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Abstract

Dyslexia is a disorder that involves difficulty with literacy skills and lan-
guage related skills. It is related to the inability of a person to master the
utilisation of written language and affects a significant number of people.
This thesis describes the development of the Bangor Dyslexia Arabic Cor-
pus (BDAC) in order to facilitate the analysis and automatic correction of
dyslexic Arabic text. This thesis has also developed a new classification of
errors made in Arabic by people with dyslexia which was used in the an-
notation of the BDAC. The dyslexic error classification scheme for Arabic
texts (DECA) comprises a list of dyslexia spelling errors classified into 37

types, and grouped into nine categories.

This thesis also investigates a new type of classification — dyslexia text clas-
sification — that identifies whether or not a text has been written by a person
with dyslexia. The text compression scheme known as prediction by partial
matching (PPM) has been applied to the problem of distinguishing dyslexic
text from non-dyslexic text. Experimental results show that the F; score for
PPM-based classification was 0.99 and outperformed other classifiers such

as Multinomial Naive Bayes and Support Vector Machiness.

A new system called Sahah is also proposed for the automatic detection and
correction of dyslexia errors in Arabic text. The system uses a language
model based on the PPM text compression scheme in addition to edit op-
erations (omission, addition, substitution and transposition). The correct
alternative for each error word is chosen on the basis of the compression
codelength. Two experiments were carried out to evaluate the usefulness

of the Sahah system. Firstly, its accuracy was evaluated using the BDAC



containing errors made by people with dyslexia. Secondly, the results of
Sahah were compared with the results obtained when using word processing
software and the Farasa tool. The results show that the Sahah system signif-
icantly outperforms Microsoft Word, Ayaspell and the Farasa tool with an

F4 score of 0.83 for detection and an Fy score of 0.58 for correction.
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Chapter 1

Introduction

1.1 Background and Motivation

The word dyslexia originates from the Greek language and signifies difficulty
with words (Ghazaleh, 2011), and specifically issues with reading, spelling,
and word recognition (Grigorenko, 2001). The earliest consideration of
dyslexia was presented by W. Pringle Morgan, in November 1896 (Mor-
gan, 1896). The article described the case of a 14-year-old boy who was
apparently at an adequate level of intelligence and logical reasoning for
his age, yet struggled considerably in terms of reading and writing skills.
This article is one of the first reports concerning congenital word blindness.
Therefore, Morgan is often considered as being the pioneer in the field of

dyslexia (Guardiola, 2001).

There seems to also be a significant amount of people who have dyslexia, as
the International Dyslexia Association (2012) reported that dyslexia affects
15-20% of any given population. It should also be noted that there is no

relationship between dyslexia and a person’s level of intelligence. Dyslexia



is popularly identified with numerous famous figures, such as Richard Bran-

son.

Dyslexia concerns difficulty with acquiring literacy skills, and this difficulty
can be present throughout person’s life, and might influence their education
over the long-term. Furthermore, the disorder is not culture- or language-
specific, and is therefore not exclusive to specific cultures, and is observable

in all age groups and in all languages (Reid, 2010), such as Arabic.

The Arabic language is one of the most widely used in many parts of the
world. A study conducted by Holes (2004) suggested that two fundamental
reasons exist for the wide usage of this language, the first that Arabic is the
language of the ‘Holy Quran’, and the second that other languages, such as
Urdu and Farsi, employ Arabic letters. Thus, Arabic was selected as the
focus of this thesis in addition to it being the researcher’s native language.
Moreover, the researcher wished to help Arabic people with dyslexia, and

to add value for this target group.

Nevertheless, despite the widespread use of the language, academic research
concerning dyslexia in Arabic is scarce, because dyslexia is not widely recog-
nised in the Arab region (Aboudan et al., 2011). This is evidenced by the
fact that the first dyslexia association in the Arab world was established in
Kuwait in 1999, many years after the equivalent association was established
in the West, where the oldest such association, the International Dyslexia

Association was established in 1949.

There are a number of different approaches that can be employed to help
and support people with dyslexia, such as tools to assist in its diagnosis and
assessment, and applications such as word prediction software, text classi-

fication, and spelling correction. These tools have been developed through



different methods such as natural language processing and corpus linguis-

tics.

The use of text corpora has expanded in recent years as it plays a signifi-
cant role in different aspects such as computational linguistics, and Natural
Language Processing (NLP) research. Although the use of text corpora has
enjoyed a relatively high level of interest in research, availability of dyslexia
corpora is scarce (Pedler, 2007), and only a few studies have considered the

potential benefits of using dyslexia corpora.

Furthermore, there is an obvious lack of Arabic dyslexia corpora, which high-
lights the importance of improving and enlarging the extant resource that
was previously developed by the researcher of this thesis (Alamri, 2013).
Such a corpus can be used as a starting point for developing a more exten-
sive understanding of dyslexic errors in Arabic, and how they are written
and moreover, towards investigating and developing Arabic dyslexia appli-
cations. Furthermore, it can serve as a platform for future researchers to
develop further studies in the area, or to employ in the creation of applica-

tions for dyslexics.

These points formed the main inspiration for conducting this research study.

1.2 Research Questions

The research questions explored for this study are as follows:

1. What is an effective spelling error classification scheme for annotating

and analysing Arabic dyslexic corpora?

2. How well dose a compression-based language modelling method, such



as the Prediction by Partial Matching (PPM) text compression method,
compare to two well performed algorithms such as Multinomial Naive
Bayes (MNB) and Support Vector Machines (SVM) for classifying a

text that has been written by a person with dyslexia?

3. Can PPM, in conjunction with other methods, be effectively applied

to correcting a text that has been written by a person with dyslexia?

1.3 Aim and Objectives

The aim of this study is to investigate the effectiveness of a new approach to
classifying and correcting Arabic dyslexic text, specifically, using the PPM
compression method. This study seeks to evaluate how well this approach

performs in applications using Arabic dyslexic corpus.

Therefore, this study’s objectives in investigating the research questions are

as follows:

o Review the extant literature regarding dyslexia, Arabic language, dyslexia
spelling errors, corpus linguistics, text classification, spelling correc-

tion, and text compression (see Chapter 2);

e Improve the existing Arabic corpus of texts written by people with
dyslexia (the Bangor Dyslexia Arabic Corpus (BDAC)) (see Chap-

ter 3);

o Create a new dyslexic error classification scheme for Arabic dyslexic

texts (DECA) (see Chapter 4);

e Develop and evaluate a method to classify whether or not a text has

been written by a person with dyslexia, using the PPM compression



scheme, and compare the performance of the PPM with other clas-
sification methods, such as the Multinomial Naive Bayes (MNB) and
Support Vector Machines (SVM), when they are employed for the pur-

pose of classifying dyslexic text (see Chapter 5);

e Design and evaluate an automatic spelling correction system for cor-
recting spelling errors in Arabic texts, produced by people with dyslexia,
by comparing them with other spelling correction tools (see Chap-

ter 6).

1.4 Contributions

Since there is currently a lack of an Arabic dyslexia corpus, this study has
the potential to make valuable contributions to the field. The specific con-

tributions are as follows:

e The first and foremost contribution of this research study is the en-
largement of the Arabic dyslexia corpus (the BDAC) to comprise
28,203 words written by both male and female with dyslexia aged
between 8 to 13 year olds. Based on the literature review, the BDAC

is the first dyslexia corpus for Arabic.

e The second contribution is the development of dyslexic error classifi-
cation scheme for Arabic texts (DECA) that can provide a framework
to help analysing and annotating specific errors committed by writ-
ers with dyslexia. Also, this has been used to provide an annotated
dyslexic corpus (the BDAC) and then analysis of Arabic dyslexic er-

rors, based on the corpus.

e The third contribution is the creation of Bangor Non-Dyslexia Arabic



Corpus (BNDAC), consisting of 9,099 words written by non-dyslexic

male and female between the ages of 8 and 13.

e The fourth contribution is the investigation of an effective, new method

for classifying dyslexic text, based on the PPM compression method.

e The final contribution is the development and testing of a new system
called Sahah to automatically correct Arabic dyslexic text by using
PPM text compression scheme and an edit operation approach using

compression codelength.

1.5 Publications

The researcher has already published one conference paper based on this
study. In addition, a further two journal papers have been submitted for

publication. Table 1.1 shows specific papers which relate to this study.

The first paper, entitled “A New Error Annotation for Dyslexic Texts in
Arabic”, is included in Chapter 4. The paper describes a new classification
scheme of errors made in Arabic by people with dyslexia to be used in the
annotation of the Arabic dyslexia corpus (BDAC). The dyslexic error clas-
sification scheme for Arabic texts (DECA) comprises a list of spelling errors
extracted from previous studies and a collection of texts written by people
with dyslexia that can provide a framework to help analyse specific errors
committed by writers with dyslexia. The classification comprises 37 types
of errors, grouped into nine categories. The paper also discusses building a
corpus of dyslexic Arabic texts that uses the error annotation scheme and
provides an analysis of the errors that were found in the corpus. The paper

was presented at the Third Arabic Natural Language Processing Workshop



Table 1.1: Publications that relate to this study.

Title A New Error Annotation for Dyslexic Texts in Arabic
Authors Maha M. Alamri, and William J. Teahan
In The Third Arabic Natural Language Processing Workshop (WANLP)
1 | Publisher Association for Computational Linguistics (ACL)
Year 2017
Status Published

Title Distinguishing Dyslexic Text from Non-dyslexic Text
Authors Maha M. Alamri, and William J. Teahan
In Transactions on Computers (TC) Journal
2 | Publisher IEEE
Year 2019

Status Submitted

Title Automatic Correction of Arabic Dyslexic Text
Authors Maha M. Alamri, and William J. Teahan
In Computers Journal
3 | Publisher Multidisciplinary Digital Publishing Institute (MDZPI)
Year 2019
Status Published

(WANLP) co-located with EACL 2017, held in Valencia, Spain.

The second paper, entitled “Distinguishing Dyslexic Text from Non-dyslexic
Text”, which Chapter 5 is based upon, investigates a classification problem,
specifically dyslexia text classification, which involves identifying whether
or not a text has been written by a person with dyslexia. For this pur-
pose, we apply the PPM text compression scheme for the binary classifica-
tion problem of distinguishing dyslexic text from non-dyslexic text. Various
experiments were conducted to evaluate the method using three corpora.
Experimental results show that the accuracy for PPM-based classification

significantly outperformed standard feature-based classifiers such as Multi-



nomial Naive Bayes (MNB) and Support Vector Machiness (SVM). The
paper has been submitted to the Transactions on Computers (TC) Journal

(IEEE).

The third paper, entitled “Automatic Correction of Arabic Dyslexic Text”,
is included in Chapter 6. This paper proposes an automatic correction sys-
tem that detects and corrects dyslexia errors in Arabic text. The approach
uses a language model based on the PPM text compression scheme that gen-
erates possible alternatives for each error word. Furthermore, the generated
candidate list is based on edit operations (omission, addition, substitution
and transposition) and the correct alternative for each error word is chosen
on the basis of the compression codelength. The system is compared with
widely used Arabic word processing software and the Farasa tool. The ap-
proach provided good results compared with the other tools. The paper was
published in the Computers Journal. Multidisciplinary Digital Publishing
Institute (MDPI).

1.6 Thesis Outline

This thesis is organised into seven chapters. The outline of each chapter is
as follows:

This chapter presented the background and motivation of this research
study, the aim and objectives and the research questions. It also lists the
contributions of the study to the field of Arabic dyslexia studies, and noted
the papers based on the study that have already been published or submit-

ted.

Chapter 2 provides a review of the extant literature of relevance to the sub-



ject of this thesis, including an overview of the previous studies that focused
on various associated issues as the main area of interest of this study is the
zone of convergence between several aspects, including dyslexia, the Arabic
language, corpora linguistic and NLP. This chapter comprises a review of
the literature concerning dyslexia followed by the Arabic language and its
specific linguistic characteristics. Then, spelling errors and more specifi-
cally dyslexia errors are discussed. Followed by a review of the literature
concerning corpus linguistics and types of corpora. After that, the litera-
ture concerning two NLP tasks —text classification and spelling correction—
are discussed. This is followed by an introduction to text compression and
the PPM text compression method is introduced in detail. Moreover, how
the PPM compression method can be adapted for the Arabic language is
described.

Chapter 3 describes how the BDAC corpus was compiled and how dyslexia
is identified in schools in Saudi Arabia, together with how the handwritten
data was converted into an electronic format, and analyses of the text and

participant information.

Chapter 4 provides a detailed description of the basis of the new dyslexic
error classification scheme for Arabic dyslexic text (DECA), and evaluates
DECA and how the consistency between annotators using the classification
scheme can be measured. It also explains the annotation process of the

BDAC corpus and provides an analysis of Arabic dyslexic errors.

Chapter 5 investigates a compression-based classification method employed
to distinguish dyslexic text from non-dyslexic text, using three corpora,
and also discusses the experiments conducted for the purpose of comparing

the PPM with other classification methods (Multinomial Naive Bayes and



Support Vector Machiness).

Chapter 6 discusses the development of an Arabic automatic spelling cor-
rection system, the Sahah system, which includes a number of different
stages. It also evaluates this system, and compares it with other widely

used spellchecking software and the Farasa tool.

Finally, Chapter 7 summarises the study, and provides the overall results
and their significance in relation to the research questions, and the recom-

mendations for future research.

10



Chapter 2

Literature Review

2.1 Introduction

This chapter examines the background technologies in this study and ex-
plains the concept of the theoretical framework for dyslexia, Arabic lan-
guage, spelling errors, corpus linguistics, text classification and spelling cor-
rection and ends with Prediction by Partial Matching (PPM) compression

scheme.

This chapter will firstly gives an overview and definitions of dyslexia in Sec-
tion 2.2. Section 2.3 discusses the Arabic writing script, Arabic vowels and
Arabic morphology and phonology. The spelling errors of dyslexic writers
are discussed in Section 2.4. Section 2.5 discusses corpus definitions and
types in addition to dyslexia corpora. After that, Section 2.6 review natural
language processing applications involving text classification in Section 2.6.2
and discusses various techniques in addition to Arabic text classification and
dyslexia classification. This is followed by a discussion of spelling correction

in Section 2.6.4 including Arabic spelling correction in addition to dyslexia
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spelling correction. Section 2.7 discusses the fundamentals of text compres-

sion and Prediction by Partial Matching (PPM) in Section 2.7.1.

2.2 Dyslexia

Dyslexia encompasses a wide array of learning difficulties. Thus, dyslexia
is sometimes called ‘the mother’ of learning difficulties (Davis and Braun,
1997). The word dyslexia has its origin in Greek. It is comprised of
‘dys—’, which means difficulty with, and ‘~lexia’, which means language or

words (Ghazaleh, 2011).

Dyslexia is defined by the International Dyslexia Association (2002) as a
neurobiological condition characterised by an individual’s inability to read,
spell, decode text and recognise words accurately or fluently. The British
Dyslexia Association (2007) defines dyslexia as follows: “Dyslexia is a spe-
cific learning difficulty that mainly affects the development of literacy and
language related skills. It is likely to be present at birth and to be life-long
in its effects. It is characterised by difficulties with phonological process-
ing, rapid naming, working memory, processing speed, and the automatic
development of skills that may not match up to an individual’s other cog-
nitive abilities”. According to Mortimore (2008), dyslexia arises due to a
deficiency in the phonological dimension of language. In addition, dyslexia
impedes the improvement of key language skills, including reading, writing

and spelling.

Dyslexia is observable across different languages (Elbeheri and Everatt,
2007). The manifestation of dyslexia may vary across languages, since

languages vary in the way in which their orthography represents phonol-
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ogy (Reid, 2010). As such, the severity of reading, writing and spelling
deficits vary across different language orthographies (Elbeheri et al., 2006).
Readers in languages with a transparent orthography, such as Spanish, face
fewer difficulties than readers in languages with non-transparent orthogra-

phy such as English (Rello, 2014).

According to a number of studies, there are genetic and hereditary factors
that determine whether dyslexia is transferred from one generation to the
next. Hall (2009) asserts that there is a 50% chance that a child from a
family with a history of dyslexia will develop this mental illness. A study
by Vellutino et al. (2004) provides additional support for the notion that
the development of dyslexia in children can be heavily influenced by genetic

factors revolving around existing cognitive deficits.

Besides genetic factors, environmental factors are also responsible for weak-
ening the cognitive skills of children that are directly linked with the occur-
rence of dyslexia. Snowling (2012) and Vellutino et al. (2004) recommended
that parents should therefore control environmental factors that may even-
tually cause dyslexia. Snowling et al. (2007) also concluded in their study
that environmental factors are the most significant and essential factors in-
volved in the prevention of dyslexia. However, it is still unclear whether
the occurrence of dyslexia and the strength of its impact are conditioned by

genetic or environmental factors.

2.2.1 Dyslexia Identification

For most of the existing research, the criticality of early identification and
intervention is continually stressed (Prevett et al., 2013), to prevent the

person with dyslexia having to go through a stressful, downward spiral
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of underachievement, lowered self-esteem and poor motivation (Snowling,

2013)

Mohamad et al. (2013) emphasises that difficulties in learning, reading or
writing can make children become frustrated if the dyslexic problem is undis-
covered. Also, a long term effect of dyslexia is that the children may have

a lack of confidence, be unmotivated or have low self-esteem.

Therefore, identification of dyslexia can ameliorate its effects since people
with dyslexia can learn to cope up with their struggles and difficulties and
avoid its consequences such as high rates of academic failure (Rello and

Ballesteros, 2015).

There are various methods for identifying dyslexia such as, teacher obser-
vation, dyslexia checklists and interviews which are widely used for identifi-
cation purposes (Alnaim, 2015). Some Ministries of Education in countries
such as Malaysia and Saudi Arabia use the dyslexia checklist (Zainuddin
et al., 2018; Alnaim, 2015) as the instrument to identify the probability of
the children having learning difficulty specific to dyslexia which measures
their capability in spelling, reading, and writing. However, there is no one

ideal or agreed identification method (Alnaim, 2015).

Efforts to identify dyslexia are truly multidisciplinary and it is not spe-
cific to the field of education. More detail about methods and techniques
in the fields of neuroimaging and computer science are described in Sec-

tion 2.6.3.

This thesis focuses on Arabic dyslexia text specifically. Thus, the following

section describes the relevant fundamentals of the Arabic language.
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2.3 Arabic Language

“You read Arabic with your soul first, them with your eyes.”

— el Seed, Artist

The Arabic language “a, ) &) is the fourth largest language group in the
world, spoken by 315 million people in 58 countries (Simons and Fennig,
2018). It is the first language of the Arab world (i.e. Egypt, Tunisia and
Saudi Arabia and others). While Arabic is the primary language of the
Arab world, it is also widely spoken in many non-Arab nations, such as the

Central African Republic of Chad (Comrie, 2009).

2.3.1 Arabic Script

In Arabic, there are 36 Arabic letters, which can be classified as follows: the
basic letters consisting of 28 letters: s Gpsbb 5 0 s 5r335z ool

s300pd 2 and six Hamza letters, 37(7., which are not formally included
in the alphabet. There is also a hybrid letter Tah Marbuta, which merges
the letters Hah ¢’ and Tah ‘<’ Similarly, the hybrid letter Alif Maksura

combines the letters Alif " and Ya ‘s’ (Habash, 2010).

Reading and writing occur from right to left. Most letters are written in
a cursive fashion (Elbeheri et al., 2006). The majority of these letters can
be written in more than one form based on the position of a given letter in
a word. In other words, the form of Arabic letters changes in accordance
with their position within words, that is, whether they are placed at the
beginning, in the middle or at the end of the word or are isolated (Brosh,
2015). For example, the letter ‘=’ has three constituent shapes: at the

beginning of a word it is ‘=’; in the middle it is ‘-.’; and at the end it is
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‘e’ Notably, the letters ‘354;,1” are only connected to the previous letter,

located on their right, but are not joined to any subsequent letter on the

left (Brosh, 2015).

It needs to be underlined that the Arabic alphabet has letters that can be
grouped depending on their basic letter shape. Several letters can share the
same shape, using dots under or above this shape, and the different number
of dots provides a necessary means of distinguishing between these letters.
More specifically, 15 letters have dots, with 10 having one dot, three having
two dots and two having three dots (Abu-Rabia and Awwad, 2004). A good

3

example of this is the shape ¢/» which serves as a basic shape for three
Arabic letters ‘¢ zz- Table 2.1 provides a list of all the basic shapes, with

letters that are formed using a particular shape.

Table 2.1: Arabic joining groups and group letters.

Letters | Group Letters | Letters | Group Letters

l 1117 o )

o oo it it

d ddd 4 4

5 53 J J

) 3P £ f

o oot o O

o? o uf ° se

b Ll S 88

¢ &4 - -

There are two most commonly recognised forms of Arabic:

e Modern Standard Arabic, also known as literary Arabic. This form of
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Arabic is governed by a different set of rules regarding its vocabulary,
grammar, phonology, morphology and system than the spoken form of
Arabic (Abu-Rabia, 2000). This is not to say that Modern Standard
Arabic cannot be used in spoken form; however, this use is limited
to more formal occasions (Abu-Rabia and Taha, 2006). This form of
Arabic is a part of language curricula at schools, as a good command
of Modern Standard Arabic is necessary if one wants to communi-
cate with the rest of the Arab world on a formal level (Abu-Rabia
and Sammour, 2013). Modern Standard Arabic is commonly written

rather than spoken (Biadsy et al., 2009).

Arabic dialects in some ways are completely different from Modern
Standard Arabic and generally used in informal daily communica-
tion (Almeman and Lee, 2013). There are different dialects based on
geography such as Gulf, Iraqi, Egyptian and Maghrebi. They are not
taught in schools or even standardised. Dialects are mostly spoken,

not written (Biadsy et al., 2009).

2.3.2 Arabic Vowels

As is the case with most common languages, words in Arabic are composed

of a combination of consonants and vowels (both short and long) (Abu-

Rabia and Taha, 2006). Diacritical marks are used in the Arabic alphabet

to provide signs regarding the phonology of the Arabic language (Gutub

et al., 2008). Diacritics are small symbols that are placed above or below

letters, the purpose being to indicate to the reader how the short vowels in

certain words should be pronounced (Al Rowais et al., 2013). It is worth

recognising that short vowels are not considered to be independent letters;
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rather, they are represented as additional diacritical marks. Three symbols
are used to mark three short vowels (; "and ). Another type of diacritical
mark, the Tanwin, is used to signal double case endings. It comprises three
different cases:”, , ~(Harrat et al., 2013). For example, the word “ss” [E:
“a ball” B: “krpK” R: “krtin”]!, the “ ” [R: “in”] indicates the kasratain
short vowel. Table 2.2 shows the Arabic diacritics marks.

Table 2.2: Table of Arabic diacritics with their ALA-LC Romanization representa-

tions and samples with the character ‘-’

Diacritic | ALA-LC Romanization | Sample
fathh ‘a’ s
ﬁ 2
dmh ‘u’ <
ksrh ‘i’ o
tanwin alfath ‘an’ -
22
tanwin aldm ‘un’ -
tanwin alksr ‘in’ o

In terms of long vowels (Almadd), there are three types in Arabic: I, y and
- When the text written in Arabic is fully vowelised, it contains both
consonants and long and short vowels (Abu-Rabia and Sammour, 2013),
and it represents an example of shallow orthography; on the other hand, an
unvowelised text (i.e. a text without short vowelisation) is known as deep

orthography (Abu-Rabia and Taha, 2006).

The use of diacritic marks is not very common in modern standard Ara-
bic (Aabed et al., 2007). This use can be found in reading material for chil-

dren, dictionaries and the Holy Quran (Abu-Rabia and Sammour, 2013).

!The syntax used here is as follows: “Arabic text” [E: “English translation” B: “Buck-

walter transliteration” R: “ALA-LC Romanization”].
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The reason that these texts are fully vocalised stems from the fact that only
a minor change in short vowelisation can have a considerable impact on the
meaning of a particular word and by extension the whole text (Gutub et al.,
2010). For instance, a diacritised version of “aL1” can take the form of “ay
[E: “grandfather”] or “at” [E: “hard work”]. In the unvowelised text, it is
up to the reader to determine the correct diacritic from the context (Elshafei

et al., 2006).

2.3.3 Arabic Morphology and Phonology

Arabic has a rich and complex morphology. Hence, words may be presented
in various different forms and can be modified with the addition to the
root of suffixes, prefixes or both. For example, the Arabic word “+:%” [E:
“writing it” B: “yktbh”] can be analysed as “s+cxs+s” [B: “y+ktb+h”],
where the root is “cxs” with one prefix ‘s’ [B: ‘y’] and one suffix ‘s’ [B: ‘h’].
In Arabic, the conjunction ‘y’ [E: “and” B: ‘w’] is used to connect phrases
or groups of words; for example, “i.,.,” [E: “and school” B: “w mdrsp” R:

“w mdrsh”].

Furthermore, Arabic contains both masculine and feminine genders and uses

13

singular, dual and plural forms — “,” for masculine singular and “_»” for

” ”

feminine singular, “ls” for masculine and feminine dual and “.»” and “.»
for masculine and feminine plural forms, respectively (Altantawy et al.,

2010).

The Arabic language demonstrates phoneme—letters correspondence, or a
reliable letter-sound correlation (Abu-Rabia, 2001). Despite this, irregular-
ities may be detected in the pronunciation of several letters and vowels. In

addition, the writing rules for many letters constitute exceptions, and in
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some cases letters either have added sounds or lose their sound. These addi-
tions or omissions are frequently dependent upon the position of the letter

within the word (Abu-Rabia, 2001; Brosh, 2015).

For example, the often-silent letters I, y and ¢ can manifest as long vowels
when located in the middle of a word. But, when two of them are placed
together in the middle of a word, they demonstrate another form, such that
only the second letter is lengthened. Moreover, when these letters appear at
the end of words, they do not lengthen at all. Another irregularity is seen
with the letter ‘0’ of the definite article “J1” when it is spelled. However,
its phoneme is exchanged for any one of the fourteen letters known as sun
letters 0 J 5 b 5 4o i vj,35& e . Other examples of irregularities include
variations in letter sounds based on their location within a word’s letter

)

sequencing. For example, the letter ‘.’ in the word “L,.” resembles the
sound of the letter ‘ ', and the letter ‘=’ in the word “c,»” sounds like the

letter ‘%’ (Brosh, 2015).

Hamgza forms are determined by complex spelling rules that reflect both the
vocalic context and the surrounding letters. The Tah Marbuta ‘’ is a special
morphological marker that indicates a feminine ending and only appears in
the last position in words. If the morpheme it denotes lies between the first

)

and final part of a word, it takes the written form Tah ‘.’ Similarly, the
morphological marker Alif Maksura ‘s’ denotes a spectrum of information,
including feminine word endings and original root words. When placed in
the final position in a word, it is only written as a dotless Ya ‘’, but when

it is in the middle position, it is represented by the letters Alif ‘" or Ya
‘s’ (Habash, 2010).
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2.3.4 Arabic Encoding Methods

Arabic characters are represented digitally using different encoding meth-
ods such as the ISO 8859-6 standard, Windows-1256 and UTF-8 encoding.
89.8% of Web pages use UTF-8 encoding which has become the predomi-
nant character encoding scheme for the World Wide Web (W3Techs, 2013).
UTF-8 encoding is defined by the Unicode standard and it is a compromise
encoding method. It can represent any Unicode character with one byte
or more (up to four bytes). One byte, the same as the American Standard
Code for Information Interchange (ASCII), is used to represent an English
character. The efficiency and compatibility shown by UTF-8 encoding for
both ASCII text and Unicode scripts (that need more than one byte to rep-
resent each character, such as Arabic, Chinese and Japanese) has given it
preference in many applications, websites and operating systems (Alhawiti,

2014).

Having discussed dyslexia and Arabic language in detail, the following sec-
tion will present common spelling errors with a specific focus on errors re-

lated to dyslexia and dyslexic errors in Arabic.

2.4 Spelling Errors
Kukich (1992) categorises three types of misspellings: typographic, cognitive
and phonetic.

e Typographic errors occur when the correct and proper spelling of a
word is known, but it is typed incorrectly; for example, the misspelling

of “two” as “tow”.
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e Cognitive errors are those that arise when a word’s correct spelling
is not known by its user. There is often some comparison that can
be made between a correctly spelled word and its misspelling (for

example, “pain” becomes “pine”) (Gupta and Mathur, 2012).

e Phonetic errors are considered a type of cognitive error, as the user
of the word will use a variation on the word that, although incor-
rectly spelled, makes phonetic sense (for example, “speshal” instead of

“special”) (Kukich, 1992).

Damerau (1964) notes that 80-95% of misspellings take the form of a word
that has a similar number of letters as the correct word would have. There

are four different ways in which misspellings may occur:

1. Addition when a word includes an extra letter (e.g. “universsity” in-

stead of “university”)

2. Omission when a word has a letter omitted (e.g. “universty” instead

of “university”)

3. Substitution when a word has a letter substituted (e.g. “unaversity”

instead of “university ”)

4. Transposition when two letters switch position in a word (e.g. “un-

viersity” instead of “university”)

These misspellings are referred to as single errors. A misspelled word with

additional mistakes is referred to as a multi-error misspelling.

Another way of describing spelling errors is to classify them as non-word
errors and real-word errors. A non-word error — for example, the use of

“reimebber” instead of “remember” — does not have a set meaning and can-
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not be located within a dictionary (Mishra and Kaur, 2013; Samanta and
Chaudhuri, 2013). Real-word errors occur when a writer types an actual
word when a different word was intended. This word has a meaning, but
it does not fit correctly into the given sentence or give the intended mean-

ing (Islam and Inkpen, 2009).

2.4.1 Spelling Errors by Writers with Dyslexia

Many studies have observed that people with dyslexia struggle more with
words with difficult structures and spellings than with words that can be
easily retained through the process of repetition or which have more sim-
ple spellings (Fischer et al., 1985; Moats, 1993). For example, words with
silent letters must be learned so that the proper spelling may be used in
the future. An example of this is the combination “kn”, which may be
seen in words in English such as “knight” and “knife”. Another example
is the word “musician”, which may be confusing to people with dyslexia
due to the pronunciation of the ‘c’, which is different from that in “music”.
Additionally, some words may change in spelling when affixes are included,
such as “explain” to “explanation” and “miracle” to “miraculous” (Bourassa
and Treiman, 2008). Manis et al. (1990) categorises people with dyslexia
into three main groups: those with difficulties with phonology; those with
difficulties with orthography and those who experience difficulties in both

areas.

One challenge commonly faced by dyslexia is how best to deal with words
that are uncommonly used and which therefore are outside of the typical
vocabulary (Meyler and Breznitz, 2003). As a result, even dyslexics who nor-

mally deal well with phonological challenges across academia find it difficult
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to address words that require memorisation to use appropriately (Kemp
et al., 2009). This may arise from a lack of experience in reading, which re-
sults in students not encountering words in the past. It may also come from
difficulties in retaining the necessary orthography, which may be due to a
poor visual memory that in turn leads to an inability to recall the correct

order of letters within a given word.

Writers with dyslexia may experience difficulty in differentiating between
how a word sounds and how it is spelled. The issues surrounding phonetics
and morphology may have an impact on their ability to adapt to a language’s
orthography (Korhonen, 2008). Nonetheless, the number of errors a writer
with dyslexia may make is mostly affected by the type of writing system
specific to the language that they are using (Lindgrén and Laine, 2011).
Research into this area has concluded that dyslexia across languages and
linguistic systems shares the same difficulties in phonology and orthography
(Aaron, 1989; Abu-Rabia, 2001; Abu-Rabia et al., 2003). Therefore, the
following section will discuss spelling errors specifically by Arabic writers

with dyslexia.

2.4.2 Spelling Errors by Arabic Writers with Dyslexia

According to Goulandris (2003), the manner of dyslexia varies across lan-
guages because the orthographic system is different to those used in other
languages. For instance, the Arabic language has unique characteristics,
such as diacritics, while some letters are written cursively and change their
forms according to their position in the word, which is not the case for other

languages, such as English.

It should be pointed out that there have only been limited studies into
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dyslexia in Arabic due to the fact that dyslexia is not recognised in many
Arabic cultures as a particular type of reading and writing issue; hence, aca-
demic research and interest in this area has been minimal (Abu-Rabia and
Taha, 2004). However, there has been a substantial effort on the part of ed-
ucational figures and organisations to bring more attention to the existence

of dyslexia (Elbeheri et al., 2006).

According to Ali (2011), spelling errors often cause letter reversals, also
known as mirror writing and writing from left to right. As Arabic is written
from right to left, writing from left to right can still result in a correctly
written sentence; however, mirror writing will cause the sentence to be re-
versed. Ali (2011) also mentions other common errors, including omission,
addition, substitution and transposition. People with dyslexia also have
difficulties differentiating between letters with similar forms and different

sounds.

One study by Abu-Rabia and Taha (2004) examined the spelling errors
observed in Arabic writers using three types of participants: dyslexic; aged-
matched readers and a young reader group (matched with the dyslexics
by reading level). This revealed seven types of errors: phonetic errors;
semi-phonetic errors; dysphonetic errors; students may spell an Arabic word
according to how it is pronounced in the local spoken dialect of Arabic; visual
letter confusion; irregular spelling rules; word omission and functional word

omission.

Hamadneh et al. (2014) also studied the common errors of students with
learning difficulties; however, they used the viewpoints of teachers to classify
and distinguish 28 different kinds of errors including but not limited to “ L

Doy M el g dgall Wl g e\l oWl " [E: “Confusion in Tah, Tah Marbuta and Ha”],
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“atll (J1) Bls 3 W” [E: “Sun Letter”], “ ey alo¥osll @ adsdl =1 0d” [B: “N
in Tanwin”], “ollic 2 tia — 5Lyl lenl” [E: “Hada and Allty”], “ois 41 oo Ll
Al Gy kail” [E: “Confusion in short vowels and AlMadd”] and s G > Gi>
J9” [E: “Omission”]. In Saudi Arabia, Abunayyan (2003) created a form
called “sSuyisb g sy | 127 [E: “Error Analysis in Spelling”], which is used
in Saudi Arabia to analyse the spelling errors of students with dyslexia in
primary schools. It contains 23 different error types such as “ jzo 3,20 < e pie
oSY” [E: “Irregular spellings like Lakn”], “4.zi 50 Gix" [E: “Deleting Sun
Letter”], “ssaill Cal¥1 ys5audl Gal¥1 o o4 pas” [E: “Not distinguishing between
Alif and Alif Maksura”], “Cil - Lald! oo 2l 3 L dgplie <3 S LS 2L [E:
“Writing a word that is similar to the meaning like pupil - student”] and

“Gg bl e [E: “Substitution”].

In 2013, the researcher of this thesis examined the errors of students with
dyslexia by creating an initial version of the Bangor Dyslexia Arabic Corpus
(BDAC) which has been substantially expanded in this study (see Chap-
ter 3). The corpus consisted of 1,067 words, and 694 errors were identified.
The Arabic texts were composed by female students with dyslexia aged 8-10
years. During the analysis, the researcher identified a number of spelling
errors, including: an inability to specify the correct form of the Hamza; diffi-
culty with short and long vowels; difficulty with Tanwin; omission, addition,
substitution and transposition; and exchanging & with s, s with &, - with

s0or e, and s or » with .

The next section explain the concept and types of corpora in addition to

dyslexia corpora more specifically.
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2.5 Corpus Linguistics

The term corpus (singular form of corpora) can be defined as “an electroni-
cally stored collection of samples of naturally occurring language” (Hunston,
2006). McEnery and Wilson (2001) states that “any collection of more than
one text can be called a corpus: the term corpus is simply the Latin for
‘body’, hence a corpus may be defined as any body of text”. For Bennett
(2010), a corpus represents a set of elements of a language that commonly
occur in the production of this language and can be utilised in the process

of deep investigation of various phenomena regarding this language.

A corpus denotes a significant organised collection of texts that encompass
words concerning different domains of a given language. Moreover, the cor-
pus can be understood as a set of written or spoken records of language

stored in a database in an electronic form (McCarthy, 2004).

Corpora have become essential with respect to the advancement of compu-
tational techniques that are used in the field of linguistics and also, common
applications are in the field of natural language processing for example,
speech recognition and optical character recognition (OCR) (AbdelRaouf
et al., 2010).

2.5.1 Types of Corpora

There are various types of corpora, with the differences based mainly on the
type and purpose of the collected language material. However, at the same
time, most corpora share certain common aspects, such as the fact that
they contain texts from the same language or a particular type of language.

Besides the texts from which they are composed, it is common for corpora
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to include information regarding these texts (Hunston, 2006). The following

is a list of the most common types of corpus (Hunston, 2002):

Specialised corpus: The size of this type of corpus may be small or large,
and it is most commonly composed for use in investigations answering a
specific inquiry. An example of a specialised corpus is the CHILDES Cor-

pus (MacWhinney, 1996), which includes children’s language.

General corpus: A general corpus contains various types of texts in an
attempt to encompass a wide range of different texts. Hence, it tends to
be bigger than a specialised corpus, and it is often utilised in linguistics
for general purposes (e.g The British National Corpus (BNC) (Aston and
Burnard, 1998).

Comparable corpora: This is a combination of corpora from different
languages or from different domains of the same language. Therefore, the
main purpose of these types of corpora is to offer a platform for comparing
and contrasting language. An example is the International Corpus of English

(ICE) (Greenbaum and Nelson, 1996).

Parallel corpora: This type of corpora consists of several corpora in dif-
ferent languages, where each corpus encompasses texts translated from one
language to another. Currently, parallel corpora are important for observ-
ing the nature of translation. An example would be Europarl ( a parallel

corpus for statistical machine translation) (Koehn, 2005)

Pedagogic corpus: This type of corpus comprises of texts produced or used
in classroom settings. As such, it may consist of academic textbooks or gen-
erally of any form of language, either written or spoken, that was recorded
in this setting. The purpose of this type of corpus is to explore various as-

pects of teacher-student interaction and to help in teacher self-development.
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An example is the Pedagogic Corpora for Content and Language Integrated
Learning (Kohn, 2012).

Learner corpus: This is a corpus containing an accumulation of texts
created by students of a particular language, which is usually used to in-
vestigate students’ errors. By utilising this corpus, it is possible to identify
points where students and native speakers differ with respect to language
production. A well-known learner corpus is the International Corpus of

Learner English (ICLE) (Granger, 2003).

Monitor corpus: This type of corpus is created to assist in identifying
developments in a language. For this reason, a monitor corpus grows con-
tinuously, as new texts are being constantly added. A well known monitor

corpus is the Bank of English corpus (Jarvinen, 1994).

2.5.2 Dyslexia Corpora

There is a noticeable absence of corpora designed specifically for the needs
of dyslexic research. However, there are three notable studies which created

dyslexic corpora as follow:

o The Real-Word ERRor (RWERR) employed by Pedler (2007). This
corpus comprises approximately 12,000 English words and 833 marked-
up errors. Structurally, this corpus consists of different resources,
namely homework by a child with dyslexia, compositions written by
school leavers in the 1960’s, office documents written by workers with
dyslexia, online typing texts, texts created by students with dyslexia
studying for the I'T NVQ, a dyslexia mailing list, essays written by
university-level student with dyslexia, stories written by primary school

child with dyslexia and dyslexia bulletin board.
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o The Spanish corpus (Dyscorpus), created by Rello (2014), was col-
lected from children with dyslexia aged 6-15 years. This includes
83 texts, 54 from school essays and homework exercises and 29 from
parents of dyslexic children, with a total of 1,057 words. Moreover,

Dyscorpus is annotated and provides a list of the unique errors.

e A German study collected texts from homework exercises, dictations
and school essays; it is composed of 47 texts, with participants aged
between eight and 17 years old. The texts contained a list of 1,021
errors. Furthermore, a resource of German errors was created and

errors were annotated (Rauschenberger et al., 2016).

Given the above, the dyslexia corpora that have been produced are found
in the Latin-based languages, but no similar corpora based on Arabic is
found apart from the researcher’s previous work (Alamri, 2013). More de-
tails about the expansion of the Bangor Dyslexia Arabic Corpus (BDAC) is

explained in Chapter 3.

2.6 Natural Language Processing

Natural Language Processing, is an area of research and applications that
explores how computers can be used to understand and manipulate natural
language text or speech. The foundations of natural language processing
lie in a number of disciplines, such as linguistics and artificial intelligence.
Applications of natural language processing include machine translation,

speech recognition and summarisation (Chowdhury, 2003).

There are some natural language processing applications that can help peo-

ple with dyslexia to mitigate their problems and to alleviate potential stress
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and reduce frustrating experiences of life. Some examples of these tasks are
text classification and spelling correction. Thus, the link-up between natu-
ral language processing applications and dyslexia needs could improve both

their quality of life and the quality of their writing.

Therefore, this thesis focused on these two tasks. The next sections re-
view the literature of text classification, methods used for classifying texts
and dyslexia classification in particular. This is followed by Arabic spelling
correction methods used for correcting texts and dyslexia spelling correc-

tion.

2.6.1 Evaluation Techniques

In order to evaluate how well a classification model or correction process
performs, to measure the success of the classification/correction technique
and to compare the results against other techniques, a number of evaluation

method and criteria may be used as follows:

Cross-validation: This is a verification technique that evaluates the gen-
eralisation ability of a classifier/corrector on an independent dataset (Awad
and Khanna, 2015). k-fold cross validation separates the set of data into k
sections, each of which are utilised as the test document one-by-one. The

remaining k-1 parts are applied for training purposes.

Confusion Matrix: This is a matrix that visualises the performance of the
classification/correction algorithm using the data in the matrix. It compares
the predicted classification/correction against the actual classification/cor-
rection in the form of false positives, true positives, false negatives and true
negatives (Awad and Khanna, 2015). The confusion matrix from the binary

problem is shown as follows in Table 2.3:
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Table 2.3: Confusion matrix of two classes.

Predicted target

Predicted Non-target

Actual target

TP

FN

Actual Non-target

FP

TN

The performance of the classifier /corrector is evaluated using Recall, Preci-

sion, F'1 score and Accuracy which are calculated as follows:

Recall (Rec.) = TPIjI—PFN (2.1)
Precision (Prec.) = TijkPFP (2.2)

F; score =2 X gii (2.3)
Accuracy (Ace.) = TP jjjjl\j i ijj\j TN (2.4)

where:

1) True Positive (T'P): This is the number of target documents that are

successfully (classified/detected or corrected) as target documents.

2) False Negative (F'N): This is the number of target documents that
are unsuccessfully (classified/detected or corrected) as non-target doc-

uments.

3) False Positive (F'P): This is the number of non-target documents that

are unsuccessfully (classified/detected or changed) as target documents.
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4) True Negative (T'N): This is the number of non-target documents that
are successfully (classified/detected or unchanged) as non-target docu-

ments.

2.6.2 Text Classification

According to Zhang et al. (2008), ‘text classification’ (or text categorisation)
is the act of organising documents according to a single pre-determined
set of categories or classes, based on their content. The use of predefined
categories is a supervised learning (machine learning) approach, as it needs
training data that are already categorised for the purpose of creating models
that can be utilised for categorising test data (Frank et al., 2000). There are
different applications of text classification, such as authorship identification,
spam filtering and dialect classification. This thesis focused on dyslexia text

classification.

Text classification can be implemented using a number of methods, includ-
ing Naive Bayes (NB), Multinomial Naive Bayes (MNB), Support Vector
Machines (SVM) (Vasa, 2016) and PPM compression (Frank et al., 2000;
Teahan and Harper, 2003). MNB and SVM are well-known methods and
commonly used for the text classification task (Kowsari et al., 2019). Thus,
these two methods are explored below in more detail. These two meth-
ods are also used for comparison purposes in Chapter 5 while PPM will be

discussed later in this Chapter.

2.6.2.1 Multinomial Naive Bayes

Multinomial Naive Bayes estimates the conditional probability associated

with a given word, term, or token, which can thus be assigned to a class by
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means of the term’s relative frequency in all the associated documents (Ju-
rafsky and Martin, 2018). The probability of a class value ¢ given a test

document d is computed as follows:

Plefd) = L e Plwle)™

6 (2.5)

where n,,4 is the number of times word w occurs in document d, P(wlc) is
the probability of observing word w given class ¢, P(c) is the prior proba-
bility of class ¢, and P(d) is a constant that makes the probabilities for the
different classes sum to one. P(c) is estimated by the proportion of training
documents pertaining to class ¢ and P(w|c). This is calculated by how many
times the word occurs in the training set of document class with one added
in order to initialise each word count to one instead of zero. Otherwise the
P(c|d) will be zero (Frank and Bouckaert, 2006) divided by the number of
distinct words there are in all training documents plus how many total words

in the training set.

2.6.2.2 Support Vector Machiness

Support Vector Machiness (SVMs) were introduced by Vapnik (Cortes and
Vapnik, 1995) and first used for text categorisation by Joachims in 1998
and subsequently used in other text categorisation research (Drucker et al.,

1999; Dumais and Chen, 2000).

Support Vector Machiness seek a decision surface to separate the training
data points into two classes and make decisions based on the support vectors
that are selected as the only effective elements in the training set. Thus,

the goal of the Support Vector Machiness learning is to find the optimal
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separating hyperplane that has the maximal margin to both sides (Mertsalov

and McCreary, 2009).

For example, to classify documents into positive and negative sets, the SVM
algorithm learns to distinguish between the two categories based on a train-
ing set of documents that contains labeled examples from both categories.
SVM manipulates documents to represent them as points in a high dimen-
sional space and then finds a hyperplane that optimally separates the two

categories (Mertsalov and McCreary, 2009).

2.6.2.3 Arabic Text Classification

El-Kourdi et al. (2004), utilised the Naive Bayes algorithm to conduct an
automated classification of news documents with 0.92 accuracy. Alsaleem
(2011) investigated Naive Bayes and SVM on different Arabic data sets,
finding that the SVM algorithm outperformed Naive Bayes with F; score of
0.77 and 0.74 respectively. Baraka et al. (2014) used SVM for the problem of
author identification for Arabic text. They performed several experiments
on Arabic text documents taken from two domains: politics and literature.
The accuracy was almost 1.00 for text document classification for these
domains. Mohammad et al. (2016) used the three text classification algo-
rithms SVM, NB, and Multilayer Perceptron Neural Network (MLP-NN)
algorithms on a large Arabic news data set. The results showed that SVM
yields the best results with average F; score of 0.77. Altamimi and Teahan
(2017) applied MNB, K-Nearest Neighbours, SVM and PPMD, a specific
variant of PPM, to gender and authorship categorisation for Arabic text
taken from Twitter. The experiments showed that PPMD had significantly

better 0.90 and 0.96 accuracy than all the other algorithms for gender and
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authorship respectively.

2.6.3 Dyslexia Classification

Dyslexia can be identified using a variety of techniques. Perera et al. (2016)
suggest that these techniques can be classified as follows: the examina-
tion of ‘behavioural’ symptoms and primary features, including reading and
spelling; the use of brain imaging methods to visualise distinctive brain
behaviours and finally, the analysis of the nature of the individual’s eye

movement patterns.

Several studies (Frid and Breznitz, 2012; Karim et al., 2013; Zainuddin et al.,
2016) on identification dyslexia describe using the Electroencephalogram,
commonly known as EEG, as a technique that can be used to monitor and
detect brain functions. The electrical activity of the brain for various stimuli
can be identified via the electrodes placed on the scalp (Nunez and Srini-
vasan, 2006). On the other hand, some researchers have employed natural
language processing and machine learning techniques to identify dyslexia.
In their study, Kohli and Prasad (2010) adopted an approach for the identi-
fication of dyslexia that relied on Artificial Neural Networks (ANNs). Rello
and Ballesteros (2015) found that eye-tracking technology measures, based
on a model founded on an SVM binary classifier, could be used to predict
whether a reader had dyslexia. Furthermore, Tamboer et al. (2016) exam-
ined whether or not it is possible to differentiate young adults with and
without dyslexia. The study analysed the neuroanatomical networks associ-
ated with dyslexia, a process which relies on the utilisation of a whole-brain
class employing SVM and cross-validation. Al-Barhamtoshy and Motaweh

(2017) diagnosed dyslexia using computing analysis techniques based on
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metrics related to individual’s results on the Gibson test. The Gibson test
records brain skills used to measure a number of factors related to dyslexia
such as writing. The method classified the test dataset they used into non-
dyslexic, dyslexic, or other disorders (inattention, hyperactivity, or other)
using three classifiers — K-means, ANN, and Fuzzy. Khan et al. (2018) used
the K-Nearest Neighbours classifier algorithm to distinguished two types ‘no

dyslexia’ and ‘seems to be dyslexic’ — in spelling and reading.

There is a general lack of research specifically focussed on classifying Arabic
dyslexic texts. As far as the researcher knows, no previous study used PPM

to classify dyslexic texts in Arabic.

2.6.4 Spelling Correction

Issues relating to spelling error correction have been investigated by many
researchers for several decades and it remains a topic of interest to nat-
ural language processing researchers. The first study was carried out by
Damerau in 1964. He developed a technique for detection and correction
of spelling errors based on omission, addition, substitution and transposi-
tion. Kernighan et al. (1990) and Church and Gale (1991) used the noisy
channel model technique (described below) for the purpose of spellchecking.
Kukich (1992) divided spelling correction into three types: error detection;
isolated word correction; and context-sensitive correction. In 2000, Brill and
Moore described an error model for noisy channel spelling correction based

on string-to-string edits.

There are different approaches that can be used to solve the problem of
spelling error detection and correction. These can be categorised as lexicon

based, rule based, statistical based and combination of these approaches.
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The next sections specifically discuss the noisy channel model and n-gram

models in more detail which are statistical based.

2.6.4.1 The Noisy Channel Model

The noisy channel model is an approach used for many of the most commonly
used natural language processing tasks, such as OCR, spelling correction,
POS tagging and machine translation (Kernighan et al., 1990). The noisy
channel model is based on a theoretical model for the input of a sequence
of text, which is processed through a communications channel, where noisy
text is produced. For example, ‘noisy text’ can be used to denote text with

error words.

Teahan (1998) described how the noisy channel technique is applied to the
spellchecking process. Formally, a sequence of text S is processed through
a communications channel. As a result, a noisy text O is produced. The
fundamental issue in this regard is deducing the correct form of the input
text by using the output text as a base for this deduction. This can be
facilitated by making hypothesised versions of the input text S and then
choosing which version S seems most likely based on the given output text

O:

~

S = argméz}xp(S | O). (2.6)

The intuition is to apply Bayes’ theorem to transform equation 2.6 into a
set of other probabilities (Jurafsky and Martin, 2018) as shown in equa-

tion 2.7.
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2 p(S)p(O | 5)

pum— . 2-
S arg max (0 (2.7)

Equation 2.7 can be simplified by dropping the denominator p(O) as shown
in equation below 2.8 (Jurafsky and Martin, 2018). This is because p(O)
does not change for each version of the input text since the processing al-
ways requires trying to find the most likely input for the same output text
(observed error) O, which must have the same probability p(O) (Jurafsky
and Martin, 2018).

S = argmgxp(S)p(O | S). (2.8)
According to this equation, the way to determine the output with the high-
est probability is through the parameter p(.S), denoting the prior probability
that the pertinent sequence will appear together with the observation (or
channel) probability p(O|S). The prior probability p(S) is usually not avail-

able, so a model is used instead.

2.6.4.2 n-gram Language Models

n-grams are sequences extracted from a text that may be in the form of
words or characters (Majumder et al., 2002), where n can be any digit
starting from 1; therefore, commonly used n-grams include a unigram (n=1),

bigrams (n=2) and trigrams (n=3) (Zamora et al., 1981).

The word n-gram language model calculates the probability of a word based
on the previous n—1 immediately preceding words in the text (Jelinek,

1990).
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Let p(S) be the probability of a sequence S of n words wi,ws,ws, ..., wy,

given by the equation as follows:
p(S) = p(wi)p(wz [ wi)p(ws | w1, wa)...p(wn | w1, ..., wn—1).

n
= Hp(wl | w1, w2, ...,’wifl)‘ (29)
=1

Here, w; is the word being predicted and w1, wa, ..., w;—1 is the history or
conditional context. Clearly, using a full history to build the language model
would be computationally expensive. This problem can be solved using the
Markov assumption, where the conditioning context is considered equivalent
to the preceding w—1 words. For example, a trigram model uses the previous

two words in order to determine probability:

n

p(S) = [ [ p(wi | wi—a,wi1). (2.10)
i=1

Models such as the bigram and trigram models that use the Markov as-
sumption to predict the next word are referred to as Markov models. Gen-

erally, an n-gram model is known as an order n — 1 Markov model (Teahan,

1998).

However, many n-grams may not appear in the training data at all. As
a consequence, a zero probability is assigned to these n-grams. Smoothing
techniques prevent the model from having a zero probability, for example by
using a ‘backing-off’” or ‘escaping’ technique as occurs with PPM (Teahan,

1998). PPM is explained later in Section 2.7.1.
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2.6.4.3 Arabic Spelling Correction

The study conducted by Mars (2016) developed a system for automatic
Arabic text correction based on a sequential combination of approaches
including lexicon based, rule based and statistical based. The F; score ob-
tained through the study was 0.67, 0.73 precision and 0.65 recall. Likewise,
AlShenaifi et al. (2015) used the rule-based, statistical-based and lexicon-
based approaches in a cascade fashion, with an Fy score of 0.57, recall 0.51,

and precision 0.66.

Another study by Mubarak and Darwish (2014) employed an approach based
on two correction models and two punctuation recovery models: a character-
level model and a case-specific model, a simple statistical model and a con-
ditional random fields model, respectively. The best result was by using
a cascaded approach that involves a character-level model, then case-based
correction, resulting in an F; score of 0.63, precision of 0.71 and recall of
0.56. Alkanhal et al. (2012) used the Damerau-Levenshtein edit distance to
generate alternatives for each error word. The selection-based method was
then used on the maximum marginal probability via an A* lattice search and
n-gram probability estimation to select the most applicable word. For error
word detection, the experimental result showed an F; score of 0.98, precision
of 0.99 and a recall of 0.97 . In terms of correction of error words, the system

achieved an F; score of 0.92, recall of 0.88 and precision of 0.96.

Conversely, Zaghouani et al. (2015) used regular expression patterns to de-
tect errors by using the Arabic verb forms and affixes and built a rule-based
correction method that added linguistic rules using existing lexicons and reg-
ular expressions to correct native and non-native text. The system achieved

an Fy score of 0.67, precision 0.84 and recall 0.56 for native speakers; and
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an Fy score of 0.32, precision 0.59 and recall 0.22 for non-native speakers.
Similarly, Nawar and Ragheb performed two studies in 2014 and 2015. The
first study developed a rule-based probabilistic system, which achieved an
F; score of 0.65 on the data (Nawar and Ragheb, 2014). In 2015, Nawar and
Ragheb made improvements to a previous statistical rule-based system in
which word patterns were used to improve error correction. They also used
a statistical system using the syntactic error correction rules; the system
achieved an F; score of 0.72 on a dataset containing Aljazeera articles by
native Arabic speakers and an F; score of 0.35 on the non-native speakers’
data. Mubarak et al. (2015) employed a case-specific correction approach
that addressed particular errors such as substitution and word splits and
some errors that are specific to non-native speakers such as gender-number
agreement. The best result on non-native speakers’ data gave an F score

of 0.27, precision of 0.46 and a recall 0.19.

Some studies have adopted the noisy channel model approach. Shaalan
et al. (2012) detected errors by building a character-based trigram language
model in order to classify words as valid and invalid. For correction, they
used finite-state automata to propose candidate corrections within a spec-
ified edit distance measured by Levenshtein distance from the error word.
After choosing candidate corrections, they used the noisy channel model
and knowledge-based rules to assign scores to the candidate corrections and
choose the best correction independent of the context. Additionally, Noa-
man et al. (2016) used pairs of spelling errors and a corrected form extracted
from the Qatar Arabic Language Bank (QALP) to build an error confusion
matrix, then used this confusion matrix with the noisy channel model to
generate a candidates’ list and select a suitable candidate for the erroneous

word. The overall system accuracy that was obtained was 0.85. On the
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other hand, a study by Attia et al. (2012) attempted to improve three main
components: the dictionary, the error model and language model. The way
they improved the error model was by analysing error types and creating
an edit distance-based re-ranker that analysed the level of noise in differ-
ent sources to improve the language model. By improving the three main

components, they achieved an accuracy rate of 0.83.

2.6.4.4 Dyslexia Spelling Correction

There are few studies that deal with dyslexic spelling correction. Pedler
(2007) developed a program to detect and correct dyslexic real-word spelling
errors in English. The method identifies sets (often pairs) of words that are
likely to be confused, such as loose and lose, and then, when encountering
one of the words (loose) in the text being checked, determines whether the
other one (lose) would be more appropriate in the context. The first stage
of the approach adopted by Pedler (2007) considered words that differed in
their parts-of-speech. Decisions for words that have the same parts-of-speech
were left for the second stage, which used semantic associations derived from
WordNet. The program achieved precision with 0.80 and 0.44 recall. Rello
et al. (2015) used a probabilistic language model, a statistical dependency
parser and Google n-grams to detect and correct real-word errors in Spanish
in a system called Real Check. The system achieved a F; score of 0.57 for the
detection and Fq score of 0.33 of the correction. For the Arabic language,
Alamri (2013) used the PPM model to correct the spelling errors of writers
with dyslexia in Arabic texts. The accuracy was 0.67 for the correction

single-character errors.

As mentioned earlier in Section 2.6.4.3, there have been attempts made to
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detect and correct Arabic text in general. However, there is a general lack
of research related specifically to the problem of correcting dyslexic texts in

Arabic.

The next section will discuss text compression as that is related to the

solutions that have been adopted in this thesis.

2.7 Text Compression

Techniques used in data compression are split into types: lossless and lossy.
Lossy compression techniques result in a loss of some information, which
means that the data cannot usually be reconstructed or recovered in its
entirety. Lossless compression, in contrast, avoids the loss of any information
in the compression process, so the original data can be recovered in its
entirety. This type of compression is mainly used in applications that require
the recovered and original data to be identical. Text compression is an

important example (Sayood, 2017).

The implementation of lossless text compression is usually achieved through
the use of either statistical- or dictionary-based compression (Nelson and
Gailly, 1996). In dictionary-based text compression, groups of consecutive
characters or symbols in the text are replaced by a code (Bell et al., 1989)
such as Lempel-Ziv. Statistical-based text compression as such PPM relies
on the probabilities of each symbol occurring (a symbol may be a character
or a word); more frequent and therefore more probable symbols are encoded
using fewer bits (Nelson and Gailly, 1996). The use of statistical methods
(compression-based language models) has been fine-tuned for over 30 years

and has been proven fruitful, as evidenced by the results of several different
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natural language processing applications (Teahan, 2018). This thesis makes
use of lossless text compression, more specifically the Prediction by Partial
Matching (PPM) method of compression. Therefore, the next subsection

will discuss PPM in more detail.

2.7.1 Prediction by Partial Matching

PPM is an adaptive, statistical method of compression designed by Cleary
and Witten in 1984. A statistical model sequentially processes the symbols
(typically characters) that are currently available in the input data (Teahan,

2000).

PPM uses the past few characters in an input stream to predict the next one
(Teahan et al., 1998). The encoder uses the input data to predict probability
distributions for new symbols. An arithmetic encoder is subsequently used
to encode new symbols with a predicted probability. PPM comprises two
different processes: modelling and coding. The model generates a probabil-
ity distribution of the symbols that may occur next based on the symbols
seen before in the text, while the coder is used to encode the symbol that
actually occurred using this probability distribution (Teahan, 1998). Fewer
bits will be required by the arithmetic encoder to encode the symbol if this
probability is higher, and the compression performance will also be more

efficient.

The conditioning contexts in PPM are finite sequences of symbols that pre-
cede the current symbol being predicted. PPM uses a Markov-based ap-
proach, the purpose of which is to utilise the immediately preceding char-
acters of an input stream for the prediction of what will come next. The

PPM model’s order is the maximum context length used to predict the next
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symbol.

PPM has been applied to various applications in natural language process-
ing. Asreported by Teahan (1998), a fixed order context of five is usually the
most effective for compression of English text. However, other researchers
have found different orders depending on the application giving the most
effective result. For example, Teahan et al. (2000) used PPM for Chinese
segmentation and found that an order 3 model yielded the best result. For
Thai segmentation, Sornil and Chaiwanarom (2004) found that an order
4 model gives the best results. Frank et al. (2000) found order 2 the most

effective order for English topic categorisation.

2.7.1.1 Variants of Prediction by Partial Matching

There are several variations of PPM, such as PPMA and PPMB proposed
by Cleary and Witten (1984), PPMC by Moffat (1990) and PPMD by Howard
(1993), depending on the methods proposed for calculating symbol proba-
bilities, each differs by the escape method used. For example, PPMC uses
escape method C, and PPMD uses escape method D. Also, the maximum or-
der of the context models may be included when the variant is described; for
example, PPMD2 refers to a fixed-order 2 PPM model using escape method
D. Previous experiments showed that PPMD, in most cases, performs bet-
ter than the other variants. Thus, the adoption of PPMD is explored in
this thesis. All the PPM experiments reported later were performed us-
ing the Tawa Toolkit (Teahan, 2018). The toolkit is based on an earlier
tool designed by Cleary and Teahan (1997) for modelling text using text
compression models. The Tawa toolkit provides a method for calculating

compression codelengths, and for classifying and transforming text (Teahan,
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2018). An example illustrating how the PPMD variant works is provided

below.

The equation below can be applied to calculate the probability p of the
symbol s for PPMD:

p(s) = ——F——. (2.11)

where T is the total number of times that the current context has happened
and c(s) is the number of times the current context was followed by the

symbol s (Howard, 1993).

A problem occurs (called the ‘zero frequency problem’) when the current
context cannot predict the upcoming symbol. In this case, PPM ‘escapes’ or
‘backs off’ to a lower order model where the symbol has occurred in the past.
If the symbol has never occurred before, then PPM will ultimately escape
to what is called an order -1 context where all symbols are equiprobable.

The escape probability e for PPMD is estimated as follows:

6= —. (2.12)

where t represents the total number of times that a unique character has

appeared after the current context.

As an example, the PPMD model after the string ‘dyslexicornotdyslexic’ has
been processed is shown in Table 2.6 below. For demonstrative purposes,
a maximum model order of 2 has been adopted for this example, where
context — character represents the prediction, ¢ represents the count, p

represents the probability and A represents the size of the alphabet.
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Table 2.4: The PPMD model after the string ‘dyslexicornotdyslexic’ has been pro-

cessed.

Order 2 Order 1 Order 0 Order -1
Prediction c p Prediction c p Prediction c p Prediction c p
dy —s 2 3 d -y 2 3 —d 2 3 - A 1 ﬁ

— Escape 1 % — Escape 1 % -y 2 _1%
ys —1 2 3‘ y —s 2 1; —s 2 _17‘2
— Escape 1 % — Escape 1 i —1 2 _%2
sl e 2 3 s —1 2 32 —e 2 3
— Escape 1 % — Escape 1 i — X 2 4%
le —x 2 3 1 —e 2 3 —i 2 3
— Escape 11 — Escape 13 —c 2 3
ex —i 2 —i e —X 2 % — 0 2 %
— Escape 1 % — Escape 1 % —r 1 %
xi —c 2 % x —i 2 % —n 1 %
— Escape 1 % — Escape 1 % —t 1 %
ic —o 2 % i —ec 2 % — Escape 12 %
— Escape 1 % — Escape 1 %
co =T 2 % c —o 1 %
— Escape 1 % — Escape 1 %
or —n 2 % o —r 1 i
— Escape 13 -t 13
m —o 1 % — Escape 2 f
— Escape 11 r o—n 13
no —t 2 % — Escape 1 %
— Escape 1 % n —o 1 ]7
ot —d 2 % — Escape 1 ]7
— Escape 1 % t —d 1 %
td —y 2 % — Escape 1 %
— Escape 1 %

If the next character in the string to be encoded is o, we must make the
prediction ic— o using the order 2 context. Since the character o has been
seen once before in the context ic, then a probability of % will be assigned
by using equation 2.11 as ¢ = 1. Correspondingly, 1 bit will be required by

the encoder to encode the character.

However, if the subsequent character has not previously been seen in the

order 2 context (i.e. presuming the next letter would be n instead of o,
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say), it will be necessary to conduct an escape procedure or back off to a
lower order. In this case, the escape probability will be % (calculated by
equation 2.12), and a lower order of 1 will then be applied by the model.
When this happens, the character n is also found not to be present after
c. As a result, the model will need to encode a further escape (whose
probability will also be estimated as %), and there will be a reduction in
the current context to order 0. In this order, the probability that will be
applied to encode letter n will be é. The total cost of predicting this letter

4—12 = %, which costs around 7.39 bits to encode it (—logy ﬁ ~

If on the other hand the next character has never been seen before and is
appearing for the first time (such as letter u), beginning at the maximum
order of 2 and escaping down to order -1, the model will apply the following
probabilities encoding an escape three times: % X % X % X ﬁ, where 256 is
used for the size of the alphabet for the English language encoded using 8-
bit ASCII, thus requiring approximately 11.80 bits to conduct the encoding

process.

Improvements in prediction are possible by two mechanisms: full exclusions
and Update Exclusions (UE). Full exclusions result in higher order symbols
being excluded when an escape has occurred (Teahan and Cleary, 1997),
while Update Exclusions (UE) (Moffat, 1990) only update the counts for
the higher orders until an order is reached where the symbol has already
been encountered (Teahan, 1998). This mechanism typically improves the
compression rate by up to 2% as stated by Bell et al. (1990). On the other
hand, when PPM is applied Without Update Exclusions (WUE), all the
counts for all orders of the model are updated. The counts are incremented

even if they are already predicted by a higher order context.
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PPM is an adaptive compression method which means there is an issue at the
beginning where the models are empty with not enough data to effectively
compress. A suitable solution is to prime the models by using training
texts (corpora) that are representative of the text being compressed. This
thesis use static models that means that when processing the testing text,
no further updates occur, as the models have been primed using the training

texts.

2.7.1.2 Compression Codelengths using PPM-Based Models

The codelength is the number of bits required to encode the text using
the PPM compression model. PPM codelength is the length of the com-
pressed text, in bits, when it has been compressed using the PPM language
model. The smaller the codelength value, the more closely the text resem-
bles the text used to train the language model. It can be used to calculate
the codelength ratio of the text by dividing the size of the text begin com-

pressed.

The C|C? model which is labeled in Table 2.5, represents an order 2 PPM
character model, where the predictions are based on the stream of character
symbols. p’ is the probabilities estimated by the order two PPM model. So,
the probability of S (where S is the sequence of length n characters ¢;) is

given by:

p(S) = [[#(cilci—aci-1) (2.13)

i=1

The compression codelength can be calculated according to the following
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Table 2.5: Models for predicting character streams (Teahan, 1998).

The symbol < in the table represents an escape

C|C2 Model

p(Ci|Ci—20i—1)

— p(cileio)
= p(cil)
< Peg(cil)
equation:
H(S) = —log, p(S) = —logy [ [ ¥/ (cileiaci) (2.14)
i=1

where H(S) is the number of bits required to encode the text.

2.7.1.3 Text Classification Using PPM

The classification method is based on the idea that a character based ap-
proach for compressing the texts can be used to help classify the texts. Es-
sentially, the classifier can adopt the style or type of text associated with the
compression model that compresses the text best where each model is trained

or primed using representative training text for each style or type.

PPM codelength has been explained in detail in Section 2.7.1.2. Moreover,
it can be used to estimate the codelength ratio of the text using a PPM
model by the following equation:
1 - /
Hu(T) = —— izllongM(a:i\xim, oy Tio1)- (2.15)
where H is the codelength ratio as measured by the PPM compression ratio
given model M of order m for the probability distribution for the symbols

x; over the text sequence T' = x1, x9, ...z, of length n. Each symbol will be
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predicted based on the prior context x;_,y,,...,z;—1 of length m using the

Markov-based approach.

Text classification using PPM is processed by training (priming) N different
models M7, M, ..., My where N is indicated by the number of classes and
the training text used to prime each model is representative of the class
being modelled. The following equation describes how to guess the correct

class of the text T for each class i:

0(T) = argmin Hyy, (T). (2.16)

7
Basically, a PPM model is built for each class, and the testing text is com-
pressed using each model with the class being chosen from the model that
compresses the text best, and the best model is judged to be the one with

the minimum codelength ratio (Teahan, 1998).

2.7.1.4 PPM Compression Method for Arabic

To explain the process of the PPM method for Arabic, Table 2.6 illustrates
the state of the PPMD model of order 2 after the string “.d1” has been
processed. Again for purposes for this example, the maximum context order
is 2. If the next character is estimated successfully by the modelling context,
the probability p will be used to encode it, while ¢ denotes the occurrence

counts.

Concerning the example, if the input string “olall” 1S followed by the character

)

‘¢, the probability of the prediction ‘.=’ in order 2 is % would be used

to encode it, requiring only one bit as a result (— log, % =1).
Assume instead that ‘1" follows the string ‘Jal. As the order 2 model does
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Table 2.6: The PPMD model after the string ‘.llI” has been processed.

Order 2 Order 1 Order 0 Order -1
Prediction c p Prediction c p Prediction c p Prediction c p
Joo 13 ] 13 =1 1 & — A 1 ﬁ

— Escape 1 % — Escape 1 % —J 2 %
Jooe 13 J e 2 3 = 2
— Escape 1 % — Escape 1 i ¢ 1 ﬁ
e 1 % ¢ e 1 % — Escape 4 %
— Escape 1 % — Escape 1 %
Je —e 13 ¢ —d 13
— Escape 1 % — Escape 1 %

not predict this character, the escape probability of % will be encoded for
this order, and the encoder will escape from the order 2 model down to the
order 1 model. As the order 1 model does not predict this character, the
escape probability of % will be encoded for this order, and the encoder will
escape from the order 1 model down to the order 0 model. In this context,

—¢’ predicts the character ‘’, with a probability of % Thus, the total

probability needed to encode the ‘’ character is % X % X %, which requiring

(—logy 45 = 5.58 bits).

In order to deal more effectively with Arabic texts, in which each character
needs two or more bytes to be represented when using UFT-8 encoding,
a method called Character Substitution of Arabic for PPM (CSA-PPM)
was presented by Alhawiti (2014). There are two important operations in
this method, which are pre-processing and post-processing, used in con-
junction with the PPM method. Each two-byte Arabic character is sub-
stituted with an equivalent number of the UTF-8 encoding scheme in the
pre-processing operation and, as a result, one output file is generated while
the post-processing is performed by replacing the numbers with the original
equivalent characters. The use of this method has not only shown a consid-

erable improvement in Arabic text compression but also for other texts that
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use Arabic script, such as Persian and Kurdish.

The Buckwalter Arabic transliteration is another method commonly used. It
is defined as an ASCII transliteration that is used to represent Arabic texts
for computers for standard Arabic encoding schemes. In this transliteration
scheme, Arabic orthographic letters are substituted one to one. For instance,
the Arabic word “.J1” is represented by the letters [B: “AlmEIm”] (Habash
et al., 2007). Al-kazaz (2018) conducted an experiment to check the per-
formance of the “CSA-PPM” and the Buckwalter transliteration methods.
The results indicate that using either of these two methods for the Arabic
language shows a significant improvement in the codelength compression
ratio. Moreover, the compression ratio produced by both the Buckwalter

transliteration and CSA-PPM methods are similar.

2.8 Conclusion

This chapter has discussed the issues related to the aim and objectives of this
research. This included in-depth research on dyslexia and Arabic language
in addition to spelling errors in general and spelling errors by people with

dyslexia. The concepts of corpora was also discussed in detail.

This chapter has also reviewed concepts of two natural language processing
applications, which were text classification and spelling correction. These
were discussed as they are the two fundamental objectives of this study. Fur-
thermore, data compression was discussed and the differences between text
compression types were discussed (lossless and lossy). Moreover, the PPM
text compression algorithm was described in detail, and how the codelength

metric is calculated.
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Chapter 3

Bangor Dyslexic Arabic
Corpus

3.1 Introduction

Corpora have made a significant contribution to the understanding of lan-
guage and teaching methods (McEnery and Xiao, 2010), and can be em-
ployed by instructors not only when considering what to teach, but also
when evaluating what learners may learn directly (Gavioli and Aston, 2001).
A need currently exists in the Arabic context for a dyslexia corpus to serve
as a basis for studies of Arabic dyslexia, in terms of both dyslexia in the
Arabic language in general, and more specifically in the context of children

with dyslexia.

The objective of this chapter is to enlarge the Bangor Dyslexia Arabic Cor-
pus (BDAC) (Alamri, 2013), and the chapter therefore reviews the process

of creating a dyslexia corpus for Arabic. As the fieldwork was conducted
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in Saudi Arabia, it is required to provide an overview of how dyslexia is
identified in Saudi Arabian schools Section 3.2. Section 3.3 discusses the
dyslexic texts collected for this study, and explains how the material was
gathered. Since the majority of the material was hand-written, it was neces-
sary to transcribe it into an electronic form, and this process is described in
Section 3.4. Meanwhile, Section 3.5 describes the type and size of the BDAC
corpus, and the textual information, in terms of its source and categorisa-
tion. The final two sections present the participant information, including
the age and gender of the dyslexic participants, and finally an analysis of the

corpus data, by examining the frequency of the words and characters.

3.2 Identifying Dyslexia in Saudi Arabian Schools

According to the special education teachers’ policy guidelines (Ministry of
Education of Saudi Arabia, 2015), students with learning difficulties are
usually identified at home by their parents, or at school by their teacher,
when the student exhibits certain patterns of behavioural or psychological

characteristics.

There are two ways in which students with learning difficulties are identified
in Saudi Arabia. First, when the child’s general class teacher, parent, or
other professional, such as a social worker, notices that the student appears
to lack the ability to perform certain required tasks, and depends on the
help of others to conduct these tasks, which often engenders failure in their
academic achievement, and reluctance to attend school, together with a
withdrawal from classroom participation. This behaviour signals that the
student may require an intervention, and a follow-up with a specialist. The

second way in which students with learning difficulties are identified in Saudi
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Arabia involves special education teachers, who assesses the academic results
of the students who exhibit a poor performance compared with their peers.
This underperformance might be an indicator that the student has a learning

difficulties.

The student is then assessed using formal measures, such as an 1Q test,
and informal measures, such as curriculum-based tests or dyslexia checklist.
These tests determine the nature of the learning difficulties, and identify

whether the student is dyslexic, or has dyscalculia, or other difficulties.

Once a student is diagnosed with a learning difficulties, they become eligible
for assistance from special education teachers within the education service.
They continue to be educated alongside their typically developing peers in
general education classrooms, but also receive extra help from special educa-
tion teachers in a resource room. A resource room is defined as a room in an
ordinary school that students with learning difficulties attend for a period
of not more than half of the school day, for the purpose of receiving special
education services from a special education teacher (Ministry of Education

of Saudi Arabia, 2015).

3.3 Data Collection Procedure

As explained in Section 3.2, the students with dyslexia in Saudi Arabia are
identified in school. Therefore it was deemed appropriate to collect the data

from schools for this study.

The researcher visited schools with a resource room in Riyadh, since it is the
capital city of Saudi Arabia with a significant number of resource rooms.

In order to commence the data collection, it was necessary to obtain the
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relevant permission from the Ministry of Education of Saudi Arabia (see
Appendix 1). In addition, permission was obtained from the relevant teach-
ers and the parents of the student participants, all of whom were required to
sign a consent form (see Appendix 2) granting permission to use their child’s
texts for the purposes of the study. The form confirmed that the partici-

pants’ information would remain anonymous except age and gender.

The researcher collected 25,248 words of the corpus content during this
stage. However, it was more challenging and complicated to obtain this
number of words from the schools than expected, since some of the teachers
or head teachers were more cooperative than others, and transport to the
schools, together with locating the schools, also proved to be challenging.
Due to these difficulties, the researcher decided to employ additional collec-
tion methods to enlarge the corpus. The second method involved collecting
data from the parents of a student with dyslexia who received services from
the resource room. This collection method expanded the corpus to 26,541
words. An additional third method distributed a form (see Appendix 3)
to males’ teachers of dyslexic students to asked their students to complete.
The texts subsequently received increased the corpus to 27,136 words, plus
those taken from the researcher’s previous work, which consisted of 1,067

words, resulting in a total size for the BDAC corpus of 28,203 words.

3.4 Transcribing the Handwritten Data

The texts were handwritten, and it was therefore necessary to transcribe
them into an electronic format, in order to conduct the analysis of the
dyslexics text. All the text was manually entered into a spreadsheet via

a Google form by the researcher and one volunteer. Figure 3.1 presents a
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screenshot of the text transcription form, showing that the data was en-
tered into the spreadsheet according to the following fields: age, gender,
text source, category, raw text, and correct text. The age field was numeri-
cal, while the other fields included textual elements in Arabic and English.
The raw text is the text that was written by the people with dyslexia while
the correct text is the intended text. Some teachers corrected the text that
dyslexic students wrote (see Figure 3.2). However, any text that did not
include the corrected text required further work to either locate the correct
text, or to choose the word in accordance with the written text as much as

possible.

According to Alfaifi (2015), there is no standard practice for transcrib-
ing Arabic from a handwritten format into a computerised form, and he
therefore developed a series of standards (see Appendix 4) for achieving a
high level of consistency during transcription. This study employed these
standards in order to ensure a greater consistency and improved compat-
ibility with the dyslexia errors, with an edited version of some points as

follows:
1. Any struck-out text should be excluded.

2. If there is a correction above a non-struck-out word, the ‘first’ form
should be transcribed or if a word has been written more than once
within the same document in an attempt to achieve the correct form,

the first version should be transcribed.

3. When there is a doubtful form of a character, the form closest to the

correct form should be transcribed.

4. If there is an overlap between handwritten characters, which cannot

be transcribed, the closest possible form should be selected.
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Text Transcription

* Required

Age - el *

Your answer

Gender *
O Male- s

O Female-

Text Source - ¢ =il *
O HW-cals
O Parent - il sl

O Form-zisa

Category - caiall *
O Word -k
(O sentence - ks

(O Paragraph -3

Raw Text - ¢ siSall aill *

Your answer

Correct Text - geall (il *

Your answer

Never submit passwords through Google Forms.

Figure 3.1: Screenshot of the text transcription form.

60



Figure 3.2: Example of a handwritten text written by a girl with dyslexia with the

intended text transcribed by a teacher.

5.

10.

11.

12.

If a writer forgot to add a character’s dot(s), whether above or be-
low, it should be transcribed as written by the learner, unless this is
not possible. For example, if there is no equivalent character on the

computer.

Any identifying information (e.g. learner’s name, contacts, postal ad-
dress, etc.), should be excluded. Other non-personal information can

be left such as class, city, country, religion, culture, etc.

Any shape, illustration, or ornamentation drawn by the learner on the

sheet is excluded.

Any text formatting should be excluded, such as underlined words or

sentences.
Unknown words or phrases should be removed.

If there is more than one space between characters within one word,

transcribe as one space.

If a writer uses an incorrect letter form, transcribe if possible; oth-
erwise, write it as the correct letter shape. For example, the letter «

written at the beginning as if it is in middle letter of the word.

Words that cannot be transcribed, either because of difficulty reading

the handwriting, or because it was not possible to transcribe them,
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should be removed. Table 3.1 below presents some examples.

Table 3.1: Examples of words for which it was not possible to transcribe.

Error word Description

S Glg 3 af J s oL G- ais [Writes letter s as if

it is in end of the word].

b &l Jls W G > aks [Writes letter C as letter form

-

S G sy sy Ul G~ bl aks [Writes dots of letter

« without written letter .

Sl G~ ks 3 b= [Wrong written form of s letter].

bl JLs 05l G~ ks [Wrrites letter o as letter .

oedl G- 365 3 s [Wrong written form of . let-

ter].

LwgSan §y9a LS [Mirror writing].

Lol ods o 3g0aill o 800 3 D5ne [Hard to guess the

ng | intended word].

3.5 The Bangor Dyslexia Arabic Corpus

As discussed in the literature review (Section 2.5.1), different types of cor-

pora exist. However, the BDAC corpus created in this study is a specialised
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corpus, as its content was collected only from people with dyslexia.

As also mentioned in the literature review (Section 2.5.2), there are dyslexia
corpora in non-Arabic language such as English, 12,000 words (Pedler, 2007)
and Spanish, 1,057 words (Rello et al., 2012). These studies confirmed that
the corpus of around 1,000 errors can yield useful results. This view agrees
with Biber (1993), who argued that a sample of 1,000 words may prove
sufficient for studying features, such as the amount of present and past tense
verbs in English. Moreover, Shalom (1997) conducted a study of a 20,000
word corpus of personal adverts, which tend to be brief, and also reasonably
repetitive, and was able to identify the patterns of language employed across
the different adverts despite this relatively small size. A more recent study
conducted by Xiao (2010) revealed that a small corpus can include sufficient

examples to highlight a linguistic phenomenon.

Therefore, this justifies the size for the BDAC corpus as a useful size for the

study, with the corpus ultimately consisting of 28,203 words.

3.5.1 Text Resources of the BDAC Corpus

The data for this study was gathered from the following sources: Home-
work for text from the dyslexic notebook; Parent for text provided by the
parents of children with dyslexia, and Form for text gathered using a form
designed by the researcher, which included questions answered by partici-
pants with dyslexia. All the texts collected for this study were written in

modern standard Arabic.

The content of the BDAC corpus consisted of 26 responses to the form,

11 samples provided by parents, and 867 samples taken from the students’
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homework. The example of the Homework resource is illustrated in Fig-

ure 3.3. More examples are provided in Appendix 5.

Figure 3.3: Example of a handwritten text written by a girl with dyslexia.

3.5.2 Categorisation

After reviewing several examples of text from the three resources (home-
work, parent, and form), it was found that the documents contained words,
sentences, and paragraphs. Consequently, for the purposes of the transcrip-
tion of the text into a spreadsheet, the element ‘Category’ was included,
in order to classify the types of textual data into words, sentences, and
paragraphs. Figure 3.4 shows the number of documents obtained from each

category.

3.6 Participant Information

This study involved 904 students with dyslexia who were aged between eight
and 13 years. The majority age of the participants was nine years. Figure 3.5

illustrates the age range of the participants.

While the participants included both male and female students, since Saudi
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Figure 3.4: Number of documents from each category.
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Figure 3.5: Age range of the participants.

government policy segregates the genders in education and other fields, the
researcher visited only the female schools, and recruited her brother to col-

lect the texts on her behalf from male schools with a resource room. Con-
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sequently, the majority of the texts involved in this study were written by

females (97% female and 3% male).

3.7 BDAC Frequency Profiling

When creating a corpus, it is necessary to provide a frequency-sorted word
list (Baron et al., 2009), since word frequency may be a central premise
of corpus analysis (Baker, 2006). A frequency list was therefore created to
illustrate the amount of times every word and characters occurred in the text
involved in this study. The data collected for the BDAC corpus comprised of
28,203 words and 154,637 characters. However, the texts differed in length,
with the average of 12 words, within a range of 1-135 words. Table 3.2
illustrates the distribution profile for the top 50 word occurrences in the

data.

Table 3.2: Word frequency distribution.

Freq. | Word | Freq. | Word | Freq. | Word | Freq. | Word | Freq. | Word
721 2 91 b 61 | i 48 (8 38 3
623 o 87 Ji 59 | aw,al A7 | e 38 <Je
372 9 78 & 57 P 45 o 38 s
261 S 7 L 57 J 42 " 38 an
248 S 73 e 55 uf 42 oo 38 | ol
245 of 67 o 54 ol 42 S 38 |
182 & 66 Yy 51 e 41 ol 37 £z
142 Js 63 N 50 == 40 Y 37 »
108 oF 63 e 49 a3 40 | by 37 =

98 Y 62 s 49 | sdu 39 ol 36 S

As shown in Table 3.2 the word that appeared most frequently was “3” [E:

“in”], followed by the word “..” [E: “from”], and then the “,” [E: “and”].
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The top 50 words also contained errors, such as “>e” [E: “on”] and “_u” [E:

“which”].

In order to investigate the number of times that each character has occurred
in a corpus, the following equation can be used to calculate each character’s

percentage as follow:

oh ter (%) number of times each character has occurred 100
aracter = .
’ total number of characters

(3.1)

For example, in the following dyslexia sentence “a-Usl ) 3si”, which com-
prises three words and 15 characters, the character /" occurs four times
while the character ‘=’ occurs once. Therefore, the character percentage of
these two characters will be (4/15)x100= 26.67% and (1/15)x100= 6.67%,

respectively.

Figure 3.6 illustrates the characters present in the study, ranked in alpha-

betical order, together with their character percentage.

As Figure 3.6 demonstrates, characters such as I, J, s, and ¢ had the high-
est frequency, while the characters 7, 5 and & had a significantly lower fre-

quency.

3.8 Conclusion

This chapter discussed how the data used to create the BDAC corpus was
collected, explaining that it was gathered from three different sources: schools,

via a form, and from the parents of dyslexic child. The chapter also discussed
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Figure 3.6: Character frequency distribution.

the procedure employed by the Saudi Ministry of Education to identify stu-

dents with dyslexia in schools in Saudi Arabia.

All of the data was gathered from people who had been professionally di-
agnosed with dyslexia, and who were from a similar population, in terms of

age and education, and with Arabic as their native language.

The chapter also described the process of transferring the text from its hand-
written original to an electronic format, and provided statistical information
regarding the age and gender of the participants, together with information
about the text collected, including the frequency of the words and charac-

ters.

The BDAC consisted of a total of 28,203 words. At the time of writing,

part of the BDAC is available for public use via the researcher’s blog (ma-
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haalamri.wordpress.com), and to date, four other researchers have made
contact to request permission to use it in their research, thus demonstrating
the potential of the corpus to serve as a platform for other researchers to

build upon.
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Chapter 4

Error Annotation for

Dyslexic texts in Arabic

4.1 Introduction

In order to annotate the dyslexia errors in the BDAC corpus, it was cru-
cial to select a classification scheme for annotating the errors. As far as
the researcher is aware, there is no standard error classification for Arabic
dyslexia errors and no classification scheme for annotating Arabic dyslexia

corpora.

Therefore, this chapter concerns the development of a new classification
scheme of errors made by Arabic writers with dyslexia, for use in the an-
notation of Arabic dyslexic text. This dyslexic error classification scheme
for Arabic texts (DECA) is comprised of a list of spelling errors extracted
from the previous studies discussed in the literature review (Section 2.4.2)

which provide a platform for understanding and analysing specific errors
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committed by writers with dyslexia.

This chapter is organised as follows: Section 4.2 discusses the basis of the
classification scheme for Arabic dyslexia text, while Section 4.3 describes
the dyslexic error classification scheme for Arabic texts used to annotate
Arabic dyslexia errors. Section 4.4 contains an evaluations of the DECA,
and Section 4.5 explains the annotation process, followed by the analysis of

dyslexic errors in Section 4.6.

Aspects of the study presented in this chapter were published in the Pro-
ceedings of the Third Arabic Natural Language Processing Workshop, As-

sociation for Computational Linguistics (Alamri and Teahan, 2017).

4.2 Basis of Dyslexic Error Classification Scheme

for Arabic Texts

The scheme developed for this study relies on the findings of the studies
mentioned in Chapter 2 (Section 2.4.2), that discussed and analysed dyslexia

errors from different aspects.

The Error Analysis in Spelling form executed by Abunayyan (2003) was
selected because when the researcher conducted fieldwork in Saudi Arabia,
it was found that some teachers used the form to classify their dyslexic stu-
dents’ errors. In addition, since teachers in Saudi Arabia were the main
source of information for this study, it was necessary to locate an exist-
ing study that employed the viewpoint of teachers to classify dyslexia er-
rors. The study conducted by Hamadneh et al. (2014) fulfilled this require-
ment. Meanwhile, Ali (2011) addressed many of the concepts concerning

people with learning difficulties, and the types of difficulty they encoun-
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tered, while Abu-Rabia and Taha (2004) compared Arabic dyslexic errors
with other groups, such as age-matched group, in order to assess the exis-
tence of particular spelling error patterns among Arabic dyslexics that differ
between reading-level-matched, and age-matched groups. Finally, a previ-
ous study was conducted by the researcher of the current study who analysed

dyslexia errors based on texts collected from children with dyslexia (Alamri,

2013).

The DECA classification sought to remedy the shortcomings of the extant
studies by combining them into a single classification under different cate-
gories, with easily comprehensible broad classes, or categories, and a com-
prehensive list of error types. This combination process was conducted fol-
lowing an assessment of the similarities and differences between the errors
types noted in Chapter 2 (Section 2.4.2). Table 4.1 provides a summary of
the errors located in the extant studies. The numbers in the first row refer
to 1: Alamri (2013), 2: Abunayyan (2003), 3: Abu-Rabia and Taha (2004),
4: Ali (2011) and 5: Hamadneh et al. (2014).

Table 4.1: Error types recorded in Arabic studies.

Error Type 112345
Hamza on Line X | x|x X
Alif Hamza Above X | x|x X
Alif Hamza Below X X X
Ya Hamza Above X | x| x X
Waw Hamza Above X | x| x X
Alif Madd X | x| x X
Waw Madd X | x| x X

Continued on the next page
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Ya Madd X | x| x X
Confusion in Tah and Tah Marbuta/Ha X | X X
Confusion in Hah and Tah Marbuta X | x X
Confusion in Alif and Alif Maksura X X
Confusion in Dha and Tha X | x X
Confusion in similar letters X X
N in Tanwin X | x| x X
W in Damma X | x| x X
Y in Kasra X | x|x X
Omission X | X |x|x|x

Addition X | x| x|x
Substitution X|x|x|x|x

Transposition X | x| xX|X

Different Graphemes, Same Phonetics X | X

Local language X | x
Writing a word that is similar in meaning X

Mirror be X

Left to Right X X
Sun Letter X | X X
Adding letter (L) to word start with letter (AL) X
Alif Fariga b
Lakn, Hada, Alldhy and Allty X | X X
Letter written but not pronounced or vice versus X

As shown in the above Table 4.1, there was an apparent consensus among the

researchers regarding certain types of errors made by people with dyslexia,
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such as ‘omission’, ‘Hamza’ and ‘Almadd’.

The findings of the extant studies regarding certain Arabic dyslexia errors,
such as ‘Addition’, were consistent with the results of studies in other lan-
guages, including English (Pedler, 2007), Spanish (Rello, 2014) and Ger-
man (Rauschenberger et al., 2016). The researcher therefore investigated
the dyslexia errors in other languages that can be applied to Arabic error
types, and consequently, two types emerged, namely word boundary errors,

and multi errors.

Most of the types in the resulting classification concerned unique specificities
of the Arabic language, since the system of Arabic writing contains charac-
teristics, such as diacritics, that do not exist in other languages. However,
some types in the classification, such as substitution and word boundary

errors, do occur in other languages.

4.3 Dyslexic Error Classification Scheme for Ara-

bic Texts

After investigated the dyslexia spelling errors in Section 4.2, the researcher
grouped the errors into types and categories. The category is more general
than the type, as it specifies where the error occurs, for example, in the
Hamza, or in the Almadd. Each error category is further subdivided into a
variable number of error types. Table 4.2 provides a list of the nine error
categories: Hamza, Almadd, Confusion, Diacritics, Form, Common error,
Differences, Written Method, Letters Written but Not Pronounced (or vice
versa), together with the Other category. The first version of the classi-

fication contained 35 error types within these categories, including Other,
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which was added if the error present was not represented by any of the

categories.

Alfaifi (2015) suggested that a two character tag can be used to represent
the error, the first specifying the category, and the second specifying the
error type. For example, for “c¥i e s.” [E: “Alif Hamza Above”], the
tag was <HA>; in which ‘H’ indicated the category “cingl” [E: “Hamza”],
and ‘A’ indicated the error types “ww¥” [E: “Alif Above”]. As a further
illustration, if the erroneous word was “,..5”, and the intended word was “,L3”
[E: “fruits”], thus the author wrote ‘s’ [E: “Y’] , instead of the diacritical
" [E: “Kasra”], and omitted the letter ' [E: “A”], where the erroneous word
had one wrong letter added in one location, and a correct letter missing in
another location. Therefore, to indicate the two different types of errors, the
underscore symbol was employed between the tags, as follows: <DY__AA>,
with <DY> indicating the use of ‘¢’ [E: ‘Y] instead of * * [E: “Kasra”] (see
row 19 in Table 4.2), and <AA> indicating the error in “ca¥yi” [E: “Alif

Madd” (see row 7 in Table 4.2).
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Texts

Table 4.2: Version 1 of Dyslexic Error Classification Scheme for Arabic
(DECA).
Tag - 34 Error Type - sUsa¥l g1 gl Category - &l
<HH> Hamza on Line - bl Je 3 ol
<HA> Alif Hamza Above - <Y1 e 5 egll
<HB> Alif Hamza Below - <) cais s &l jagll
<HY> Ya Hamza Above - <4l e 5 3eg)) | Hamza
<HW> Waw Hamza Above - 5/ 8 e 8 jeel
<0T> Other - &l gl RS
<AA> Alif Madd - <yl 2«
<AW> Waw Madd - 515 % )
<AY> YaMadd - < x | Almadd
<TM> Other - 253l & <3
<CT> Confusion in Tah and Tah Marbuta/Hah - &k s all elill s ds gisall el ¢y
<CH> Confusion in Hah and Tah Marbuta - s 52 yall elll s elel)
<CA> Confusion in Alif and Alif Maksura - 5  saaiall Gl 5 52 saeal) Gl ey Ll
<CD> Confusion in Dha and Tha - sall sUall ; | Confusion
<CV> Confusion in similar letters - 4L G5 ja o Ll
<OM> Other - blsl 3 S5
<DN> N in Tanwin - sl (8 058
<DW> W in Damma - 4eall gl ol alsall
<DY> Y in Kasra - s <l 0 54 | Diacritics
<0OD> Other - <€ all & S35,
Cog (o o gl dinle bl iyl (30 Juadll il o g
<FW>
Word boundary errors - L) g
<FM> Multi Brrors - 52 ¢Uadl | Form
<OF> Other - J8 4 Sxil
<MO> Omission - <
<MA> Addition - &Lzl dadli) pUady)
<MS> Substitution - Js | Common errors
<MT> Transposition - ;s
<DD> b 4—“1-\“ Uadl Agliia g G G o T’ﬁﬂ“ pe
Different Graphemes, Same Phonetics - -
<DI> Local language - &dadl dagll o sl S | N
Differences
<DS> Writing a word that is Similar to the Meaning - izl dgia LS <
<0L> Other - <Y 3 S5
irror - 3 s
<<?V1;J/[>> Left to Right - owﬂlviﬁrm "eé " sl
OW> Other - 40 4 <5 Writing method
<LS> Sun Letter - &usadl oY
<LM> Adding letter (L) to words start with letter (AL) - (J)) 48k e 2201 530 e
<LA> Alif Fariga - iebaad )y s il | ¥ 5*“‘""-‘“‘:13
<LL> (Lakn ... ) - (... #SY - &) Letter written but
<LH> (Hada L) = (0l - s - 13la)
—— not pronounced
<T> (Allty) - () :
—{ or vice versa
<LD> (Alldhy) - (s)
<LK> (Dahlk ...) - (... - &y
<OL> Other - <is s & S35
<0T> Other - e saxe f & S35 ol Other - A
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4.4 FEvaluating the DECA

In order to evaluate the comprehensiveness, appropriateness, and clarity of
the classification scheme employed for the DECA, and to determine whether
it was suitable for the purpose of error analysis, three evaluation experiments
were undertaken. The first was an annotation sample of the BDAC, the sec-
ond an evaluation conducted by specialists in the field of learning difficulties,

and the third used inter-annotation agreement.

4.4.1 Annotation Sample Evaluation

According to Pustejovsky and Stubbs (2012) when conducting the first round
of annotations, it is best to select a sample of the corpus to annotate, in order
to assess how well the annotation task works in practice. Therefore, a 500
word sample was randomly selected from the BDAC for this evaluation. Two
annotators, ‘A1’ and ‘A2’, participated, the former is an Arabic language
lecturer, while the latter held a bachelor’s degree in Computer Science and

is a native Arabic speaker.

Each annotator was given the same sample of 500 words, with the errors
in the sample identified in advance, and was instructed to add the most
appropriate tag that matched the error type, using classification Version
1 (see Table 4.2) to annotate all of the errors. The annotators were then
asked to provide a list of the types of errors they encountered that matched
the classification, and to indicate whether there were any types not listed
in the classification. Thus, the purpose of this evaluation was to assess the
clarity of the error tags, and to determine whether any were absent from the

classification.
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Both A1 and A2 stated that all the types in Table 4.2 were clear, but while
A2 did not find any error types that were not from the classification, Al
suggested that the following should be added: “uy21,,55” [E: “Repeated
Letters”], and “adsdl &g ol Jawy 5l &l 3 01 13 G, 41 (5o o Go il e paill pae” [
“Written Form in Beginning, Middle or End”]. Al suggested that these
should be added because they were found in the sample in words such as
“2al” [E: “the bite”], in which the letter ‘0’ [E: “L”] was repeated three
times, and “lg,” [E: “her father”], in which the letter ‘.’ [E: “h”] was written
in the middle of the word, rather than spelled correctly as “w,i”. Version
1 was subsequently edited to include these two types, and Version 2 (see

Table 4.3) of the classification therefore contained nine categories and 37

types.
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Table 4.3: Version 2 of Dyslexic Error Classification Scheme for Arabic Texts

(DECA).
Tag - 3, Error Type - sUsi¥) g1 i Category - &l
<HH> Hamza on Line - k) Je 5 el
<HA> Alif Hamza Above - ¥l e 5 a4l
<HB> Alif Hamza Below - <yl ¢ jagl i jagd
<HY> Ya Hamza Above - sll e s 3¢l | Hamza
<HW> Waw Hamza Above - 51l e 5 38l
<0T> Other - < jag 3 S35
<AA> Alif Madd - ¥ 2
<AW> Waw Madd - 55 2 g8l
<AY> YaMadd - s\ 2 | Almadd
<TM> Other - 25l u.ﬁ A r“
<CT> Confusion in Tah and Tah Marbuta/Hah - & s: yall £l 5 &a gisall ol oy
<CH> Confusion in Hah and Tah Marbuta - ik s sl ¢lill 5 s\l ¢y
<CA> Confusion in Alif and Alif Maksura - s sl Cal¥1 583 s3ead) Y1 (3 Ll
<CD> Confusion in Dha and Tha - 2ualls sl o | Confusion
<CV> Confusion in similar letters - ¢uiia s a o LIl
<OM> Other - bl i S,
<DN> N in Tanwin - cpsiill (e 58
<DW> W in Damma - deall S ) s all
<DY> Y in Kasra - s <) e ¢4 | Diacrities
<0OD> Other - <iS 2l 3 S35
Cos gl G o gl il i o) Cog ) (o Juadll diala o s
<FW>
Word boundary errors -
<FM> Multi Errors - s2asia ¢lasl ) ges
<FR> Repeated Letters - s sl S Form
<OF> Other - JS01 i S5 )
<MO> Omission - i~
<MA> Addition - &Lzl Aadlil) plady)
<MS> Substitution - J:i | Common errors
<MT> Transposition - Jiss3
<DD> m%waﬁmdjﬁw&)ﬂ‘&ﬁjﬁ%lem
Different Graphemes, Same Phonetics -
<DF> S A Ay 3 S 1 il JSE G Gl e 5 pe -
Form of the letter in the Beginning, Middle or End - 4il¢! lbas | )
D> Local language - s isell o ol iss Differences
<DS> Writing a word that is Similar to the Meaning - (el 4l LK 4K
<01 Other - CdGY! i <5
<<\\);&]/1£4>> Left to Right - Ml\/l)lfjrm ;‘ﬁ Writi 3-.'“::1‘ A:)h
OW> Other -5 i S5 riting metho
<LS> Sun Letter - &usedll Y
<LM> Adding letter (L) to words start with letter (AL) - (J) 4l e 2 J a2 o
<LA> Alif Fariga - i 51y 3 il "é"”““‘:ﬁ
<L (Lakn ...) - (.. ¥V - o) Letter written but
<LH> (Hada ...) - (Jl:u sl - 13)
a4T> (Allty) - () not Pronounced
or vice versa
<LD> (Alldhy) - (50
<LK> (Dahlk ...) - (... - &y
<0L> Other - < & S5l
<0T> Other - i sene gl 3 S35 4l Other -3
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4.4.2 Teachers’ Feedback Evaluation

The second evaluation involved a questionnaire (Appendix 6) that was sent
to two evaluators who had agreed to participate. These evaluators are pri-
mary school teachers of children with learning difficulties, who were referred
to as T1 and T2. They were given Version 2 of the DECA, and were asked
to select the appropriate tags to evaluate how easily they were identified, the
participants were asked to provide feedback regarding whether they felt the
list included all of the errors made by students with dyslexia, and whether

the categories were appropriate.

Both of the evaluators were able to locate the correct tag for all of the sen-
tences (see Appendix 6), with the exception of that containing the error word
“ A7 [E: “which”], as T1 chose the <FR> tag, rather than <LT>. Both of
the evaluators believed the tags to be appropriately named. Meanwhile, T2
found that the first and fourth sentences were ‘Very suitable’, but that the
second, third and fifth sentences were only ‘Suitable’, and T'1 found that all
of the sentences were ‘Suitable’. They agreed regarding how easy they found
it was to locate the appropriate tag for the second and third sentences, while
T1 found it ‘Easy’ for the first and fourth sentences, and ‘Difficult’ for the
last sentence. T2 found it ‘Very easy’ for all of the sentences except the

second sentence, which was ‘Easy’. In addition, the evaluators agreed that

the table of the types of dyslexia errors was comprehensive.

4.4.3 Inter-annotator Agreement Evaluation

The purpose of the third evaluation was to measure the inter-annotator
agreement of the DECA when applied to a sample of text, by assessing

to what extent the annotators assigned the same tag to the errors. For the
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purpose of this evaluation, a sample of 1,000 words was provided to two of the
annotators (A2 and T1) from previous evaluations (Section 4.4.1 and 4.4.2),
as well as to the researcher of this study (N1). Each misspelling in the sample
was marked, and the intended word was provided, then each annotator was
required to add the most appropriate tag for the error type, using the DECA

version 2.

In order to analyse the reliability of the agreement among the annotators,
Kappa statistics were utilised. Kappa was originally proposed by Cohen
(1960), and was deemed to be the most appropriate statistical measure for
measuring and comparing the agreement between annotators when classify-
ing a text into types. When the Kappa value is above 0.6, it demonstrates
reasonable agreement between two elements, while a value between 0.8 and

1 represents an excellent agreement (Landis and Koch, 1977).

The results of the analysis revealed that the agreement between T1 and N1
was 87%, with a weighted Cohen’s Kappa value of (k = 0.87). The annota-
tors A2 and N1 had the highest agreement (88%), with a weighted Cohen’s
Kappa value of (k = 0.86). In contrast, A2 and T1 had 84% agreement,
resulting in a weighted Cohen’s Kappa value of (k = 0.81). These results

show a high agreement between annotators.

4.5 The Annotation Process of the BDAC Cor-

pus

As Granger (2003) noted, while error annotation is an exceedingly tedious
task that must be undertaken with care, it is immensely important, as it

enables a researcher to gain quick access to particular error statistics.
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Figure 4.1 presents an interface of the tool that was created to facilitate a
rapid annotation process for this study. In order to enable the retrieval of
corpus texts, the tool was integrated into the BDAC database on Microsoft
Excel. The tool was developed according to a process proposed by Puste-
jovsky and Stubbs (2012), known as ‘stand-off annotation’, which converts
(tokenizes) the text into tokens based on whitespaces, and thereby enables
an annotator to select the tags of the error tokens more easily. Each to-
ken was located on a separate line, and the erroneous words were annotated
alongside each type of error, based on the DECA classification version 2 and
the correct spelling of the erroneous word. The tool’s interface was provided

in both Arabic and English, as shown in Figure 4.1

Figure 4.1 illustrates the process employed when an annotator has chosen
a word to annotate. The “ LoV j2d” [E: “Raw Text”] and the “moall ;24"
[E: “Correct Text”] are described Chapter 3 in Section 3.4. In the example,
the error is located in Token 2, hence the annotator selects ‘Token 2’, as it
is an error word, by double-clicking on the error (Token 2) in the text area
labelled “_Lo¥i ;231" [E: “Raw Text”], then selects the correct word from the
text area labelled “mmall ;201” [E: “Correct Text”], again by double-clicking.
The appropriate tag is then selected from the list. The option “iss” [E:
“Apply”] is then clicked, with it appearing in the “ eVl adl” [E: “Raw
Text”] area, in order that the annotator can see the annotation of the errors

in this area before saving the annotation.

The procedure is repeated with each error found in the text. In the case of a
word that contains more than one type of error, as denoted by Token 6, the
annotator can add another tag via the “4+” button, and choose another tag,

which is separated by ‘. As a result, the annotation for Token 6 is:
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Choose excel file- <ile jLaal a3

waa als aaal |l

yns (3o Dunln it e giill @l o oladl o palotd] e felaill 5 Fuylell 5 dualyally (oS

Correct text — paaall aill

',J.dl
z S

o

™

“
i)

e

ale

Raw Text - La¥l jaill

Tn="1"alall

Tn="2" CorrectForm="¢ | ,.l[£" Tag="LS" ErrorForm="¢ | ,."
Tn="3";

Tn="4" CorrectForm="_s" Tag="MA" ErrorForm="s ,."
Tn="5"4

Th="6"_wis.ul

Tn="7":

Tn="8"4alsll

nan

Figure 4.1: Interface of the tool developed to facilitate the annotation process.

Tn="6" CorrectForm="_.si" Tag="HA_MA" ErrorForm="_.zz."

Each error token requires two annotations: one for the correct word, and

another for the error type, as follows:

Tn="1" CorrectForm=",..z" Tag="LS" ErrorForm="_..:l"

where:

o Tn = Token number (position of the word within the text);
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¢ CorrectForm = The intended word of the error word;

o Tag = Contains an abbreviation of the error type from DECA version

2;
e ErrorForm = The error word.

The BDAC corpus was fully annotated using DECA version 2, using this
tool, and the combined information was ultimately converted to an XML

file, as shown in Figure 4.2.

4.6 Analysis of Dyslexic Errors in the BDAC

The annotation of a corpus provides a significant advantage in terms of
enabling a search for particular error types, or groups of errors, in exactly the
same way that individual words can be searched (Nicholls, 2003). Once this
study’s annotation was conducted, the corpus analysis became the simple
process of extracting the tags, or errors, and their corresponding target

word.

The BDAC corpus comprised more than 8000 errors. In some cases these
errors contains more than one error type. Moreover, some of the errors were
found to occur more than others in the corpus. The highest error occur-
rence was in “se”, the correct form of which is “_” [E: “On”]. The error
type concerned is (CA), which is located under the “Liti” [E: “Confusion”]
category. This was followed by “ A" [E: “which”] that falls under the “G,~
Sl g ks ¥ 5 es” [E: “Letter written but not pronounced or vice versa”|

category.

The highest number of errors for a specific category was for the “avtall slesY1”
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<?xml version="1.0" encoding="UTF-8"7>

<BDAC>

<Record info>

<Participant_ info>

<Age>9<\Age>

<Gender>Female - _xi<\Gender>

<\Participant_info>

<Text__info>

<TextSource>HW - i<\ TextSource>

<Text n="1">

< Category>sentence - il.»<\Category>

<RawText>wmadl ) ogies cons<\RawText>

<CorrectText>aa,41 J| 1s con3<\Correct Text >
<Error__analysis>

<Token Tn="1">c.»3<\Token>

<Token Tn="2" CorrectForm=".a" Tag="DN">0o,1s<\Token>
<Token Tn="3" CorrectForm="_3" Tag="HB"> J<\Token>
<Token Tn="4" CorrectForm="az.41" Tag="CH" >uz.41<\Token>
<\Error_analysis >

<\ Text>

<\Text__info>

<\Record__info>

<\BDAC>

Figure 4.2: XML sample with stand-off annotation by tokens.

[E: “Common errors”] category, with 2,717 instances, followed by 1,621 er-

rors in the “ci.d” [E: “Hamza”] category, and 1,553 errors in the “Lit)”
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[E: “Confusion”] category. Meanwhile, the lowest two types of errors fell
within the “cusu=¥1” [E: “Differences”], and “adsii y<s” [E: “Form”] cate-

gories.

Furthermore, people with dyslexia are commonly known to confuse “ci oo
oLl of dby 11 sl 5 a>pall” [E: “Tah and Tah Marbuta/Hah”], and in this study,
523 instances of errors fell under this type. Meanwhile, the majority of
the extant studies agreed that people with dyslexia find diacritics marks
difficult, and this study found that the highest number of errors fell under
ol 08 07 [E: “N in Tanwin”], with 309 instances. In addition, a small
number of errors fell under the “_ .Sl §f ghs ¥y oG Gy [E: “Letter written
but not pronounced or vice versa”] category, the most frequent of which was

in the"azli 30” [E: “Sun-letters”].

This study also evaluated the position of letters in terms of whether the
shape of the letter differed depending on position if it is in the beginning,
middle, or the end of a word. For example, %' [E: “Tah Marbuta”] was
written in the middle of a word, such as “sal.”, instead of “.gjlw” [E: “their
homes”], or whether a letter was written at the beginning of a word, when
it should be at the end, such as ‘>’, instead of ‘;’, in the word “>", the

correct form is “>3s” [E: “Farmer”].

The analysis also revealed that a space was sometimes located incorrectly
(145 instances), and this error type is under the “sf Gy A1 o Joaill dixls Jusy
Gyl oo Joos)l wixbs Js” [E: “Word boundary errors”] category. Moreover, it
was noticed that the majority of these incorrectly-located spaces were either
before the suffix, or after the prefix, such as “_alss )7, instead of “_abul” [E:

“to get rid”], in which the space was after the prefix ‘ V"

In some instances, two letters were written to represent one letter, such as

86



“oe”, instead of “ L” [E: “on”], where ‘" and ‘.’ were written to represent
‘s’, in a type of error known as “ssasw cbsi” [E: “Multi errors”], under the

category “aJsl J<z” [E: “Form”].

Moreover, the new error classification scheme was also applied to reanalyse
the errors taken from the researcher’s previous work. The result shows that
the highest number of errors was located in “s;uli” [E: “Almadd”] category
with total number of 255 instances, followed by “ci.g” [E: “Hamza”] cat-
egory with 193 instances where the lowest categories were “iJsi js” [E:

“Form”| and “cu=¥1" [E: “Differences”] categories.

4.7 Conclusion

This chapter introduced the DECA, which was developed to facilitate the
annotating of dyslexia errors in Arabic, explaining that the current version of

the DECA includes 37 types of errors classified under nine categories.

Five people evaluated the DECA, using it to annotate the dyslexia errors
in a sample of text from the BDAC. The following three evaluations were
conducted, in order to assess the DECA’s reliability and effectiveness: The
first evaluation determined whether the error tags were sufficiently clear, and
assessed whether any new types were not listed in the DECA. The second
evaluation assessed whether the DECA included all of the errors committed
by students with dyslexia, and whether the categories were appropriate, and
the third evaluation measured the inter-annotator agreement of the DECA
when it was applied to a sample of the BDAC revealing that there is a high

agreement between annotators.

The outcomes of the evaluations discussed in this chapter were positive, sup-
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porting the fact that the DECA represents a complete classification frame-
work for dyslexia errors in Arabic. It can be claimed that it therefore rep-
resents the most comprehensive classification for dyslexia error in Arabic,
and has the potential to provide assistance in the field of dyslexia, computer
science, and pedagogy, as it might provide a basis for improved aid for the

target group.

This chapter also discusses the error annotation process, and provides an

analysis of the errors that were found in the BDAC corpus.
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Chapter 5

Distinguishing Dyslexic Text

from Non-dyslexic Text

5.1 Introduction

A growing body of research has now begun to identify disorders using
natural language processing and machine learning techniques, for exam-
ple, Alzheimer’s (Thomas et al., 2005), autism (Liu et al., 2013) and de-
pression (Zhou et al., 2015). Thus, this chapter investigates whether the
text compression scheme (PPM) can be applied to the binary classification
problem of distinguishing dyslexic text from non-dyslexic text, which in-
volves identifying whether or not a text has been written by writers with

dyslexia.

This chapter first explains how PPM can be used to classify dyslexia text in
Section 5.1.1. Section 5.2 describes the dyslexia and non-dyslexia corpora

used in the experiments. Section 2.6.1 explains the evaluation techniques
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followed by a number of experiments that were performed to classify the
dyslexia text in Sections 5.3. The chapter finishes with a comparison of
the performance of a PPM compression-based text classifier on the problem
of classification of dyslexic and non-dyslexic Arabic text with that of stan-
dard feature-based classifiers, such as Multinomial Naive Bayes (MNB) and

Support Vector Machiness (SVM) in Section 5.3.3.

5.1.1 Example of Dyslexia Classification

Concerning the dyslexia classification method, separate texts were selected
as representative of dyslexic text and non-dyslexic text, in order to train the
PPM character-based language models. The main intention when utilising
PPM compression techniques for classification of texts is to draw on their
capacity to generate an accurate language model. Each of the texts were
compressed using static PPMD character models trained using the repre-

sentative texts.

Dyslexia text
representative
from training
corpus

Non-dyslexia text
representative
from training
corpus

Training PPMD Traiping
Model N: 65.757 bits A e Testing text
(4.697 bpb) ' I i
Compress | Model N Model D LSV A Sdq St nbyle
Model D : 62.970 bits I Static Static !
(4.498 bpb) | }

Figure 5.1: Dyslexia classification using PPMD.

Figure. 5.1 shows how the dyslexia model (Model D) trained from dyslexia
texts and the non-dyslexia model (Model N) trained from non-dyslexia texts
are used to compute codelength ratios by compressing the test file based on

the training of the two models. The sample input text “cls ciw diol” [E:
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“Honesty is a worthy attribute” B: “<ASdq Sft nbylt” R: “asdq sft nbylt”]
was written by a writer with dyslexia. The results show the dyslexia model
requires 4.49 bits per byte calculated by equation (2.15) to compress the
text whereas the non-dyslexia model requires 4.69 bits per byte (where ‘bits
per byte’ is the compression ratio and is measured in compressed output
size in bits divided by original text size in bytes). As a result, the test text
is classified as dyslexic text (calculated by equation 2.16) and therefore has

been classified correctly.

5.2 Text Corpora

This section describes the text corpora that have been used in the experi-
ments described below in Section 5.3. Table 5.1 provides abbreviations of
the text corpora, their references and the number of words and characters in
each corpus. A more detailed description of each of these corpora is provided

below. Examples of each corpora are also provided in Table 5.2.

Table 5.1: Text corpora used in the experiments.

Abbrev. Corpus & Ref. Words | Characters
ALC Arabic Learner Corpus (Alfaifi, 2015) 282,732 1,533,919
BDAC Bangor Dyslexia Arabic Corpus [Chapter 3] 28,203 154,637
BNDAC | Bangor Non-Dyslexia Arabic Corpus [This chapter] 9,099 49,515

The Arabic Learner Corpus (ALC) This corpus includes written and
spoken data from learners of Arabic in Saudi Arabia, between 16 and 25
years old. Table 5.2 lists a sample of text taken from the corpus in the first

Trow.

The Bangor Dyslexia Arabic Corpus (BDAC) The description of
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BDAC is provided in Chapter 3. An example of a text written by a person

with dyslexia is shown in Table 5.2.

The Bangor Non-Dyslexia Arabic Corpus (BNDAC) This was cre-
ated for the work described in this Chapter. The BNDAC has a total of
9,099 words written by 66 non-dyslexic children between the ages of 8 and
13 from male and female participants. The researcher contacted parents,
who then gave permission (see Appendix 2) to use text written by their
child. An example of a text written by a person without dyslexia in Arabic
taken from this corpus is shown in Table 5.2. More examples are provided

in Appendix 7.

Table 5.2: Some examples of text found in each of the corpora used in the experi-

ments.
Abbrev. Some examples of text found in the corpus
ALC alaly potiglt S o U 20 S0 3 ) L It e 35 Y1 2lS sl il 3 550
@l sbe an el U ey (5Y Lo ke 55l Y1 O £aSl g Lo Jof OISy b azel
BDAC LU g sy g Sy Loy 1) aplinmy g ey L L) Jny g S, Lol 1), lig

D el brls =306 0555 Of a1y

BNDAC 3 e 3 Loy S oy Lede by 1,58 Loy OIS il e 1yl g 12l OF (Soomy )l dms

Ll JW e 1S Whan 20 5 2l gy Ll ale caST g )l kST UL ST bn s

5.3 Classification Experiments

To evaluate the quality of the PPM classification method for dyslexia clas-
sification, three experiments were conducted using the three corpora as de-
scribed in Section 5.2. We also conducted additional experiments to de-

termine which classification methods produced the best results, using two
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well-known algorithms, the Multinomial Naive Bayes and Support Vector

Machiness (SMO in Weka) algorithms (Bouckaert et al., 2013).

5.3.1 Dyslexia Corpus and Learner Corpus Experiment

The purpose of this initial experiment was to test the ability of the PPM
model to distinguish between dyslexic and non-dyslexic text in Arabic us-
ing two corpora. The Bangor Dyslexia Arabic Corpus was selected as the
dyslexic corpus and the Arabic Learner Corpus was selected as the non-
dyslexic corpus. The reason why ALC was selected in this initial experiment
was that the data were collected from learners of Arabic in Saudi Arabia
and therefore thought to be reflective of the early learning (primary school)

text collected for the BDAC.

As mentioned in Chapter 2, Section 2.7.1.4, in order to deal with Arabic text
it is required to perform transliteration from the original Arabic text using
the Buckwalter transformation. Some files in the ALC contains diacritical
marks and punctuations marks, whereas the BDAC does not contain these
marks. Therefore, these marks were removed from the ALC corpus for these

experiment.

To run the experiment, a 10-fold cross-validation was performed using the
data from the BDAC and ALC. The corpora were split into 10 fold each.
Subsequently, each test text that was not part of the training data was
compressed using PPMD character models on the remaining text, using
different orders (from 0 to 5). As mentioned in Section 2.7.1.3, the best
model is judged to be the one with the lowest codelength ratio. Figure 5.2

shows the accuracy (calculated by equation 2.4) of different PPMD orders.
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Figure 5.2: Accuracy of dyslexia (BDAC) versus non-dyslexia (ALC) text classifi-

cation using different PPMD orders.

As shown in Figure 5.2, the accuracy increased from order 0 to order 1 but
then decreased. The results of this experiment are shown in Table 5.3. The
best Fy score result is shown in bold font.

Table 5.3: Classification results of dyslexia (BDAC) versus non-dyslexia (ALC) text
using different PPMD orders.

Order 0 | Order 1 | Order 2 | Order 3 | Order 4 | Order 5
Rec. 0.91 0.99 0.96 0.88 0.83 0.82
Prec. 0.99 0.99 1.00 0.99 0.99 1.00
F; score 0.95 0.99 0.97 0.94 0.91 0.90

The results shows that order 1 is the most effective at achieving a high

accuracy and F; score.

The high accuracy raises a question whether the style or language of the

text plays an important role in helping to classify the text since PPM is
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an excellent classifier at language identification, genre classification, and
authorship identification (Teahan and Harper, 2003; Altamimi and Teahan,
2017). For example, the ALC was written by adults learning Arabic, while
the BDAC was written by children with dyslexia. Further investigations as
described below were carried out to determine the validity of the preliminary
results of the first experiment. Thus, the next experiment used text written

by children for both the dyslexia and non-dyslexia text.

5.3.2 Arabic Children Corpora Experiment

This experiment was conducted using a non-dyslexia corpus with the same
characteristics as the dyslexia corpus, such as the writer’s age and style of
text. However, in order to carry out such an experiment, it was first neces-
sary to use a non-dyslexia corpus that was constructed in a similar manner
as to the dyslexia corpus (BDAC). That is, the non-dyslexia text needed to
be written by children as dictated from their curriculum or by parents, but
there was no prior corpus that met these requirements. Therefore, a new
non-dyslexia corpus (BNDAC) was created for the purposes of this experi-

ment. Its details are described in Section 5.2.

As mentioned in Section 5.2, the BNDAC corpus was written by 66 partic-
ipants, therefore, we chose 66 participants from the BDAC corpus as well.
After that, transliteration from the original Arabic text using the Buckwalter
transformation was applied on both texts. To run the experiment, a 10-fold
cross-validation was performed using the BDAC and BNDAC, each test text
that was not part of the training data was compressed using PPMD charac-

ter models on the remaining text, using different orders from 0 to 5.

Initial results using these two corpora were disappointing. Table 5.4 shows
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the F1 score of order 0 to order 5. The results obtained were poor and
would not be useful as a means of accurately classifying dyslexic text. These
result further supported the conjecture that the style of the corpus plays an
essential role in the classification.

Table 5.4: Classification results of dyslexia (BDAC) versus non-dyslexia (BNDAC)
text using different PPMD orders.

Order 0 | Order 1 | Order 2 | Order 3 | Order 4 | Order 5
Rec. 0.62 0.60 0.53 0.51 0.39 0.40
Prec. 0.66 0.76 0.83 0.80 0.76 0.72
F; score 0.64 0.67 0.64 0.62 0.52 0.52

As such, there is a need to improve the compression modelling based classi-
fication, possibly by improving the compression. One technique that leads
to a significant improvement in compression performance is Bi-graph Sub-
stitution for PPM (“BS-PPM”) (Alhawiti, 2014) (see Figure 5.3). This is
where the most commonly repeated bi-graphs in the text are replaced with
new single symbols that are essentially added to an expanded alphabet. A
bi-graph is the same two characters showing up together consecutively, such

as 44377

[E: “in”] for Arabic. The bi-graph replacement is done during the pre-
processing step. The effect of the bi-graph replacement pre-processing is that
fewer symbols are being processed which makes the text more predictable
therefore enhancing the compression results. During the post-processing
step, the new symbols are replaced with the original bi-graphs by expand-

ing them, thereby recovering the original text in a lossless manner.

Previous studies by Teahan (1998) and by Alhawiti (2014) have shown that
PPM with bi-graph replacement as a pre-processing step prior to compres-

sion usually leads to small improvements in compression for English text
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Figure 5.3: Pre-processing and post-processing for PPM using bi-graph replace-

ment.

but produces significant improvements for Arabic text. Alhawiti (2014)
conducted an experiment by examining the most frequent 20 bi-graphs for
Arabic and English. The experiment used the Corpus of Contemporary
Arabic (CCA) (Al-Sulaiti and Atwell, 2006), the Brown corpus (Francis and
Kucera, 1979) and the LOB corpus (Johansson, 1980). The result showed
that the top 20 bi-graphs take up almost 10% of the English texts and
represent about 17% of the Arabic text. Moreover, Al-kazaz (2018) investi-
gated the number of times that each n-graph occurs in a large Mixed Arabic
corpus. The large Mixed Arabic corpus is a combination of the BACC (Al-
hawiti, 2014), Corpus A created by Alkahtani (2015) and a selection of
files from the King Saud University Corpus of Classical Arabic (KSUCCA)
(Alrabiah et al., 2013). Al-kazaz (2018) found that the occurrence of the

top 30 bi-graphs represent 21% of the corpus.

An experiment reported here examined the top 20 bi-graphs of the BDAC
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and BNDAC corpus. Each character’s percentage (%) was calculated using
equation 3.1 in Chapter 3. The result shows that for the BDAC, the top
20 bi-graphs takes up 15.71% while for the BNDAC, it takes up 16.65%.
Table 5.5 shows the bi-graphs frequency statistics for the BDAC corpus and
BNDAC corpus.

Table 5.5: Bi-graphs frequency statistics for the BDAC corpus and BNDAC corpus.

. BDAC BNDAC
Ranking Bi-graphs | Freq. % | Bi-graphs | Freq. %
1 Ji 7583 | 4.899 Ji 2618 | 5.287
2 o 1667 | 1.077 . 492 | 0.994
3 Iy 1312 | 0.847 Iy 395 | 0.798
4 Yy 1141 | 0.737 b 376 | 0.759
5 o 1106 | 0.714 L 344 | 0.695
6 3 1082 | 0.699 3 335 | 0.677
7 a 1053 | 0.680 L 331 | 0.668
8 L 895 | 0.578 R 324 | 0.654
9 ol 890 | 0.575 la 310 | 0.626
10 Je 876 | 0.566 o 307 | 0.620
11 G 810 | 0.523 Je 303 | 0.612
12 4 754 | 0.487 o 285 | 0.576
13 o 690 | 0.445 L 254 | 0.513
14 I 664 | 0.429 o 244 | 0.493
15 o 654 | 0.422 o 242 | 0.489
16 K 649 | 0.419 N 238 | 0.481
17 - 634 | 0.409 K 231 | 0.467
18 o 621 | 0.401 I 215 | 0.434
19 - 615 | 0.397 M 209 | 0.422
20 o 610 | 0.394 y 198 | 0.400
Total 24306 | 15.714 8251 | 16.653

Therefore, for the purposes of this Arabic dyslexia classification experiment,
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bi-graph replacement of the top 100 bi-graphs generated from the source text
for the BDAC and BNDAC, because this was found to work best by Teahan
(1998) and Alhawiti (2014).
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Figure 5.4: Accuracy of dyslexia (BDAC) versus non-dyslexia (BNDAC) text clas-
sification using different BS-PPM orders.

Significant improvement was achieved using the bi-graph replacement tech-
nique for the compression based classifier. Table 5.6 shows the recall, preci-

sion and F4 score which are now improved for the different orders.

Table 5.6: Classification results of dyslexia (BDAC) versus non-dyslexia (BNDAC)

text using different BS-PPM orders.

Order 0 | Order 1 | Order 2 | Order 3 | Order 4 | Order 5
Rec. 0.83 0.98 0.95 0.93 0.93 0.93
Prec. 0.96 1.00 1.00 1.00 1.00 1.00
F; score 0.89 0.99 0.97 0.96 0.96 0.96

Clearly, the much better compression in this case produced significantly
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better classification.

Previous studies for PPM text classification have also investigated using
different orders. For example, Frank et al. (2000) found order 2 is the most
effective order for English topic categorisation while Almahdawi and Teahan

(2018) found order 4 for emotion recognition.

In regards to dyslexia classification, reported in this thesis, a lower order
was found to be more effective than a higher order model. To examine this
further, Table 5.7 shows the codelength ratio for five samples documents

(D1, D2, D3, D4 and D5) taken from the BDAC dyslexia corpus.

Table 5.7: Different order of BS-PPM over dyslexia and non-dyslexia corpora.

Order 0 Order 1 Order 2
Dyslexia Non-dyslexia | Dyslexia Non-dyslexia | Dyslexia Non-dyslexia

Model Model Model Model Model Model
(bpb) (bpb) (bpb) (bpb) (bpb) (bpb)

D1 6.55 6.27 6.05 6.33 6.09 6.60

D2 6.40 5.87 5.53 5.69 5.56 5.73

D3 6.67 6.14 5.50 5.68 5.85 5.62

D4 6.57 6.04 5.71 5.93 6.01 5.93

D5 6.60 6.38 5.90 6.41 5.93 6.52

The best codelength ratio was order 1. This again could be due to the
context of dyslexia text and the errors made. Although the order 1 model
performs best in terms of both compression and classification, the higher

orders still produced effective classification performance.

5.3.3 Experiment to Compare PPM with Other Classifiers

The purpose of this final experiment was to determine how the PPM clas-

sification method compares to other methods such as Multinomial Naive
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Bayes and Support Vector Machiness. The Multinomial Naive Bayes and
Support Vector Machines classifiers have been described in Chapter 2. In
the experiment, the Weka machine learning toolkit (Hall et al., 2009) was
used for these methods. To classify text documents using Weka, the data
set was preprocessed using a string-to-word-vector-filter and a CharacterN-
Gram tokeniser. The classification F; score results are shown below in Table

5.8.

Table 5.8: Summary of F; experimental results for dyslexia classification using

cross-validation.

Algorithm BDAC vs. | BDAC vs.
ALC BNDAC
MNB 0.96 0.78
SVM 0.98 0.81
PPM 0.99 0.71
MNB with bi-graph - 0.96
replacement
SVM with bi-graph - 0.93
replacement
PPM with bi-graph — 0.99
replacement

The algorithms provided similar results in distinguishing between the BDAC
and ALC text. With regard to distinguishing between the BDAC and BN-
DAC texts, PPM without bi-graph pre-processing produces a lower F; score
compared to MNB and SVM. However after pre-processing, the F; score

increases to 0.99 outperforming the other two algorithms.
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5.4 Conclusion

This chapter investigated a new form of text classification in order to test
whether it is possible to distinguish between text written by people who
are dyslexic with text written by people who are not dyslexic. The chapter
specifically investigated using a text compression based classification method

using the PPM algorithm with different orders to classify the dyslexic text.

Different experiments were conducted. An initial experiment using non-
dyslexic text from an Arabic learner corpus (ALC) achieved very high ac-
curacy using an order 1 PPM model. One possible explanation is that the
dyslexic and non-dyslexic text used in the experiment were relatively easy
to distinguish because they comprised different styles and were collected for
different types of people in different ways. This led to the creation of a
new non-dyslexic Arabic corpus (BNDAC) which used the same style and
age as the dyslexia Arabic corpus (BDAC). Results showed that a bi-graph
pre-processing method combined with PPM achieved the best classification
results for the Arabic texts. Moreover, two other algorithms, SVM and
MNB, were used to compare the results obtained with PPM. The experi-
mental results show that using PPM to identify dyslexic text yielded the

best performance.

Further sets of experiments investigated another language (English) for
dyslexia classification to confirm if the result was applicable beyond the Ara-
bic. The preliminary experiments produced similar results at distinguishing
between the dyslexic and non-dyslexic texts. However, further experiments
are required and these go beyond the scope of this thesis which is focussed

on dyslexic texts in Arabic.
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Chapter 6

Automatic Correction of

Arabic Dyslexic Text

6.1 Introduction

Spelling errors have a significant influence on the way a person is perceived
within a community and the frequency of such errors are often viewed as
being linked to a person’s intelligence (Rello et al., 2015). In this con-
text, Graham et al’s finding is that technologies (e.g. spellcheckers) can
be used to aid people with dyslexia in order to minimise the incidence of
spelling errors in their writing (Graham et al., 2001). Furthermore, as noted
by Hiscox et al. (2014), automatic spelling correction can increase the moti-
vation of people with dyslexia to write, thus elevating both their quality of

life and the quality of their writing.

Therefore, this chapter describes a new system called Sahah “r-.” [E: “Cor-

rect” B: “SHH”] for the automatic spelling correction of dyslexic Arabic text.
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The system described in this chapter uses the PPM compression-based lan-
guage model and edit operations to generate possible alternatives for each
error. The correct alternative for each error word is then selected automati-
cally using the compression codelength. This chapter empirically shows how

dyslexic errors in Arabic text can be corrected.

This chapter is organised as follows. Section 6.2 discusses spelling correction
functions. Section 6.3 describes the Sahah system. After that, Section 6.4
discusses the evaluation methodology and Section 6.4.2 presents the exper-
iments that were used to evaluate the effectiveness of the Sahah system.
Firstly, the accuracy of the system is evaluated using an Arabic corpus
(the BDAC) containing errors made by people with dyslexia. Secondly, the
results of the system are compared with the results obtained using word
processing software and the Farasa! tool. Section 6.5 concludes the chap-

ter.

This chapter has been published in the Computers Journal (Alamri and
Teahan, 2019).

6.2 Spelling Correction Functions

There are two functions that commonly appear in spelling correction tools
namely a automatic correction function and a spellchecking function. These
may seem similar, but they work differently. A spellchecker flags uncor-
rected words in the document and provides potential alternatives, called a
suggestion list. In contrast, the purpose of the automatic correction func-

tion is to correct spelling errors automatically in the text without the need

"http://qatsdemo.cloudapp.net /farasa/
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to manually choose the word from a suggestion list. This is also called

“autocorrect” and “text replacement” (Liensberger, 2015).

Sean Douglas, an internet broadcaster who is dyslexic, highlighted some of
the issues relating to spelling correction for a person who is dyslexic: “I
generally have two options to deal with spelling mistakes; stop my writing
and address every red line as I make a mistake, or wait till I get to the end
to go through each spelling mistake one by one. While the built-in spell check
in programmes like MS Word are pretty comprehensive, the extra time and

fatigue caused by using them is far from desirable.”

Spellcheckers can help users to self-monitor typos; they can also help users
that have the cognitive ability to choose the correct spelling from a sugges-
tion list (Berninger et al., 2008; Berninger and Wolf, 2016). MacArthur et al.
(1996) and Montgomery et al. (2001) found that the spellchecker is most ef-
fective if the correct spelling is provided in the top three of the suggestion
list. Users with dyslexia may face difficulty in choosing the correct word
out of the ones suggested, so it is advisable to keep the suggestion list as
short as possible (Leahy, 2002). As stated in the Douglas quote above, with
spellcheckers, the writer needs to make an extra effort to correct errors.
Therefore, the researcher of this thesis believes that an effective spelling
correction tool for writers with dyslexia would be one that corrects the text
automatically without requiring that the writer chooses the right word out

of the suggested list.
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6.3 The Sahah System for the Automatic Spelling

Correction of Dyslexic Arabic Text

In order to propose an efficient spelling correction for dyslexic Arabic text, it
is necessary to study and categorize the error patterns of dyslexia which has
been done in Chapter 4. As mentioned earlier, the Sahah system is intended
to correct dyslexic text automatically by using both a language model based

on the PPM text compression scheme in addition to edit operations.

The workflow of the proposed Sahah system (see Figure 6.1) starts with
transliteration from the original Arabic input text using the Buckwalter
transformation in order to deal with Arabic text more effectively as men-
tioned in Chapter 2, Section 2.7.1.4, and consists of three stages. The first
stage (Stage 1) is a pre-processing stage. The second stage (Stage 2) is a
detection and correction stage that contains three further sub-stages: a sub-
stage for error detection using a dictionary and two sub-stages for correction.
The first sub-stage (2a) uses a PPM model to correct dyslexic errors accord-
ing to their context. The second sub-stage (2b) is for error detection and
uses an AraComLex dictionary (Attia et al., 2012). The third sub-stage (2c)
is based on edit operations to generate a candidate list, then the codelength
of the surrounding trigram is calculated in order to score and choose one

word from the candidate list for the error.

The final stage (Stage 3) is the post-processing stage. The Sahah system
ends with the reverse of the Buckwalter transliteration back to Arabic text.

More details about each stage are described below.
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Figure 6.1: Workflow of the Sahah system.

6.3.1 Pre-processing Stage

While preparing the data for the process of error detection and correction,
some errors such as tackling of split words and repeated characters were
identified as causing ‘noise’ within the data, complicating the process. The
analysis of dyslexic texts revealed that people with dyslexia sometimes divide
Arabic words into two. This division could be due to the word having a short
vowel or due to the pronunciation of the word. However, in some cases,
a person with dyslexia inserts a space after prefixes or before suffixes; for
instance, “w of 7 [B: “<n hA”] to represent the word “i” [E: “it” B: “<nhA”
R: “annaha”], which is not acceptable in Arabic texts. The characters “w” |
B: “hA”] are an Arabic suffix; thus, the way to cover the space insertion was
inspired by a light stemming process, which refers to a process of removing
prefixes and /or suffixes, without recognising patterns, dealing with infixes or

finding roots (Larkey et al., 2002). However, instead of removing the prefix
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or suffix, we concatenated the two together as part of the pre-processing
process; for example, as in the word “ui” [B: “<n”] and the suffix “&” [B:

“hA”] to be “i” [E: “it” B: “<nhA” R: “annaha”].

The most common prefixes and suffixes based on the dyslexia corpus analysis

were selected as shown in Table 6.1.

Table 6.1: The most common prefixes and suffixes based on the dyslexia corpus

analysis.
Arabic | Buckwalter Arabic | Buckwalter

By 11 5 tmA
o f b hA
Bl k I wA
J 1 b nA

| A b tA

Prefixes Suffixes

s kA 5 ty
Ji Al 3 n

L bA . h
Ji <l o t

G fA S y
& by : P

Additionally, the pre-processing stage covered the case where %’ [B: ‘p’] is
used in the middle of the word, as the character %’ [B: ‘p’] only appears in
the last position in words. Consequently, it is replaced with the character
‘2’ [B: ‘t’], as it is the most likely intended character. For example, the

erroneous word “,i” [B: ‘mkpbp’] is replaced by “i:%.” [B: ‘mktbp’].

Hassan et al. (2014) removed the incorrect redundant characters from the
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word. Likewise, the pre-processing stage in the Sahah system corrected
the redundant characters, but with some modification. The modification is
that in the Arabic language, there are some words in which a character can
be repeated twice; for instance,“;” [E: “Excellent” B: “mmtaz”] repeats
the character ‘2’ [B: ‘m’] twice. Therefore, characters that were repeated
more than twice were reduced to just two repeated characters because no
Arabic word contains three consecutive characters. However, there are some
characters that can not be repeated consecutively twice, which are: 1,7, |, «,
&, < and s. This case is solved by reducing the repeated characters to one.

Table 6.2 illustrates the way repeated characters were removed.

Table 6.2: Cases of removing the redundant characters.

Error Intended word After pre-processing

“lleadi [B: “Almmmlk”] | swi [B: “The king” B: “Almlk”] AL [B: “Almmlk”]

opalll [B: “AllSwrh”] | 5.0 [E: “The picture” B: “AlSwrp”] osall [B: “AllSwrh”]

allew [B: “smAAyh”] $lew [E: “His sky” B: “smA}h”] slew [B: “smAyh”|

It was found that if the pre-processing step was introduced prior to the error
detection and correction stage, it would resolve the issue of the split words
and repeated characters, which meant that the accuracy of the detection
and correction stage would be enhanced. For example, in Table 6.2 there is
the word “siw” [B: “smAAyh”], which contains the redundant characters
“” [B: “AA”]. If the Sahah system does not include the pre-processing stage,
Sahah will change the word “«il.” [B: “smAAyh”] to “&sln” [B: “smAwyp”],
which is not the intended word. However, by using the pre-processing stage,
the Sahah system can correct the error to the intended word, which is “st..”
[E: “His sky” B: “smA}h” R: “smi’ah”]. Therefore, the pre-processing stage
described above included the tackling of split words and repeated charac-

ters.
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6.3.2 Error Detection and Correction Stage

This stage was as stated divided into three sub-stages: sub-stage (2a) that
employed the PPM compression-based language model; sub-stage (2b) that
employed error detection based on a dictionary; and sub-stage (2c) that
employed edit operations to generate the candidate list, then score the can-
didate list based on the codelength. The workflow of stage 2 is shown in

Figure 6.2; also more detail about each sub-stage are explained below.

Stage 2a: Stage 2b: Stage 2c:
I Edit-operations:
Pre- . Word exists ; insertion,
re ’;' t text e PPM model Output text in AraComLex No»> deletion,
output text wordlist? substitution and
| : : transposition
ord exists
in AraComLex
wordlist?
Yes
Choose the word Get previous
that has the Calculate the word + . .
Output text — . «—— codelength of N Candidate list
minimum the tri candidate word
codelength e trigram + next word
T Yes

Figure 6.2: Workflow of the error detection and correction stage of the Sahah

system.

According to Abu-Rabia and Sammour (2013) one of the main spelling rules
in Arabic which students find it difficult to master concerns the writing of
Hamgza. Thus, this order of sub-stages arose after discovering the importance
of correcting some errors first such as the Hamza error type before checking

the word with the dictionary and generating the candidate list.

For example, the sentence “C ulsll Jasdl wlisl onsy” [B: “wtbyn AnZmh AltS$ygl
IIHAswb”| contains three errors types. The second word “a.ks!” [B: “AnZmh”]

contains two types of errors; ‘'[B: ‘A’] needs to replaced with '[B: ‘<’] and
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’[B: ‘p’] needs to be used instead of ‘s’[B: ‘h’]. The third word is “ jxz1” [B:

“Alt$ygl”] with the transposition of “_2” [B: “gy”] to “&” [B: “yg”].

Table 6.3 illustrates the result of using the PPM correction sub-stage (2a)

first, then the edit operation correction sub-stage (2c) next, and vice versa.

Table 6.3: Example of an error that corrects with a different ordering of sub-stages.

PPM correction Detection — Edit operation
Order 1 PN U W U UV - SN -1 O P WP W WU S - SO =S U
rder
[B: “wtbyn <nZmp Alt$ygl 1I- | [B: “wtbyn <nZmp Alt$gyl I1-
HAswb”| HAswb”|
Detection — Edit operation PPM correction
rder
[B: “wtbyn nZmh Alt$gyl 1- | [B: “wtbyn nZmh Alt$gyl 1-
HAswb”] HAswb”]

As shown in Table 6.3, if the PPM correction sub-stage (2a) is utilised first
then followed by the detection sub-stage (2b) and edit operation sub-stage
(2c), the system can correct all the errors in the sentence. Contrariwise, if
we utilised the detection (2b) and edit operation sub-stage (2c) first then the
PPM correction sub-stage (2a) next, the system can correct the transposition

error only.

6.3.2.1 Sub-stage 2a: PPM Correction

This sub-stage is based on using the PPM language model (PPM has been
described in detail in Chapter 2, Section 2.7.1). For the correction process,
we use an encoding-based noiseless channel model approach as opposed to
the decoding-based noisy channel model (Teahan, 2018). As Teahan (2018)

mentioned, instead of performing a decoding of the observed message we
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can perform a search to find the best encoding of the target message. We
use ‘observed—corrected’ rules, which denotes the transformation from the
observed state to the corrected state when the noiseless channel correction
process is applied. The PPM model was applied in order to correct the errors
for a given set of transformations rules by using a Viterbi-based algorithm to
search through all possible alternative spellings for each character in order
to find the most compressible sequence from these possible alternatives at

the character level.

The Viterbi algorithm guarantees that the alternative with the best com-
pression will be found by using a trellis-based search: all possible alternative
search paths are extended at the same time, and the poorer performing al-
ternatives that lead to the same conditioning context are discarded (Teahan,

1998).

As previously mentioned in Chapter 2, Section 2.7.1, there are two mech-
anisms of PPM; update exclusions (UE) and without update exclusions
(WUE). In order to check the performance of the model with and with-

out update exclusions, two experiments were conducted.

To perform the experiment, ten percent of the Bangor Dyslexia Arabic Cor-
pus (BDAC) was used. Firstly, two models were created from standard
Arabic text as represented in a training corpus; one model with update ex-
clusions and one without update exclusions. The training corpus consisted
of the BACC corpus, a 31,000,000-word corpus called the Bangor Arabic
Compression Corpus (BACC) created by Alhawiti (2014) for standardising
compression experiments on Arabic text. Alkahtani (2015) developed a par-
allel corpus that includes 27,775,663 words in Arabic, based on corpora from

Al Hayat articles and the open-source online corpora database and from the
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King Saud University Corpus of Classical Arabic (KSUCCA), which is part
of research attempting to study the meanings of words used in the Holy
Quran through analysis of their distributional semantics in contemporane-
ous texts (Alrabiah et al., 2013). The above three corpora combined are
jointly referred to here as the BSK corpus. A large text corpus was needed
in order to develop a well-estimated language model. This need was met by

the BSK corpus.

Then, these models were used in the initial sub-stage (2a). Table 6.4 shows

the findings indicated that using update exclusions and without update ex-

clusions.
Table 6.4: Improving the model of sub-stage 2a.
Sub-stage Detection Correction
2a Rec. | Prec. | F1 score | Acc. | Rec. | Prec. | F1 score | Acc.
UE 0.61 0.91 0.73 0.82 | 0.22 0.79 0.34 0.66
WUE 0.52 0.92 0.67 0.79 | 0.26 0.86 0.40 0.69

As a result of the above experiments, the model without update exclusions
was selected for sub-stage (2a). Subsequently, two models with and without
update exclusions were created using the BSK to see which one worked bet-
ter in calculating the codelength (Sub-stage 2¢). The results are presented
below in Table 6.5:

Table 6.5: Improving the model of sub-stage 2c.

Sub-stage Detection Correction
2c Rec. | Prec. | F; score | Acc. | Rec. | Prec. | F; score | Acc.
UE 0.75 0.93 0.83 0.88 | 0.40 0.89 0.55 0.74

WUE 0.75 | 0.93 0.83 0.88 | 0.41 0.89 0.56 0.74

The results of these different experiments revealed that the language model
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without update exclusions produced improved results by approximately 2%
over the model with update exclusions, which is compatible with the find-
ings of Al-kazaz for cryptanalysis (Al-kazaz et al., 2018). Therefore, the
variant of PPM model adopted in this chapter was without update exclu-

sions (WUE).

For example, in order to correct the erroneous word “ w>1" [B: “AHmd”],
which contains one error, ' [B: ‘A’] is replaced with ‘" [B: >’]. The cor-
rect version is ¢ w~” [B: “>Hmd”]. The Viterbi-based search algorithm
generated possible alternative for each character by using the set of trans-
formations rules shown in Table 6.6.

Table 6.6: Set of transformations rules from the DECA used for sub-stage (2a) in

the Sahah system.

=7 | =5

=1 | b=

| — <!

f— . O—>1

s | o

= o—1

P o—

i e | o—

[ O—

85— j—>’
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From the example, the character /" [B: ‘A’] can be (‘" [B: ‘<], or 7" [B: *>],

or ‘¢’ [B: ‘Y]).

The Table 6.7 shows the output of utilising the PPM language model to

calculate the codelengths for the corrections using the large BSK training

114



corpus. Thus, the smallest codelength was given to the word “ai" [B:

“>Hmd” R: “ahmd”], which is the correct version of the word.

Table 6.7: The codelength of possible alternatives spellings by using the confusions

in Table 6.6 for the erroneous word “aiesI".

Transformation Codelength
7 [B: ‘A’] — 7 [B: ‘> | i [B: “>Hmd”] = 12.26 bits
4 [B: ‘Al — Y [B: ‘<] | wexl [B: “<Hmd”] = 24.94 bits
9 [B: ‘Al = ‘& [B: Y] | e [B: “YHmd”] = 28.06 bits
4 [B: ‘A’ — 4 [B: ‘A’] | wx! [B: “AHmd”] = 15.95 bits

The pre-processing stage and the PPM correction stage covered many error
types from the DECA, which include the Hamza, Confusions, Diacritics and
Form, but it did not include the common errors, which are omission, addi-
tion, substitution and transposition. Therefore, Norvig’s approach (Norvig,
2009) was deemed appropriate for these type of errors. However, first it is
necessary to know whether or not the word is an erroneous word; hence,

Sub-stage 2b is required.

6.3.2.2 Sub-stage 2b: Error Detection

The most direct means of detecting error words is to search for each word
in a dictionary and report the words that are not located therein. Based on
this principle, an open-source dictionary was used to detect errors with a
list containing nine million Arabic words. The words in this dictionary were
generated automatically from the AraComLex open-source finite state trans-
ducer (Attia et al., 2012), since it is a free resource that has proven to be ef-
fective in previous studies to either correct or detect spelling errors (Shaalan

et al., 2012; Hassan et al., 2014; Zaghouani et al., 2015).
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Prior to checking whether a word is in the AraComLex or not, any dia-
critical marks have to be removed for two reasons. The first reason is that
the dyslexic corpus itself does not contain diacritical marks. People with
dyslexia have diacritical issues — for example, they write the diacritical Tan-
win as character ‘v’ [B: ‘n’], but do not usually put diacritical marks in their
writing. The second reason is that the AraComLex does not contain diacrit-
ical marks. If the input word was not located in the AraComLex dictionary
as illustrated in Figure 6.2, it was considered to contain a spelling error and

was passed to the edit operation Sub-stage 2c.

6.3.2.3 Sub-stage 2c: Edit Operations

This sub-stage is based on using edit operations, which consist of applying
addition (add a letter), omission (remove letter), substitution (change one
letter to another) or transposition (swap two adjacent letters) of the error
word, and returns a set of all of the edited words that can be achieved using
one or two edit operations. A set of candidate corrections is then generated,
including real and non-real words. The candidate list was filtered with
reference to an open-source dictionary (AraComLex), commencing with the
list of known words for the first edit operation, if any existed, and proceeding

to the list of known words for the second edit operation.

Once the Sahah system has generated the candidate list, the PPM lan-
guage model is run to calculate the codelength of the candidate surrounding
trigram (previous word, candidate word and next word), then returns the
candidate word with the lowest candidate trigram codelength. Using the
previous example in Section 6.3.2 above, “Csul=l fasal adsl oosy” [Br “wt-

byn AnZmh Alt$ygl lIHAswb”], following sub-stage 2a, which corrected the
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second word Lyl Jaidl adsl osy” [B: “wtbyn >nZmp Alt$ygl IHAswb”],
there was still an error in the third word “ jaz” [B: “Alt$ygl|”], which was
under the common category. Table 6.8 shows the candidate list for the error

word “ Jaza” [B: “Alt$ygl”]:

Table 6.8: Codelengths for different candidate trigrams for a sample correction.

Candidate word Candidate trigram Codelength (bits)

“ el [Br “AltSgyl”] | “Cplall fand 2t [B: “>nZmp 100.82

Alt$gyl IHAswb”]
“ L [Br “AlSAElY] | “oplall felad st [B: “>nZmp 106.45

Alt$Agl IHAswb”]

The lowest codelength is for the candidate word “jazd” [B: “Alt$gyl”],
which required 100.82 bits to encode the trigram. Therefore, the Sahah
system corrected all errors in the following sentence: “Csulod) foaial doal sy
[E: “and show the operating systems of the computer” B: “wtbyn >nZmp
Alt$gyl IHAswb” R: “w tbyn anzmat altsgyl llhaswb”].

6.3.3 Post-processing Stage

The space omission problem was tackled using word segmentation during
the post-processing stage. Word segmentation is the process of determining
the most compressible sequence when all possible insertions of space are
considered. It is an important task for some natural language processing
applications, such as speech recognition. Character-based PPM models with
the use of the Viterbi algorithm (Viterbi, 1967) has achieved a high accuracy
rate for the word segmentation of English and Arabic text (Teahan, 1998;
Alhawiti, 2014).

In order to correct the segmentation of dyslexic errors where spaces had been
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omitted, the order five character-based PPM model was first trained on the
three corpora (BSK). Two segmentations are possible for each character:
the character itself and the character followed by a space. In order to find
the most probable segmentation sequence that exhibits the best encoding
performance, as determined by the PPM language model, the Viterbi-based
search algorithm via the noiseless channel model approach was used again to
find the best segmentation as measured by the sequence of text with spaces
inserted that had the lowest compression codelength. For example, a sample
incorrect sequence is “s .z 3W)” [B: “AlTA }rgrd”], while the intended sequence

is “s;¢ 3" [E: “the bird is chirping” B: “AlTA}r grd”].

The last step in the Sahah system is the reverse transliteration of the output

back into Arabic.

6.4 Evaluation

This section discusses the evaluation methodology and the experiments that
were conducted to evaluate the performance of the Sahah dyslexic Arabic

spelling correction system that is presented in this chapter.

6.4.1 Evaluation Methodology

There are five possible outcomes of the Sahah system. These cases are
based on those proposed by Pedler (2007). However, the case where “the
error was considered by the program but wrongly accepted as correct” was
not applicable in the Sahah system, so it was not adopted. This is because
once the Sahah system detected the error, it is either changed to a correct

word or an incorrect alternative word. Errors can be dealt with in the first

118



three cases below, and correctly spelt words can be dealt with in the last

two cases as below:

Corrected case: The error is detected and replaced with the intended

word (Case I).

Incorrect alternative case: The error is detected and replaced with an

incorrect alternative (Case II).

Missed case: The error is not detected, and therefore, the system does

not correct it (Case III).
Skipped case: The word that is spelt correctly is accepted (Case IV).
False alarm case: The word that is spelt correctly is changed (Case V).

The sentence below illustrates the five possible outcomes as represented by
the error — correction form:
The raw text: “Thei were not the onle ones leving on that land.”

The gold-standard text: “They were not the only ones living on that land.”
Case I: Thei—They.
Case II: leving—leaving.
Case III: onle—onle.
Case I'V: were—were.
Case V: land—island.

The evaluation methodology used in this study is based on recall, precision,
F1 score and accuracy, which are common natural language processing mea-
sures. The gold-standard correction for each spelling error was manually

prepared as described in Chapter 4.
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The two main functions of the Sahah system are error detection and error
correction. The evaluation of the Sahah system was therefore separated into

two parts: error detection evaluation and error correction evaluation.

Error detection evaluation: The error detection function evaluates whether
a word is detected when compared with the gold-standard manual annota-
tion. Recall, precision, F; score and accuracy are calculated using equa-

tion 2.1, 2.2, 2.3 and 2.4 in Chapter 2 as follows:

The total number of corrected words and incorrect alternative words (Case
I and Case II) gives the T'P, while the F'N is the number of missed words
(Case III), F'P is the number of false alarm words (Case V) and T'N is the

number of skipped words (Case IV).

Error correction evaluation: The error correction evaluation is calcu-
lated by determining whether a word has been successfully corrected based
on the gold-standard manual annotation. Recall, precision, F; score and
accuracy can then also be calculated using equation 2.1, 2.2, 2.3 and 2.4 in

Chapter 2 as follows:

TP is the number of corrected words (Case I) and T'N is the number of
skipped words (Case IV), while F'N is the total number of incorrect alter-
native words and missed words (Cases II and III) and F'P is the number of

false alarm words (Case V).

The difference between the two confusion matrices is only in Case II, moving
from TP in detection to F'N in correction. The reason is to consider the

corrected cases only in order to evaluate the correction.
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6.4.2 Experimental Results

The Sahah system developed for this study was evaluated in two ways: (i) us-
ing the BDAC corpus that consisted of text written by people with dyslexia;
and (ii) using a comparison with commonly-used spellcheckers/tools.

(i) Experiment using the BDAC corpus: This experiment used the
BDAC corpus (28,203 words). The recall rate, precision and F; score for
the pre-processing stage and Sub-stage 2a using the PPM language model

are presented in Table 6.9.

Table 6.9: Detection and correction results after the pre-processing stage and sub-

stage 2a of the Sahah system.

Rec. | Prec. | F1 score Acc.
Detection 0.53 0.93 0.68 0.84
Correction | 0.28 0.88 0.43 0.76

When all stages and sub-stages are taken into consideration, the Sahah

system achieved a better result as shown in Table 6.10.

Table 6.10: Detection and correction result after all stages and sub-stages of the

Sahah system were applied.

Rec. | Prec. | F1 score Acc.
Detection 0.75 0.93 0.83 0.90
Correction | 0.43 0.89 0.58 0.80

The F; score for correction increased by 15% when the edit operations Sub-
stage 2c was used. It is clear that the inclusion of Sub-stages 2b and 2c led
to a higher rate of recall, precision, F; score and accuracy. Some examples

of Sahah output using BDAC are shows in Appendix 8.

(ii) Experiment using a comparison with commonly used spellcheck-
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ers/tools: For the experimental comparison with commonly-used tools,
there are two parts: namely detection comparison and correction compari-

Som.

Detection Comparison

For our comparison, we compared the results of the Sahah system against
Microsoft Office and Ayaspell 3.0 used in OpenOffice because it is a widely-
used word processing software. Furthermore, there are a number of previ-
ous studies that used Microsoft Office and Ayaspell to evaluate their ap-
proach (Noaman et al., 2016; Attia et al., 2012; Mars, 2016; Rello et al.,
2015). The results in Table 6.11 list recall, precision, F; score and accuracy

by using the BDAC corpus.

Table 6.11: Detection comparison using the Bangor Dyslexia Arabic Corpus

(BDAC) corpus.

Spellchecker tool Rec. | Prec. | F; score Acc.
MS word 0.47 | 0.97 0.63 0.83
Open Office Ayaspell | 0.52 | 0.98 0.68 0.85
Sahah 0.75 | 0.93 0.83 0.90

The assessment of our system’s ability to detect errors is based on the Fy
score. Sahah’s 0.83 (shown in bold font) was significantly higher than that
for both Ayaspell for OpenOffice (0.68) and Microsoft Word (0.63).

Correction Comparison

The Sahah system does not show a suggestion list, which means there is no
need for human interaction to replace erroneous words. Thus, the spellcheck-
ers investigated above in Table 6.11 are not compatible with our correction
system that was investigated for these experiments. Therefore, for compar-

ison purposes, the results obtained from this study for the Sahah system in
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Section 6.4.2 above were compared to the results obtained using the Farasa

tool, which is a text processing toolkit for Arabic text.

Farasa comprises a segmentation/tokenisation module, a part-of-speech tag-
ger, an Arabic text diacritizer and spellchecker. Farasa is available online
and operates in a similar way to the Sahah system in this study. The Farasa
tool corrects the text automatically without showing a suggestion list. The
use of Farasa has been described in two papers (Mubarak and Darwish,
2014; Mubarak et al., 2015). Both studies produced results with respect to

correcting Arabic news, native and non-native text.

The results in terms of recall, precision, F; score and accuracy using the

BDAC corpus are presented in Table 6.12.

Table 6.12: Correction comparing the Sahah system with the Farasa tool.

Tool Rec. | Prec. | F; score | Acc.
Farasa | 0.23 0.84 0.36 0.74
Sahah | 0.43 0.89 0.58 0.80

When compared with the Farasa tool, the Sahah system achieved a higher

F4 score.

Although the Sahah system produced good recall, precision and F; score
rates as discussed above, it could not detect some errors (Type I) or could
not correct some errors that were detected (Type II). The errors can be

categorised as follows:

e Type I: The Sahah system in some cases could not detect an error if
the word used matched with a word in the dictionary. Furthermore, it
could not detect errors falling under the word boundary error category,

for example the use of “ gy 7 [B: “ly Eqwlhm”] instead of “ ¢z [E:
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“To their minds” B: “lyEqwlhm”] where both words are valid. How-
ever, it is worth noting that none of the widely-used word processing
software, Microsoft Office and Ayaspell 3.0 used in OpenOffice or the

Farasa tool referred to above can detect this type of error.

Type II: If more than one letter in the word is deleted or added, it
makes the word hard to correct. In such cases, the Sahah system
inserted an alternative word. For example, instead of the erroneous
word “ " [B: “Altr”], which is missing three letters, the Sahah system
substituted it with “,3” [B: “Albr”] when the intended word was “a, 1"
[B: “Altrbyp”]. When the erroneous word contained more than three
types of errors, the Sahah system could easily detect the error, but
could not correct it, for example, “s>uo” [B: “AlylAmlAy”] which
was used instead of “isLyl” [B: “Al<mlA}yp”]. This contained five
errors that were detected by the Sahah system, which then exchanged

it with the incorrect alternative “¥(52” [B: “Al}Am 1>y7].

Type II: An incorrect alternative occurred when the wrong candidates
were chosen on the basis of the codelength of the trigram. For example,
for “_ssa)” [E: “The thieves” B: “AlSwS”], the candidates’ list included
“ esal” [E: “The thieves” B: “AllSwS”] (94.72 bits) and “c,ai” [E:
“The voice” B: “AlSwt”] (89.46 bits). The candidate list contained
the intended word, but the smallest codelength was for [B: “AlSwt”],

which is an incorrect alternative in this case.

Type II: Addition words, deletion words or synonyms written for a
word during dictation time such as “c.J” [E: “Home” B: “Albyet”]
instead of “J;l” [E: “House” B: “Almnzel”] fall outside the scope of

this study as they do not contains errors and are very rare in the
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BDAC corpus.

6.5 Conclusion

This chapter introduced the Sahah system that automatically detects and
corrects errors in Arabic text written by people with dyslexia. The Sahah
system has three stages: a pre-processing stage, that corrects split words and
repeated characters; the second stage that uses the character based PPM
language model to identify the best correction for the erroneous words, and
also uses edit operations (omission, addition, substitution and transposition)
and the correct alternative for each error word is chosen on the basis of the
compression codelength of the enclosing trigram; and the post-processing
stage that addresses the spaces that had been omitted. It does this by using
a character-based PPM method in order to correctly segment the errors

caused by people with dyslexia.

The BDAC containing errors made by people with dyslexia was used to eval-
uate the performance of the Sahah system presented in this chapter. This
system significantly outperforms the Microsoft Word and Ayaspell systems
for the detection stage and the Farasa tool in the correction stage. The
approach provided good results compared with the other tools, with an Fy

score of 0.83 for detection and an F; score of 0.58 for correction.
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Chapter 7

Conclusion

7.1 Introduction

This chapter discusses the work conducted in this thesis, and the experi-
ments performed. It also reviews the study’s aim and objectives, and the

answers to the research questions. Future work is also discussed.

7.2 Summary of the Thesis

This study investigated the feasibility of employing a technique based on
text compression, and specifically investigated the effectiveness of PPM, for
tackling the problem of classifying and correcting of Arabic dyslexic text.
Several experiments addressing the classification problem were conducted,
resulting in significant improvements to the accuracy of Arabic dyslexic text
classification. In addition, a new system for the automatic spelling correction

of dyslexic Arabic text was developed.
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This research study commenced with a review of Chapter 2, which reviewed
the dyslexia. It discussed fundamental characteristics of the Arabic lan-
guage, highlighting and describing the spelling errors produced by people
with dyslexia and Arabic writers with dyslexia and corpus linguistics. It ex-
plored the methods that can be used to classify and correct text. It also pre-
sented an extensive review of the PPM compression scheme, together with

a description of how the codelength within this scheme is calculated.

Chapter 3 discussed the improvement and enlargement of the Bangor Dyslexia
Arabic Corpus (BDAC), the present content of which was gathered from
both male and female students in Riyadh, Saudi Arabia, who had been pro-
fessionally diagnosed with dyslexia, and who were from a similar population,
in terms of their age and education, and whose native language was Ara-
bic. The chapter also described the ways in which dyslexia is identified in
schools in Saudi Arabia, and explained the procedure employed for the col-
lation of the BDAC, the text for which was collected from different sources:
homework produced by people with dyslexia, text provided by the parents
of children with dyslexia, and a form answered by people with dyslexia.
In total, the current BDAC corpus consists of 28,203 words. As the liter-
ature review evidenced, the BDAC is the only dyslexia corpus for Arabic

text.

Chapter 3 also discussed how the text in the BDAC was transcribed into
an electronic format, explaining that the transcription was conducted man-
ually by the researcher and one volunteer. It then discussed the subsequent
analysis of the BDAC documents, which contained words, sentences, and
paragraph texts, together with the analysis of the participants’ information.
The analysis determined the frequency of the words and characters in the

BDAC, and found that the word with the most frequency was ‘3’ [B: “fy’]
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and the character with the most frequency was ’ [B: ‘A’].

Following the analysis in Chapter 3, Chapter 4 discussed the development
of a new dyslexic error classification scheme for Arabic texts (DECA), ex-
plaining that it was based on an analysis of previous studies of dyslexic
errors, which together provided a platform for understanding and analysing
the specific errors made by people with dyslexia. The resulting classification
scheme was comprised of 37 types of errors, grouped into nine categories.
The chapter also discussed the three evaluations that were conducted to
assess the DECA’s reliability and effectiveness. The first evaluation deter-
mined whether the error tags were sufficiently clear, and assessed whether
any types were absent from the DECA. Two annotators (Al and A2) con-
ducted the first evaluation. Both found that the types in the DECA were
clear, and A1 suggested the addition of two further types: Repeated Letters;
and Written Form in Beginning, Middle, or End. Consequently, Version 1
of the DECA was edited to include these two types. The second evaluation
involved a questionnaire that was sent to two primary school teachers of
children with dyslexia (T1 and T2). It was designed to assess whether the
DECA included all of the errors produced by students with dyslexia, and
whether the categories were appropriate. Both evaluators agreed that the
table of the types of dyslexic errors was comprehensive. The final evaluation
employed Kappa statistics to measure and compare the agreement between
the annotators. It was conducted by A2 and T1 from the previous eval-
uations, together with the researcher of this thesis (N1). The agreement
was 87% between T1 and N1, 88% between A2 and N1, and 84% between
A2 and T1, thereby demonstrating a high degree of agreement between the

annotators.

In addition, the process of the annotation of the BDAC was described. The
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chapter concluded with an analysis of Arabic dyslexic errors, which revealed
that some of the errors in the corpus occurred more than others, and that
the highest number of errors for a specific category was for the Common

errors category, followed by the Hamza category.

The two resources presented in Chapters 3 and 4, namely the BDAC and
DECA, are extremely valuable, as they pave the way for an Arabic dyslexia
corpus to be used for other purposes, such as for applications for Arabic
people with dyslexia. Thus, Chapters 5 and 6 explored the use of the Arabic
dyslexia corpus to classify and correct Arabic dyslexic text, which was the

main aim of this thesis.

Chapter 5 investigated a new form of text classification, in order to deter-
mine whether it is possible to distinguish between text written by people
with dyslexia, and text written by non-dyslexic people. The chapter specifi-
cally investigated the use of the PPM text compression scheme to classify the
dyslexic text, using different orders (from 0 to 5). In terms of the dyslexia
classification method employed, the dyslexia corpus and the non-dyslexia
corpus were selected as representative of dyslexic text and non-dyslexia text,
in order to train the PPM character-based language models. Two models,
the dyslexia model and the non-dyslexia model, were used to compute the
codelength ratio by compressing the test file, based on the training of the
two models. The chapter described the three corpora, that were employed
to create the dyslexic and non-dyslexia language models. Experiments were
conducted in order to evaluate the quality of the PPM classification method
for dyslexia classification. The first experiment used the BDAC and the
Arabic Learner Corpus (ALC) corpus with the result showing that PPMD
order 1 achieved an F; score of 0.99. The second experiment used a new

non-dyslexic Arabic corpus (the BNDAC) that was built for this study,
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that employed the same style as the BDAC, to determine the validity of
the preliminary results of the first experiment. The initial results using the
BDAC and BNDAC were not as expected, since the F; score of order 1 was
0.67. Consequently, a bi-graph replacement method was used, which signifi-
cantly improved the compression performance. The bi-graph pre-processing
method, combined with PPM, achieved the best classification results for this

experiment, with an F; score of order 1 was 0.99.

The chapter concluded with a further experiment comparing PPM with
SVM and MNB classification algorithms. The algorithms demonstrated an
excellent result in distinguishing between the ALC and BDAC text, where
the F1 score for SVM and MNB were 0.98 and 0.96 respectively. The F; score
were 0.81 and 0.78 for SVM and MNB algorithms produced a better result
than the standard PPM, without bi-graph pre-processing, but after pre-
processing, the Fy score for PPM increased to 0.99, thereby outperforming
the other two algorithms in distinguishing between the BNDAC and BDAC
text. Overall, the results demonstrated that using PPM to identify dyslexic

text yielded the best performance.

Chapter 6 addressed the problem of the automatic correction of spelling
errors in Arabic text written by people with dyslexia, and demonstrated
empirically how dyslexic errors in Arabic text can be corrected. It intro-
duced the Sahah system, which used the PPM compression-based language
model and edit operations. The Sahah system consisted of three stages.
The first stage was a pre-processing stage that corrected split words and
repeated characters. The second stage was a detection and correction stage
that contained three further sub-stages. The first sub-stage (2a) used the
PPM model to correct Arabic dyslexic errors, according to their context.

The PPM model employed a Viterbi-based algorithm to search all possible
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alternative spellings, in order to locate the most compressible sequence. The
second sub-stage (2b) employed an AraComLex dictionary to detect errors;
if the word was not in the dictionary, it was passed to the third sub-stage
(2¢), which used edit operations that generated a candidate list, then the
codelength of the surrounding trigram was calculated to score the candidate,
and select the most appropriate correction for the erroneous word. Finally,
the post-processing stage addressed the spaces that had been omitted, using
a character-based PPM method to correctly segment the errors produced by

people with dyslexia.

In addition, Chapter 6 described the five possible outcomes of the Sahah
system, and discussed the evaluation methodology, and how it evaluated
the error detections and error corrections. The chapter discussed two ex-
periments that were conducted to evaluate the performance of the Sahah.
The first used the BDAC corpus, and second compared the new system with
the spellchecker tools of Microsoft Word, Ayaspell systems, and the Farasa
tool. The intermediate results of the first experiment, after employing the
pre-processing stage, and sub-stage 2a of the Sahah system, revealed that
the F; score for detection was 0.68, and the F score for correction was 0.43.
After all of the stages and sub-stages were taken into consideration, the Sa-
hah system achieved a better result, with an F; score for detection of 0.83,
and an F; score for correction of 0.58. The second experiment compared
between the spellchecker tools of Microsoft Word, Ayaspell, and Farasa, and
the results revealed that the Sahah system achieved a significantly higher
F1 score than that for Ayaspell (0.68), and Microsoft Word (0.63), while
for correction, the Sahah system achieved a higher F; score than Farasa

(0.36).
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7.3 Review of Research Questions

The research questions designed for this study, which are listed in Sec-
tion 1.2, were all addressed. The project demonstrated success in employing
the PPM compression method for classifying and correcting Arabic dyslexic
text. The PPM compression scheme performed well in different language
modelling tasks, and was also successfully applied to classifying and correct-

ing Arabic dyslexic text.

The specific research questions detailed in Section 1.2 were addressed as

follows:

1. What is an effective spelling error classification scheme for annotating
and analysing Arabic dyslexic corpora?
The DECA was comprised of 37 types of errors, grouped into nine
categories, and was demonstrated to be effective for annotating the
BDAC, and for analysing dyslexic errors. It was demonstrated in
Chapter 4 that the DECA is clear, comprehensive, and effective, with
a high degree of agreement of over 0.80 when used for annotating the

BDAC.

2. How well dose a compression-based language modelling method, such
as the Prediction by Partial Matching (PPM) text compression method,
compare to two well performed algorithms such as Multinomial Naive
Bayes (MNB) and Support Vector Machines (SVM) for classifying a
text that has been written by a person with dyslexia?

As discussed in Chapter 5, which compared PPM results with other
classification methods, namely Support Vector Machiness and Multi-

nomial Naive Bayes, PPM produced an excellent F; score of 0.99 in
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distinguishing between the ALC and BDAC text. With regards to dis-
tinguishing between the BDAC and BNDAC texts, PPM produced a
lower F; score of 0.71, compared with Multinomial Naive Bayes (0.78),
and Support Vector Machiness (0.81), using standard PPM without
bi-graph pre-processing, but after pre-processing was applied, the F;
score for PPM increased to 0.99, outperforming the other two algo-
rithms. The PPM classification method was therefore deemed to be

more effective than the other two algorithms.

3. Can PPM, in conjunction with other methods, be effectively applied to
correcting a text that has been written by a person with dyslexia?
The experiments reported in Chapter 6 confirmed that the Sahah
system, containing three stages namely pre-processing, detection and
correction, and post-processing, was very effective for correcting Ara-
bic dyslexic text, compared with other spellchecker tools, namely Mi-

crosoft Word, Ayaspell, and Farasa.

7.4 Review of Aim and Objectives

The aim and objectives of this study, as described in Section 1.3, were all
successfully achieved. This thesis aimed to investigate the effectiveness of
using the PPM compression method to classify and correct Arabic dyslexic
text. Consistent with the above research questions, this project achieved

the objectives as follows:

o Review the extant literature regarding dyslexia, Arabic language, dyslezia
spelling errors, corpus linguistics, text classification, spelling correc-

tion, and text compression.
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This objective was achieved in Chapter 2, in which the dyslexic Arabic
language spelling errors made by people with dyslexia, and the related
corpora were evaluated. In addition, this chapter also discussed the
different methods of classifying and correcting text, and presented

PPM, detailing how it functions.

Improve the existing Arabic corpus of texts written by people with
dyslexia (the Bangor Dyslexia Arabic Corpus (BDAC))

This improvement was achieved by the development of the Arabic
dyslexia corpus (the BDAC) of 28,203 words, written by both male
and female with dyslexia, aged between 8 and 13 years, which was

discussed in Chapter 3.

Create a new dyslexic error classification scheme for Arabic dyslexic
texts (DECA).

This objective was achieved by the development of new dyslexic error
classification scheme for Arabic (the DECA) comprised of 37 types of
errors, grouped into nine categories, as discussed in Chapter 4. This
scheme assists in analysing and annotating errors produced by people

with dyslexia.

Develop and evaluate a method to classify whether or not a text has been
written by a person with dyslexia, using the PPM compression scheme,
and compare the performance of the PPM with other classification
methods, such as the Multinomial Naive Bayes (MNB) and Support
Vector Machines (SVM), when they are employed for the purpose of
classifying dyslexic text.

This objective was achieved, as demonstrated in Chapter 5, which

discussed the results showing that the PPM compression method is
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effective for classifying dyslexic text, and that it outperforms other

classification methods, such as the SVM, and the MNB.

e Design and evaluate an automatic spelling correction system for cor-
recting spelling errors in Arabic texts, produced by people with dyslexia,
by comparing them with other spelling correction tools.

This objective was achieved, as discussed in Chapter 6, by developing
and testing a new system, called Sahah, that automatically corrects
Arabic dyslexic text, using different stages and that it significantly

outperforms other tools, like Microsoft Word, Ayaspell, and Farasa.

7.5 Future Work

Based on this research, the following are recommended as areas of further

investigation:

o While the corpus provided insights into the writing of dyslexic Arabic
people, and is appropriate for assisting writers with dyslexia, it can
also serve as a platform for other researchers to build upon, as it can
be employed as the first step to adding more text collected from adults

with dyslexia in Saudi Arabia or other Arab countries.

e As a direct consequence, adding text to the corpus may enable the
determination of emerging patterns of errors found in the writing of
people with dyslexia in the Arab context, which in turn will assist
with the analysis of the corpus. Moreover, texts from different Arab
countries may yield different types of errors, which could then be added
to the DECA developed in this study as a standard error classification

system, which could then be applied to other Arabic dyslexia corpora.
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o As Rello (2014) noted, “Good for dyslexics, useful for all”. The work
presented in this thesis is primarily intended for Arabic people with
dyslexia, as this field interests the researcher of the thesis. However,
this does not prevent the potential for the work to extend to other

target groups, such as people with Asperger’s Syndrome.
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Appendix 1: Ministry of Education Authorisation Letter
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Appendix 2: Participant Consent Form

Participant Consent Form
To be filled in by teacher/ parents acting on behalf of students
Researcher’s name Maha Marzouq Alamri

The researcher named above has briefed me to all of the information of her research.
The research is focused on students with learning difficulties. In order to complete the
research, the researcher needs to obtain a copy of student/child's writing either through

the student's book or the spelling book.

All information is confidential, and the student's name or school’s name will not be
disclosed. Only the gender and age of the student will be mentioned, and the text will be
used for scientific publication. If you agree to voluntarily take part in this project, I
would like you to sign this consent form. If you have any questions about the project or
any further information, please contact the researcher via email

(maha.alamri@bangor.ac.uk).

Signature:
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Appendix 3: Form That Was Completed by

Dyslexia

Participant with

Age:

Year:

What is your favourite hobby?

What do you want to be when you grow up?

What would you take with you if you were to go to an island?

What is your wish you want to have in the future?

Write about your school, friends or travel
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Appendix 4: Arabic Transcription Standard

There is no standard practice for transcribing Arabic from a handwritten

format into a computerised form. Therefore Alfaifi (2015) developed a series

of standards for achieving a high level of consistency during transcription as

follows:

—_

Any struck-out texts should be excluded.

If there is a correction above a non-struck out word, the corrected form

is transcribed.

When there is a doubtful form of a character, the form closest to the

correct form is transcribed.

. If there is an overlap between handwritten characters, which cannot

be transcribed, the closest possible form is selected.

If a writer forgot to add a character’s dot(s) whether above or below,
it should be transcribed as written by the learner, unless it is not

possible (e.g. if there is no equivalent character on the computer).

A new line (paragraph) should be inserted only when the learner has
clearly done so. Examples include if there is a clear space at the end
of a line (whether there is a period or not) or if there is a clear space
at the beginning of a new line with a period at the end of the previous
paragraph. Other instances, such as ending a line with a period but
with no clear space at the end or at the beginning of the new line, are

considered as a single paragraph.

Any identifying information (e.g. learner’s name, contacts, postal ad-

dress, emails, etc.), which were replaced in the PDF sheet with “per-
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10.

11.

sonal information deleted”, should be transcribed as in the comput-
erised text. Other non-personal information can be left such as class,

name of school, city, country, religion, culture, etc.

Any shape, illustration, or ornamentation drawn by the learner on the

sheet is excluded.
Texts with no titles are given (text with no title) in the title field.
Any text format is excluded such as underlined words or sentences.

Unknown words or phrases are replaced with (unknown word), or (un-

known phrase).
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Appendix 5: BDAC Examples
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Appendix 6: DECA Second Evaluation

May the peace, mercy and blessings of Allah be upon you...

This project includes texts written by students with dyslexia that contains their errors. These
errors will then be analysed and classified in order to create tools for supporting them. For the
successful completion of this project in a thought-out and integrated manner, I will need the
assistance of specialists in the field of learning difficulties.

After reading and analysing their errors, a classification table was then produced containing all
dyslexia errors as well as a tag for each error.

Accordingly, I hope you could lend a helping hand by looking at the table and answering the

questions below.

Thank you.
Your cooperation is very much appreciated.

Maha Alamri
PhD student — UK
maha.alamri@bangor.ac.uk
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Tag - 3 Error Type - sUsa¥ g1 5if Category - il
<HH> Hamza on Line - sl e 3 3agll
<HA> Alif Hamza Above - <1 e 3 3egl
<HB> Alif Hamza Below - <al¥) cia3s jegll &l Jagl)
<HY> Ya Hamza Above - s4l Jle 5 3+l | Hamza
<HW> Waw Hamza Above - sl e 5308l
<OT> Other - &l jegl) 4 S Al
<AA> Alif Madd - <% %
<AW> Waw Madd - s/5l) 2 agaal)
<AY> Ya Madd - <4l x | Almadd
<TM> Other - 253 3 S35 ol
<CT> Confusion in Tah and Tah Marbuta/Hah - 4da s jall £l 5 4 sidall cUll oy
<CH> Confusion in Hah and Tah Marbuta - 4a s yall elill5 ) o0
<CA> Confusion in Alif and Alif Maksura - 5 saiall Gil¥15 53 s3eall Gl ¢y Lla)
<CD> Confusion in Dha and Tha - slall s ¢l ¢ | Confusion
<CV> Confusion in similar letters - 4gliie iy (o Llal)
~OM> Other - Llall i Skl
<DN> N in Tanwin - o5l GlSe 058
<DW> W in Damma - el J\Sa 5l s all
<DY> Y in Kasra - 5 <l o)< ¢y | Diacritics
~OD> Other - << A0 i <51
iyl e oo A le Jomd 5) i gl e Jomdl) 4ials Jom
<FW>
Word boundary errors - R
<FM> Multi Errors - s2:ie ¢laal Al Jei
<FR> Repeated Letters - <o all ) S Form
<OF> Other - JS&I i S35
<MO> Omission - <iis
<MA> Addition - #Lal Jadlal) pUady)
<MS> Substitution - J.xs | Common errors
<MT> Transposition - Jyss3
“DD> S i Ll i iy m O Gl e 5l e
Different Graphemes, Same Phonetics -
<DF> j&ASllf«__nl.\gséQLSla)q)diﬁ&@)ﬁlé;;)ﬁ\em )
Form of the letter in the Beginning, Middle or End - 4ie 5f adau s . AR
<DI> Local language - laal) daglll e ol 4 Differences
<DS> Writing a word that is Similar to the Meaning - (sixall 4gliie IS 41
<0I> Other - litay) 4 Sx
<<V\;&I/I\Ii[>> Left to Right - umﬂlvl)l:u(;\ru; :ﬁ . ) A
~OW> Other - Wil & <2 Writing method
<LS> Sun Letter - dadll oY
<LM> Adding letter (L) to words start with letter (AL) - (J)) 4dle e 2201 J 22 . o
<LA> Alif Fariga - el jl; s ll | 3 GREYs i e
LL> (Lakn ...) - (.. €3 - oY) Letter written but
<LH> (Hada ...) - (0% - o3k - 138
IT> (Allty) - (o) not !)ronounced
. or vice versa
<LD> (Alldhy) - (3
<LK> (Dahlk ...) - (... <l - o)
~OL> Other - <y = b S5
<O0T> Other - &e sana gl & SH Other -3
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After looking at the classification table and taking a general idea about the errors, is

it possible to classify the errors in the table below? This is by placing the appropriate

tag for each error based on the symbols at the top.

How you can assess the

suitability of the error

type for errors?

How can you assess the
easiness of identifying the tag

to the error type?

Examples | Error | Tag .
Did not
Very . Not | Very . o
) Suitable | Easy | Difficult | identify
suitable suitable | easy i
1t.
Ot Cuad | (52
ol Y
SA A
Casaadll
b G|
B
Amdu J\ s )
o Al | Al
fran Al

* Do you think that the above classification table needs any addition, deletion, or

merging of categories?

* Do you think that each type is placed under the appropriate category?

1- Yes.
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What is your assessment of how the errors are categorised? For example, errors
that include a Hamza are placed under the "Hamza" category and so on.

1. Convenient.

2. Inappropriate.

3. Needs modification. Please write it below:

Is the classification clear and understandable?
1. Yes.
2. Somewhat.

3. No.

Could you please give an overall assessment of this classification?
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Appendix 7: BNDAC Examples
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Appendix 8: Sahah Output

Raw Input Text
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Sahah Output text

=55
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