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ABSTRACT

Lexical Recognition Test (LRT) themes are one of the main methods that are widely used to measure lan-
guage proficiency of some common languages such as English, German and Spanish. However, similar
research for Arabic is still at development stages, and existing proposals mainly use human-crafted meth-
ods. In this paper, a new methodology, based on a newly developed algorithm, was proposed with the
aim of automatically constructing high quality nonwords associated with a real quick measurement of
Arabic proficiency levels (Arabic LRT). The suggested algorithm will automatically generate nonwords
based on Arabic special characteristics they are orthography (spelling), phonology (pronunciation), n-
grams and the word frequency map, which is an important factor to create a multi-level test. With the
help of a large dataset of Arabic vocabulary, the proposed algorithm was experimented. For this purpose,
a Web-based application, following the suggested methodology, was designed and implemented to facil-
itate the process of collecting and analyzing learners’ responses. The experimental results have shown
that the LRT questions that were automatically generated by the proposed system had confused the
learners, this is clear from the output of the confusion matrix which showed that (1/3) of the generated
nonwords were able to distract the learners (with accuracy 65%). Consequentially, the results of recall
and precision have smaller values, 0.52 and 0.48, respectively.
© 2021 The Authors. Production and hosting by Elsevier B.V. on behalf of King Saud University. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Arabic is one of the main spoken languages being widely used
nowadays. It is among the top seven languages around the world.
More than 422 million people consider this language their native
language, and many others use Arabic for other purposes such as
understanding religion, collecting peoples’ opinions, and studying
Arab cultures, etc. (Abdelgadir and Ramana, 2017; Farghaly and
Shaalan, 2009). Arabic is divided into three main categories, classi-
cal, spoken, and standard (Elfardy and Diab, 2012; Habash, 2017).
Classical Arabic is the legacy language that had been used in the
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ancient time; spoken Arabic “the dialect” represents a high diver-
sity of the real spoken language among Arab regions (Levant,
Moroccan, Egyptian and Gulf) leading to so-called an Arabic
“Diglossia”, which means that people use the same word to express
different purposes; standard Arabic is the official language being
used in language learning centers and books. Both classical and
spoken Arabic have their own specificities and usage and are rarely
used for scientific research. Therefore, standard Arabic is the core
part of this research work, and most of the Arabic language
research had been implemented using Modern Standard Arabic
(MSA) corpora that was derived from formal news agencies, books,
social media, and religious books.

Several natural language processing proposals emphasized the
need to have efficient mechanisms to measure Arabic language
proficiency through simple and fast placement testing methods
(Hamed and Zesch, 2018a; Hamed, 2019). Therefore, the enthusi-
asm to enrich Arabic language research using Natural Language
Processing (NLP) technologies is highly demanded by the research
community on these days.

NLP is a set of techniques that interact between Artificial Intel-
ligence (AI) and linguistics (Nadkarni et al., 2011). These tech-
niques can be used for several purposes such as machine
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translation, text mining and processing, spelling auto corrections,
Optical Character Recognition (OCR) applications, sentimental
analysis, generation of automated languages placement tests, test
autocorrections, voice recognition and others (Menacer et al,
2017; Abdul-Mageed, 2017). There are many research efforts that
tackled Arabic NLP (ANLP), both written and spoken parts
(Farghaly and Shaalan, 2009; Habash, 2010; Guellil et al., 2019).
Some research efforts like (Jarrar et al.,, 2017; Bougrine et al.,
2017; Al-Twairesh et al., 2018) proposed solutions to handle Arabic
dialects by collecting each vocabulary from these dialects into one
corpus. Others like Salloum and Habash, (2014) and Hegazi, (2016)
tackled Arabic diacritical marks; and the orthography of Arabic
script, which is used to indicate the style of writing Arabic letters
with to letters’ positions (first, middle, and last). Many letters have
different shapes when located in various positions. Dialects and
diacritical marks are beyond the scope of this research work.

As described by Hamed and Zesch (2017), Lexical Recognition
Test (LRT) is a vocabulary size test that is frequently used for mea-
suring language proficiency worldwide. In such a test, the learners
are being shown either valid words like “denial” or nonwords like
“platery”, and they need to decide if they are valid or invalid words.
The main advantage of the LRT is its simplicity; it only takes five
minutes to answer all questions. As shown in Fig. 1, only “Yes/
No” or checklist questions are asked, and the scores can easily be
automated. The current problem could be noticed when learners
cannot find an effective measure to indicate their levels of recogni-
tion and knowledge in Arabic language. Therefore, this research
contribution aims at developing Arabic LRT based on a newly pro-
posed algorithm that automatically generates main skeleton of the
LRT, which is already applied to other European languages. The
proposed algorithm will follow certain rules to generate nonwords
with high quality, i.e., a nonword that could confuse the learner,
and add a level of complexity to the LRT. Also, this method applies
generic machine learning paradigms, namely character n-gram
models to generate good nonwords for Arabic LRTs. We also
applied other methodologies that could fit better with Arabic spe-
cial characteristics related to Arabic phonetic and orthographic.
Generally, phonetic declares how characters could be spoken and
morphology indicates how characters are being written. Further-
more, we used the original word frequency map, which is an
important factor to generate various complexity levels of the LRT.

Also, the research problem could be addressed while we are
going to design an Arabic LRT by extending the current algorithms
being extensively used in other languages like English, German,
Spanish, etc. This situation induced several factors to be involved
and considered as special properties of Arabic language (a right
to left written language) (Hamed and Zesch, 2015, 2017). More-
over, Arabic has multi-millions of concreate used and unused
vocabularies - about 12 Million, this restricts the abilities to create
good nonwords, which have high ranking similar to concreate
words to be included in the Arabic LRT. Besides the above chal-
lenges, research in ANLP is still at early stages of development,
e.g.,, the lack or scarcity of resources (corpora). There are a few
commercial corpora that can be used to help in conducting a rele-
vant research. Considering more than one corpus implies that more
available words exist, this will reduce error rate when classifying

platery WOLLE

Fig. 1. Examples of questions used in LRT in both English and German languages.
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the generated vocabularies to be either nonwords or concreate
words.

Therefore, this research contribution aims at developing Arabic
LRTs in an automatic way by proposing a new algorithm that con-
siders these problems. It is supported by implementing a Web-
based application that generates such placement tests to measure
learners’ proficiency levels. The main hypothesis that this research
work is assumed to achieve are generating Arabic nonwords based
on similarities, both writing and pronunciation, will distract the
learner, especially when considering original word frequency
map and n-grams concepts. Also, including new nonwords in a spe-
cial corpus, to be used in generating of Arabic LRT will enhance the
test’s results and performance. Therefore, the main contributions
of this work are:

e Proposing a new algorithm that considers some Arabic language
characteristics to automatically generate high quality nonwords
that increase the complexity/difficulty of Arabic LRTs.

e Developing a Web-based application based on the proposed
algorithm to ease the management and collection of learners’
responses and analysis.

¢ Developing a validation criterion to evaluate the accuracy of the
proposed approach. The validation was mainly based on
human-intervention, a version of the test was written by Arab
experts following the same rules, and the obtained results were
compared, analyzed, and discussed.

Besides the introduction section, this paper contains the follow-
ing sections. A review of the related work is presented in Section 2.
Section 3 details the proposed methodology and the suggested
algorithm. The used dataset, the evaluation measures, and the
experimental results and their discussions are presented in
Section 4. Finally, in Section 5, we conclude this research work
and provide some future works.

2. Related work

Linguists had been the focus of several research efforts with the
aim of finding the best way that could help language learners to
know their proficiency levels. For example, English Lexical project
(Balota et al., 2007) contains international standard tests that had
been created and became a standard measurement criterion to
assess learner’ proficiency levels for a specific language. Among
these tests are Test of English as a Foreign Language (TOEFEL)
and The International English Language Testing System (ILETS).
These two tests are widely used to measure English language pro-
ficiency levels for various categories of academic and business clas-
sifications. Another short quick test that had been used to give an
indication towards English learner proficiency and other Latin lan-
guages is the LRT. Many experiments and research, coming from
different research centers in Europe, had worked on this type of
research to prove this concept using a real test implementation.
Since this research work focused on Arabic LRT, in the following
we discuss the most relevant contributions, and shed light towards
their main drawbacks. Consequently, we avoided the potential
problems related to some similar experiments (Khalil and
Darwish, 1967; Balota et al., 2007) carried out to design this test
previously. Thus, this historical background associated with each
entity related to creating Arabic LRT as the components that have
an effect while generating good nonwords like diacritization role
(Jarrar et al., 2017; Hamed and Zesch, 2017) and its benefits.

LexTALE is a measurement for language proficiency applied for
English, Dutch and German languages (Balota et al., 2007;
Lemhofer and Broersma, 2012). LexTALE is a five minute (YES,
NO) vocabulary identification test; it shows good results when
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indicating a vocabulary dataset, but it is still substantial when
comparing it with other language proficiency tests like TOEIC (Test
of English for International Communication), where users could
apply this test through accessing this Website (https:// www.lex-
tale.com). LexTALE test consists of 60 (YES, No) questions, 40
words and 20 nonwords. Nonwords were generated and created
manually, but the process of generating these nonwords should
be efficient, and the generated nonwords must look like real words
that could distract foreign learners from identifying them easily.
LexTALE is considered as a good measurement for nonnative Eng-
lish language speakers having levels from medium to high. Lex-
TALE for Dutch and German are still not classified as a good
measure. The manual generation of LeXTALE tests is also available.
This manual process creates nonwords by replacing certain charac-
ters within the target word to obtain a similar nonword in terms of
orthographic and phonological concepts. Validation of the gener-
ated LexTALE tests was done by correlating its’ results with other
proficiency measurement tests such as Quick Placement Test
(QPT). The test has been adapted to other languages beyond Eng-
lish, e.g., Dutch, and German, French, and Spanish (Duyck et al.,
2004).

A manual generation of nonwords was adopted by English Lex-
icon Project5 (ELP) (Balota et al., 2007). ELP is a large repository of
databases (descriptive and behavior), it is linked to a search engine
that aims to supply researchers with the necessary resources that
could help them overcoming the faced obstacles of processing
the lexical tests. ELP could be accessed through the following
Web site (https://elexicon.wustl.edu). Data were collected from
1300 participants from six universities. Some of the exploratory
information about this dataset is shown on the Website of the pro-
ject that was mentioned above, it provides additional descriptive
statistical data for the available words and nonwords and their fre-
quencies. The ELP uses a manual procedure to create nonwords
through replacing certain characters within the target word to
obtain a nonword which is similar to the original one in terms of
orthographic, phonological, and morphological. In the ARC non-
word database (Rastle et al., 2002), the researchers provided a
model based on phonological and orthographical rules that were
applied to English of southern British. The results of this applica-

t
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Fig. 2. The proposed block diagram of Arabic Lexical Recognition Test (LRT).
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tion are presented on the Website of this project with some statis-
tical information. Items in this database were used to build the LRT
test that is intended to strike the learner in different ways based on
the morphological, orthographical, and phonological rules.
Wuggy research project (Keuleers and Brysbaert, 2010) pro-
posed a computer application that help researchers creating a bet-
ter quality pseudoword or nonword following rules of languages,
sub syllabic structure and transition frequencies between sub syl-
labic elements were used. It is already applied for multiple lan-
guages like Dutch, English, German, French, Spanish, Serbian, and
Basque, and it could be expanded to other languages with some
extra efforts. In this regard, pseudoword is considered as an impor-
tant factor for lexical decision that represents a major tool used by
psycholinguists to perform word processing tasks. Some of the lim-
itations of the Wuggy algorithm are (i) it mainly depends on sub
syllabic or summed bi-gram similarities; (ii) the program requires
a user input called matching expression, so it is not fully auto-
mated solution for nonwords generation; (iii) the algorithm does
not auto-detect the expression by which the word is ending.
Another similar application to Wuggy, called WordGen, was
implemented. It is a tool for nonword selection and generation
used in Dutch, English, German, and French (Duyck et al., 2004).
In this research both manual and automatic methods were used
to generate nonwords. Other researchers (Jarrar et al., 2017;
Hegazi, 2016; Hamed and Zesch, 2015) tried to show the important
role of Arabic diacritized towards vocabulary assessment in the
LRT, as they believed that diacritization reveals words ambiguity
and makes better judgement while learners identify the words.
For this purpose, a sample for diacritized version of Arabic lexical
test was generated along with a non-diacritized version to show
the role of diacritization. The results have shown that the absence
of diacritization increases the ambiguity of word’s identification. It
is worth mentioning that the most written text in Arabic is a non-
discretized, except in some historical, religious, and classical books,
as well as in some specialized Arabic educational domains. Dia-
critization has an impact on nonwords design as Arabic diacritiza-
tion is an orthographical way to describe Arabic word
pronunciation (Khalil and Darwish, 1967). We hypothesize that
the non-diacritized nonwords are probably more difficult than
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the diacritized ones. The diacritized nonwords can distract learners
better with closely related words, especially if they are labelled
with pronounceable diacritics.

Hamed and Zesch (2015) suggested the use of a fully automatic
methodology to generate high quality nonwords that could be used
as stimuli in English LRTs and confuse the learners. To apply the
fully automated process of generating nonwords in English lan-
guage, the authors conducted a study of good nonwords generation
using automatic methods by replacing a letter through an algo-
rithm based on Markov and character language models, besides
that the authors had ranked the generated nonwords and used
the highest ones in English LRT. Another similar work was carried
out by Rastle et al., (2002). The authors implemented an automatic
nonword generation paradigm for English language by building a
database of nonwords based on both phonetical and orthographi-
cal language properties.

Gueddah and Yousfi (2013) proposed an approach to improve
the process of spell checking and correction when typing docu-
ments in Arabic. The proposed approach suggested the use of sta-
tistical model to find Arabic letters’ similarity degree using a
similarity matrix in which each letter has a weighted degree of
similarity with other Arabic letters by associating costs to the per-
mutation errors involving the proximity of keyboard characters
and the calligraphic similarity in Arabic alphabet. Their main aim
was to design a spell checker for erroneous words committed in
typing of documents in Arabic language. Compared to this research
work, we found a specific similarity matrix for each letter based on
the Arabic phonological and orthographic characteristics, so repu-
tations will be performed based in a small set of similarities. Fur-
thermore, the two works have different scopes, the main goal is
to have an Arabic LRT. While they main aim was to propose an Ara-
bic spellchecker.

Compared to the previous research efforts, this research work
differs in the way that the approach being proposed considers
the process of generating the nonwords in automatic way based
on algorithmic approach considering four Arabic language charac-
teristics: Orthography - spelling, phonology - pronunciation, n-
grams, and the word frequency map, which is an important factor
to create a multi-level test. To generate nonwords, we have been
inspired by its definition: “words that fulfill the phonological con-
straints of the language but do not bear meaning” (Huibregtse
et al., 2002). One of the approaches used to generate nonwords
in English is minimal pairs (Ricks, 2015), a corresponding way to
do it in Arabic is the use of orthography and phonology. It has been
noted by Hamed and Zesch (2015) that frequent n-grams are
highly likely to generate good nonwords, which look-like existing
words. It has been also noted by Ellis (2002) that the frequent
words are easier to guess than less frequent words. In addition to
that nonwords in Arabic could be described as fake Arabic vocabu-
lary that looks like a real word, and it was designed to distract the
learner and confuse him/her in terms of phonetical if he/she tried
pronunciation, and orthographical in terms of word writing shape.
These arguments were derived from Al-Ain book of the author al-
Khalil ben Ahmad al-Farahidy (Khalil and Darwish, 1967).

3. The proposed approach
Fig. 2 shows the main steps of the suggested methodology. In

the following, we discuss the backend engine that handles the fol-
lowing two main sub-sections:

3.1. Nonwords generation: orthographic and phonologic

The automatic process of generating the nonwords is based on
generating nonwords with the help of the above Arabic language
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characteristics, i.e., orthographic, phonological, n-grams, and
vocabulary frequency. Algorithm 1 shows the procedure for gener-
ating the nonwords. The proposed algorithm begins by looping
through all cleaned vocabularies stored in the database. For each
vocabulary, it calculates its frequency. To generate multilevel tests,
the algorithm calculates the word frequency (Frequency); how
many times the selected word appeared in the corpus. Two thresh-
olds were used (Threshold; and Thresholds;) to tune the algo-
rithm’s  operation. If Frequency > Threshold; &&
Frequency < Threshold, - the vocabulary is not used more fre-
quently, the algorithm generates two lists: Ly; the list of ortho-
graphical vocabularies based on orthographical similarity map,
and L,; the list of phonological vocabularies based on phonological
similarity map (Refer to Table 1). Next, it adds the two lists
together to form a similarity list (SimilarityList), which contains
all vocabularies generated from both orthographical and phonolog-
ical similarity maps. To generate test’s questions, the algorithm
randomly selects vocabulary from the SimilarityList, and checks
the occurrence of this vocabulary in the processed dataset
(ProcsDSList). If the conditional statements return FALSE - this
means that the selected vocabulary is a nonword, it adds it to
the NonwordList to be used by the LTR test. If the condition state-
ment returns TRUE - this means that the selected vocabulary is
considered as a real word, it removes it from the SimilarityList,
and repeats the process again by selecting a new random vocabu-
lary from the SimilarityList. For each generated nonword, the data
record will store the ID of the original one, the replacement letter,
the replacement position, and the new letter.

3.2. Generating n-grams

To improve the process of generating nonwords, the results of
Algorithm 1 have been refined by applying character n-grams con-
cepts, which are the subsequent characters of vocabulary. This
function loops through the cleaned data file, and then for each
vocabulary, it generates all possible n-grams starting from bi-
gram to word-

Algorithm 1: The proposed algorithm for nonwords
generation

start procedure
1. Initialize: NonwordList()=null, ProcDSList,
SimilarityList= null, Frequency, Threshold;,

Threshold,

2. // TFirst step: Read random word from
ProcDSList

3. loop // For each word in ProcDSList

4. word = getNewWord ()

5. Frequency = ProcDSList.count (word)

6. if (Threshold; < Frequency < Thresh-
oldz) {

7. Lo = ListofOrthographics(word)

8. Lp = ListofPhonologics(word)

9. SimilarityList= Lp+Lo

10. endif

11. Nonword =getRandomWord (SimilarityList)
12. if (ProcDSList.find(Nonword) == False)
13. NonwordList.add(Nonword)

14. else
15. SimilarityList.del(Nonword)
16. goto step (11) end procedure

length-1 g. These n-grams were inserted into a database table with
respect to the real word, this might be helpful to formulate a statis-
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Table 1
The orthographical and phonological similarity maps of Arabic letters.

Similarity type Similarity set

Orthographic e
Orthographic

N

Orthographic Shuaie

Orthographic 23

Orthographic sadada

Orthographic Gl

Orthographic 2

Phonological-Place of articulation e d
(velar-galall)

Phonological-Place of articulation
(glottis-glulll)

ectaeocl ek iac e i ot 36 p3edegp i

Phonological-Place of articulation P
(bilabial-—isl)
Phonological-Place of articulation el

(oral cavity-gtaal)

tical data reference throw which we can build some conclusions
and judgements. Since n-grams could be involved in generating
nonwords by replacing a character in the input word taking into
consideration frequency occurrence of prefix and postfix characters.
Thus, the nearest character from the similarity group intersected
with a letter that uses frequency in the n-grams list will be substi-
tuted. This way, n-grams are being used to narrow the acceptable
possibilities; this is expected to increase the quality of the nonword
generation process.

The following is an example taken from the new n-gram dataset
that is generated when the word “”W~ - which means presently —
is being fed as an input to the algorithm.

['s:ha,’dzal,’ Ay, " Wy, 'd=: hal’,’ J: aly’, W lay’, " A
holy’, "W: alyan’, "W: halyan’]

All words are collected in one file and are persisted in relational
database tables, while dealing with structured database is gener-
ally easier and faster. This oracle database schema was used in
building and manipulating the relevant LRT test, analyzing the
results, and building the needed reports and dashboards, etc. For
each word in the database table, we built a query with the needed
Oracle SQL aggregative functions to retrieve word frequency to be
inserted into a new table that holds word and its frequency (dis-
tinct values). As mentioned above, word frequency had been con-
sidered when selecting test items; thus, the highest frequent
words are the most common words, consequently, they will be
easy to guess. From the opposite side, nonwords of high frequent
words will be easy to guess, and they will not confuse the learner.
Therefore, the test items will have frequency less than the average
to be robust enough.

To ease understanding the proposed approach (Fig. 2), we pro-
vide an illustrative example to see all the steps in action. By refer-
ring to Fig. 2, the first step is to have a raw dataset. We picked up
the following sentence taken from KACST Corpus (Table 2, Refer-
ence [3])

sins sBaall g Caails g @l e Sl Gl s Pal o ol o) s Lia
o A OSe agd Gl elac Y

The next step is data tokenization which was applied to sepa-
rate the content of each data file using a whitespace as a delimiter.
The output of this step is the following list of words:

[ e | comals | as | cold | (m | sl | Gl s | Pcyal | 5 | ot | ol sm | Lia
G| b S| | el | o | elae ¥ | s | sBaall

Next, it comes the data cleaning step. It is the process of elimi-
nating any undesired text content including punctuation marks,
special symbols, Arabic dialects and diacritical marks, numeric val-
ues, stop words, one char length items, and any strange items. The
output of this step is a list of clean words.

| oo | oy | as | il | iomm | xSl | Gilaaly | el | | of | consf | olsm | Ua
B b | oS | ped | ol | elae ¥ | S | elaaYl]
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The list of pronunciations of the above list of words is

Hona/here | Sawa’/wether | Eyna’t/grow up | Aw/or | Athmarat/
get floured | Wa adaf/ and add | Sa’ktob/I will write | Serti/my life
story | That/in a | Yawm/day | Wa-atahath/and talk | An/about | Al-
asdika’/the friends | Wa hata/and even | Al-ada’/the enimes | Al-
ladina/who | Lahoum/have | Makan/place| Fe/in | Kalbi/my heart.

After data preprocessing steps, it comes the backend engine
steps where all n-grams, phonological and orthographic similarity
lists were extracted for each word. For simplicity, we proceed with
the example considering one sample word % |/ kalbi/my heart,
where it appears 30 times in the whole corpus (Word fre-
quency = 30). An example of phonological similarity is S
(replacing kkaf: Q:5 with kaf:k:4), an example of orthographical
similarity is % (replacing kkaf:Q:& with fa’:F:<), and the list of
the n-grams is [J§/all | </lub | ~/be | «/qalb/heart | /lbe | &/
galbi/my heart ].

All extracted similarity lists (phonological, orthographic and n-
grams) and frequency of the word ¥ are fed as inputs to the next
stage where the database scheme is built. Here, the n-gram data-
base stores n-grams for each word in the database table with
respect to the original word. Nonword database stores all possible
nonwords (phonological, orthographic) with respect to the original
word, and the real corpus stores all distinctive real words with
respect to their frequency values.

4. Experimental results and discussions
4.1. Dataset and data preparation

In this research study, freely available corpora datasets had
been used. They were collected from different resources, such as
news agencies, social media, and Arabic books; these files were
used in similar projects that have been tackled the manual gener-
ation of Arabic LRT (Hamed and Zesch, 2017; Rastle et al., 2002).
Taking into considerations that there are other paid resources
and as per our research purpose this free source is adequate to
implement such experiment, and it is considered by other relevant
research (Hamed, 2019). In the following, we summarize some of
the exploratory information about the used dataset. The dataset
contains a huge number of Arabic texts in raw format. The col-
lected files were transformed to one UTF-8 format having one word
per line. Some preprocessing operations were applied to convert
the data into suitable format to work with. We mainly applied data
cleaning to eliminate special symbols, non-Arabic characters,
numeric values, punctuations, whitespaces, and any other strange
character. Table 2 shows some technical information about the
used dataset. The first column of this table represents the corpus
source; the free source from which the data was obtained, each
source could have one or more files, number of characters, lines
as in a notepad** text file, size in (KB), diacritized or not diacritized,
and the main reference.

Referring to Table 2, it can be clearly seen that data files belong-
ing to “Watan source” have occupied the most shares, and the total
number of diacritized and non-diacritized words is 16.3 Million
and 18.5 Million, respectively. We observed that the collected
dataset has some redundancy. We argue that data redundancy will
have a significant value when generating nonwords based on the
original word frequency map, which is an important factor to
determine the test level. Since frequency has an inverse correlation
with difficulty of the generated nonwords, and this conforms to the
argument that the most common the word is, the easier to be
known, and it is not easy to confuse the learner when replacing a
letter with its similarity.

Fig. 3 shows the various preprocessing steps that were applied
on the raw dataset. Since the gathered data are in raw format, the
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Table 2
Summary of the raw dataset (dimensions and references).

Journal of King Saud University — Computer and Information Sciences xxx (XxXxx) Xxx

Corpus source File name Char count Lines Size [KB] Diacritized
Al-Jazeera Corpus!"! aljazeera.txt 13,260,976 80,369 13,058 No
Al-Jazeera Corpus!!! aljazeera100.txt 977,321 5,887 955 No
Books Corpus!?! books.txt 858,622 1,533 839 No
KACST Corpus!®! KACST.TXT 24,551,235 74,106 23,976 No
KACST Corpus!®! KACST100.txt 1,077,781 74,106 1,053 No
Al-Khaleej-2004 Corpus["] khaleej.txt 27,283,987 5,695 26,645 No
Al-Khaleej-2004 Corpus!¥ Khaleej100.txt 1,106,419 231 1,081 No
Al-Watan-2004 Corpus!4 Wata100.txt 1,043,107 178 1,019 No
Al-Watan-2004 Corpus!®! Watan.txt 124,202,282 178 121,292 No
Watan Diac Corpus!?! Watan-diac.txt 163,473,924 40,579 159,643 Yes
Quran®®! quran.txt 743,918 6,236 727 No
RDI®! rdi.txt 858,844 2,579 839 No
Tweets!”! Tweets-ann.txt 1,528,273 10,007 1,493 No
Tweets!”] Tweets-sharp.txt 1,514,713 10,007 1,480 No
WikiNews!®! WikiNewsTruth.txt 177,279 423 174 No
Total 362,658,681 312,114 354,274

1 URL: http://www.aljazeera.net/portal [Online; Last Accessed 29th, July 2020].

2 URL: https://sourceforge.net/projects/tashkeela/ [Online; Last Accessed 29th, July 2020].

3 URL: https://sourceforge.net/projects/kacst-acptool/files/ [Online; Last Accessed 29th, July 2020].

4 URL: https://sites.google.com/site/mouradabbas9/corpora [Online; Last Accessed 29th, July 2020].

5 URL: http://tanzil.net/download/ [Online; Last Accessed 29th, July 2020].

6 URL: http://www.rdi-eg.com/RDI/TrainingData/ [Online; Last Accessed 29th, July 2020].

7 URL: https://www.aclweb.org/anthology/D15-1299 [Online; Last Accessed 29th, July 2020].

8 URL: https://www.aclweb.org/anthology/W17-1302 [Online; Last Accessed 29th, July 2020].

tokenization process was applied first to tokenize the content of Table 3

each data file using a whitespace as a delimiter. This process is nec- The total number of words extracted from processed

essary to have each word in a separate line, and then to accumulate
all results into one text file. During the tokenization process, the
procedure eliminated punctuation marks, special symbols, Arabic
diacritization, numeric values, stop words, one char length items,
and any strange items. All cleaned words from all data sources
had been stored into one text file, where each word is stored in a
single line.

A data refinement operation was also applied on the dataset to
eliminate diacritization. As illustrated in Table 3, the collected dia-
critized dataset is less than the non-diacritized part. Therefore,
eliminating diacritization will enhance the non-diacritized dataset,
and contribute to having enough amount of data to be considered
as a final corpus data. All target data were collected in one text file

Fig. 3. The flowchart of data preprocessing and preparation steps.

files.

Corpus name Num. of clean words

Al-Watan-2004 Corpus 85,052

Al-Jazeera Corpus 1,156,428
Al-Khaleej-2004 Corpus 2,272,750
Al-Watan-2004 Corpus 9,226,283
Books Corpus 74,770
KACST Corpus 2,036,728
Quran 66,314
RDI 74,959
Tweets 234,326

with UTF-8 encoding, some statistical details are displayed in
Table 3 which shows the total number of words extracted from
each file. Table 4 shows that the average word length is (6.5),
and hence, the generated test has a query condition that determi-
nes this range of length to formulate the test items.

4.2. System implementation

The proposed methodology was experimented using a Web-
based application. For the Web application development, it is
implemented using Oracle APEX 19.1. APEX is a rapid development
framework from Oracle, and it is used to have a user-friendly inter-
face through which learners can interact, register, and take the test.
The system administrator can use this interface to analyze test
results and other stored data as well as the ability to create rele-
vant reports and dashboards. An Oracle APEX workspace applica-
tion had been created. This workplace had accomplished the task
of creating the automated version of the LRT test. Oracle SQL

Table 4

Summary of real words and nonwords datasets.
Item Ave. word length Count
Clean Dataset 6.5 14,000,849
Main Dataset-Distinct 6.5 399,495
Nonwords 52 38,412,714
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statements were created to select and manipulate data of test
tables in the database schema, some conditions were used in the
query like frequency, length, and type (orthographic and phonolog-
ical) to tune test difficulty and flavor. In the test window, some
personal learner details are requested such as native language,
age, gender, and number of years of learning Arabic. These meta
data and the results of the given test will be used to analyze the
test’s dataset. To generate the human-crafted nonwords, we got
help from an Arabic expert, who teaches Arabic language for many
years. This expert had applied same rules that were used to gener-
ate orthographical and phonological nonwords in the automated
approach and used the same rules to manually generate nonword
types. This part is intended to hold a comparative study between
automatic generated test and the manual generated one for valida-
tion purposes.

To create test tables, LRT items were considered; 20 questions
were selected having 1:2 (word: nonword) ratio; and an SQL query
was used to retrieve three equal parts (real word, orthographic,
phonological) in random way based on parent word frequency;
word length is adjusted to be between 4 and 9 characters to be
within the range length of the collected data. Tables 5 and 6 sum-
marize the main findings derived from these experiments with
some samples. We divided the analysis into six categories based
on the nonword generation type as follows:

e Both-Auto: Automatic generation of nonwords, i.e., replacement
a character with one of its orthographic and phonological sim-
ilarity lists.

Both-Manual: Manual generation of nonwords, i.e., replacement
a character with one of its orthographic and phonological sim-
ilarity lists.

Orthographic-Auto: Automatic generation of nonwords, i.e.,
replacement a character with one of its orthographic similarity
lists.

Orthographic-Manual: Manual generation of nonwords, i.e.,
replacement a character with one of its orthographic similarity
lists.

Phonological-Auto: Automatic generation of nonwords, i.e.,
replacement a character with one of its phonological similarity
lists.

Phonological-Manual: Manual generation of nonwords, ie.,
replacement a character with one of its phonological similarity

lists.
Table 5
Summary of the number of correct answers/ generation type and the overall accuracy.
Generation Description # of Accuracy
Type correct %
answers
Both-Auto Automatic nonword generation 78 5.31
using orthographic and phonological
similarity lists per letter
Both- Manual Human nonword generation using 107 7.28
orthographic and phonological
similarity lists per letter
Orthographic- Automatic nonword generation 109 7.41
Auto using orthographic similarity list per
letter
Orthographic- Human nonword generation using 64 4.35
Manual orthographic similarity list per letter
Phonological-  Automatic nonword generation 172 11.7
Auto using phonologic similarity list per
letter
Phonological- Human nonword generation using 173 11.77
Manual phonological similarity list per letter
Real word Concrete words taken from the 257 17.48
processed corpus
Sum = 1470 960 65%
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4.3. Evaluation measures

Several generic evaluation measures were used to evaluate the
performance of the suggested approach. For this work, we focus on
the most common ones, specifically we consider accuracy, preci-
sion, and recall. The first three measures can be computed with
the help of confusion matrix as shown in Fig. 4. To understand this
figure, we provide the following definitions that are based on the
work by Hamed (2019).

e True Positive (TP) is the number of correct answers, i.e., posi-
tive class correctly identified as positive (real words that are
identified as real words).

e True Negative (TN) is the number of correctanswers, i.e.,
negative class correctly identified as negative

(nonwords that are identified as nonwords).

o False positive (FP) is the number of incorrect answers, i.e., nega-
tive class incorrectly identified as positive (nonwords that are
identified as real words).

o False Negative (FN) is the number of incorrect answers, i.e., pos-
itive class incorrectly identified as negative (real words that are
identified as nonwords).

Fig. 4 displays the confusion matrix of the learners’ responses.
The test had 30 input words, each one has 49 responses, so the
total is 1470 observation, 490 out of 1470 is coming from answers
to the real words input set (10 real words with 49 response for
each word), 257 out of 490 observations had correct answers but
233 had incorrect answers. From another side, observations of
answers come from nonwords are 980, 277 out of 980 were able
to distract the learner by considering them as real words, while
704 out of 980 were not able to distract the learner and they had
given nonwords selection. From the output of the confusion
matrix, it is shown that 1/3 of the generated nonwords were able
to distract the learners. Consequentially, the computed values of
accuracy, recall and precision are 65%, 0.52 and 0.48, respectively.
These small values indicate that the LRT questions that were
automatically generated by the proposed system had confused
the learners. It is correct that the frequency had enhanced the
flexibility to determine test’s difficulty, and this supports the idea
of multi-level test generation, but the drawback is having less
distinct count when comparing it with the total Arabic real
words which is about 12 million words. This will affect the
accuracy of the generated nonwords, while it is being classified
as nonwords.

4.4. Comparative analysis

As clearly stated in the manuscript, Lexical Recognition Test
(LRT) themes are one of the main methods that are widely used
to measure language proficiency levels of some international lan-
guages such as English, Spanish, and German. However, similar
research for Arabic is still at development stages, and existing pro-
posals mainly use human-crafted methods for nonwords’ genera-
tion. This research work aims at enriching Arabic LRTs, more
precisely to generate nonwords in an automatic way, which can
be considered as the first work to be conducted in this domain.
Nevertheless, we tried to make a comparative study considering
the most relevant contributions coming from Arabic and English.
We specifically consider the work done by Hamed and Zesch
(2018b) and Hamed (2019) who rely on human-crafted nonwords
for Arabic LRTs, LexTALE (Lemhofer and Broersma, 2012) and the
high-order position specific language models (3-gram-ps) for the
automatic generation of LeXTALE-like English LRTs (Cavnar and
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Table 6
A sample of nonwords using auto generation type.

Word Type New nonword Old char New char
<l automated_both e & &
el automated_both el 4 4
L) auto_orthographic ey & &
e auto_orthographic pgnt & <
4idla 5o auto_orthographic 4iiks 5o & it]
Jass auto_phonotical 335 d é
el auto_phonotical Jels ¢ J
(sira auto_phonotical (SSua & 4
Jelia auto_phonotical Jaclia d L
Lol auto_phonotical Lasle ¢ 5]

e Y )

True Positive (TP) False Positive (FP) Precision = TP/(TP+FP)
257 277 (0.48)
A N 4
" Y N
False Negative (FN) True Negative (TN)
233 703
A e vé
4 N Accuracy =
Recall = TP/(TP+FN) (TP+TN)/(TP+FP+TN+FN)
(0.52) (65%)
o
\_ 4

Fig. 4. The output of the confusion matrix and evaluation measures.

Trenkle, 1994; Hamed and Zesch, 2015). To ease the comparison,
we considered the same evaluation measures used by these previ-
ous works. We mainly focus on recall and precision, which are two
common matrices being widely used to measure performance of
similar studies. In this comparative study, we considered recall
and precision for words and nonwords calculations, Ry, Ruw, Pw,
Pnw, respectively. They can be computed using the following equa-
tions (Fig. 4):

Rw = TP / (TP + FN)

Rhw = TN / (TN + FP)

P, = TP/ (TP + FP)

Pow = TN [ (TN + FN)

Table 7 summarizes the comparative results of recall and preci-
sion for words extraction and nonwords generation for two lan-
guages: English and Arabic. As the table shows, part of the data
was obtained from the results reported by Hamed and Zesch
(2018a), Hamed and Zesch (2018b) and Hamed (2019). It is worth

noting that the Arabic script has diacritics, therefore results are
divided into different columns. “ND” indicates that the test is
non-diacritized. “Diac” indicates that the test is diacritized,
whereas “Diac Freq.” and “Diac InFreq.” indicate that the test is
diacritized using the frequent and infrequent diacritics.

The recall for words (R,,) refers to the portion of correct positive
classifications (TP) from the cases that are positives. Whereas the
Recall for nonwords (R,,) refers to the portion of correct negative
(TN) classifications from the cases that are negative. As per our
approach, it can be clearly seen that the recall for words (Ry) -
aka sensitivity, and nonwords (Ry,) - aka specificity - are the low-
est among others, 0.52 and 0.72, respectively. This means that
words’ extraction and nonwords generation by the proposed
approach have better quality and consider this as improvement
over the past studies. For words’ extraction, we argue that this is
due to the lowest frequency of the tuning threshold parameter
being used in the proposed algorithm (Algorithm 1). In other

Table 7
Comparative table showing differences between previous and proposed approach.
English Arabic
LexTALE 3-gram-ps Hamed and Zesch Hamed (2019) Proposed approach
(2018a), Hamed
and Zesch
(2018b)
ND Diac ND Diac preq. Diac infreq.
Recall Rw 0.70 0.73 0.68 0.74 0.95 0.92 0.80 0.52
Row 0.75 0.90 0.90 0.93 0.89 0.82 0.85 0.72
Precision Pw - - 0.93 0.96 0.95 0.91 0.92 0.48
Pow - - 0.65 0.70 0.93 0.90 0.71 0.75
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words, the selected words are used to belong to frequency classes
that are less than the average frequency for all words in the corpus.
Regarding nonwords, we argue that this is due to the confusion
caused by similarity between the forms of Arabic letters. However,
there is a room for improvement in generating Arabic nonwords.

Regarding to the precision which refers to the portion of words
(Pw) and nonwords (P,) that correctly identified by the learners.
As per the proposed approach, the calculated P,, and P,,, are 0.48
and 0.75, respectively. Those values are quite similar to the
reported precision values. This means that learners have incor-
rectly identified the words and nonwords in 0.52 and 0.25 of the
cases, respectively.

4.5. Analysis of LRT dimensions

The LRT was conducted in collaboration with local Arabic learn-
ing centers. The test was completed by 49 participants (15 female,
34 male) categorized into main groups: native and non-native
speakers (foreign learners who joined some Arabic learning
courses with different levels of learning years). In this section we
discussed the learners’ backgrounds using various dimensions
and studied the relationships between various test components
including word length, nonword generation type, learning years,
and participants’ main language. Pertaining to this analysis, we
observed that 1200 responses were produced by native learners
while 270 by foreign learners. Foreign learner’s average age is 35
with average 5 years of learning journey.

A. Word length: Referring to Fig. 5(A) that illustrates the rela-
tionship between the word length and the correct score,
we found that learners were able to distinguish between real
words and nonwords when word length was in range of

300 1~
@
@ 250 A
3
2
£ 200 A
k]
£ 150 -
S
%5 100 -
g 50
=z
0 +
3 4 5 6 7
Word Length - # of characters
A : Num. of correct answers vs. word length
160 -
o 140 A
2 120 |
2
c
< 100 -
©
2 g0 -
o
S 60 4
5}
£ 40 4
2
20 A
0 4

1 2 3 4 5 6 7 8 9
Num. of Years

10 >10

C : Num. of correct answers vs. num. of learning years
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(4-6). This means that this range was less confusing than
being in length of 3 or 7 characters. This implies that gener-
ating nonwords from a real word with length 3 or from a real
word with length 7 or above, will produce high quality non-
words, which are difficult to be identified when comparing
them with nonwords that had been generated from real
words of length between 4 and 6 characters.

B. Word type: Referring to Table 5 that shows automatic gener-
ated types of nonwords and Fig. 5(B) that illustrates the rela-
tionship between word type and the number of correct
answers, the real word part takes into considerations that
most learners were native; on the other hand, phonological
got the second score, and this is expected since phonological
replaces Arabic letters based on phonetical considerations,
and this might make the generated nonword sounds strange.
From the opposite part, orthographical type and orthograph-
ical and phonological combination type had the minimum
scores, and this is due to the argument that says if someone
can identify the word, he/she knows it, and in the last cases
learners had made identification because these nonwords
were having high quality and it is difficult to judge. conclu-
sions were derived: as expected, the highest scores were
achieved when the learners answered.

C. Learning years: Fig. 5(C) depicts the relationship between the
learner’s language levels and the number of correct answers.
It is concluded that the number of learning years could not
be counted as a segregated item as the number of correct
answers per learning years does not have a considerable
variance among all learning levels.

D. Learners’ main language: Fig. 5(D) displays the learners’
responses distribution, where (1200 out of 1470) observa-
tions were produced by native learners, while (270)

300 1
250 A
200 A
150 +

100 A

Num. of Correct Answers

Both-C1 Both-C2 Ortho-C1 Ortho-C2 Phono-C1Phono-C2 Real
Word

Nonword Generation Type

B : Num. of correct answers vs. nonwords generation type

E Number of Exam Questions Number of Correct Answers

1400 A
1200
1200 A
1000 A
800 4
600 A
400 A 270

200 A

Num. of Questions and Answers

Others

Arabic
Participant's Main Language

D : Num. of questions and answers vs. participant's main language

Fig. 5. Histograms that show the relationships between various exam dimensions (word length, nonword generation type, learning years, and participants’ main language)

and the number of correct answers.
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observations were produced by nonnative learners. This
high discrepancy explains why it is only one third of non-
words had confused the learners since native learners can
identify their language better than non-native learners.
Fig. 5(D) depicts that the total number of correct answers
were (812 + 148, 65%) out of observations total operations,
and (388 + 122, 35%). As shown in this figure, the most cor-
rect answers had been produced by native learners. Despite
of this, we could consider that mother language is a segrega-
tor, since most of the participated learners were Arab. To
judge this conflict, we need to have similar groups to con-
duct comparative studies with closed values of suggested
learner dimensions.

E. Gender Impact: Fig. 5(D) show the relationships between the
numbers of correct answers vs. participant’s gender. Most
correct answers were achieved by males regardless their
mother tongue, but in spite of this, we could not prove that
males could have higher scores than females since male par-
ticipant’s count is much more than female count. To prove
that gender is a segregation dimension, we could have sim-
ilar gender counts and similar dimensions as age, learning
years, etc.

It is clearly shown that the observations fulfill expectations as
we can find the main segregator dimension is the vocabulary gen-
eration type. In this study, robust nonwords that confused learners
are the one which are generated based on the orthographic similar-
ity rules, since this modification guarantees the vocabulary gener-
ation of much closed shapes of the original ones, that is why it was
confusing. In addition to this observation, the highest quality of
nonword generation that achieved the least score is the nonwords
that have replacement letters based on orthographic and phono-
logical similarities (check automated_both type in Table 5). In
other words, when the replacement letter could be in the intersec-
tion set between orthographical and phonological similarity
groups.

4.6. Results validation

A human-driven intervention is used as an extra verification
step to validate the quality of auto generated nonwords. Our main
argument here is that incorporating a manually generated vocabu-
laries by Arabic expert following the same rules will enable us to
double-check the types and quality of nonwords. To do that, we
designed a sample version of the LRT following same LRT versions
implemented in other languages. We prepared a test version with a
ratio 1:2 (real words: nonwords), some questions were written by
Arabic expert following the same rules. Thus, in this study, the cre-
ated LRT contained 30 questions, 10 real words and 20 nonwords.
The list of nonwords is divided into two groups (10 nonwords gen-
erated manually and the other 10 generated automatically) with
possible answers (True, False) for each question. The purpose of
this experiment is to make sure that the LRT vocabularies that
are already taken from real corpus, auto generated nonwords,
and those generated manually by Arabic experts have good quality
that could distract learners.

A verification step was carried out to validate the above results.
The main argument here is that generating good nonwords in Ara-
bic is an eligible technique that can be used to establish Arabic LRT
version. The results proved this argument as well. Besides this
result, we could find that there is no contradiction between man-
ual and automated methods, this indicates that automated non-
words generation is a valid option that could achieve results as
the manual version prepared by a language expertise. For obtaining

10
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more accuracy, more focus was given on generating nonwords
based on letter replacement with its corresponding set, with the
intersection between orthographical and phonological similarity
groups. This intersection intended to produce high quality non-
words, taking into considerations words frequency rank.

We also computed the p-value using T-Test, which indicates a
statistical convergence of compared values of two selected logical
groups of participants. To do that, we have randomly divided the
participants into two groups: Group (A) and Group (B). After select-
ing the groups, we calculated the score for all participants. Then,
the scores for both groups are compared using a paired T-Test.
The results have shown that the two-tailed p-value is less than
0.0001, which is less than the 0.05 threshold used for this test.
As per the conventional criteria, the scores are statistically
significant.

4.7. Applications

To get a better picture on the practical value of the proposed
approach, we chose three example applications: First, since LRT
themes are internationally well-recognized methods to measure
learning proficiency levels of common languages such as English,
German, and Spanish, similar research for Arabic are still at devel-
opment stages, and existing proposals mainly use human-
generated methods. Therefore, one of the potential applications
of the proposed approach is that it can be used to measure the pro-
ficiency level of Arabic learners (Arabic LRT). Second, another
potential application is Arabic spellchecker. Since the proposed
approach can generate huge amount of high quality nonwords,
these nonwords can be stored in a database of vocabularies - it
can be integrated into Arabic Proofreading tools - that can be used
as a reference for spell checking documents written in Arabic lan-
guage to ensure that any Arabic documents are accurate, readable,
and meet professional standards. Third, since Arabic LRT is still at
development stages, the proposed approach can be considered by
many researchers who conduct relevant studies. The project’s
source code, its implementation steps, documentations, and the
generated nonwords database will be freely available on Github
platform (https://github.com/).

5. Conclusion and future work

This paper suggested a new methodology, based on a newly
developed algorithm, to automatically generate high quality non-
words to act as stimuli in Arabic LRTs. The new algorithm gener-
ates nonwords based on Arabic character classifications theory:
phonological, orthographic, n-grams, and word frequency. The
developed method was tuned using n-grams and word frequency
map to design multilevel LRT. The results have shown that the pro-
posed approach is mature enough for generating high quality and
confusing nonwords. From the output of the confusion matrix,
1/3 of the generated nonwords have received wrong answers by
the leaners. This hypothesis had been approved when results of
manual generated nonwords have similar results of the automated
method and both types confused the learners.

As a future work, we will plan to include Arabic words diacriti-
zation to enhance the test and make the generated words more
robust. Other future works for further improvements could be
using Arabic poets in traditional Arabic, religious sources and tra-
ditional Arabic transcripts and literature. Also, some further
improvements on the test setup shall be considered such as similar
groups with singular words, similar groups with plural words, sim-
ilar groups with mix words, test versions with only one type of
word category (names, verbs, adverbs and plural).
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