshold=(7) for global
probability.

4.5.1 Results by Average Accuracy and Time for Dataset1

This subsection shows the results of finding the average accuracy of the
proposed system for dataset]l based on the value of the threshold for one of
four features because from the experiments, the proposed system got that the
relative support is equal to covering set for each text. Table (4.1) describe in

details the average accuracy and time of processing for the datasetl.
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Table(4.1): The Average Accuracy and Time of the Proposed System on the Dataset1 for

Unigram Grammar.

- The The The The

5 average Elapse average Elapse average Elapse average Elapse
£ | accuracy of | Time accuracy Time accuracy Time | accuracy of | Time
% global In sec | of absolute | Insec | of relative | In sec local In sec

Probability support Support Probability

1 94.02 % 5.84 86.48 % 6.77 86.14% 5.98 99.88 % 6.09
2 78.01% 5.74 93.28 % 5.96 93.28 % 5.89 99.88 % 5.83
3 55.19% 6.20 95.45% 6.60 95.62 % 5.77 99.88 % 5.83
4 39.5% 4.96 96.43 % 6.75 96.63 % 5.21 99.88 % 5.72
5 31.61% 5.33 97.26 % 4.98 97.31% 4.89 99.87 % 5.77
6 26.36 % 4.94 97.68 % 4.98 97.74 % 4.89 99.87 % 5.86
7 23.95% 5.04 98.12 % 4.93 97.97 % 4.92 99.85% 5.85
8 19.74 % 4.82 98.31% 5.24 98.24 % 5.30 99.85% 5.71
9 18.02 % 4.81 98.51% 5.05 98.44 % 4.93 99.84 % 5.77
10 16.72% 4.81 98.68 % 5.17 98.63 % 4.89 99.83% 5.89

From table (4.1), the average accuracy of global probability for threshold
values from 1 to 10 are decreasing from 94.02% to 16.72% because the
probability of the term appearing in the document decreases as the threshold
value increases, the average accuracy of absolute support for threshold values
from 1 to 10 are increasing from 86.48% to 98.68% because the appearing of
term in the paragraph increases as the threshold value increases, and the
average accuracy of relative support for threshold values from 1 to 10 are
increasing from 86.14% to 98.63% because the appearing of term in the
fraction of paragraph increases as the threshold value increases. From the
above table, we note that the values of local probability from 1 to 10 are
higher than the values of the rest features, but these results inappropriate
because it takes all the words of paragraphs and calculates the probability

without reducing them, and this is because of the nature of this feature and this
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is not suitable for text mining. Table (4.1) shows that time is convergent and
decreases slightly with increased threshold. Through testing on the proposed
system , when the threshold value is 10 for absolute support, it got the highest
average accuracy which is 98.68% for pattern discovery in text mining.
Figure(4.10) states the relationship between threshold values and features

values for dataset].

100%

B The average accuracy of

90% - global Probability

80% -

70% -
B The average accuracy of

60% - absolute support

50% -
0, .

40%  The average accuracy of
relative Support

Average Accuracy

30% -

20% -

10% - B The average accuracy of
local Probability

i
|
|
|
|
|
|
|
|

0% -

Threshold

Figure(4.10): The Relationship between Threshold Values and Features Values for
Datasetl.

Figure (4.10) illustrate that when the value of Threshold = 10, the
proposed system acquire a highest average accuracy for absolute and relative
support of a datasetl. Figure (4.11) shows the relationship between the
threshold value and elapsed time. Figures ((4.12), (4.13), (4.14), and (4.15))

respectively states graph representation for different threshold values.
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Figures (4.15) and (4.16) prove that the value of relative support and

covering set are equal for every threshold value in the proposed system.

8
7
6 ——M\ —_— i
. Elapsed time of global

- E|apsed time of
absolute support

Elapsed time of relative

Elapsed Time
D

3
support

2 Elapsed time of local
prop

1 2 3 4 5 6 7 8 9 10
Threshold

Figure(4.11): The Relationship between Threshold Values and Elapsed Time
Global Probability vs. Terms

0.14
0,12
0,10
0.08
0,08
0.04
0.02 {5

0,00

Global Probability

0o 20 40 60 &80 100 120 140 180 léil 200 220 240
Terms

Global Probability

Figure (4.12): An Example of a Graph Representation of Global Probability when the
Threshold Value =1.
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Local Probability vs. Terms

0.35 :
0.20
. 0.25 4
0.20
0.1%
0.10
0.05 4
0,00

Local Probabili

o 20 40 B0 B0 100 120 140 160 120 200 220 240 260 2E0
Terms

|-— Local Probability |

Figure (4.13): An Example of a Graph Representation of Local Probability when
Threshold Value =1.

The Experiential Results and Tests

Absolute Support vs. Terms

Absolute Support
IJ [£4] 5 4]
o =] (=] o

-
a

(=]

0O 20 40 &0 80 100 120 140 160 180 200 220 240 260
Terms

|— Absolute Support |

Figure (4.14): An Example of a Graph Representation of Absolute Support when
Threshold Value =7.

covering set vs. Terms

covering set
B )] a4}
(s ] (] ]

Isd
O

(=)

0 =0 100 150 200 250 300 250
Terms

Figure (4.15): An Example of a Graph Representation of the Covering Set when

Threshold Value =5.
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Relative Support vs. Terms
‘% .
'.E i
% A |
é i
1 150 200 = = 1=
TErms
| Ralative Support ]

Figure (4.16): An Example of a Graph Representation of the Relative Support when
Threshold Value =5.

4.5.2 Results by Average Accuracy and Time for Dataset2

The results of the proposed system on dataset2 is implemented in this
subsection. From the experiments, the proposed system got that the relative
support is equal to covering set for each text. Table (4.2) describes in details

the average accuracy and time of processing for the dataset?2.

Table(4.2): The Average Accuracy and Time of the Proposed System on the Dataset2 for

Unigram Grammar

- The The The The

=] average Elapse average Elapse average Elapse average Elapse

&; accuracy of | Time accuracy Time accuracy Time | accuracy of | Time

= global In sec | of absolute | Insec | of relative | In sec local In sec

~ Probability support Support Probability
1 86.26 % 30.30 16.97 % 18.72 17.66 % 19.52 98.98 % 33.93
2 50.18 % 24.87 42.35% 32.57 45.1% 29.20 98.98 % 30.39
3 28.25% 18.74 60.05 % 35.74 62.37 29.30 98.94 % 35.35
4 19.54% 15.74 70.01% 28.64 71.7% 35.80 98.75 % 3747
5 16.83% 15.06 76.1% 30.73 77.45 % 35.58 98.31% 34.63
6 17.93% 14.90 80.03 % 37.73 81.17% 29.08 96.98 % 34.64
7 12.5% 14.98 82.97 % 36.77 83.87% 26.61 95.51% 33.70
8 12.5% 14.79 85.2% 34.23 86.01% 28.38 92.62 % 29.86
9 12.5% 14.69 86.92 % 33.27 87.58 % 33.54 90.16 % 34.27
10 12.5% 14.53 88.34% 24.52 88.89% 34.09 87.15% 30.98
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From table(4.2), the average accuracy of global probability for the
threshold value from 1 to 10 are decreasing from 86.26% to 12.5% because the
probability of the term appearing in the document decreases as the threshold
value increases. The average accuracy of absolute support for threshold values
from 1 to 10 are increasing from 16.97% to 88.34% because of the appearing
of a term in the paragraph increases as the threshold value increases, and the
average accuracy of relative support for threshold values from 1 to 10 are
increasing from 17.66% to 88.89% because the appearing of a term in the
fraction of paragraph increases as the threshold value increases. From the
table above, we note that the values of local probability from 1 to 10 are
higher than the values of the rest features, but these results inappropriate
because it takes all the words of paragraphs and calculates the probability
without reducing them, and this is because of the nature of this feature and this
is not appropriate for text mining. Table (4.2) shows that time is convergent
and decreases slightly with an increased threshold. Through testing on the
proposed system for dataset2, when the threshold value is 10 for relative
support, the proposed system acquire a higher average accuracy. Figure(4.17)

states the relationship of threshold values and features values for dataset2.

100% -

B The average accuracy of

absolute support
80% -

The average accuracy of

60% - relative Support

40% - B The average accuracy of
local Probability

Average Accuracy

20% -

M The average accuracy of
global Probability

0% -
1 2 3 4 5 6 7 8 9 10
Threshold

Figure(4.17): The Relationship between Threshold Values and Features Values for
Dataset2
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Figure (4.18) shows the relationship between the threshold value and
Elapse time. Figures ((4.19), (4.20), (4.21), and (4.22)) respectively state
graph representation for different threshold values for the dataset2. Figures
(4.19) and (4.21) prove that the value of relative support and covering set are

equal for every threshold value.

40

4 v
30 - %L \ .
\ —Elapsed time of global
25—\ \ prop.
\ —El|apsed time of

o
£
[
® 20
g 7 \ absolute support
K 15 Elapsed time of relative
- support
10 Elapsed time of local
5 prop.
0

Threshold

Figure (4.18): The Relationship between the Threshold Value and Elapse Time

Relative Support vs. Terms

=
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o0 o oo ot
O NoWE oo

o]
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[ ]
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Figure(4.19): An Example of a Graph Representation of the Relative Support when
Threshold Value =2.
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Global Probability vs. Terms

Global Probability

o] 20 40 =18 20 100 120 140 160
Terms

|-— Global Probability |

- Figure(4.20): An Example of a Graph Representation of the Global Probability
when Threshold Value =8.

Covering SetLength vs. Terms

£ U
o O

[s2
(=]

Covering SetLength
. 95}
(] (]
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0 =0 100 150 200 250 200
Terms
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Figure(4.21): An Example of a Graph Representation of the Covering Set when
Threshold Value =2.
Local Probability vs. Terms

Local Probability
[} o o [} [}
B W R

e
o

Terms
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Figure(4.22): An Example of a Graph Representation of the Local Probability
when Threshold Value =5.
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4.6 Proposed System Implementation for Bigram grammar

The implementation of the proposed system for bigram is similar to the
proposed system for unigram except that the output of some steps. So, the
input text step, extract paragraph step and feature extraction step are similar to

the processing of unigram but the differences are in:

4.6.1 Update Document Information (Deploy Pattern)

In this step, After calculating the five features per term by applying
algorithm (3.2), here the output of this step is two terms instead of one in the
unigram grammar, the two terms that have high frequency based on the
threshold value for one of the four features(global probability, absolute
support, local probability and relative support) are arranged in descending
order because from the experiments, the proposed system got that the relative
support is equal to covering set for each text. Figures(4.23) and (4.24) are an
example of the most frequent terms of a document for various threshold values

for dataset] and dataset2 sequentially.

| Absolute Support > | | Relative Support x|
Consider Top: 2 o8 Consider Top: 5 %
COIC COTITUS eW U PTODEoiiy. oy 1 &
times bit O Probability: 0.0 features windows 0O Probability: 0.0 |
cleartimes 0 Probability: 0.0 osx 0 F'ru:nbanilitg:_q_n
fast clear 0 Probability: 0.0 mac os 0 Probability: 0.0
voice fast 0 Probability: 0.0 cool features 0 Probability: 0.0
man voice 0 Probability: 0.0 windows features 0 Probability: 0.0
satelite man 0 Probability: 0.0 vista features 0 Probability: 0.0
find satelite 0 Probability: 0.0 operating system 0 Probability: 0.0
longer find 0 Probability: 0.0 aero shake 0 F'FDDEID_”_“YZ 0.0 }
| received longer 0 Probability: 0.0 1 ¥ | features xp 0 Probability: 0.0 =
| Deploy Patterns | | Deploy Patterns |
Time: 012 ms Time: 0.47 ms

Figure(4.23): An Example of the Most Frequent Terms of a Document for Various

Threshold Values and Features Types for Dataset].
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| Absolute Support

Consider Top: 10

| Relative Support

ConsiderTop: 6

Ua
current account 0 Probability: 0.0 current account 0 Probability 0.0 =
central bank 0 Probability: 0.0 central bank 0 Probability; 0.0 '
stronger crown 0 Probability: 0.0 stronger crown 0 Probability: 0.0
account deficit 0 Probability; 0.0 account deficit 0 Probability: 0.0
minus percent O Probability; 0.0 minus percent 0 Probability 0.0
mark dollar 0 Probability: 0.0 mark dollar 0 Probability: 0.0
vaclav klaus 0 Probability: 0.0 vaclav klaus 0 Probability: 0.0
ministervaclav 0 Probability: 0.0 | minister vaclav 0 Probability: 0.0
PIImE tWesstce O Frolabim:oo Bl prime minister 0 Probability: 0.0 [¥

| Deploy Patterns | | DeployPatterns |

Time: |0:08 ms Time: -I:I.I:IE ms

Figure(4.24): An Example of the Most Frequent Terms of a Document for Various

Threshold Values and Features Types for Dataset2.
From figures(4.23) and (4.24), the probability for each two terms that may

appear in the document is calculated to be an input to the next step.

4.6.2 Applying Levenshtein Distance algorithm

After deploy pattern step, the Levenshtein distance which is described
previously in equation (2.2) is applied on the resulting terms from deploy
pattern step, the accuracy of each document can be acquired by implement
equation (3.1). Figure(4.25) states calculating the accuracy of a document
when the threshold is 2 for relative support of datasetl. Figure (4.26) states
calculating the accuracy of a document when the threshold is 4 for absolute

support of dataset?2.
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Best Terms: fast food grocery store good foo

d room senvice tube station full english food
good english breakfast good selection selec
tion food quality food service menu road tube
buy food good senvice food excellent indian f
ood

File Mame: food holiday inn london

accuracy = 98.6046511627907%

| GetBestTerms |

Total Time: 17672 ms

BestTerms: speed limit widescreen display
upcoming turns display easy elevation conto
urs zoom levels map display wide screen
File Mame: display garmin nuvi 255W gps
accuracy = 97.34513274336283%

GetBest Terms J

Total Time: 5838 ms

Figure(4.25): The Calculation of the Accuracy of Two Documents when the Threshold is 2

for Relative Support of Dataset1.

Best Terms: short term market accounting m
ark market accounting methods long term rat
e swaps interest rate gains losses finance
ministry

File Mame: 10028newsML bt

accuracy = 90.32258064516128%

| GetBestTerms |

Total Time:  70.72 ms

Best Terms: toronto bureau reuters toronto i
mproving © canada improving year ¢ compar
ed year share compared pegged c results p
egged quarter results

File Mame: 10663newshL td

accuracy = 81.11111111111111%

| GetBestTerms |

Total Time:  64.00 ms

Figure(4.26): The Calculation of the Accuracy of Two Documents when the Threshold is 4
for Absolute Support of Dataset2.

In figures(4.25) and (4.26), levenshtein edit distance algorithm
implemented on the resulting terms and the title of the document to find the

accuracy of a document by using eq.(2.2).

70



Chapter Four The Experiential Results and Tests

4.7 The Average accuracy and Time of the dataset for bigram

grammar

In this step, after calculating the accuracy of each document in the dataset,
equation(3.2) is implemented to compute the average accuracy of a dataset.
Figures (4.27) and (4.28) are an examples of calculating the average accuracy

of a dataset] and dataset? for different threshold values and different features.

= Fite Mame:| 5_amazon_kindle bt data Accuracy; 28,
Fite Mame:comfort_| honda_aecwd_i’éﬂ-ﬂs;mdafa Accura -i
Fite Mame:gas_mileage_toyota_camry_2007 tt data Acc
Fite Mame:location_bestwestern_hotel_sfo.bd data Accw
Fite Mame:location_holiday_inn_london.tdt.data Accuracy
Fite Mame:room_holiday_inn_london b data Accuracy: .(
Fite Mame:semnice_ bestwestern_hotel_sfobddata Accur:
File Mame:senice_swissotel_hotel_chicago.td data Aco
Fite Mame:speed windows7 td data Accuracy; 16.67%
Fite Mame:transmission_toyota_camry_2007 td.data Acc

Fite Mame:updates_garmin_nuvi_255W_gps tdt data Acge
Average Accuracy of all files: 32.29%

28672.00 Bytes ELS

: File Mame service_swissotel_hotel_chicago.td data Accy

File Name:size_asus_netbook_1005ha bt data Accuracy
File Name:sound_ipod_nano_8gb.xt data Accuracy: 99.3

File Mame:speed_garmin_nuvi_255W_gps.tit. data Accu

File Name:speed_windows7 i data Accuracy: 99.85%
File Name:staff_bestwestern_hotel_sfo.bd data Accuracy|
File Mame:staff_swissotel_chicago bt data Accuracy: 99

File Name:transmission_toyota_camry_2007.tt.data Acg
File Name updates_garmin_nuvi_255W_gps bt data Acc
File Namevideo_ipod_nano_8gb.bt data Accuracy: 99.8¢
File Name:voice_garmin_nuvi_255W_gps.txt.data Accurs_

age Accuracy of all files: 99.46%
<

(b)

Figure (4.27): An Example of Calculating the Average Accuracy of a Dataset] for Bigram
Grammar for Different Threshold Values and Different Features,(a) threshold=(4) for
global probability,(b) threshold=(7) for relative support.
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File Name:643869newsMLtt Accuracy: 86.02%

File Name:662998newsHL bd Accuracy: 83.13%
File Name:6665newsML bt Accuracy: 86.96%

File Name:672244newsML bt Accuracy: 86.02%

File Name:676831newsMLtxt Accuracy: 86.67%

File Name 67952 1newsML it Accuracy: 83.13%

File Name 67958 1newsML bt Accuracy: 77.75%

File Name:68101 TnewsML txt Accuracy: 83.13%

File Name:683946newsMLbd Accuracy: 89.08%

File Name:684043newsML bt Accuracy: 83.12%

File Name:685305newsL txt Accuracy: 76.27%

File Name:BBE969newsML bt Accuracy: B5.42%

1048576 Bytes Average Accuragy of all files: 80.00%

Global Prabability B File Name: 147528newsML td Accuracy: 12.5%

Average Accuracy of all files: 12.5%

Pick Falder

1526 sec
1048576 Bytes

(b)

Figure (4.28): An Example of Calculating the Average Accuracy of a Dataset2 for Bigram
Grammar for Different Threshold Values and Different Features,(a) threshold=(2) for
absolute support,(b) threshold=(8) for global probability.

From figures (4.27) and (4.28), the proposed system find the average
accuracy of a set of documents by finding the sum of accuracy for each

document and divide the result by the number of documents .

4.7.1 Results by Average Accuracy and Time for Dataset1

In this subsection, the results of finding the average accuracy of the

proposed system for dataset] based on the value of the threshold for one of the
72



Chapter Four The Experiential Results and Tests

four features are shown. From the experiments on the proposed system, we get
that the relative support is equal to covering set for each text. Table (4.3)

describes in details the average accuracy for the datasetlof bigram grammar.

Table(4.3): The Average Accuracy and Time of the Proposed System on the Dataset1for

Bigram Grammar.

- The The The The
E average Elapse | Average | Elapse | average | Elapse average Elapse
£ accuracy Time accuracy | Time accuracy | Time accuracy Time
% of global In sec | of absolute | Insec | of relative | In sec of local In sec
Probability support Support Probability

1 36.21% 341 96.29 % 4.03 95.99 % 3.31 36.9% 3.01
2 32.29% 3.03 98.24% 3.24 98.13% 3.26 36.9% 3.08
3 32.29% 3.05 98.84 % 3.22 98.8 % 3.37 36.9% 3.24
4 32.29% 3.11 99.16% 3.25 99.1% 3.24 36.9% 3.06
5 32.29% 3.01 99.33% 3.24 99.25% 3.23 36.9% 3.24
6 32.29% 2.98 99.46 % 3.36 99.37% 3.33 36.9% 3.05
7 32.62% 3.05 99.52 % 3.35 99.46 % 3.25 36.9% 3.14
8 23.54% 3.09 99.58 % 3.32 99.52% 3.24 36.9% 3.17
9 24.4% 3.02 99.62 % 3.31 99.57 % 3.32 36.9% 3.01
10 20.04 % 3.10 99.65 % 3.29 99.61% 3.28 36.9% 3.04

From table (4.3), the average accuracy of global probability for threshold
values from 1 to 10 are decreasing from 36.21% to 20.04% because the
probability of the term appearing in the document decreases as the threshold
value increases. The average accuracy of absolute support for threshold values
from 1 to 10 are increasing from 96.29% to 99.65% because the appearing of
term in the paragraph increases as the threshold value increases, and the
average accuracy of relative support for threshold values from 1 to 10 are
increasing from 95.99% to 99.61% because the appearing of term in the
fraction of paragraph increases as the threshold value increases. Through

testing, the proposed system got that the highest average accuracy which is
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99.65% is when the threshold value is 10 for absolute support. Table (4.3)
also shows that time is convergent and decreases slightly with an increased
threshold. Figure(4.28) states the relationship between threshold values and

features values for bigram grammar for datasetl.
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Figure(4.29): The Relationship between Threshold Values and Features Values for Bigram

Grammar for Dataset].

From figure (4.29),When the value of threshold=10, the proposed system
acquire the highest average accuracy for absolute support and relative support
of a set of files . Figure(4.30) shows the relationship between threshold values
and elapse time. Figures ((4.31), (4.32), (4.33), and (4.34)) sequentially states
graph representation for different threshold values for bigram grammar.
Figures (4.31) and (4.34) proves that the value of relative support and covering

set are equal for every threshold value in the proposed system.
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Figure(4.30): The Relationship between Threshold Values and Elapse Time for

Bigram Grammar
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Figure(4.31): An Example of a Graph Representation of Relative Support when
Threshold Value =3.
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Figure(4.32): An Example of a Graph Representation of Global Probability when
Threshold Value =3.
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Local probability vs Terms
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Figure(4.33): An Example of a Graph Representation of Local Probability when
Threshold Value =6.
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Figure(4.34): An Example of a Graph Representation of a Covering Set when
Threshold Value =3.

4.7.2 Results by Average Accuracy and Time for Dataset2

The results of the proposed system on dataset2 for bigram is implemented
in this subsection, from the experiments on the proposed system, we get that
the relative support is equal to covering set for each text. Table (4.4) describes

in details the average accuracy for the dataset2.
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Table (4.4): The Average Accuracy and Time of the Proposed System on the Dataset2 for

Bigram Grammar.

- The The The The

=] average Elapse | average Elapse average | Elapse average | Elapse
&; accuracy Time | accuracy Time accuracy Time accuracy Time

=3 of global Insec | of absolute | Insec | of relative | Insec of local In sec
~ Probability support Support Probability

1 58.18% 15.90 62.88% 53.96 61.33% 33.50 61.28% 18.52

2 63.89% 15.63 80.09% 30.64 79.27 % 28.80 61.28% 18.37

3 63.89% 16.60 86.42% 37.13 85.98 % 31.62 61.28% 19.12

4 48.0 % 15.23 89.65% 29.53 89.42% 27.40 61.28% 18.14

5 48.0% 16.26 91.73% 38.65 91.54% 28.45 61.28 % 18.82

6 12.5% 15.42 93.06 % 38.40 92.96 % 29.77 61.28 % 18.31

7 12.5% 15.74 94.05 % 28.98 93.98 % 29.28 61.28 % 19.33

8 12.5% 15.43 94.83% 30.36 94.76 % 3591 61.28% 19.29

9 12.5% 15.53 95.4% 31.30 95.35% 37.23 61.28% 19.74

10 12.5% 15.58 95.88 % 36.01 95.84% 28.45 61.28% 18.75

From the experiments of the proposed system for bigram grammar of
dataset2, the average accuracy of global probability for the threshold value
from 1 to 10 are decreasing from 58.18% to 12.5% because the probability of
a term appearing in the document decreases as the threshold value increases.
The average accuracy of absolute support for threshold values from 1 to 10 are
increasing from 62.88% to 95.88% because the appearing of term in the
paragraph increases as the threshold value increases, and the average accuracy
of relative support for threshold values from 1 to 10 are increasing from
61.33% to 95.84% because the appearing of term in the fraction of paragraph
for

increases as the threshold value increases. Local

probability  values
threshold values from 1 to 10 are fixed because the number of bigram terms

are equal for every threshold value.
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Table (4.2) shows that time is convergent and decreases slightly with an
increased threshold. From the experiments on the dataset2, the proposed
system obtained a higher average accuracy when the threshold value is 10 for
relative support. Figure(4.35) states the relationship between threshold values

and features values for dataset2.
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40%
° The average accuracy of

relative Support

Average Accuracy

30%
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20%
10%

0%

Threshold

Figure(4.35): The Relationship between Threshold Values and Features Values for
Dataset?2.

In figure (4.35), when the value of threshold=10, the proposed system has
the highest average accuracy for absolute support and relative support.
Figure(4.36) state the relationship between threshold values and elapse time.
Figures ((4.37), (4.38), and (4.39)) sequentially state graph representation for
different threshold values. Figures (4.38) and (4.39) prove that the value of

relative support and covering set are equal for every threshold value.
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Threshold Value = 4.
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Covering SetLength vs Terms
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Figure (4.39): An Example of a Graph Representation for Covering Set when
Threshold Value = 4.
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Figure (4.40): An Example of a Graph Representation for Local Probability when
Threshold Value = 1.

4.8 Comparison between our proposed system and other
existing systems
The comparison results of the proposed system with other systems that

worked to extract a pattern from a specific document or text are explained in

the following:
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I- A system by H. M. M. Hasan which designed to extract keywords from
documents by applying modified semantic relation approach which gets an
accuracy of 77.6% precision and 84.3% recall to measure the accuracy of the
system.

2- A system by V. Aswini that used the process of pattern evolving and pattern
deploying which get 62% of precision and 82% of recall.

3- A system by D. P. Lyras that used the Levenshtein Edit Distance on a
dictionary-based algorithm for automatic lemmatization for modern English
which achieved an accuracy 96% for English language.

In the systems described above, they used different standards to measure
the efficiency of the patterns extracted from the text. In the proposed system,
different method is use, average accuracy is used to measure the efficiency of
the system more clearly. The proposed system achieved results for Uni-gram
grammar (98.68% average accuracy for absolute support of datasetl and
88.89% average accuracy for relative support of dataset2) and for Bi-gram
grammar, it get (99.65% average accuracy for absolute support of datasetl and
95.88% average accuracy for absolute support of dataset2). So, the results of
the proposed system are higher than the previous systems which designed for

discovering pattern from text document.
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Chapter Five

Conclusions & Suggestions for Future Works

5.1 Conclusions

In this thesis, we have mainly focused on developing mining algorithm
for discovering patterns from a large data collection . There are some
conclusions that were obtained through experiments conducted on the
proposed system and in the following some of these conclusions are listed:

1. Text mining is similar to data mining in terms of dealing with large
volumes of data, and both fall into the information discovery area also
both of text mining and data mining uses the same techniques.

2. Pattern-based method can be utilized for finding different patterns for text
without any problems.

3. The research provides a technique for discovering patterns by using (LDA)
with (PTM) for improving the effectiveness of the system and gives best
results compared to other methods.

4. The experimental results of the proposed system for relative support is
equal to the experimental results of the covering set.

5. Threshold value that gives the system a highest average accuracy is 10,
When the threshold value exceeds 10, It will approach the size of the
document as a whole, affecting the value of the information extracted
from the text.

6. From the experimental results, the value of local probability had very little
effect on the results because it means the probability of term in the

paragraph not in the document.
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7. As aresult of use LDA and PTM algorithms, the proposed system was got
98.68% of average accuracy for absolute support of datasetl
and 88.90% of average accuracy for relative support of dataset2 with a
very short time of processing for unigram grammar.

8. The proposed system obtained 99.65% of average accuracy for absolute
support of datasetl and 95.88% of average accuracy for relative support
of dataset2 as a result with a very short time. These results were better
than other systems for pattern discovery in text mining.

9. Bigram results better than unigram because bigram treats each two words
as one unit and it reduce the size of a document. It is useful in terms of the
linguistic structure of the sentences especially if the words are name and
adjective, while unigram takes one word and associating it with another

word may not give correct language.
5.2 Suggestion for Future Works

Several suggestions can be placed to develop this work such as:

1. Extract the remainder N-gram such us tri-grams and quad-grams.

2. Implement a neural network approaches with our algorithm to improve the
results.

3. Train Hidden Markov Model (HMM) to extract patterns from documents
and update the discovered patterns to find interesting and relevant
information.

4. The proposed system can be personalized, so that data or results obtained
from the text document is concerned with the profile of the user. Here, to
search for information, the profile of the user will be generated to the
system. After that, the documents that match the user profile will be

extracted.
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