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Abstract

This is a thesis about the computational study of Dialectal Arabic (DA).
In particular, the thesis studies DA, with a special emphasis on Levantine
Arabic, and develops tools and resources for the computational study of Di-
alectal Arabic Natural Language Processing (DANLP). It investigates the
creation of fine-grained resources that can be used for a variety of computa-
tional tasks, and a number of effective models that can deal with the com-
plexity of fine-grained dialectal data. Dialect Identification (DI), as well as
Sentiment Analysis (SA) are the Natural Language Processing (NLP) tasks
investigated in this thesis.

In the first part (Study 1 and Study 2), I study the DI task on both
coarse-grained and fine-grained levels. For this reason, I build the first an-
notated Levantine (SHAMI) Dialect Corpus (SDC). Furthermore, I explore
the ability of n-gram language models, Machine Learning (ML) algorithms
and ensemble learning techniques to classify and detect 26 Arabic varieties.
In the second part, I conduct a linguistic study to measure the lexical dis-
tance between MSA and DA, and between the dialects themselves. This is
done to check whether transferring knowledge from one variety to another
is possible. In the third part, studies 4,5 and 6, I explore Arabic Sentiment
Analysis (SA). I investigate the idea of knowledge transfer between MSA
and the dialects using SA as a case study. Furthermore, I implement various
models such as the pre-trained language model BERT, Deep Learning (DL),
ML and feature engineering approaches to detect the sentimental polarity
of DA data. I introduce two valuable resources for this task, one focusing on
Levantine sentiment (Shami-Senti), and the other for DA in general (AT-
SAD). I exploit different ways of annotation, e.g. human, lexicon-based and
automatic distant supervision annotation. The last study is about choosing
the best model for DI and SA. I exploit well-known models and approaches
using various kinds of DA resources.

The thesis contributes to the field of DANLP in a number of ways. The
introduced valuable resources can be seen as a stepping stone for a deeper
investigation and understanding of issues in DANLP. They are also reliable
and can be used by researchers to address different NLP tasks. The cross-
dialectal linguistic studies will open up prospects for researchers to fine-
tune models and transfer knowledge among Arabic varieties. A big part of
the contribution lies in designing DI and SA models. I implement several
ML models that use feature engineering approaches and N-gram language
models to identify the dialect or detect the sentiment. For DI, I design and
implement an ensemble learning model that is able to handle fine-grained
dialects. Additionally, I exploit the usage of DL models on different SA
dialectal datasets and achieve competitive results. For both tasks, I exploit



the recent pre-trained language models and perform a comparison to choose
the best model. I also implement a semi-supervised approach for automatic
labelling and annotating data with the help of self-training techniques to
improve the performance of the dataset. These models will help researchers
dive deeper into DANLP and create practical and industrial systems.



Abstrakt

Denna uppsats ar en serie av datorlingvistiska studier av Dialektal Arabiska
(DA). Jag undersdker DA, med fokus pa Levantinska Arabiska och utveck-
lar verktyg samt resurser for datorlingvistiska studier av dialektal Arabiska
(DANLP). I uppsatsen understker vi resurser som kan anvindas i manga
olika syften, och datormodeller som kan hantera komplex dialektal Ara-
biska. Studierna som presenteras undersoker dialektidentifikation (DI) och
sentiment analysis (SA).

I den forsta delen (Studie 1 och 2) studerar vi DI bade pa en generisk
och specifik niva. For detta bygger vi SHAMI-korpuset. Den forsta stu-
dien underséker denna korpus med en sprakmodell baserad pé n-gram och
sammanséattning av modeller for att klassificera 26 olika Arabiska dialekter.
I den andra delen gor vi en lingvistisk analys for att méta lexikal distans
mellan Modern Standardarabiska (MSA) och dialektal Arabiska samt mel-
lan de olika arabilska dialekterna. Detta gors for att undersdka huruvida
vi kan féra 6ver kunskap fran en dialekt till en annan dialekt. I den andra
delen (studie 3, 4, och 5) undersoker vi sentimentanalys. Vi undersiker och
det gar att 6verfora kunskap mellan MSA och andra Arabiska dialekter som
en fallstudie Jag implementerar &ven flera olika maskininlarnings modeller,
s som BERT, och underséker huruvida sérdragstekniker kan anvindas for
att predikera polaritet hos sentiment for dialektal Arabiska.Jag introducerar
tva resurser for detta, en som fokuserar pa sentiment i Levantinska dialekter
(Shami-Senti) och en annan for andra Arabiska dialekter (ATSAD). Jag an-
vander mig av olika annoteringstekniker: méanskliga annoterare, ordbocker,
och automatisk distans overvakning. Den sista studien handlar om hur vi
kan vélja den bésta modellen for DI och SA. Vi undersoker kidnda modeller
och tekniker for detta och utnyttjar olika DA resurser.

Denna uppsats bidrar till faltet DANLP pa méanga sétt. Vi introduc-
erar ett antal virdefulla resurser for dialektal Arabiska som kan ses som
ett forsta steg mot djupare undersokningar for forskning inom DANLP.
Resurserna dr ocksa robusta och kan anviandas for manga olika uppgifter
inom datorlingvistik. De kors-dialektala lingvistiska studierna 6ppnar upp
for forskning inom justering av fortrdnade modellers samt overférande av
kunskap fran en dialekt till en annan. En stor del av mitt bidrag ligger
i designen av olika modeller for DI och SA. Jag implementerar flera olika
modellers som anvédnder sdrdragstekniker och n-grams sprakmodeller som
kan identifiera arabisk dialekt och sentiment. For DI sa designar jag och
implementerar en sammanséttnings modell som kan hantera dialekter pa
detaljniva. Yttligare sa anvinder jag mig av djupinlarnings modeller for di-
alektal arabisk sentimentanalys och far bra resultat. For bade DI och SA sa
anvander jag mig av for-tranade sprakmodeller och utvirderar dem for att



iv

véalja den basta modellen. Jag implementerar dven en latt-Gvervakad mod-
ell for automatisk annotering med hjélp av sjalv-6vervakade tekniker som
forbéttrar resultatet for korpuset. Dessa modeller kan hjdlpa forskare att
dyka djupare in i DANLP for att skapa praktiska och industriella system.
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Introduction

Arabic is the official /co-official spoken language in 23 countries. However,
it is not the native language tongue of any speaker of Arabic. One can do
a broad classification of Arabic into three main varieties: Classical Arabic
(CA), Modern Standard Arabic (MSA) and Dialectal Arabic (DA, colloqui-
alism). CA is the form used by the Holy Quran, pre-Islamic scripts, and
was also in the Umayyad and Abbasid literary texts from 7th century AD
to the 9th century AD (early Islamic Literature)[1]. DA, on the other hand,
is used in everyday communication as well as informal writing, e.g. in social
media[2]. Both CA and DA originated before Islam. The Quran is based
on the variety of Arabic used by Quraysh, an influential tribe in Mecca at
that time. Modern Standard Arabic (MSA) is the literary standard across
the Middle East, North Africa and the Horn of Africa. It is the official
language of all Arab League countries and it is the form used for education,
news, politics, religion and, in general, for any type of formal interaction.
However, people in the individual Arabic-speaking countries communicate
orally and in writing in their own dialects. According to the Ethnologue
2020 statistics, the number of Arabic speakers who master at least one Ara-
bic dialect as their first language is about 350 million,! while there are 270
million Arabs who know the official Arabic language. In Chapter 2, more
information about these varieties will be given.

As a result of the rapid technological development, and with the in-
creased usage of the Internet among Arabic speakers, Arabic content online
has been drastically increasing. This led to a need for building Natural
Language Processing (NLP) applications that are capable of handling the
Arabic language in both its standard and dialectal form. Initially, NLP

Lhttps://www.ethnologue.com/language/ara



CHAPTER 1. INTRODUCTION

researchers focused on MSA in terms of building computational resources
and applications. Recently, with the emergence of social media platforms,
the need to develop computational resources for DA has become necessary.
Indeed, dialectal resources, models and applications for DA have started to
be developed, but given that dialects are not standardized in terms of the
writing form, and, as such, a lot of variation can be found across various
countries and cities, this task becomes very difficult, and a lot of effort is
required to build resources and develop various NLP models to cope with
DANLP tasks.

This thesis is broadly about the computational linguistics and NLP
study of Dialectal Arabic. I address two DANLP tasks: Dialect Identifi-
cation (DI) and Sentiment Analysis (SA). DI systems are usually classi-
fied into coarse-grained classification systems, where the classification takes
place in the level of groups of dialects or regions, and fine-grained clas-
sification systems|3|, where classification moves deeper to the level of the
country, province, city or even more. An example of this difference will be
a DI system classifying Levantine dialects and a system identifying the va-
rieties spoken in different cities in Syria[4]. Sentiment Analysis refers to the
classification of sentence polarity[5]. They can be classified according to ob-
jectivity and subjectivity[6], according to polarity (positive, negative, mixed
or neutral)[7], and emotion extraction (fear, angry, joy, sadness, happy, in-
spired and so on)[8, 9]. There is also aspect SA, which categorizes opinions
by aspect and identifies the sentiment related to each aspect[10].

More specifically, this thesis is about developing resources and applica-
tions for Arabic dialects, in general, and Levantine, specifically. Levantine
is a sub-group of Arabic dialects spoken in Levant. It is spoken in Palestine,
Syria, Lebanon and Jordan. According to Ethnology (2022) there are more
than 40 million Levantine native speakers all over the world, making Lev-
antine varieties second in terms of speakers after Egyptian Arabic?®. The
first part of the research presented in this thesis investigates the task of DI
on both levels (coarse-grained and fine-grained). For this reason, I built
Machine Learning models that are able to classify the Levantine group of
dialects (4-dialects), as well as other models that are able to classify between
26 Arabic varieties spoken in 25 Arab cities plus MSA. For the purpose of
the Levantine DI task, I collected and built a Levantine corpus that included
the 4 dialects (Palestinian, Syrian, Jordanian and Lebanese). Then, I han-
dled the task of SA both for Arabic dialects and Levantine dialects as a
case study, I built various learning models, exploiting the Levantine corpus,
and extracted sentences annotated for sentiment from it, in order to build
the first Levantine SA corpus that includes data from the four Levantine

2https:/ /www.ethnologue.com /language/apc
3https://www.ethnologue.com/language/ajp



1.1. MOTIVATIONS

dialects. In addition to this resource, I also built an SA dataset for DA to
study the task in a broader manner.

1.1 Motivations

There are two main motivations behind doing this thesis, that are, however,
interconnected to some extent. The first concerns myself as an Arabic native
speaker, while the other concerns myself as an NLP researcher interested in
Arabic NLP.

I came to Sweden in 2016 from the Levant. In that year, according to
the statistics in Sweden, there were 116,384 citizens of Syria (70,060 men,
46,324 women) residing in Sweden.*Most of these people arrived as asylum
seekers following the Syrian civil war, which began in 2011. These numbers
increased in 2020 and reached 194,000 Syrian citizens having Syria as their
place of birth, and a total of 50,620 who have at least one Syrian-born
parent.® In addition to the Syrian refugees, there were also Palestinian
refugees, as well as Lebanese and Jordanian immigrants, working here in
Sweden.

These people, especially in their first years in Swedish, and before having
mastered Swedish properly, tried to use Google Translate or other transla-
tion applications to communicate and translate between Swedish and Ara-
bic. All of them used their own Arabic dialects either in speech mediums
or text processing applications. As a native Levantine speaker, I meet so
many non-educated people who cannot express their needs and thoughts
in MSA or CA, but can do so well in their own dialects. For this reason,
however, they face many problems and frequently ask for the help of a trans-
lator or an interpreter anywhere they go in the country. These situations
motivated me to further study the Arabic Dialect Identification task, es-
pecially for Levantine dialects, given that, as a Levantine native speaker,
I am interested to detect the differences among the dialects of the Levant.
Therefore, fine-grained Levantine DI is one of the issues I am investigating
in this thesis.

Moreover, because of the political developments in my country, whether
this is the recent conflict in Gaza 2021, the Syrian civil war, or in general,
the turbulent events across the Levant, I used to browse the web to see how
people feel towards these issues and others. People use the social media
platforms to express and share their feelings, opinions and sentiments with
regard to various situations including politics, economy, products and life
in general. This too motivated me greatly to complete the research on the

4http://www.statistikdatabasen.scb.se/pxweb /en /ssd/
Sstatista.com/topics/7687/migration-and-integration-in-sweden/
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subject of SA, whether at the level of Levantine dialects, or Arabic dialects
in general, later.

The Arabic language ranks fourth by the number of Internet users after
English, Chinese and Spanish.® Nowadays, as mentioned before, there are
three Arabic varieties: CA, MSA and DA. While the DA is the spoken lan-
guage all over the Arabic-speaking countries, one could always find dialectal
data like audio or video recordings but not in text format. Recently, and
with the increased use of social media, Arabs use their dialects while post-
ing, tweeting and socializing. This means the availability of dialectal data
on the web in terms of written resources. However, in order to be able to
use the dialectal data, an NLP researcher should study the nature of the di-
alect, process it and build NLP applications for different usage like Machine
Translation (MT), Part of Speech tagger (POS), Entity Recognition (ER)
and others. Nonetheless, any application should be preceded by the process
of identifying the dialect, which improves the performance of the desired
NLP task. This matter motivates me as an NLP researcher to build models
that help detect the dialects either on the country level, like Levantine DI,
or in fine-grained level to detect the dialects of Arab cities.

My second interest as a researcher in Arabic NLP is to classify and de-
tect feelings expressed in dialects. Most people use emotion, and a lot of
discussions on social media on various issues can be found: these include
political issues of the respective countries, discussions on the economy, or
discussions about daily life matters, e.g. asking about a product or compar-
ing schools or students’ comments about exams and so on. That is, social
media platforms have become a place for presenting opinions and discus-
sions on a daily basis. Stakeholders such as companies, decision makers,
and data analysts express their concerns about people and their opinions,
so there is a constant need for SA software. SA applications can be used in
many cases, such as determining the preferences of people towards a par-
ticular political party and can thus make predictions on election results or
analyze the opinions of users of different products, so that, based on the
results, companies can develop and improve production lines, which means
more financial returns. However, SA applications are not only about cus-
tomers’ feelings towards small products, but can, furthermore, be used for
more serious matters. Sentiment programs can analyze users’ personalities,
and thus can be used for issues of security, e.g. for maintaining state se-
curity and combating terrorism. Given that people use their dialects when
posting on the Internet, my works in SA concern dialectal Arabic to a large
extent. For this reason, I built a Levantine SA resource to use as a resource
to train an SA model. A later step is to build much bigger SA datasets for
all Arabic dialects.

Shttps://www.internetworldstats.com /stats7.htm
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In addition, there are a number of reasons that can be the motivation
for a researcher to study NLP — specifically to study DANLP with a special
focus on the task of DI, SA and Lexical Distance.

The following are some of them:

e The scarcity of available dialectal Arabic resources (in the time I began
my PHD in 2016). This is because most of the existing resources have
either been built for the purpose of processing MSA, or to address
the coarse-grained dialects. Two well-known workshops are conducted
every year and both concern the ANLP, the Workshop on Arabic
Natural Language Processing (WANLP)” and Workshop on Open-
Source Arabic Corpora and Processing Tools (OSACT),® where both
were started in 2014.

e As my interest is the Levantine dialects, then in the time of my first
work Shami corpus, there was not any other corpus that had all four
Levantine dialects classified in the level of country. Thus, to build a
Levantine DI model, I needed to build a four classes Levantine corpus
that included the dialects from Palestine, Syria, Lebanon and Jordan
(Study 1, page 99).

e Even though Levantine dialects are similar to some extent where they
are mutually intelligible, many differences between them exist upon a
closer look, for example in the level of morphology. As a consequence,
the need for efficient DI systems that are capable of distinguishing
between them efficiently has emerged.

e Some researchers and statistical NLP websites claim that Levantine
is the closest vernacular variety to MSA in terms of lexicon®[11]; this
motivates me to study the lexical distance between the dialects and
how far they are from MSA (Study 3, page 135).

e The desire to transfer knowledge and technology from the available
MSA NLP tools and results to DANLP. In general, the desire to
broaden MSA NLP to include under-resourced languages like Arabic
dialects (Study 4, page 155). As the availability of ANLP tools, this
motivates me to adapt these tools and fine-tune them to be able to
handle and address DANLP. I also want also to transfer the knowledge
between dialects, by building tools for some dialects and broadening
these tools to be consistence with other dialects. This was a motiva-
tion for the second study (Study 2, page 123).

Thttps://aclanthology.org/venues/wanlp,/

8https://scholar.google.com /citations?user=YmKaJR4A AAA Jhl=enauthuser=2

Yhttps://www.economist.com/middle-east-and-africa/2021/09/18 /the-travails-of-
teaching-arabs-their-own-language
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1.2

As mentioned before, SA is also under investigation in this thesis.
Thus, I decided to build two SA resources. The first concerns the
Levantine dialects, where there is a lack of SA corpus for Levantine and
that already have our Levantine dialects corpus (Study 4, page 155),
and the second is a SA corpus that includes all the Arabic dialects in
general (Study 6, page 191). The task of SA considers hot and trendy
topics, and there, NLP models should address the sentiment of the
text regarding different polarities. Companies, social institutes and
other parties are concerned with people’s sentiments and opinions,
and as such, good SA models for DA are needed. In addition, the
availability of new technologies for researchers and developers such as
the Twitter APIs,' makes it easier and less time consuming to build
resources gathering a reasonable amount of available data. Using this
technology, I can easily build a dialectal Arabic SA corpus (Study 6,
page 191).

Research Questions

I address the following general research questions in the independent studies
comprising the thesis:

Is there any available Levantine corpus that includes data from the
four dialects of the Levant? If not, then which tools and platforms
could be used to collect and build such a Levantine corpus? (Study
1, page 99)

What are the best feature combinations that could be extracted in
order to build and train models for the Levantine DI task? (Study 1,
page 99)

Which features, algorithms and models could be used for very fine-
grained DI systems to detect dialects among 25 Arab cities? (Study
2, page 123)

What is the level of lexical similarity and divergence between MSA
and dialects of Arabic? (Study 3, page 135)

Depending on the answer to the previous question, is it possible to
rely on the level of similarity and exploit the existing tools and NLP
models of MSA, and fine-tune them to suit DANLP? (Study 4, page
155)

Ohttps://developer.twitter.com/en/docs/twitter-api
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e Is there any Levantine corpus built for the purpose of SA? How can I
exploit our Levantine corpus to build an SA corpus? (Study 4, page
155)

e How could deep learning networks perform using different kinds of
Arabic corpora (in terms of size, source of the data, included lan-
guage/dialects and data-balancing)? (Study 5, page 175)

e Which solutions can be employed to collect and build a big corpus
for dialectal Arabic SA, taking into consideration time and resource
efficiency? (Study 6, page 191)

e Can I exploit semi-supervised approaches for the purpose of automat-
ically annotating the corpus? Can I employ the self-training approach
for labelling purposes? (Study 6, page 191)

e What kind of models can be used efficiently for under-resourced di-
alects? Is it machine learning approaches, deep learning networks,
feature engineering, word embeddings or language models? (Study 7,
page 211)

e Is there a way to choose the best models or are there different factors
that influence the choice of the model?(Study 7, page 211)

1.3 Contribution

This thesis has made a number of contributions to the field of DANLP. The
first main contribution is the development of resources for dialectal Arabic.
Specifically, I built:

e The first Levantine corpus (SHAMI), which includes data from four
dialects of the Levant: Palestinian, Syrian, Lebanese and Jordanian.
The corpus is a valuable resource that can be used for different pur-
poses like POS taggers, DI, morphological analysis and similarity stud-
ies, among other tasks. The way the four categories are labelled and
classified in the corpus can help NLP researchers address many lin-
guistic phenomena related to Levantine. (Study 1)

e The first SA corpus for Levantine based on SHAMI, which includes
data from the four Levant countries. It is a three-way classification SA
dataset (positive, negative and mix) and is considered a stepping stone
for investigating Levantine SA. It addresses the differences between
this group of dialects and other Arabic dialects. (Study 4)
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e For the purposes of SA in Dialectal Arabic, as well as in order to inves-
tigate the task in more depth, I build An Arabic Tweets SA Dataset
(ATSAD), including all the dialects from the Arabic speaking coun-
tries, using distant supervision and self-training. The corpus contains
a gold standard data set that NLP researchers can use for evaluation
purposes, as well as an automatic labelling SA dataset. (Study 6)

Using our dialectal resources, as well as other resources for DA, I study
and contribute to the following linguistics tasks:

e Measuring the lexical distance and the relation between MSA and
other dialects of Arabic, as well as the distance among dialects them-
selves. This can help NLP researchers to transfer knowledge among
close dialects as well as assist linguists to understand the relations and
differences among the dialects of concern (Study 3)

e The extent to which available MSA tools and models can be fine-tuned
to be adapted for Dialectal Arabic. The degree of reliance on transfer
knowledge between MSA and dialects as well as among dialects to
each other. (Study 4)

e The factors which affect the choice of the best models for some DANLP
tasks like DI and SA. I compare available and well-known approaches
in the field of NLP, e.g. feature engineering approaches, DL and pre-
trained language models. (Study 7)

In terms of the NLP tasks, our contributions can be summarized as
follows:

e [ build a number of ML models by applying language N-gram models
for DI on both a coarse-grained and fine-grained level. Our models
ranked the first in a shred task where I combined features engineering
approach and ensemble learning to get the best results for DI of Arabic
dialects. (Study 1, Study 2)

e [ build various ML techniques for SA of dialectal Arabic, both for two-
way and three-way classification. I contribute to different models by
either employing machine learning on Levantine dialect or by building
a DL network (LSTM-CNN) that can handle different sizes of datasets.
In addition, I examined the usage of the pre-trained language model
in Dialectal Arabic by exploiting different corpora. (Studies 4 to 7)

e [ build and introduce a DL model that combines Bi-directional Long-
Short Term Memory Networks (Bi-LSTM) with Convolutional Neural
Networks (CNN) for the purpose of SA. The DL models outperform
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many state-of-the-art models for some corpora. Moreover, it could
handle small-size datasets. (Study 5)

e I build a semi-supervised approach for automatic labelling and anno-
tating of huge data with the help of self-training techniques to improve
the performance of the dataset. (Study 6)

e Iinvestigate the recent pre-trained language models (BERT) on DANLP
using a number of different datasets, as well as feature engineering-
based approaches for both DI and SA, and compare them. (Study
7)

1.4 Research Studies summary

In Study 1, page 99, I focus on Levantine dialects which are spoken in
Palestine, Jordan, Lebanon and Syria and build the first Levantine (Shami)
Dialects corpus (SDC). I collect the data in two ways: automatic and manual
collection. A number of pre-processing steps are applied without affecting
the semantic meaning of the dialectal data. The total size of the whole
collected corpus is 140K Levantine sentences. DI has been chosen as the
task to evaluate the corpus. I analyze the impact of using a language model
for DI and apply various n-grams model using different libraries. At the
same time, I compare the SDC corpus with other well-known corpora in
the field that contain dialects from the Levant. Several experiments are
conducted in terms of corpus size, libraries used and number of dialects in
classification. Given that the dialects that I am focusing on are very similar,
our experiments also give new insights in respect of language identification.

In Study 2, page 123, 1 dive deeply into the fine-grained DI task.
This was a shared task, where I have been requested to use two datasets,
MADAR-5 (contains 5 dialects from 5 Arab regions +MSA) and MADAR-
25 (contains 25 dialects for 25 Arab cities +MSA). In this study I address
the ability of language models to distinguish between very similar dialects
and, thus, perform fine-grained DI tasks. I address the problem of DI for
all Arabic dialects on the level of Arab cities. Moreover, I examine how can
ML classifiers work in conjunction with N-gram models and other features.
The classification models consist of three parts:

e a coarse-grained identification model to classify each sentence into one
out of six varieties ( 5 five dialects plus MSA) using MADAR-5 corpus.

e a fine-grained model that classifies the sentence among 26 varieties
(25 dialects from different Arab cities + MSA). This model has the
coarse-grained predicted label as well as N-gram features as its input.
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e [ apply ensemble voting leaning on both subsystems.

To be able to transfer knowledge from MSA to DA or between differ-
ent dialects, so it is less time consuming in terms of building new tools for
DA, I do Study 3, page 135. I study the similarities and differences cross-
dialectally. The study focuses on lexical distance by exploiting different
corpora, as I work on textual data. In addition to the qualitative study,
I conduct a quantitative measurement and apply various distance metrics
such as the vector space model (VSM) based on word distribution over
documents (as common in information retrieval (IR) [12]), latent semantic
indexing (LST) [13], the divergence distance algorithm as Hellinger distance
(HD) [14] and others. Considering the available resources, I measure the
lexical distance between the MSA and other dialects. On the other hand,
I measure the lexical distance among the dialects themselves. The study
helps us to shed some light on the written form of the dialects which differs
from the spoken form. This study can be seen as a basis for building NLP
tools for dialectal processing by adapting what already exists for MSA and
focusing on areas of similarity and degrees of difference. The study is the
most extensive of its kind concerned with measuring similarities and differ-
ences in the field of Arabic and dialectal Arabic, and represents a basis for
new, similar investigations, focusing on other criteria such as phonological
distance, morphological distance and semantic distance.

In this part of my work I shift to the second task, sentiment analysis
(SA). SA is considered a semantic task which, with DI (lexical task), could
cover different aspects in NLP. They together form a union of character-
istics of DANLP. Based on the results from the previous study and the
SHAMI corpus I have built in Study 1, I conduct Study 4, page 155. 1
build a Levantine SA corpus (SHAMI-Senti), with data being extracted from
SHAMI. The corpus contains 2k sentences labelled with positive, negative
or mixed polarity. Shami-Senti is the first Levantine corpus that contains
sentimental sentences covering all four countries (Palestine, Syria, Lebanon
and Jordan). The corpus can be used to study the differences or the simi-
larities between these dialects in how they express feelings and sentiments.
Based on the similarity results from Study 3, the SA task is therefore used to
examine whether one can adapt classification models that have been trained
and built on MSA data for DA from the Levantine region, or whether one
should build and train specific models for the individual dialects, therefore
considering them as stand-alone languages. In addition, I exploit the avail-
able SA corpora and check if I can fine-tune the SA models across different
dialects.

Given the results from Study 3 and Study 4, I conduct Study 5, page
175, to investigate the usage of deep neural network, which combines bi-
directional long-short term memory networks (Bi-LSTM) with convolutional
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neural networks (CNN) for Dialectal Arabic SA. I test the productivity of
DL models on achieving good results despite the size of the corpora, as well
as the data balancing among the classes.

Continuing on SA tasks and as Shami-Senti is considered a small corpus,
I now introduce Study 6, page 191. The contributions of this study can be
summarized as follows: Firstly, I propose a 36K Arabic Tweets SA Dataset
(ATSAD) which is automatically collected and labelled in terms of sentiment
polarity by applying distant supervision. I exploit the emojis to collect as
many sentimental tweets as possible, where the language is set to be Arabic.
The emojis are used as weakly labels for automatic annotation of the corpus.
Secondly, with a little help from manual annotation I could evaluate the
corpus by both intrinsic evaluation and extrinsic evaluation approaches. I
release a gold-standard (human annotated) corpus of 8k tweets as well as
the full corpus of 36k tweets. I improve the quality of the full corpus by
employing self-training approach with distant supervision technique as a
double check approach.

Finally, in Study 7, page 211, I compare available well-known NLP
methods and investigate the efficiency and the performance of these models
on DA resources and with two tasks: DI and SA. My aim was to investigate
the question of choosing the best methods for DANLP tasks, taking into
consideration the differences among the resources. I exploit several Bidirec-
tional Encoder Representations from Transformer (BERT) models such as
(Multilingual-BERT, Ara-BERT and Twitter-Arabic-BERT). Meanwhile, I
study the performance of feature engineering-based approaches and ML al-
gorithms as well as the usage of pre-trained word embedding in DL models.
I used all of these models and their results to figure out what is the best
choice for DA, and whether there is a single model that can be used for
different corpora and various tasks. By discussing the advantages and dis-
advantages of the applied models, we aim at helping future researchers to
choose the model based on their priorities. For example, researchers can dif-
ferentiate the models according to other factors like the language in question
and balance in the data. Another finding in this paper is that in many cases,
especially with under-resourced languages, simple methods like traditional
ML algorithms can compete with more sophisticated models based on DL.

11






Arabic Language

Arabic is a Semitic language. It originated in the Arab peninsula. It is called
Arab after the Arabs (people who were living in the Arabian Peninsula)[15].
At the beginning of Islam, there were two main Arabic linguistic sources:
the Holy Qur’an and pre-Islamic poems. Arabs were famous for their lin-
guistic eloquence, especially the Bedouins. Bedouin dialects spread at that
time due to poetic markets and competitions, as well as the consideration
of the Arabian Peninsula as the centre of trade among the Arabs. With the
spread of Islam, scholars started to pay more attention to the Holy Qur’an
and its texts in an attempt to transmit, explain and clarify its text and con-
tents. Due to the expansion of Islamic conquests, particularly during the
era of the Umayyad and Abbasid states, the need for a standardized lan-
guage became an urgent need, and the most important prerequisite for the
written codification of the desired new standard language was the invention
of orthography. Among the reasons that led to language standardization
is the amount of dialectal variation between Bedouin and urban varieties,
as well as between these and the varieties used in the conquered countries.
Additionally, the central government’s policy was to control all subjects
and matters in standardized linguistic norms, thus making standardization
a prerequisite for effective governance. The result of this standardization of
the Arabic language is what today call Classical Arabic (CA)[16, 17]. It
is clear then, that the CA is not an ancestor of dialects, but it is a sister of
the Arabic varieties.

Arabic expanded due to the Islamic conquests and ended up being spo-
ken in a number of regions such as Egypt, the Levant and North African, in
addition to Spain (Andalusia), Malta, parts of Cyprus and regions of Persia,
among others. Of course, Arabic dialects existed before Islam, but, with the
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increased interactions between Arabs and residents of conquered countries,
or the movement of people and tribes among them, further development of
these dialects gave rise to what is called New Arabic. By New Arabic or
Neo-Arabic, it is meant the Arabic dialects as we know them today. The
situation emerging is one where CA was used for the official and religious
subjects of the government, while the dialects were the spoken language of
Arabic speakers|2, 18].

Arabic has been later on influenced by a number of European languages
such as French, British, as well as Turkish. These were some of the lan-
guages used as official languages in regions where Arabic speakers exist.
Each of these languages introduced new linguistic elements into Arabic. At
the beginning of the twentieth century, academies in many Arab countries,
especially Egypt, Syria, Iraq, Jordan and Morocco, worked on moderniz-
ing CA, as well as updating and expanding the lexicon. The goal of these
academies was a rather prescriptive one: to “protect” Arabic from dialectal
and foreign influence and, furthermore, to adapt it to the needs of mod-
ern times. This gave rise to what we know today as Modern Standard
Arabic (MSA).

MSA is the official/co-official spoken language for 23 countries, they
are: Saudi Arabic, Qatar, Kuwait, Bahrain, United Arab Emirates, Oman,
Yemen, Jordan, Syria, Lebanon, Palestine, Iraq, Egypt, Sudan; Libya,
Tunisia, Algeria, Morocco, Somali, Mauritania, Chad, Comoros and Dji-
bouti. In addition, it is recognized as a minority language or working lan-
guage in Cyprus, Mali, Eritrea, Niger, Senegal, Turkey and Iran. Arabic
language has a special status according to the constitution, mostly as a re-
ligious language in some countries such as Israel, Pakistan, the Philippines
and South Africa.!

2.1 Diglossia in the Arabic world

Diglossia is the phenomenon where two or more distinct varieties of a lan-
guage are spoken within the same speech community [19]. In a diglossic
situation, the standard formal language assumes the role of the High vari-
ety (H), while the other languages or dialects act as the Low variety (L)
[20].

The Arabic-speaking countries present us with clear examples of diglossic
situations, where three varieties of Arabic usually co-exist: CA, i.e. the
religious language, MSA, i.e. the official language, and DA, i.e. the spoken
language.

Neither CA nor MSA are the native varieties for speakers of Arabic.

Thttps://en.wikipedia.org/wiki/List, feountries, here arabic;sqno f ficial;anguage
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The Arabic dialects are the native language for Arabic speakers, and every
country in the Middle East and North Africa (MENA) has its own dialects.
Arabic speakers use their own dialect for every day communication, and as
such these are the varieties used to communicate between them on social
media platforms. In some cases, more than two varieties are used within
the same community, for example MSA, DA and French in Lebanon, and
Arabic, Berber, French, English and Spanish in Morocco[21].

Arabic is considered the official /co-official spoken language for 23 coun-
tries: Saudi Arabic, Qatar, Kuwait, Bahrain, United Arab Emirates, Oman,
Yemen, Jordan, Syria, Lebanon, Palestine, Iraq, Egypt, Sudan; Libya,
Tunisia, Algeria, Morocco, Somali, Mauritania, Chad, Comoros and Dji-
bouti. In addition, it is recognized as a minority language or working lan-
guage in Cyprus, Mali, Eritrea, Niger, Senegal, Turkey and Iran. Also,
Arabic has a special status mostly as a religious language in some other
countries such as Israel, Pakistan, Philippine, Malaysia and South Africa.?

Many classifications using different parameters exist for the Arabic di-
alects. The most known categorization is the one by Nizar Habash|22].
There, the Arab dialects are categorized, according to geographic distribu-
tion, into five dominant groups, and they are:

e Gulf: at first sight, the Gulf varieties seem like one unified dialect. On
a coarser look, however, one notices a number of differences|23]. This
group of dialects includes all the dialects spoken in the Gulf Cooper-
ation Council countries, as well as Yemen. Gulf Arabic shares many
characteristics with MSA, and some researchers claim that Arabic ac-
tually originated in the Gulf region|24].

e Egyptian: this is the most understandable dialect between the Arab
speakers from other Arab countries. To some extent, this is due to
the Egyptian media industry and the role of Egypt in the middle east.
Egyptian Arabic includes the different dialects of Egypt, Libya and
the Sudanese dialects|25].

e Levantine: this is a set of four closely related dialects spoken in Pales-
tine, Syria, Jordan and Lebanon. These dialects have their differences
to each other, but they do, however, look very similar and close to
each other in written form[26].

e Iraqi: even though some people count Iraqi as one of the Gulf dialects,
it has a number of different dialect features that make it distinguish-
able[27].

2https://en.wikipedia.org/wiki/List _of countries where Arabic_is_an_official language

15



CHAPTER 2. ARABIC LANGUAGE

e Maghrebi: The north-Africa dialects spoken in the countries of Tunisia,
Algeria, Morocco and some parts of Mauritania comprise this set of di-
alects. These are heavily influenced by French and Berber languages.
As a result, they are hard to understand by Arabic speakers from
other regions|28].

The International Organization for Standardization (ISO) goes beyond
this categorization into more fine-grained based on the country itself.? It
classified the Arabic Dialects as 30 different varieties, considering them 30
different languages; Figure 2.1 shows 26 out of 30 dialects.*

Gulf Arabic

Bahrani
Najdi

Omani

Hijazi and Rashaida
Shihhi

Dhofari

Yemeni and Somali
Chadic and Shuwa
Sudanese

Salidi

Egyptian

Judeo Arabic

Nubi

Cypriot Arabic
Juba

Iragi

Levantine

North Mesopotamian
Badawi

Moroccan

Tunisian

Algerian

Libyan

Hassaniya
Saharans

Figure 2.1: Maps of fine-grained Arab Dialects classification.

Others classify Arabic dialects according to the speech style and the
level of modernization, classifying them into Urban, Rural and Bedouin
dialects[29, 30]. Each one of these classifications can be further fine-grained
to contain sub-dialects or varieties of the dialect: for example, Palestinian
Dialects, which belong to the Levantine group, can be also split to varieties
from Gaza, varieties of North Palestine, and different varieties in the west-
bank and the south parts, or it can be split into Urban, Rural and Bedouin
accents according to social and geographical location|31].
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2.2 Characteristics and challenges of MSA

During the last decade Arabic started gaining a lot of interest in the field
of NLP. This interest is due to the spread of Arabic and its huge literary
heritage [32]. In this section I will explain the most challenging aspects for
processing Arabic (MSA), as well as some interesting linguistic characteris-
tics.

2.2.1 Arabic Orthography

1. The Arabic alphabet consists of 28 letters, written from right to left.
The writing style is connected and every letter has many different
forms depending on its’ position in the word [33].

2. Arabic writing style lacks capitalization which is a feature in other
languages and can help to identify proper names, acronyms and the
beginning of sentences. Absence of capitalization makes it difficult
for some tasks like Named Entity Recognition to recognize these fea-
tures[34].

3. Recognizing sentence boundaries in a running text is a more difficult
task in languages such as Arabic than it is in languages like English
due to the absence of strict punctuation rules. In fact, it is common in
Arabic discourse to write an entire paragraph without a single period
except at the end of that paragraph. Sentences are often conjoined via
the Arabic coordinators (y w) wa and (2 f) fa and Arabic discourse

is characterized by excessive use of coordination, subordination and
logical connectives|35].

4. Acronyms in Arabic are written as any other words due to the lack of
capitalization; thus a special model or application is needed to process
and identify the acronyms and the abbreviations. For example, in

Arabic: the acronym (!, rama) used for (&5>,¥1 31l &ayl, rabth
almrah alardnyh) means (Jordanian Women Association), while the
same word (!, rama) is a female name, so not very clear if this is
an acronym or a person’s name unless I understand the context.This
ambiguity is considered as challenging for tokenization and processing
the writing text[36].

5. Some letters are pronounced but not written such as JJ\J\ aldy

(which), while others are written but not pronounced such as (hamza
wasel) which is a silent Alef at the beginning of the words, for example

S;J amrah (woman)|37].
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6. Normalization style in writing Arabic text, where the text lack of

consistency. For example, some people prefer to ignore all the hamzas
in their writing style, while others use all their forms. When processing
Arabic text, NLP experts apply normalization to the text to minimize
the number of different forms or appearance of the same letters. For
example, a name like Ahmed could be written in two style with or

without the hamzas as 4@ ahmd and o&! ahmd. Thus, during the

normalization process, they used to remove all the hamzas to get only
one form such as .@! ahmd|22|. In some cases it works, while in other

cases removing the hamzas or applying any normalization rules could
change the meaning of the word or convert two totally different words
into the same words which then has an effect on the performance of
some NLP tasks that depend on the word meaning (e.g. Sentiment
Analysis. For example, the words J_a ly (Ali), which is a name for

a male, and Js la (on preposition)- after applying normalization,

the two words become J.c- la! So even though normalization appears

to solve the variability in input problem, it might also increase the
probability of ambiguity[38]. Moreover, there is no agreement between
the NLP experts on a normalization, so researchers apply their own
view of how to normalize the text so that it improves the results for
their desired task.

2.2.2 Arabic Phonology

1. Even-though the association between Arabic letters and their corre-

sponding sounds is one-to-one mapping, Arabic is not an easy lan-
guage to read without the system of diacritics. Two types of vowels
are represented in Arabic, long and short vowels. Long vowels are

represented by three letters (;‘ a,s w, s y), while for the short vowels
these are only identified by the diacritics[33].

. Diacritics in Arabic are marks written above or below the letters to

represent short vowels. Absence of diacritics increased the phonolog-
ical ambiguity of the text. For example, the world Im without

diacritics could hold several meanings, but with the presence of dia-
critics it would produce many words such as: ;& ‘}é}' c‘(é-f- ilmu, alima,

lam(science, knowledge, learn, mark, ,..etc).

. In Arabic text, short vowels are represented completely as diacritics,

while there are no short vowels at all in the free-diacritics Arabic text
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That means the phonological information is incomplete, and the
pronunciation of the words should be derived based on the semantics
by fluent Arabic readers[39).

2.2.3 Arabic Morphology

1. Arabic is a highly derivational language. All verbs and most of the
nouns in Arabic, as well as other Semitic languages in general, are
derived from a base of three or four characters known as the root.
Then, the Arabic word (Lemma) is composed of at least two main
components: Root + Pattern. The root consists of three or four
constants that carry out the semantic meaning of the word. The
pattern is the template and mainly consists of vowels. It forms the
syllabic structure of the word besides carrying syntactic and semantic
information. For example, the word g\:f ktab (book) composed of

the root u:f ktb and the pattern J.cl.'e fal, while the word o 52&:

mktwb (is written) consists from the same root and the pattern is
J g=2s mfwl. Therefore, building a morphological analyzer for Arabic

is not a straightforward task, because such a system must be able to
deal with all the patterns and the derivations found in the language.
Furthermore, it is normal that some letters are ignored from the words
in some cases and positions, such as the long vowels at the end of the
verbs. This adds extra complications[40, 41].

2. Words in Arabic have more than the lemma; they can have zero or
more affixes and clitics. The affix (prefix, infix, suffix) shows the
person, the gender and the number, while the clitics are morphemes
that are grammatically independent, but in terms of morphology they
are dependent on other words or phrases, then, they could be attached
or detached pronouns|42].

3. Clear interaction between the morphological derivation and phonolog-
ical rule in Arabic makes it difficult to deconstruct the Arabic words.
For example, the verb ¢!, raa (saw) ends with Alef Magsora ¢ a,

which is converted to ¢ y if affixes are added to the verb, such as
g_,\;b rayt (I saw) or ij) raythm (I saw them). In the Jussive Case,

the verb takes no vowels at all. Then, if the verb is preceded by one
of the jussive particles such as } Im (did not), and based on the de-

clension system in the Arabic language, the vowel is omitted to be

J;\ 8 Im ar (I did not seen). Changing or deleting the origin of the
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letter increases the complexity of Arabic NLP tasks like tokenization
and morphological analyzer systems[43].

Arabic is a language exhibiting a lot of compounding, where two or

more words are combined to form a new word. For example, x:JLc“\Jl\

alrasmalyh (Capitalism) consists of ujJ ras (head) and Jb ma-
[ (money) where the two parts are related to the new word. Another
example is Sl brmayy (Amphibians) that composes , br (land)

and Sl mayy (water)[44].

Morphological Ambiguity: many words in Arabic share the same mor-
phemes, although they have a different internal structure which leads
to ambiguity. For example, the word Asg wd can be segmented into

3 w (the conjunction and) + s d (count) or it could be a noun/verb

that means (promise)|22, 40].

Arabic, as any other language, is rich in terms of diomatic multi-word
expressions, which in turn increase the difficulty of processing the
text. A phrase such as Lild! > & O > drb bklamh rd alhayt

literally means he hit the wall by his words, while the actual semantic
meaning is he rejected his argument[45].

2.2.4 Arabic Syntax

1.

Arabic is considered a relatively free-word order language. In CA
as well as MSA the predominant order is verb-subject-object (VSO).
However, the use of subject-verb-object (SVO) and object-verb-subject
(OVS) and other orders are also permitted|46].

Arabic is a pro-drop language: it is normal for sentences in Arabic to
be missing the subject[47].

Anaphora resolution: one of the most challenging tasks is to under-
stand and resolve references to earlier or later words in the text. Ara-
bic, as many other languages, needs a lot of effort to solve the anaphora
resolution problem, especially given the absence of punctuation[48].

. Arabic has a rich agreement system, where the verb must agree with

the subject with regard to phi-features (i.e. gender, person and num-
ber). The level of agreement (full/partial) depends on the verb-subject
orders. In SVO, the full agreement must be satisfied while in VSO
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word order only the gender agreement as a kind of partially agreement
can be obtained[49, 50].

5. Syntactic ambiguity also poses challenges for POS tagger systems and
for annotators, as well as in the analysis of the internal structure of
some sentences. For example, the sentence s, ! &uyadl 5 500 Ll a3

lgd qablt mdyrh almdrsh algdydh can mean I met the headmaster of
the new school, as well as I met the new headmaster of the school[46].

Many languages share these characteristics and challenges. For example,
in Chinese there are no boundaries between the words[51], Italian is a pro-
drop language as well[52]. However, what makes Arabic a complex and
unique language is that all the aforementioned challenges occur in the same
language.

2.3 Moving from MSA to DA

In addition to all the characteristics that Dialectal Arabic (DA) shares with
MSA, there are also some characteristics that are unique to them as, follows:

e All Arabic dialects are under-resourced languages, i.e. they lack the
availability of resources, even though researchers recently have been
paying more attention to these dialects and have come up with valu-
able resources. However, compared to other languages such as English
or French, or even compared to MSA, DA is still in its early develop-
ment process.

e All Arabic speakers are multilingual or at least they are bi-lingual, i.e.
they use their own dialect in social media websites as it is considered
easier for them to communicate. Therefore, the emergence of social
media platforms strengthened the Arabic Dialects and led to the emer-
gence of dialectal written resources alongside audio resources, such as
recordings and phone conversations, which were a primary source of
vernacular in the past.

e MSA is the lingua franca in the Arabic-speaking countries. Dialects
are not mutually intelligible - the greater the geographical distance be-
tween countries, the lower the level of understanding between speakers.
In nearby or neighbouring countries, the ease of communication be-
tween speakers is more than if they are dealing or talking with people
from distant countries. For example in the Levant, even with some
slight differences between the dialects, it is very flexible for people to
speak their own dialect in any of the four countries, as their dialects
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are overlapped and interrelated. However, they may have some diffi-
culties in speaking to people from Morocco, as they try to use familiar
dialects or other languages to communicate[53].

e All the dialect texts are unvowelled, and that makes the ambiguity
more and more when processing the text. In addition, dialects in
every country haves their own lexicon, and sometimes the dialect itself
is mixed with other languages, such as the case of Algerian dialect that
is mixed with French and Berber.

2.4 Qualitative differences between MSA and
DA

MSA is the official language and the lingua-franca in the Arabic-speaking
countries. Nevertheless, no one uses it in their daily conversation. Even
though the two varieties share some common features, MSA and DA have
a number of differences that make it difficult for one to apply state-of-the-
art MSA natural language processing tools to DA. The degree of variation
between MSA and dialectal Arabic depends on the specific dialect of Arabic.
MSA and DA differ to a different degree phonologically, orthographically,
morphologically, syntactically, lexically and semantically.

In this section, I describe some qualitative differences between MSA and
the dialects based on our observation of examples.

2.4.1 Orthographical Differences

Dialectal Arabic (DA) does not have a unified established standard orthog-
raphy like MSA. Habash and Diab proposed CODA which is conventional
orthography for writing dialectal Arabic but for computational purposes[54].
Arabic script is used to write DA words reflecting the phonology or the his-
tory (etymology) of the word. However, in some cases, e.g. in Lebanese,
the Latin alphabet is used for writing or posting on social media[55|. For
example, ¢S kyfk(how are you) is represented as Keifk.

2.4.2 Phonological Differences
The most recognized phoneme between MSA and DA is the pronunciation of
dialectal words whose original MSA cognate contains the letter (5 ¢[56]. For

instance, the Palestinian speakers from rural and urban regions pronounce
it like /7/ glottal stop or /k/, while Bedouins pronounce it as a /g/ . The
word JB gal /say is pronounced and sometimes written as & gal , J§ kal
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, JC wal or J> gal [31]. In contrast, in the North-African dialects it is
pronounced as /q/ (similar to MSA)[57].

2.4.3 Morphological Differences

Dialects such as MSA and other Semitic languages make extensive use of
particular morphological patterns in addition to a large set of affixes (pre-
fixes, suffixes, or infixes) and clitics. Therefore, there are some important
differences between MSA and dialectal Arabic in terms of morphology be-
cause of the way these clitics, particles and affixes are used [58, 54]. For
example the future marking particle . s or 9w swfis one of the most

common differences between the MSA and between the dialects themselves
also. In North-Africa, gL bas in-front of the verb like bl gL bas nb

is used (I will play), while in Levantine they put z h to be the first letter

before the verb as _wle> hlb and sometimes they used C‘J rah as uu.lg\ C‘J
rah ab[57]. Some examples are illustrated in Table 2.1 and Table 2.2.

1. Using multiple words together

[ English [ Leventine [ Gulf
19,\=T b Sl a5 kyf halk? ma ahbark? ‘ How are you? ‘ WS kyfk ‘ I\ shbark
2. Sharing the stem with different affixes

[ English [ Syrian [ Egyptian [ Palestinian [ Moroccon

‘ He does not study. ‘ ol mabydrs ‘ ey e mbydrss ‘ ey bdrss ‘ ey ile maydrss
3. The future marker

[ English [ Egyptian [ TLeventine Tunisia
e cCnls O suf yb, syl ‘ He will play. ‘ [ ‘ k> Ty ‘ ol CU rah yb | ok 2 bas yb
4. Clitics (for present tense)

[ English [ Syria [ Egyptian

‘ He eats / He is eating ‘ K ox m ikl ‘ K byakl

Table 2.1: Examples of morphological differences

2.4.4 Syntactic Differences

Syntactically, MSA and DA share a lot of similarities. However, some dif-
ferences with respect to word order are attested. For example, OVS and
OSV word orders are most commonly used in MSA, while in DA more word
order pattern variation can be found. For example, in Levantine SVO is
most commonly used, while in Maghrebi, VSO is used to a great extent
[58]. Furthermore, in dialectal Arabic it is common to use masculine plural
or singular forms instead of dual and feminine plural forms [59]. Another
Difference between MSA and the dialects is the way each forms the ques-
tion. MSA forms the constituent question by fronting the wh-element, e.g.

du;\?b ROW Y uj ayn dhbt balams (where did you go yesterday), while in
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MSA el Y la arf

English I do not Know

Palestinian | 25~ brfs Syrian G mle mabrf
Jordanian | Ol e m$arf Lebanees | U ~ b mabrf
Egyptian U me mrfS Gulf &y mdry
Iraqi 6)-’;‘ W ma adry Algerian | O &5 e m$ nrf
Tunisian :J ) )\s e mnys arf Morocon | s = mmrfs

Table 2.2: Differences in negation between the dialects

DA, the wh-element stays in-situ CJ\._..@\ 29 S, rwht wyn ambarh (you
went where yesterday?)[60].

2.4.5 Lexical and Semantic differences

Although most dialectal words have their equivalents in MSA, many words
are borrowed from a variety of other languages such as Turkish, French,
English, Hebrew, Persian and others, as a result of communication, trad-
ing and colonization of these regions. For example, in Lebanon and in
North African dialects a lot of French loan words are used, while in Pales-
tinian dialects one sees more words of Hebrew origin, and also more bor-
rowing from English. Table 2.3 shows some of the borrowed words. In
some varieties such as Algerian and Moroccan, the original loan verb is
used and modified by adding Arabic affixes and clitics. For example, the
French verb (Charger) is modified to > & $rgaha and Ln> &1 ydrgyha

means he charged it and he charges it respectively [58]. New lexical items
appear mostly in dialects and not MSA as shown by the example in Table
2.4. Although MSA and DA share many words, the meanings are sometimes
different. For example, the word (J 35> dwl means (these) in Egyptian but it

refers to (countries) in MSA.
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Word Origin MSA English
S b trbyzh Turkish | Jglo tawih Table
5\:..,«;\ astad Persian | 00 mdrs Teacher
5;ij afwkadw | French dls mhamy | Lawyer
8,90 bndwrh | Italian V;_MAL tmatm | Tomatoes
Oy twf Hebrew | = gyd Good
O 925 tlyfun English | <&l hatf Telephone

Table 2.3: Examples of borrowed words from other languages

YVord Language /Dialect
N1 alan MSA
Now English
Canala L 43&» hla, hsa, higyt Levantine
da hlhyn Bedouin
e dhyn Saudian
cdolla halwgt Iraqi
lgs twa North African
Cdls o SBg)s dlwgty, dhwgt Egyptian

Table 2.4: Examples for new lexical items in dialects
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Dialectal Arabic Natural Language Processing

NLP developers have been focusing on developing ANLP systems to enable
both Arabic and non-Arabic speakers to process Arabic text. However,
most of the proposed tools and systems are developed to process Arabic
text written in MSA[61]. Even though this is good for MSA, nowadays DA
is the most used variety in every Arab country, being the mother tongue of
every single Arabic speaker. Applying the available MSA tools to Arabic
dialects, the result I get will not be as accurate as desired, because the two
varieties have significant differences in the way I have previously outlined.
Thus, to develop Arabic tools, NLP developers and researchers must specify
beforehand the variety they are aiming for in order to get accurate results.
For example if the aim is to develop an application for news broadcasting,
then the variety is MSA; if it is for Quran or Hadith processing text, it will
be CA, but in the case of proposing a tool for analyzing user tweets for a
marketing service in Egypt, this will have to be the Egyptian dialect, and
SO on.

3.1 Literature Review

Dialectal Arabic is still in it’s developing stage, and the lack of significant
and valuable resources is well-known. Most NLP researchers handle these
problems of DA by introducing and building different kinds of resources such
as lexicons, corpora, treebanks and others, depending on the task they are
addressing [62]. The nature of the resource is affected by the type of task,
where the Arabic computational linguistics address different tasks, ranging
from fundamental language aspects like morphology up to very sophisticated
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tasks such as language generation and machine translation [63].

The available Dialectal Arabic resources can be found in two forms:
either as a tool to perform Arabic computational linguistics tasks such as
morphological analyzers and POS taggers, or as data, such as lexicons,
corpora and sometimes special-purpose annotated corpora.

In this section, I will shortly mention some of the well known dialectal
resources that have been proposed to the Arab research community. Most
of these resources have been built for special NLP purposes like machine
translation, or have been annotated for Dialect Identification, POS tagging
and so on. The sources of the data collected vary and include newspapers,
blogs, social media platforms and others. Moreover, the type of these cor-
pora are different - either they are monolingual, including only Arabic and
its dialects, or bi-lingual, which also include other languages such as English
and French. The format of the corpora are mixed between parallel datasets,
comparable or both.

Different Arabic dialect corpora have been published in the last decade.
These are very different in terms of the dialects they include, and the designs
of the corpus (mono-lingual, parallel or comparable). They also employ
various collection tools and annotation processes. Table 3.1 summarizes the
most well known resources. The Levantine dialects have been addressed
in many works, where they are considered as one dialect [64, 3, 65, 66].
Other works focused on one dialect from the Levantine dialects, as it is
the case with the Curras corpus [31], which is a pure Palestinian corpus.
Curras is a valuable resource for the Palestinian dialects that sheds light on
the characteristics of these dialects, and they are used for many different
purposes, such as POS taggers. The work done by [67] covers the Levantine
dialects but most of the Levantine data come from one Levantine dialect
only, namely Jordanian, so can not be considered as a resource to study
the four Levantine dialects. The first multi-dialect Arabic parallel corpus
has been introduced by [57]. It includes three Levantine dialects: Syrian,
Palestinian, Jordanian, as well as MSA, Egyptian, Tunisian and English.
The Mutli-dialects corpus is based on an Egyptian-English corpus and they
translated the Egyptian part to the rest of the dialects and MSA. It contains
1,000 instances for each variety. posteriorly; PADIC (Parallel Arabic Dialect
Corpus) was presented in 2015 by Meftouh et al.[58]. It includes the Syrian
and Palestinian dialects as two separated dialects. PADIC is a well-known
resource as it contains dialects from North Africa and Levantine in addition
to MSA in a parallel way, so one can study the characteristics and the
differences of these dialects.

After the emergence of social media platforms, research has started lever-
aging social media data and used the available application programming
interfaces (API) to collect the data automatically. That resulted in a rea-
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sonable amount of data in a very short time. Twitter is still the main
platform that researchers depend on to collect the data according to their
publishing guidelines and rules. Many corpus have been built using Twit-
ter data, and the Levantine dialect is covered in [68] as one dialect, where
Abdul-Mageed et al.[69] used Twitter APT in addition to Python geocoding
library geopy to collect tweets over 10 Arabic countries set where Jordan
and Palestine are included.

Very fine-grained and valuable dialectal Arabic resources are constructed
by Bouamor et al.[70]. They presented the MADAR-CORPUS-25, a parallel
corpus of 25 Arabic dialects (25 Arab cities) with a total size of 50K sen-
tences, alongside with MADAR-CORPUS-5, a parallel corpus of five Arabic
dialects corresponding to five Arabic cities. The corpus is considered a valu-
able resource in terms of parallel fine-grained dialectal Arabic at the level of
cities, where many Levantine cities were included, such as Jerusalem, Dam-
ascus, Beirut, Amman and others. MADAR corpus is a great resource for
the Arabic linguistics community, in terms of the number of dialects it con-
tains. Huge efforts have been utilized for the corpus construction and can be
used for different purposes like dialect identification, machine translation,
linguistics studies and so on.

Recently, Boujou et al.[71] proposed dialectal dataset, which was col-
lected from Twitter and included 50K tweets. The dataset contains five
Arabic dialects from five Arab countries: Algeria, Egypt, Lebanon, Tunisia
and Morocco. They labeled the data for multi-purpose applications such
as dialect identification, sentiment analysis and topic detection. In addi-
tion to the dataset they implemented machine learning baseline models so
researchers can use them for comparison purposes.

In addition to the previous works I address in sections 7.2 and 8.1,
however, an increased interest has been noticed recently for Arabic Dialect
Identification, and therefore many shared tasks have been introduced to
solve the problem. MADAR 2019[4], NADI 2020[72] and NADI 2021[73]
are shared tasks, and were organized by the Arabic Natural Language Pro-
cessing Workshop WANLP, which is held every year.

The first sub task at MADAR 2019[4] was MADAR travel domain di-
alect identification, where they asked for fine-grained city level dialect identi-
fication models. The used dataset was MADAR-CORPUS-25 [70], and thus
every participating team had to build a model that was able to classify the
sentences into one of 26 labels corresponding to the 25 Arab cities + MSA.
The fine-grained task was explored firstly by Salemeh et al.[74] using the
MADAR-CORPUS-25 mentioned above. Their system was able to identify
the city of the targeted sentences and obtained a 67.89% averaged macro F-
score by employing N-gram language models. Nineteen teams participated
in the shared tasks and they were ranked based on the same evaluation
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metrics as the previous system (macro average F-Score). My work got the
first place achieving 67.32% F-score by employing n-grams language models
in addition to ensemble learning; for more details about the system, see
details at 5.1.2, page 52. The second-ranked team was (SMART)[75], which
proposed a Naive Bayes classifier based on word and character grams model
as well as language model probabilities. The system achieved an F-score of
67.31% for the blind test set. The Mawdoo3 LTD system was ranked third
in the shared task with 67.2% f-Score|[76]. They used ensemble learning, n-
gram models, including both words and characters, in addition to language
model probabilities. Most of the participating teams used machine learning
techniques in addition to feature engineering features as N-gram models and
language modeling[77, 78, 79, 80].

NADI 2020 was the first Nuanced Arabic Dialect Identification Shared
Task organized by WANLP, also in 2020[72]. The two sub tasks were about
dialect identification either on the level of country or the level of provinces
(sub-country). The introduced dataset was collected from Twitter and cov-
ered a total of 100 provinces form 21 Arab countries, and not equally dis-
tributed. While MADAR-CORPUS-25 was a hand-crafted travel domain
dataset, NADI is based on naturally occurring data, as well as bigger in
terms of size. NADI dataset contains 30,957 labelled tweets as well as 10M
unlabelled. For the annotation process, they used the post location as a
proxy for dialects labels, which is not accurate all the time. As the tasks
concerned very fine-grained dialect identification systems, as well as the
number of dialects being 21 for country level (task 1) and 100 for province
level (task 2), the NADI shared task organizers proposed their baseline
models by fine-tune on Google’s pre-trained multi-lingual BERT (mBERT).
They achieved an average F-score of 13.32% on country level and 2.13% for
province-level identification. Then, winning teams obtained an F-score of
26.78% and 6.39% for task 1 and task 2 respectively. Most of the teams
employed the transformer technology BERT as the latest trendy technique.
Mawdoo3 AT [81], the top ranked team, introduced various models exploit-
ing different strategies. They used feature engineering as the N-gram models
and TFIDF features. They also implemented ensemble learning with differ-
ent classifiers as Regression and N-Bayes. Moreover, they presented a deep
learning model with the help of word-embeddings.The winning model was
based on Multi dialect Arabic BERT [82], followed by a shallow feed forward
neural network. They trained different models at various settings, and in
the end they built a voting ensemble mechanism. All the top five teams
used BERT to build identification models as well as the classical machine
learning algorithms, and the same applied for the winners regarding task 2
which comprised more fine-grained identification processes|83, 84, 85, 86].

Concurrently with NADI 2020, Abdul-Magged et al.[87] proposed a
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novel task at the level of Micro-Dialect Identification (MDI) and they intro-
duced a new language model called (MARBERT)[88] that has the ability
to identify a fine-grained dialect given a short message. In addition to their
model, they built a large scale dataset that contained fine-grained Arabic
dialects. They collected ~6 billion tweets from 2.7 million users, and after
location verification, they were able to label ~507M tweets corresponding
to 233K users. The tweets covered 21 Arab country, 646 cities and 235
provinces. Different processing and verification techniques were applied
such as location verification, code switching and Diglossia checking. For
every process they introduced a dataset targeting the special procedure, for
example Micor-Arab dataset, CodSw dataset and DigGloss dataset. The
three datasets were used independently but shared the same methods as a
multi-task classification process. Their methods exploit the Gated Recur-
rent Units GRU in addition to Googles’ multi-BERT. Different models have
been proposed as following (i) Single and Multi-tsak Bi-GRU models, (ii)
Single task BERT and (iii) multi-task BERT. Their dataset as well as the
models are publicly available to researchers.?

NADI 2021 [73] followed the previous mentioned works[87, 72], but they
introduced an identification process on both DA and MSA separately. They
used the same dataset as NADI 2020 but applied more processing steps to
exclude non Arabic tweets in Persian and Farsi. As they addressed an iden-
tification for MSA so they teased a part MSA from DA by using the classi-
fication methods proposed in [88]. The NADI dataset is publicly available
for research purposes.? The shared task consisted of four tasks, comprising
two levels, country level and province level. On each level the classification
was carried out for MSA and DA. They wanted to figure out to what ex-
tent a machine would be able to tease apart MSA data at the country and
province level. It was the first time in which this kind of MSA classification
was addressed. The model should detect the country or province where the
MSA tweet was posted. NADI 2021 baseline models were nearly the same
as NADI 2020 models based on multi-BERT and they obtained average
F-scores of 14.15% for country level MSA (task 1.1), 18.02% for country
level DA (task 1.2), 3.39% for province level MSA (task 2.1) and 4.08% for
province level DA (task 2.2). In total, 68 teams submitted their identifi-
cation models distributed between the four tasks. The majority of teams
have used BERT transformers in addition to ensemble learning. Different
BERT models have been utilized, such as MARBERT |[88]|, AraBERT|89],
AraELECTRA[90] and others. For all the tasks, CairoSquad team got the
first places.

CairoSquad [91] built their model based on MARBERT [88]. In their

Lhttps://github.com/UBC-NLP /microdialects
2https://github.com /UBC-NLP /nadi
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system they applied adapter modules[92] and vertical attention to fine-tune
MARBERT, so they did some changes on the architecture and training
settings. At the end they used ensemble techniques for the final classification
results. The same proposing system was used for all the four tasks and they
achieved average F-scores of 22.38%, 32.26%, 6.43% and 8.60% for task
1.1, task 1.2, task 2.1 and task 2.2 respectively. Likewise, Team CS-UMGP
[93] used the same MARBERT for their system, with different optimization
settings. While the third-ranked team Phonemer, [94] used AraBERT in
addition to AraELECTRA.

Most, if not all, of the aforementioned resources have been constructed
and used to develop a variety of tools for different tasks: Dialect detection,
morphological analyzers, POS taggers and machine translation. However,
some other NLP tasks such as Entity Recognition, Semantic Labelling and
sentiment analysis need more annotation efforts and processes given their
special purpose usage. As part of the research reported in this thesis con-
cerns sentiment analysis of DA, some of the available resources that have
been built for sentiment analysis, in the form of lexicons and corpora are
listed

Most of the sentiment analysis resources have been collected from web
blogs, customer reviews, and recently, from social media platforms, espe-
cially Twitter. Some are manually annotated following specific annotation
guidelines, while other researchers employ some kind of automatic annota-
tion. The sentiment analysis resources differ in terms of their kind, whether
a lexicon [95, 96, 9] or a dataset|97, 5, 98, 99, 100, 101, 102, 103]. More-
over, researchers employ different classification techniques: some datasets
are classified according to the subjectivity and objectivity [6, 104, 105],
while others focus only on the subjective data and classify them in a deep
way|[7, 106]. The proposed corpora did not use the same classification la-
bels. Sentiment analysis data may belong to one of four categories (positive,
negative, neutral or mix). Furthermore, some works use 4, 5, 6 or 7-way
classifications scaling from extremely positive as 3 to extremely negative as
-3[107]. More details about SA related works can be found under sections
10.2, 11.2, 12.2 and 13.2.
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CHAPTER 3. DIALECTAL ARABIC NATURAL LANGUAGE
PROCESSING

LABR is a well-known corpus in the field of sentiment analysis[107]. Tt
is a book reviews dataset considering stars rating done by Arab readers as
sentiment polarity labels. It consists of over 63K book reviews written in
MSA with some dialectal words. LABR is available with different subsets:
the authors split it into 2, 3, 4 and 5 sentiment polarities with balanced and
unbalanced divisions. The fact that LABR is limited to one domain, book
reviews, makes it difficult to use it as a general SA model.

Focusing on one dialect like Egyptian, there are multiple works as ASTD
[7], and the 40K tweets corpus [106] with 10K tweets and 40K tweets respec-
tively. ASTD data has been classified mainly into subjective and objective
polarities, and later the subjective tweets have been classified into four cat-
egories (positive, negative, neutral and mix), while the 40K tweets dataset
has only two polarity classifications (positive and negative). Many works
also have been developed for North African dialects (Tunisian, Algerian and
Moroccan). An Algerian dialects lexicon followed by a two-way sentiment
classification corpus has been presented in [112, 113]. TSAC is a Sentiment
Analysis corpus targeting Tunisian dialect collected from Facebook com-
ments with 17K terms[99]. AraSenTi-Tweet is a Saudi dialect corpus that
contains 17,573 Saudi tweets semi-automatically annotated into four polar-
ities: positive, negative, neutral and mixed [114]. In Levantine dialects, a
Jordanian dialect corpus was presented by [115] and a similar effort was
made by [116] to build ArSentD-LEV. They include 3,550 Jordanian dialect
tweets, and 4k Levantine tweets respectively. Table 3.2 mentioned some
of the well-known corpora that have been built for the purpose of Arabic
sentiment analysis.

Guellil et al. presented a sentiment analysis for Algerian dialect without
constructing any Algerian resources[117]. They showed that it is possible
to build a sentiment analysis model for dialect X, if I have resources for
dialect Y, conditioning that dialect X and Y must be in the same group
of dialect. Thus, for their proposed model, they utilized the availability of
Moroccan and Tunisian sentiment analysis resources to build their model.
They achieved an F-score of 83% by Multilayer Perceptron (MLP) and Long
short-term memory (LSTM).

A comprehensive study about sentiment analysis approaches has been
done by Farah and Magdy [118]. They used three benchmark datasets (Se-
mEval 2017 Task 4-A Datase [119], ArSAS Dataset[120], ASTD Dataset|7])
and applied different approaches to study and analyze a large variety of
models. They showed that deep learning models combined with word em-
beddings achieved better results than machine learning classifiers such as
SVM, while the usage of a transformer and pre-trained language model such
as AraBERT[89] was the best.

Recently, a shared task on sarcasm and sentiment detection in Arabic
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has been organized by WANLP 2021[121]. It has two sub tasks, one for
sarcasm detection (task 1) and the other for sentiment analysis (task 2).
They used ArSarcasm-v23 dataset, which consists of 15,548 tweets labelled
for sarcasm, sentiment and dialect detection. The data set is a combination
of ArSarcasm dataset [122] and DAICT dataset[123]. The data set is not
balanced in terms of sentiment polarity distributed. The tweets are classified
into positive, negative and neutral. In addition it contains MSA plus four
dialects from four Arab regions, they are: Egypt, Gulf, Levant, Maghreb.

The majority of the works used and fine-tuned pre-trained language
models and transformers such as BERT and MARBERT|88|. CS-UMG6P
team achieved the first rank at the sentiment analysis task with an F-score
0.748[124]. Their model was based on MARBERT multi-task learning in
addition to an attention layer for detecting the sentiment. DeepBlueAl
whose came in second place by F-score 0.7392, proposed their model using
an ensemble of AraBERT and XLM-R[125].

Shttps://github.com/iabufarha/ArSarcasm-v2
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Building Resources for Dialectal Arabic

4.1 The Shami Dialects Corpus (SDC)

Arabic dialects are usually categorized and classified according to the main
geographic region where they are spoken such as: Gulf, Levantine, North
Africa, and Egypt. Every region has many sub dialects that in some ways
share many similarities among each other, but they are also different.

Levantine dialects are usually considered as one single dialect, assuming
mutual intelligibility among people living in that area exists. However,
Levantine comprises many different varieties that are spoken in the area.
These dialects can be fine-grained to the level of the country or even go
deeper to city-level.

In our work, rather than assuming the Levantine dialect to be one, I
focus on the country-level to get a more fine-grained categorization of Lev-
antine dialects. Thus, I collect and build resources that contain and concern
the four main countries in the Levant: Palestine, Syria, Lebanon, Jordan.
Although the Levantine dialects look very similar, and Arabic speakers, in
general, cannot distinguish between them, any native speaker of the Levant
easily detects the dialects from the accent and the words used. Different
terms and expressions are used among the Levantine dialects that make
them distinctive; nevertheless, these differences are mostly dependent on
the accent. The presence of un-diacritic text or loss of intonation makes the
distinction very difficult.

In Arabic, short vowels are represented by a system of diacritics (i a

Fatha, i u Damma, | i Kasra). Most, if not all, of the dialectal texts do

not use diacritics, and thus, people depend on their knowledge to correctly
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CHAPTER 4. BUILDING RESOURCES FOR DIALECTAL ARABIC

read and identify the text. The lack of diacritics, intonation and accent
increases the difficulty of distinguishing between the dialects in the written
form. For example, a word like (¢laS” kyfk /how are you) is used in all Lev-

antine dialects, but the word pronunciation varies from country to country.
Moreover, as a result of the political situation in the region in the past and
the forced deportation that the Palestinians were subjected to that led to
them moving to neighbouring countries and establishing refugee camps, the
Palestinian dialect mixed with many dialects, which makes the Levantine
dialects in general difficult to distinguish.

To study the similarities and differences between the Levantine dialects
and to help researchers obtain Levantine data that classified into a fine-
grained country level, I set out to create a Levantine corpus -Shami Dialects
Corpus (SDC) - that was concerned with the four Levantine dialects, Jor-
danian, Palestinian, Syrian and Lebanese which are spoken in the Levant.

SDC is the first Levantine corpus that concerns the four dialects; in
addition, it contains the largest volume of data from each dialect compared
to the previous works. Lebanese dialect is introduced significantly for the
first time in this corpus, where it is considered a dialect with little presence
on the web, as most Lebanese used Latin characters and French to post on
social media or other websites.! SDC is built from scratch employing manual
and automatics approaches for the collection process. The data are gathered
from different platforms (personal blogs, Twitter, Facebook, YouTube, and
others) and cover various domains. As I have different platforms, T will call
the instance by document or sentence.

4.1.1 Data Collection

The first step to build a corpus is by collecting data. I approach data
collection in two ways, the automatic way and the manual way. I run both
ways in parallel, so I can make good use of the time.

I collect part of the SDC manually to be sure that the corpus addresses
different topics and domains, and to use in multi-purpose tasks. No con-
straints are applied, except the data must be in dialectal form - not MSA -
and written in Arabic alphabet. For manual collection, I do the following;:

e harvest the web and specify some online blogs that publish stories
written in Levantine dialects and then collect the stories as well as
the readers comments. Collecting stories that are written in dialects
helps in gathering much data and in saving time and is easier than
collecting posts or comments one by one.

Thttps://www.internetworldstats.com /languages2.htm
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4.1. THE SHAMI DIALECTS CORPUS (SDC)

e collect posts from public groups and pages on different social media
platforms, such as Facebook where the numbers of followers are con-
sidered big. I extract the discussion posts in addition to people’s
opinions and comments.

e address pages of some Levantine celebrities such as actresses and
singers, who usually post using their dialect, and collect some data
from their discussions.

The dialectal data are only collected to cover three countries: Palestine,
Syria and Jordan. I face a problem with the Lebanese dialects according to
the fact that most Lebanese are using the Latin character to write Arabic.
In addition to that, in Lebanon they have a bilingual education, so Lebanese
often use English or French to post and communicate on the web. Because
of that, I do not collect any Lebanese data manually.

According to the Twitter policy of data collection and publishing and the
available API for developer and researchers, I choose Twitter as a platform
to automatically collect data. To speed up the data collection process I rely
on the Twitter API streaming library (Tweepy)? to collect as many tweets
as possible.

I use two ways to collect and retrieve data from Twitter. The first: I
address some accounts of celebrities who use dialect while tweeting from
each country. I need their corresponding Twitter IDs, so I use then tweeter
id? for converting purposes. After that, I apply tweepy streaming to collect
tweets and replies from these IDs and each streaming run until I reach 9,999
tweets each time, which is the tool’s limit.

This way is not a straightforward process, because I have to search
and look for active celebrities on Twitter before automatically retrieving
their tweets and replies. The other, and faster way, is by depending on the
geographical co-ordinates for the four Levantine countries. I run the code to
collect data and retrieve all the tweets and replies using this geo-information.

All of the extracted data are then stored in JSON files with the following
information: (i) Tweeter ID, (ii) Data and time, (iii) Tweet and replies, (iv)
location and (v) number of likes, shares and replies. When I decide to
stop streaming and collecting, I convert all JSON files to text files that
are cleaned, and only tweets and replies are kept which are collections of
dialects, MSA, numbers and some Latin words.

For the annotation process, I apply a very simple rule. For the manual
collecting of data, there was no problem detecting the dialects. Regarding
the automatic collecting, I label the data depending on the geo-location I
used. Thus if the tweets are retrieved by the geo-location of Syria, then

2http://www.tweepy.org/
Shttps://tweeterid.com/
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they are classified as Syrian. Also, if the tweets are retrieved by tweet-id
for a Jordanian celebrity, then they are labelled as Jordanian.

Table 4.1 illustrates the number of sentences (documents) after auto-
matic and manual extraction for each dialect. It is noticeable that I collected
more data using the manual approach; it was not easier than the automatic
approach, but most of this manual data were in the form of social stories
or long posts, especially the Syrian data.

Automatic | Manual | Total Token Types
Jordanian 11,026 24,312 | 35,338 518,101 76,529
Palestinian 10,149 18,280 | 28,429 453,716 69,954

SSyrian 13,349 43,811 | 57,160 834,054 83,470
Lebanese 19,540 - 19,540 231,692 43,292
Total 54,064 86,403 | 140,467 | 2,037,563 | 273,245

Table 4.1: Number of sentences for each dialect in Shami

4.1.2 Data Preprocessing

In order to introduce SDC to the research community and make it applicable
for any NLP task, a special pre-processing treatment must be performed
beforehand. Since the collected data are dialects, I need to apply some
cleaning steps in order to get a reliable corpus that can be generally used
in NLP applications.

As with any dialectal corpora that have been done before, they all share
general pre-processing steps, such as removing of diacritics, non-Arabic sym-
bols, numbers, dates and any letters that do not belong to the Arabic alpha-
bet, see 7.3.2 for more details. In the process of normalization I check the
writing style and the effect of applying general normalization rules on the
text concerning the meaning, so I put and specify some rules that can keep
the corpus more reliable and to save the meaning of the text as much as I
can. These rules are mentioned in Study 1. In addition to that, I study the
phenomena of lengthen word and analyze the origin of repetition in Arabic
text. All the previous works removed the repeated characters and keep only
two appearances, while according to our algorithm, I set some criteria to
save the semantic and the syntax of the text. Figure 7.2 shows the way
the algorithm works when the addressed character is conjunction letter ¢ w

which is and in English. For more details about the preprocessing rules, see
Study 1.

In order to present a reliable Levantine corpus with four classified Lev-
antine dialects, I have done a purification process. As I collected part of the
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data manually, there is no need to check all of them again. I only check the
users’ replies on some posts, as they are from different countries and the
replies may contain mixed dialects. I manually go over the data collected
automatically with the help of some friends from the Levant as volunteers,
and insure that the classification label or the assigned dialect matches the
text. The point behind this step is to obtain a high quality corpus that can
be used to conduct any kind of linguistic research and experiments on it.
Table 4.2 illustrates the statistics after data purification.*

Automatic | Manual | Total Token Types
Jordanian 8,804 23,274 | 32,078 472,918 68,922
Palestinian 3,566 17,698 21,264 351,814 55,942
Syrian 4,704 43,455 | 48,159 701,872 62,731
Lebanese 16,304 - 16,304 177,623 35,621
Total 33,378 84,427 | 117,805 | 1,704,227 | 223,216

Table 4.2: Number of sentences for each dialect after purification step

This corpus was used to measure the similarities, differences and the
overlapping among the Levantine dialects, as in Study 3, Moreover, I employ
SDC on an NLP task, namely dialect identification, in Study I to check to
what degree these dialects are distinguishable and to see if the Machine
Learning models are able to classify them or not. Based on SDC, I built
Shami-Senti, which is a Levantine Sentiment Analysis corpus, see Study 4.

4.2 Shami-Senti

In Study 3, I employ different algorithms to measure the overlapping and
the lexical distances among the dialects and in regarding to MSA as well.
From the study, I have seen that Levantine dialects can be seen as being
close to MSA in terms of used words and overlap. Then, instead of wasting
time and effort to build stand-alone models for every dialect, I suggest fine-
tuning off-shelf tools that have been build for MSA-NLP and apply them to
dialects. I decide to build a Levantine Sentiment Analysis corpus to check
whether MSA Sentiment Analysis models can perform well on Levantine
Sentiment Analysis or not. I extended the SDC corpus from Study 1 by
annotating part of it for sentiment. I call the new corpus Shami-Senti.
Shami-Senti is a manually crafted corpus, where the annotators extract
any sentence that contains sentimental words, reviews, opinions, feelings

4This is a correction table of Table 7.4 at page 109, as I reported the number of
characters instead of the number of words, and the method for calculating the number
of vocabularies/types was not accurate
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or expressions. The annotators all are educated and I condition them to
be from the Levant. They are volunteers as friends, relatives and family
members. I put constraints on the length and set it at a maximum of 50
words/sentences. As irony and sarcasm are hard to define and classify, and
given that the Sentiment Analysis models’ performance is usually affected
by them, in this corpus I avoid any sentence that might contain them. Using
a manual process, I am able to extract 5K sentences from the SDC. After
that, an annotation phase begins.

Before I starting the annotation process, I apply some guidelines. They
are as follows:

e The sentence is considered positive if it explicitly or implicitly contains
any terms or clues that indicate that the speaker is in a positive state,
for example: success, happy, etc.

e The sentence is considered negative if it explicitly or implicitly con-
tains any terms or clues that indicate that the speaker is in a negative
state, for example: anger, sad, etc.

e The sentence is considered mix if it contains both negative and positive
states.

e If the sentence contains a negation for the sentiment terms, then
choose the opposite polarity.

For the annotation process, I utilize two methods (i)lexicon-based ap-
proach and (ii)human based approach. The first is done by leveraging the
available dialectal sentiment analysis lexicons. I run the process: if the sen-
tence contains a positive term from the lexicon, then it’s polarity is positive.
If it contains any negative terms, then it is considered negative. Any sen-
tences that contain a mixture of positive and negative terms are marked as
mix. I depend on three available lexicons: the one provided by LABR [107],
which contains negative, positive and negated terms, the Moarlex [130] and
the SA lexicon [131], which contains only positive and negative terms. For
more details about the lexicons, see Table 10.1 on page 159.

I implement algorithml to automatically annotate 1000 sentences from
Shami-Senti, exploiting the three aforementioned lexicons. In addition, I
commission a Levantine native speaker to annotate the same samples for
sentiment. After computing the inter-annotator agreement between the
lexicon annotation and the human annotation, the result was not deemed
acceptable, as the disagreement was up to 80%. So, for the sake of reliable
annotation and in order to build a well qualified Levantine dataset, I chose
to manually annotate the corpus.

Following Study 3, where the Levantine dialects show big similarities
among each other, I hypothesized that I can employ the result to annotate
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Result: Annotate 1,000 sentences
Build Positive, Negative, Negation lists of words extracted from the
three lexicons;
Polarity = 0;
for sentence in Shami-Senti do
count number of positive terms; Then Polarity ++;
count number of negative terms; Then Polarity ——;
check if there is a negation,Then Polarity * —1;
if Polarity > 0 then
‘ Polarity is Positive;
else if Polarity < 0 then
‘ Polarity is negative;
else
‘ Polarity is mixed;
end

end
Algorithm 1: Lexicon-based annotation of 1,000 Shami sentences

Shami-Senti
Positive | Negative | Mix | Total
1,064 935 243 | 2,242

Table 4.3: Number of sentences in Shami-Senti corpus per category

the data for Shami-Senti. I depended on the similarity between the Jor-
danian and the Palestinian dialects and ask a Palestinian annotator to do
the job for these two dialects; while for Syrian and Lebanese, I assign the
annotation to a Syrian annotator given the overlap between both dialects.
Before starting the manual annotation, I ask both the annotators to an-
notate the same 533 samples, and assign a label for every sentence. The
inter-annotator agreement is computed using Kappa statistics [132] and it
returns a x = 0.838.

I extracted more than 5,000 sentences for this purpose, and have anno-
tated 2,242 of them so far. I used the term sentences as the corpus contains
data from different platforms, as I mentioned it is extracted from Shami.
Table 4.3 shows the number of sentences per category.
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4.3 Arabic Tweets Sentiment Analysis Dataset
(ATSAD)

Shami-Senti is a manually crafted Levantine corpus for Sentiment Analy-
sis. Even though it is useful to have such a standalone Levantine corpus
annotated for the purpose of Sentiment Analysis and Opinion Mining, it
is, however, small in terms of size and has been time consuming to create
due to manual annotation. Furthermore small corpora are not very effec-
tive with Deep Learning models, because these models need a huge amount
of data to train and learn. As a consequence, I decided to build an Ara-
bic Tweets Sentiment Analysis Dataset (ATSAD) by leveraging the unique
Twitter features that are widely used to express sentiment. I decided not
to extend upon the previous Shami-Senti corpus due to many reasons:

e Shami-Senti has been built and based on Shami corpus, which is not
only tweets but different text from various social media platforms.

e Shami-Senti needs a huge effort for manual extraction of the data, to
annotate it and to define the dialect.

e [ wanted to build a Tweet corpus that can be automatically collected
and annotated, which saves time and effort.

I employ an automatic approach to build ATSAD and collect a large
amount of applicable data, by first constructing a sentiment emojis lexicon.
The lexicon includes almost all sentimental positive and negative emojis
used to express feelings on Twitter. The lexicon is constructed by collecting
the emojis, as well as their indicated polarity, from two available sources,
the "Emojis Sentiment Ranking Lexicon" [133], which is available online,?
and Emojipedia.’ The total size of the emoji lexicon is 91 negative emojis
and 306 positive ones.

Rather than using the popular ways to collect data from Twitter through
query terms and hashtags, I utilize the emojis lexicon as the seed for the
retrieval process. Therefore, I use the emojis as query terms to retrieve
tweets that contain and include these emojis, the tweet language being
conditioned to Arabic. I collect » 60K tweets using Twitter API in April
2019, and I apply different pre-processing and cleaning steps on the collected
tweets and finish up by » 36 K tweets. For more details about cleaning step
see Study 6 pagel97. Thus, the number of tweets dropped as a result
of duplicated tweets, Tweets not written in dialect, such as supplications,
Quran verses, tweets that only contain emojis, and so on. Table 4.4 shows

Shttp://kt.ijs.si/data/Emoji_sentiment_ranking/
Shttps://emojipedia.org/people/emojis
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the statistics of the corpus before and after the pre-processing phase. In
addition, I do a purification data to check whether the data is dialectal or
not; then I make sure that the final 36K tweets are all written in dialects.

Positive | Negative | Total | Types | Tokens
Before | 30,607 29,232 59,839 | 95,538 | 76,2673
After 18,173 18,695 36,868 | 95,057 | 41,8857

Table 4.4: Number of tweets in ATSAD before and after pre-processing

To be able to annotate the whole 36k tweets corpus, I apply distant
supervision or weak supervision methods on the dataset[134]. The dis-
tant supervision approach works by heuristically matching the contents of
a database to the corresponding text [135], which in our case is the emojis.
I build an algorithm to automatically use the emojis lexicon for the anno-
tation process and weakly label the text according to the contained emojis
that appear on it. So, if the tweets are fetched by the positive emojis from
the lexicon, then they are weakly labelled as positive, and if they are fetched
by the negative lexicon, they are labelled negative.

Two native Arabic speakers are used for annotation purposes, one of
them being an NLP expert; the other is a university educated person. The
matches between them are 90% for 1% of the data (180 samples); in case
of disagreement, I prefer choosing the expert annotation. The annotation
procedure is cumulative, in that I pick randomly a sample of 1% of the
data every time and ask both of the annotators to annotate it. For every
annotation slot, I calculate the number of mismatched labels between the
human annotation and the emoji-based annotation (weak labelling). In
addition, I compute the accuracy of the emoji-based annotation method by
taking the number of right classified instances divided by the total number
of the samples. Table 4.5 shows the number of errors (mismatches) and
accuracy for annotation samples in the range from 1% to 10% of the corpus.
So, I end up with 4k tweets annotated manually. Figure 12.1 at page 199
plots the accuracy results as well.

Having a 77.2% matching accuracy between human annotation and emoji-
based annotation is not considered good enough, even though it is less time-
consuming compared to manual annotation and it can annotate reasonable
amounts of data in a very short time without human effort. As a result, I
decided to figure out ways to enhance the corpus and make it more reliable
and applicable to NLP tasks.

Since I manually annotated 10% of the dataset, which was 4k tweets, I
ask the annotators to continue and annotate another 10% in order to have 8k
tweets annotated manually in total. This is a gold standard 8k Sentiment
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Sample % | Samples | #errors | Accuracy
1% 360 106 70.5%
2% 720 200 72.2%
3% 1,080 293 72.9%
4% 1,400 370 74.3%
5% 1,800 450 5%

10% 3,608 823 77.2%

Table 4.5: Human annotation accuracy compared to the emoji-based an-
notation. The first two columns show the percentage and number of the
sampled tweets, #errors shows the number of mismatched samples, and the
Accuracy column calculates the percentage of the matches between both
annotations.

Analysis dataset of which 3,705 of them are classified as positive, 3911
negative and 384 instances are classified as mixed. In our experiments, I
exclude the mixed class. In Chapter 4 I will explain how I apply self-training
methods to the corpus in order to improve quality and reliability.
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Dialectal Arabic NLP tasks

5.1 Dialect Identification for Dialectal Arabic

Dialect Identification (DI) refers to many things, and can be used on differ-
ent levels and with different tasks. Some models have been built to check the
appearance of dialect terms in an Arabic text and to measure the percentage
of dialects in that text[136]. On the other hand, most of the Dialect Iden-
tification systems are considered classification systems. Some works build
models for a coarse-grained identification level such as the region level|[136],
other works introduce fine-grained models on the level of the country[81].
Recently, and according to the differences that dialects have to each other,
a very fine-grained dialects system has been proposed, which classifies the
dialects at the city level[4].

5.1.1 SHAMI (SDC) DI

The language identification task itself is considered a solved problem in
general. However, in the case of dialectal Arabic where all Arabic dialects
are in a diglossic relation with MSA, the task becomes more difficult.

Part of our contribution - as already mentioned - is to build SDC, a Lev-
antine corpus, in order to be able to evaluate the corpus and test its perfor-
mance in a real NLP task. I choose the Dialect Identification task to do the
job of resource evaluation. In addition, in Study I, I want to shed light on
the ability of N-gram language models on the process of differentiation be-
tween fine-grained dialects like Leventine. In the process of evaluation I use
two kind of libraries, including one off-the-shelf library called Langid.py[137]
which uses the Naive Bayes classifier (NB) with various character n-gram
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models. Langid.py supports the developers with many models in order to
be able to train the model and build a language identification system based
on their languages. Compared to other language identification tools like
langdetect[138], TextCat [139] and CDL [140], Langid.py outperformed all
of them in terms of accuracy (measured as the proportion of documents
from each dataset that are correctly classified) and speed (documents per
second). It also supports the character n-grams, and they are very use-
ful and differentiated features for the DI system. On the other hand, I use
scikit-learn[141] as an open source python library to build some word-grams
models and try different machine learning algorithms. Scikit-learn is used
to estimate the efficiency of word-gram language models. I then compare it
with the character gram models and how they work with the dialects.

During the evaluation process, as I build a DI model, I conduct sev-
eral experiments. They vary between the size of the used data (full or
sample), the type of the data (preprocessed or pure), the implemented li-
braries (langid.py or scikit-learn), the techniques (character gram or word
gram) and the number of the classified dialects (two, three, four). For each
experiment, I calculate the accuracy and the F-score as an evaluation mea-
surement.

I start by using langid.py and build character n-gram models investigat-
ing different grams from 4 to 7, then I assign the features to an NB classifier.
First, I do an experiment to decide the size of SDC. When I train the DI
models by the whole corpus, the accuracy and the F-score are very low, they
do not exceed 39% and 55% respectively through all the introduced models.
Table 7.10 from Study 1 shows the results before the filtering process. The
fact that Shami is neither a parallel nor a crafted (translated) corpus, makes
it very confusing in some of its dialectal sentences. As a result, I decide to
purify the corpus with the help of four volunteers one from each Levantine
country. Purifying the SDC, and making sure that the annotators extract
their own dialect parts, reduces the sparsity of data and also increases and
enhances the performance of the classification models.

Generally, to be able to evaluate the SDC, I build some baseline models
using two available corpora which both contain Levantine dialects. They
are:

e PADICI58]: a parallel translated corpus which includes MSA, Alge-
rian, Tunisian, Palestinian and Syrian dialectal data. The corpus is
collected from Algerian chats and conversations, where they are tran-
scribed by hand to Algerian text and converted to MSA. After that,
20 Tunisian native speakers in addition to two native speakers from
Palestine and Syria produce the final parallel corpus from the MSA
part.
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e Multi-dialect corpus[57]: a parallel translated corpus that covers the
dialects of Egyptian, Syrian, Palestinian, Tunisian and Jordanian in
addition to MSA. This corpus has been originally built on the Egyp-
tian dialect using an Egyptian-English corpus. It has been translated
to the remaining dialects by four native speakers of Palestinian, Syr-
ian, Jordanian and Tunisian.

As my concern is only the Levantine dialects, I only extract the Levantine
dialects from these corpora, so I build a Levantine DI model. The data is
split into 90% for training purposes and 10% as a test set. Table 5.1 shows
the number of sentences/dialects for the corpora concerned.

In tables 7.8, 7.9 and 7.12 the langid.py library calculates the accuracy
and F-score for the model employing different n-grams. The model has
been trained on all the dialects in the handled corpus and then tested on
one dialect every time so that it appears as a single classification test phase,
because the test set contains only one class and therefore the precision =
1 all the time. Therefore, in that case the recall is equal to accuracy and
this is why there is a gap between Accuracy and F-score in the results.
After evaluating every dialect alone, the average for the accuracy and F-
score is calculated but for only the Levantine dialects. I will calculate the
evaluation matrix in a different way so the results would give an insight into
the Levantine data. I will build the model by only extracting the Levantine
dialects for every corpus: for example, in PADIC corpus, I will make use of
the Palestinian and Syrian dialects only.

In this approach I can also examine the effect of the majority class,
especially in an imbalanced dataset like SDC. Accuracy measures how many
cases are identified correctly by the model and it is usually used when the
data is balanced so that all the classes are equally important; but in the
case of an imbalanced dataset, F-score is used more as the harmonic mean
of Precision and Recall and it takes into account the data distribution and
gives a better measure and assessment of the model’s performance.

The model performed better on the two corpora compared to the SDC,
as shown in Table 5.2. This is due to many reason, with listed below:

e The nature of the data: both PADIC and the Multi-dialect dataset
are parallel and well-crafted corpora, while SDC is not. SDC has been
built from people’s posts, tweets and blogs, so these are real conver-
sations and discussions not a human translated dataset, while in a
parallel corpus the differences among the dialects are more emphasiz-
ing.

e The number of the classified Levantine dialects has an effect on the
performance and the accuracy of the system. In addition, the size of
the corpus plays a role as well. Although the PADIC corpus contains
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Dialect Train | test | Total

Palestinian | 5,917 501 6,418

PADIC Syrian 5,917 501 6,418
Palestinian 900 100 1,000

Multi-dialect | Syrian 900 100 1,000
Jordanian 900 100 1,000

Palestinian | 9,577 1,065 | 10,642

Shami Syrian 33,983 | 3,776 | 37,759
Jordanian 6,316 702 7,018

Lebanese 9,747 1,083 | 10,830

Table 5.1: Train and test set for the corpora

PADIC Multi-dialect SDC
Techniques Accuracy | F-score | Accuracy | F-score | Accuracy | F-score
4-gram char 0.69 0.69 0.81 0.70 0.78 0.51
Jangid.py 5-gram char 0.74 0.74 0.83 0.75 0.78 0.52
’ 6-gram char 0.75 0.74 0.82 0.74 0.78 0.52
7-gram char 0.76 0.75 0.83 0.74 0.78 0.51
Seikit Tearn uni-gram word 0.83 0.83 0.69 0.68 0.70 0.71
bi-gram word 0.84 0.83 0.69 0.96 0.70 0.70

Table 5.2: Test phase evaluation results for all corpora

two dialects and the Multi-dialect corpus contains three dialects, the
small data size of the later corpus reduced the conflicts between the
dialects and thus the ease of distinguishing between them. While we
also find that the SDC is bigger in terms of size and number of dialects
, so the results are never considered satisfactory, and the detecting of
the dialects is not easy at all.

Imbalance SDC: PADIC and Multi-dialect datasets are balanced, where
each dialect has the same number of instances; however, SDC is not.
This is clear in Table 5.1, where Syrian is the majority class and
Lebanese is the least. Having an unbalanced dataset confused the
classification model, whereby the majority class dominates the re-
sults, and this is why the accuracy is considered high compared to the
F-score.

As a consequence, I conduct some experiments on the number of the

classified dialects and compare them with the baseline; this would make
the comparison more reliable as the same number of dialects. Given that
PADIC includes the Palestinian and the Syrian dialects, I extract the two
dialects from SDC and train the Dialect Identification models on this binary
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. Palestinian, Syrian | Jordanian, Lebanese
Techniques
Accuracy | F-score Accuracy F-score

4-gram char 0.64 0.61 0.75 0.74
langid. py 5-gram char 0.64 0.61 0.76 0.76

6-gram char 0.65 0.62 0.76 0.75

7-gram char 0.65 0.62 0.75 0.74
Scikitlearn unigram word 0.87 0.85 0.90 0.90

bigram word 0.80 0.74 0.88 0.88

Table 5.3: Evaluation of two dialects classification on SDC

Techniques Pal, Jor, Syr Leb, Jor, Syr Pal, Leb, Jor
Accuracy | F-score | Accuracy | F-score | Accuracy | F-score

4-gram char 0.74 0.58 0.79 0.60 0.73 0.60

langid.py 5-gram char 0.74 0.59 0.79 0.62 0.73 0.61
6-gram char 0.74 0.58 0.80 0.62 0.74 0.61

7-gram char 0.73 0.57 0.79 0.61 0.74 0.61

Seikit learn uni-gram word 0.77 0.71 0.75 0.70 0.74 0.74
bi-gram word 0.70 0.60 0.70 0.60 0.73 0.72

Table 5.4: Evaluation of three dialects classification, Pal: Palestinia, Jor:
Jordanian, Sy: Syrian, Leb:Lebanese

classification. In the same manner, I also do a binary classification with
Jordanian and Lebanese dialects. Table 5.3 shows the results. In the same
way, I do three-way classification experiments, taking into consideration
that the Multi-dialect corpus includes three dialects (Palestinian, Jordanian
and Syrian). I extract the same dialects, and in addition, I run another
experiment excluding the Palestinian dialect because it is very mixed with
other dialects. I present the results in Table 5.4.

The more dialects that enter into the identification system, the more dif-
ficult it is to distinguish between them, and thus the performance decreases.
The SDC corpus out performs the PADIC base line when I compare the same
dialects at the uni-gram word level. The same applied on the comparison
between SDC and the Multi-dialect corpus on the uni-gram word model.
The effect of an unbalanced dataset is very clear on SDC where there is a
big gap between accuracy and F-score. As accuracy is biased towards the
majority class, it achieved higher results compared to F-score as a trade-off
between precision and recall.

Generally speaking, it seems to us that if the number of dialects is re-
duced, the accuracy and F-score increases more, as the dispersion in the
data decreases. Also, the clarity of the difference becomes slightly clearer.
When I classify between Jordanian and Lebanese, I get the highest results,
as there is little similarity between them and they are, to some extent,
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different. They can then be distinguished by text. From all the previous
experiments, I conclude that the Levantine dialects of SDC are very similar
in the written texts and that it is difficult to differentiate between them.
SDC is not a parallel data set so that textual differences are evident and
clear as in PADIC and Multi-Dialect corpora. However, it does address
similarities and differences between the four dialects significantly compared
to the two previous corpora.

5.1.2 MADAR DI

I extend my work on Levantine Dialect Identification and build a machine
learning model that is able to distinguish very fine-grained dialects. I par-
ticipated in the MADAR shared task and my model is ranked first[142]. I
build a model that combines different kinds of n-gram models and employ
ensemble learning with a voting technique to classify 26 dialects from 25
Arab cities in addition to the MSA. Two corpora are used for the training
processes. The first corpus is Madar-6, which includes five dialects from the
Arab region as well as the MSA, while the second is Madar-26. Table 5.5
shows the number of sentences/samples per dialect and the total sentences
for each data set.

MADAR Split | sentences | Total
train 9,000 41,600

Madar-6 | —7 = 1,000 | 6,000
train 1,600 41,600
Madar-26 | dev 200 5,200

test 200 9,200

Table 5.5: Statistics for MADAR datasets

I introduce a Dialect Identification model that was ranked the first in
the shared task. It consists of two sub-models as shown in Figure 5.1. The
coarse-grained sub-model is responsible for predicting a dialect among six
different Arab dialects, followed by a fine-grained sub-model that goes much
deeper to classify 26 Arabic dialects. For the purpose of programming and
implementing the model, I use the scikit-learn python library. I start with
a feature engineering process, which is highly dependent on language mod-
elling and try to explore different combinations of n-grams on several levels
(words and characters). To combine multiple features, I use the Feature-
Union class, and in order to emphasize one feature over the other, I use
the transformation weight parameter to give a weight for every extracted
feature. I try to extract as many discriminated features as possible that can
be employed efficiently to distinguish among the desired 6 and 26 Arabic di-
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alects. This is with the help of the language model, which is an informative
way to represent the language.

Ensemble voting
TFIDF
™ Word-grams —w=0.7
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P
TFIDF Union FoN
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Figure 5.1: ArbDialectID proposed model

For the first sub-model (coarse-grained classifier), the number of dialects
- based on the cities where they are spoken - is six. They are (using the
respective cities): Beirut (BEI), Cairo (CAI), Doha (DOH), Rabat (RAB),
Tunisia (TUN), in addition to (MSA). The differences between this dialect
group are reasonably clear, as each group represents a large group of close
dialects. For example, BEI includes all the Levantine dialects. As a result,
the groups of dialects seem distinguishable by their vocabularies, terms and
expressions. Thus, I emphasize the transformation weight of the word-gram
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level over the character-gram level. The following features are extracted
with the transformation weights:

e TF-IDF vectors from the word n-grams ranged from the unigram to
5-grams. I apply 0.7 weight for vector transformation.

e TF-IDF vectors from the character n-grams with boundary consider-
ation ranged from bigrams to 5-grams, and the transformation weight
is 0.6.

e Apply skip grams, followed by extraction of the uni-gram words with
one-word skipping. I give it the lowest transformation weight of 0.4.

To get the most out of the system, I exploit ensemble learning, where
several classifiers can be used and then different voting techniques are ap-
plied to the final result. In this model, I build a hard voting ensemble
classifier, where it uses predicted class labels for majority rule voting. The
following algorithms are used for the ensemble classifier with their updated
parameters:

e MultinomialNB (MNB); I set alpha to 0.01
e Linear SVC with 12 penalty and the learning rate sets to 0.0001
e BernoulliNB (BNB); set alpha = 0.01

Using the Madar-6 dataset, I train the model and get an accuracy of
92.7% and a macro F-score of 93%. As a sub-model, I combine the train-set
and the dev-set together and rebuild the model again. The predicted output
value will be used as an input feature to the second fine-grained sub-model.

The fine-grained model is very challenging due to the similarities among
the dialects at the level of the cities and to the fact that this is a written text
which has no accents, no intonation and is diacritics free. From Figure 5.1
the fine-grained sub-model looks to some extent similar to the coarse-grained
model; however, it is trained on more features with different weights.

This Dialect Identification system is supposed to be able to predict the
class of a given sample/sentence among 26 classes/dialects. MADAR corpus
covers 25 cities in the Arab countries in addition to the MSA, and they are :
Aleppo (ALE), Algeria (ALG), Alexandria (ALX), Amman (AMM), Aswan
(ASW), Baghdad (BAG), Basra (BAS), Beirut (BEI), Benghazi (BEN),
Cairo (CAI), Damascus (DAM), Doha (DOH), Fes (FES), Jeddah (JED),
Jerusalem (JER), Khartoum (KHA), Mosul (MOS), Muscat (MUS), Ra-
bat (RAB), Riyadh (RIY), Salt (SAL), Sana’a (SAN), Sfax (SFX), Tripoli
(TRI), Tunisia (TUN) and MSA. In this step the differences are very small
between dialects, as most of them are concentrated on the character level
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like the suffixes, so I emphasize the weight of character n-gram features over
the words n-gram features and pay attention to the word boundaries. All
the extracted features are chosen empirically after an enormous number of
experiments, and they are:

e TF-IDF vectors from the word n-grams with uni-gram, bi-gram and
tri-gram words. I apply 0.5 weight for vector transformation.

e TF-IDF vectors from the character n-grams with word boundary con-
sideration ranged from bi-grams to 5-grams and the transformation
weight is 0.5.

e Extract another character n-grams but this time without word bound-
ary consideration from bi-grams to 4 grams and the transformation
weight is 0.5.

e Again apply skip gram, then I extract the uni-gram words with one
work skipping. I assign it 0.3 transformation weight.

Moreover, I add two extra numerical features to the model. I use the
sentence length ratio to shed light on the differences between the dialects
where some of them use more words to express an idea, and the others use
more suffixes. The second feature is the predicted output class fed from
the first sub-model. I use the coarse-grained sub-model to predict the class
for the input sentence to which one of the six groups it may belong. The
same ensemble learning classifiers are used as the first sub-model, but it is
trained on Madar-26 this time. I reach 67.29% and 67.32% for accuracy and
F-score respectively.

I print out the confusion matrix in figure 8.3, and point out that some
dialects are easier to classify by the model, such as the dialects spoken
in North-Africa. In contrast, there are other dialects that confused the
prediction system and lower the performance, such as the (BAG and BAS),
(AMM and JER), (CAI and ASW).

5.2 Computational cross-dialectal lexical dis-
tance

Diglossia is quite pervasive in the Arabic speaking countries. Diglossia takes
place when the spoken language (such as Arabic dialects) is different from
the official language (such as MSA). As a consequence of building the pre-
vious Levantine resources and proposing Dialect Identification models, T
decide to conduct a computational cross-dialectal lexical distance study to
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measure the lexical distance between the formal MSA language and the
informal Arabic varieties.

From the point of view of Arabic speakers, they believe that it is easy to
discover the similarities between the dialects and distinguish between them
in spoken or written forms, whether they are similar or different. They may
state and debate which dialects are the closest to the Classical Arabic or the
MSA, while originally such topics need a precise scientific study to deter-
mine the similarities, differences and convergence between dialects instead
of relying on human intuition. Many differences between dialects and MSA
should be highlighted. In Section 2.4, I discussed the qualitative differences
in terms of orthography, phonology, morphology, syntax, semantics, and
lexical differences. Here in this section, I highlight the lexical quantita-
tive similarities and differences through the use of different computational
techniques.

One of the important features to understand the differences between the
official language (MSA) and the informal varieties (Dialects) is the lexi-
con[19]. In order to conduct the lexical distance study, I use different kinds
of resources: these include various resources, and parallel, un-parallel and
comparable corpora. I try to include as many dialects as possible, so the
corpora concerned include the dialects from most of the Arab regions. It is
extremely hard to find a parallel corpus that contains all the dialects from
the Arabic speaking countries in order to be used for such a comprehensive
study. In addition to PADIC|58| and Multi-dialectal[57] - where they are
mentioned in 5.1.1 - T employ the following corpora:

1. SDC: Our non-parallel Shami corpus with the four dialects from the
Levant. It includes Palestinian, Jordanian, Syrian and Lebanese di-
alects.

2. WikiDocs Corpus[109]: this is a Comparable dataset, which contains
comparable documents from Wikipedia. The documents are in MSA
and Egyptian.

5.2.1 Lexical Sharing and overlap

I compute the percentage of sharing vocabularies and the overlapping be-
tween any pairs of dialects. I employ the Jaccard Index similarity measure
on the dataset.

|AN B
AU B
Table 9.8 at Study 3 presents the overlapping results. The experiment

shows that the Palestinian was the closest dialect to MSA in both the par-
allel datasets. In addition, it shows that the highest percentage of overlap

JaccardIndex(A, B) =

(5.1)
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among the Levantine dialects is between Jordanian and Palestinian. The
overlap between MSA and Egyptian in the WikiDocs is the lowest.

Table 5.6 presents the whole experimental results when comparing MSA
to other dialects in PADIC, while Table 5.7 concerns the Multi-dialect cor-

pus.?

5.2.2 Vector Space Model (VSM)

Mathematically, a VSM converts all the documents/sentences to vectors in
a high dimensional space where each dimension corresponds to a term from
the collection. A weighting schema is then used to assign a weight to every
term from the dimensional space[143, 13]. In our work, I use TF-IDF for the
weighting procedure, followed by computing the cosine similarity between
each pair of vectors to indicate the rank of the documents. I index all the
words, including the stop-words, since they work as clue features for some
dialects. To avoid Out-Of-Vocabulary (OOV) terms, I build a vector for
each pair of dialects. The results show that in both of the parallel corpora
the Palestinian dialect is the closest to MSA, while the North Africa dialects
are the farthest from MSA. The results in Table 9.9 also show a very high
similarity across the Levantine dialects, while producing less than half the
similarity between MSA and Egyptian in the Wiki-Docs corpus.

5.2.3 Latent Semantic Indexing LSI

I employ LSI to be able to represent the concepts that each dialect con-
tains. The key feature of LSI is that it addresses the problem of dealing
with synonyms and, in general, polysemy among the terms. It utilizes the
Singular Value Decomposition algorithm to reduce the dimensions of the
term matrix and extracts the most informative features from the document
matrix[13]. In terms of concept similarities, the Palestinian dialect shows
a closer similarity to MSA in one of the parallel corpora only, while in the
rest of the parallel corpora, it is the Tunisian dialect that gets the closest
to MSA over all the parallel corpora. The relation between Jordanian and
Syrian dialects is the highest among all the experiments. The similarity
between MSA and the Egyptian is high as well, and this is due to the same
topic that each pair of documents talk about in the comparable corpus. Ta-
ble 9.10 represents the results. This method is different from VSM, where
LSI cares about the concepts and the meaning behind the terms; however,
it is only about the terms and their structure in VSM. Then the nature of
the used models affects the degree of similarity and the kind of similarity I
am looking for.

IFor further results, see Study 3.
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MSA to:
Method ALG | TN | SY | PA
Overlaping | 0.1 0.14 | 0.14 | 0.19
VSM 0.27 0.38 | 0.37 | 0.50
LSI 0.68 0.75 | 0.69 | 0.75
HD 0.91 0.83 | 0.77 | 0.77
PCC 0.76 0.92 | 0.67 | 0.85

Table 5.6: The relation between the MSA and all the dialects in PADIC
corpus

MSA to:
Method EG | JO | TN | SY | PA
Overlaping | 0.21 | 0.14 | 0.13 | 0.15 | 0.16
VSM 0.5 038|037 |04 | 04
LSI 0.72 | 0.37 | 0.75 | 0.4 | 0.41
HD 0.01 | 0.77 | 0.76 | 0.78 | 0.78

Table 5.7: The relation between the MSA and all the dialects in the Multi-
dialect corpus

5.2.4 Hellinger Distance HD

This is a method that is used to measure the differences between two proba-
bility distributions[11]. Firstly, I use a bag-of-words model to represent each
document as a discrete probability distribution vector and then I apply a
Latent Dirichlet Allocation (LDA) to model these vectors[144]|. LDA gives
us a probability distribution over a specific number of topics - thus, it acts
as a soft clustering technique. After that, HD is employed to measure the
distance between the topics and the documents. HD is an inverse equation,
measuring the extent of the distance, not the similarity, and therefore the
greater the value, the less the similarity and vice versa. Since this method
is similar to the previous one in that they both work on the topic distri-
bution level, the results are somewhat close, as shown by Table 9.11. The
Palestinian dialect appears again as the least distant dialect from MSA in
PADIC corpus, while Tunisian is in the lead in the Multi-dialect corpus.
The same case applies to the Jordanian and Syrian dialects in the SDC, as
their differences are the lowest.
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5.2.5 Pearson Correlation Coefficient PCC

I build a bag-of-words dataset for all the shared terms included in the di-
alects with their Term-Frequency (TF) and in addition, I extract the 30
most frequent words for each dialect. They are listed in Table [9.13]. Based
on them, I calculate the PCC between the two sets with respect to their fre-
quency. This experiment helps us to address the differences in the usage of
frequent words across the dialects. The relation is the highest between MSA
and the Tunisian dialect followed by the Palestinian dialect. The relation is
also strong between Jordanian and Syrian, as they share many terms. The
results are presented in table 9.12.

In all the experiments I have seen so far, it seems that the Palestinian
dialect, and sometimes the Tunisian dialect, are the closest to MSA, followed
by Syrian. In general, Algerian dialect seems the furthest from MSA. This
might be due to the extensive mixing and/or code-switching of Algerian
with French and Berber. In the Multi-dialect corpus, the Egyptian dialect
shows a high degree of closeness to MSA. However, this corpus has been
built by extracting the Egyptian part of the Egyptian-English corpus[65]
and then translating it to MSA. Thus, a bias towards MSA as an artifact
of the dataset construction process exists. It seems in this respect that the
nature of the used corpus and the employed methods play a role in the
measurement scores and, furthermore, emphasize the relationships among
the varieties.

Overall, I show the degree of convergence between the dialects of the
Levant and the linguistic overlap to such an extent that, in some cases, it
seems impossible to distinguish between them in writing without the pres-
ence of phonological information or without adding diacritics marks. The
differences among the dialects in comparison are very clear in the qualita-
tive study while in the quantitative study it is more complicated due to the
nature of the corpus and the methods I use.

Palestinian dialect has more sharing and overlapping words with MSA
than others, and it is the most similar dialect to MSA when I applied VSM
, while the Tunisian and Algerian dialects are furthest from MSA. When I
measured the similarities with LSI, I found that Palestinian appears to be
close to MSA only in PADIC, whereas the Tunisian dialect shows a close
relation to MSA in both corpora. These results show the artefacts of the
LST model which connects the data according to topics and clusters. By
exploiting the HD, I could see that Palestinian is less dissimilar from MSA
compared to the rest of the dialects in PADIC. Even though in the Multi-
dialect corpus the results for the distance of all dialects to MSA is quite
close, the Tunisian seems to be the closest to MSA. Again, by computing the
correlation coefficient among the varieties, the results show high correlation
for the frequent words between the MSA and Tunisian, followed by the
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Palestinian dialect in PADIC. This sheds the light on the different usage of
frequent words cross dialects. In general over all the experiments I find that
on Shami I can demonstrate a high similarity between individual Levantine
dialects. These similarities are also very clear in the Levantine dialects
which appear on the other corpora as well.

The study also helped us to figure out the differences between the writ-
ten and spoken forms of the dialects. Some of the Arabic varieties look close
to each other in their spoken form, where intonation and other phonological
attributes are at play, and the accent and the vowels are very clear. How-
ever, this closeness is lost when I move to their written form, because these
phonological properties are not present.

5.3 Sentiment Analysis for Dialectal Arabic
5.3.1 From MSA to Dialectal Arabic

In the previous section, and according to the experiments performed, I saw
that some dialects are much closer to MSA than others. Given this finding,
the question is whether I am able to employ tools that have been built
and used for MSA and adapt them for Dialectal Arabic. More precisely,
is it worth employing the already existing tools with minor modifications
and fine-tuning, or do I need to build and train specific models for each
individual dialect? Moreover, it was mentioned in Study 3 that Palestinian
was one of the closet dialects to MSA.
In Study 4 1 investigate the following research questions

e To what degree can I adapt tools which were trained on MSA and use
them on DA?

e Are MSA and DA, in terms of building NLP resources and tools,
considered as one language? Or should I consider them as different
languages for which I need to build a stand alone tool for every variety?

e In case I cannot adapt MSA models on DA, can I adapt one dialect
onto another?

For these reasons, I have built a Levantine corpus in Study 1, and I
choose the Levantine dialects to be examined in the upcoming study. As a
case study task, I chose Sentiment Analysis. In order to evaluate how well
the Machine Learning models on MSA perform on Levantine, I have to build
a Levantine Sentiment analysis corpus. I build Shami-Senti for this reason,
a 2K documents/sentences corpus that is extracted from Shami and are
annotated with the help of human annotators. To estimate the performance
of SA on Shami-Senti, I firstly have to build and train the models on MSA.
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This I do by training on the LABR dataset which is a book-review sentiment
analysis dataset[107]. LABR is a large dataset of 63K reviews written mostly
in MSA with little dialectal presence. The dataset is available online in
different subsets according to the number of the sentiment polarities (two,
three, four or five-way classification), and balanced and unbalanced versions.
I focus on binary and three-way classification, and, thus, the subsets with
two and three classes are chosen.

I employ a number of the well-known Machine Learning algorithms to
figure out the most suitable to learn from the MSA data and apply them
on DA. The following algorithm are used for the training and the testing
purpose:

1. Logistic Regression (LR): is one of the simplest algorithms used in
Machine Learning (ML) for binary classification tasks and usually used
as a base line. LR is strong in explaining the relationship between one
dependent variable and independent variables. Regression can be used
to classify the observations using different types of data and can easily
determine the most effective variables used for the classification|[145].

2. Passive Aggressive (PA): a family member of online learning algo-
rithms for large-scale learning. It does not require a learning rate;
however, it includes a regularization parameter [146].

3. Linear Support Vector classifier (LinearSVC): like RG it is a discrimi-
native model. LinearSVC is developed from Support Vector Machines
algorithms. It is very effective in high dimensional spaces. In ad-
dition it is still effective in cases where the number of dimensions
is greater than the number of samples [147]. In sklearn, LinearSVC
comes with the parameter kernel=’linear’, but implemented in terms
of liblinear rather than libsvm, so it has more flexibility in the choice
of the penalties and the loss functions and, thus, should scale better
to large numbers of samples [141].

4. Stochastic Gradient Descent (SGD): is a linear classifier which im-
plements regularized linear models with stochastic gradient descent
(SGD) learning. The term “stochastic” refers to the fact that the
weights of the model are updated for each training example [148]. T
used it as a simple baseline classifier related to Neural Networks.

5. Multinomial Naive-Bayes (MNB): implements the NB algorithm for
multinomially distributed data. The basic idea of NB is to find the
probabilities of classes assigned to texts by using the joint probabilities
of words and classes. MNB, then, is considered a generative model and
is suitable for classification with discrete features (e.g., word counts for
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text classification). The multinomial distribution normally requires
integer feature counts and it works well for fractional counts such
as TF-IDF [149]. Generally speaking, an NB classifier will converge
quicker than discriminative models like logistic regression, so one needs
less training data.

6. Bernoulli Naive-Bayes (BNB): Like MNB, this classifier is suitable for
discrete data. The difference is that while MNB works with occurrence
counts, BNB is designed for binary/boolean features [150].

7. Complement Naive-Bayes (CNB): is one of the NB variant, where
CNB is particularly suited for imbalanced data sets. Specifically,
CNB uses statistics from the complement of each class to compute
the model’s weights. Further, CNB regularly outperforms MNB (of-
ten by a considerable margin) on text classification tasks.?

8. Ridge Classifier (RC): Ridge regression (RG) is an extension for linear
regression. It’s basically a regularized linear regression model. It uses
the L2 Regularization technique for a penalty to work as a classifier.
A very important fact I need to note about RG is that it will not
get rid of irrelevant features but rather minimize their impact on the
trained model [151].

9. Perceptron (PR): is a simple classification algorithm suitable for large
scale learning and the basic algorithms for neural networks. In sklearn
it does not require a learning rate and it is not regularized. The model
is updated only on mistakes. This algorithm is faster than SGD using
hinge loss [152].

I start the experiments with three-way classification and use the LABR-3
balanced data set with 6,850, 6,578 and 6,580 instances for positive, negative
and mixed polarity respectively. The data set is split into 80% for training
and 20% for testing. I build the two language models as used by the LABR
(baseline): the first is a unigram word model and the second is a combination
of unigram and bigram word language models. By employing the same five
algorithms that have been used by the baseline I achieve a very low accuracy
that does not exceed 60% for any algorithm. Given that the goal is to
discover the ability to recognize dialectal Arabic by leveraging MSA models,
I build the LABR bi-gram combination model and test it with the Shami-
Senti test set. The system’s accuracy significantly drops by more than
10%, and achieves 45% accuracy with the SGD-Classifier. In the meantime,
when the model is trained and tested in the same dataset Shami-Senti,
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Accuracy%
Classifier . Test dataset: Shami-Senti
LABR Baseline+ Train:LABR" | Train:Shami-Senti*
Logistic Regression 59 46 62
Passive Aggressive 58 43 64
Linear SVC 58 44 64
Bernoulli NB 34 11 48
SGD Classifier 59 45 65

Table 5.8: Applied the baseline on different experiments, + train and test
dataset: LABR, frain dataset: LABR, *train dataset: Shami-Senti

the accuracy increases to 65%. Thus, the adaption in this case between
the MSA and Levantine dialects fails. Table 5.8 shows the results for the
baseline experiments.

Accordingly, I propose a new language model as the previous two models
perform very poorly. Our new models focus on character n-gram language
models in addition to word n-gram language models. I add 2, 3, 4 and
5 character gram models and also combined all the features for the final
model. T use all the aforementioned algorithms with the proposed models
and apply them directly on LABR3. The proposed model gets a very slight
improvement over the baselines, with a 1% increase. I will further use this
model throughout all the upcoming experiments.

The proposed model has been tested on the Shami-Senti as well. The
highest accuracy was 50%. On the other hand, I trained the same config-
uration setting on Shami-Senti and got an accuracy of 71% with the NB
classifiers. All the results are shown in Table 5.9. These results indicate
that MSA models are not transferable to DA, and, probably, a stand-alone
DA model should be used for dialectal Arabic NLP tasks.

The overall accuracy in the previous experiments is not high. Having
a mix of neutral classes in LABR confuses the model. The neutral class
is a mix of positivity and negativity in both ways, so most of the miss-
classified instances are due to confusion. I omitt the third class and conduct
the experiments with binary classification. Table 5.10 shows the results
for the baseline (MSA experiment), the adaptation model (MSA to DA)
experiment and the Dialectal Arabic experiment(Shami-Senti). Despite the
improvement in the accuracy when I moved from a three-way classification
to a binary classification, however, the adapted MSA models are still unable
to classify Levantine dialectal Arabic with good accuracy.

I do a small experiment to check the extent of transfer and adaptation
between the dialects. I choose the ASTD corpus|7] for this task. This
is an Egyptian dialect corpus collected from Twitter, and it contains 10k
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Accuracy%
Classifier Test dataset: Shami-Senti
LABR model+ Train:LABR" | Train:Shami-Senti*
Ridge classifier 59 43 69
Logistic Regression 60 46 67
Passive Aggressive 58 43 68
Linear SVC 59 45 69
SGD Classifier 60 50 68
Multinomial NB 59 40 71
Bernoulli NB 49 44 71
Complemtn NB 59 42 71

Table 5.9: Applied the proposed model on different examples, Applied the
baseline on different experiments, + train and test dataset: LABR, frain
dataset: LABR, *train dataset: Shami-Senti

Accuracy

Baseline model

Proposed model

Train:LABR Train:Shami-Senti
Classifier LABR | Shami-Senti | LABR | Shami-Senti Shami
Ridge classifier 81 54 83 57 73
Logistic Regression | 80 56 82 58 74
Passive Aggressive | 81 53 82 56 73
Linear SVC 81 55 83 58 73
SGD Classifier 82 54 83 56 73
Multinomial NB 80 53 82 55 74
Bernoulli NB 76 47 74 48 72
Complemtn NB 80 53 82 55 75

Table 5.10: The binary classification accuracy results for both the baseline
and the proposed SA models. The first four columns refer to the models
that LABR (MSA) is used as train dataset , while the last column refers
the models when Shami-Senti is used as train and test dataset.
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tweets classified into objective, positive subjective, negative subjective and
mixed subjective. Our proposed model achieves an accuracy of 83%, while
it dropped to 57% when the model is adapted to Levantine dialects.

From the obtained results I can see again that the models fail to classify
dialectal Arabic when they are built for MSA purposes. The idea of trans-
ferring models or adapting the models from one variety to the other is not
applicable as every dialect has different features which seem not adaptable.

It is clear that the performance of the model on Shami increased to be
74%. This is partly due to the accurate human annotation. However, the
size of the corpus is small compared to corpora like LABR and ASTD, so
the performance increases especially when I ignore the mixed or the neutral
class. I examine the effect of adding features to the models for the per-
formance of a small size dataset. As such, I conduct our last experiment
by using three Sentiment Analysis lexicons; The LABR lexicon[107], Moar-
lex[130] and the SA lexicon[131]. I employ them to calculate the percentage
of positive terms and negative terms in every document. In addition, I add
the feature of negation, if the document contains such terms.

In the implementation, I exploit the FeatureUnion, which is an estima-
tor that concatenates results of multiple transformer objects to combine
language models in addition to the three features (positivity, negativity,
negation). To emphasise the impact of the language model I double its fea-
ture weight to 2 and assigned 0.4 for positive term features, 0.2 for negative
term features and 0.4 for the negation feature. All of these weights have
been chosen after a long number of trials. I run the experiment with 3-way
classification and achieve 75.2% by NB classifier (it was 71% at Table 5.9).
Thus adding more informative features can help the overall model to learn
and predict correctly.

I notice that feature engineering had more effect on DA than MSA,
as it adds more values to the small datasets like Shami-Senti while it has
minor effects on big datasets like LABR. Therefore, adding more informative
features to a small dataset helps the system to learn and predict the correct
class. After all experiments, our proposed model outperforms the baseline
on both big and small datasets, and gets an accuracy of 83% for MSA and
75.2% for Shami-Senti.

Finally, I can say that MSA models cannot be easily, if at all, used in
dealing with DA. There is, thus, a growing need for the creation of compu-

tational resources, not only for MSA, but also for DA.
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5.3.2 Deep Learning For Dialectal Arabic Sentiment
Analysis

In this part, I investigate the use of Deep learning for Dialectal Arabic.
As in the previous experiments, I tried to adapt the available tools from
MSA for DA; however it was not applicable. I also showed how different
Machine Learning algorithms work for dialectal resources such as Shami-
Senti and ASTD. Hence, I introduce a deep neural network that combines
Bi-directional Long Short Term Memory Networks (Bi-LSTM) with Convo-
lutional Neural Networks (CNN) to predict the polarity of an Arabic text
and classify it to either positive or negative. I employ the same corpora as
before: LABR, ASTD and Shami-Senti. These are different in terms of size,
sources and the dialects. The proposed deep-learning model outperforms
the state of the art for the ASTD corpus, and produced an improvement
for Shami-Senti.

First of all, T represent text by employing the Arabic pre-trained word
embeddings AraVec[153]. AraVec is pre-trained on multiple sources such
as Twitter and Wikipedia and implemented by the help of Word2Vec[154].
To be able to compare our proposed model I build two different baselines,
implemented by Keras library. The first baseline consists of an embedding
layer followed by two LSTM layers of 128 and 64 output units respectively,
then a fully connected layer with a 0.5 dropout and finally a dense Sigmoid
layer to classify the input document. I have tried different combinations
of LSTM and BI-LSTM models on the three datasets, and I work on both
three-way and binary classification. The baseline models accuracy is too low
and could not predict the label, see Table 11.3. In some cases, the binary
classification gave us, unexpectedly, very high accuracy as shown in Table
11.4. However, this is due to overfitting and data imbalance. Basically, the
model was biased towards the majority class. For more details about the
network settings and the results, please see Table 11.2.

For the second baseline, I choose the winner model from the Kaggle
Sentiment Analysis competition that was developed mainly for English. The
model achieved an accuracy of 96%. It consists of an embedding layer
followed by a CNN layer (64 filter and 5 kernels), then a max pooling layer
of size 2 to feed into an LSTM layer with 30% dropout. The last layer
is a softmax layer with only one output as it was a binary classification
competition. When I build the model and use it on the three corpora
trying both three-way and binary classification, the models fail to correctly
predict the polarity. In a similar way to our baseline, this model is also
biased towards the majority class in the imbalanced dataset (LABRA and
ATSAD), while the accuracy in the other dataset did not exceed the 60%.
For all the settings and the result, see Study 5.
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Figure 5.2: Proposed model with BiLSTM and CNN networks

I propose a sophisticated Deep Learning model that combines both
LSTM and CNN architectures to retrieve as many features as possible from
the datasets. Figure 5.2 shows the structure of the proposed model. I start
the model by introducing an embedding layer training with AraVec(300)
and set it to be trainable. After that, and in contrast to the baseline, I have
two Bi-LSTM layers (128,64 units) followed by several CNN layers. I assume
that way that I will extract as many informative representations from the
sequential text in both directions. The Bi-LSTIM layers consist of 128 and
64 units respectively, and they feed into several CNN layers with different
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Parameter Value

Dataset split 80% train, 10% development, 10% test
Max number of features | 15

Embedding size 300

Embedding model CBOW
Embedding trainable True

Max sample length 70

CNN Filter [23, 64, 128]

CNN Kernel size [1,2,3,4,5, 6]
Pool size [1, 2, 3,4, 5]

Batch size 50

Max epoch 100

Dropout 0.5

Optimiser Adam, RMSprop
Activation function Sigmoid, Relu

Table 5.11: General parameters for the proposed LSTM/CNN model

filters and kernels. After every CNN, I put a max-pooling layer, then a gen-
eral concatenated layer to merge all the outputs into one dimension vector.
In the end, I have a fully connected RELU layer with 10 outputs followed
by a Sigmoid layer of three classes for three-way classification or one binary
unity for binary classification. Table 5.11 shows the general parameters that
have been used to build the model.

The model achieves high accuracy ranging between 80% and 94% for
binary classification as shown in table 5.12. The problem of the unbalanced
dataset is still presented and the model is unable to predict the right class
due to the highly imbalance between the two classes, which is the case for
the LABR 2 unbalanced dataset. Getting a high result for small datasets
like Shami-Senti is considered an improvement compared to the baselines. 1
prefer to print out the confusion matrix in Table 5.13 to show the predictions
of the model. In the three-way classification, although the model performs
better than the baselines, the third category (mix or neutral) has a negative
effect on the overall accuracy. Despite that, the proposed model outperforms
the state of the art for Deep Learning models for ASTD. I discussed the
problem of the third class in Study 4.

I performed this study to investigate how Deep Learning models fare
with respect to different sizes of datasets in addition to unbalanced corpora.
As Dialectal Arabic is considered under-resourced, the size of the corpora
decreases the performance of the Deep Learning models, and I know that
Deep Learning models need a big amount of data to be trained in, in order
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Corpus Three-way Classification Binary Classification
LSTM-CNN | Kaggle | LSTM | LSTM-CNN | Kaggle | LSTM
Shami-Senti 76.4% 49% 53% 93.5% 25.3% | 54.5%
LABR 2 unbalanced 80.2% 80.6% | 55.34%
LABR 2 balanced 81.14% 53.1% | 81%
LABR 3 66.42% 60% 41.9%
ASTD 68.62% 59.3% | 53% 85.58% 70.7% | 68.5%

Table 5.12: Accuracy of the proposed model and comparing results from

the two baselines

ASTD corpus Shami-Senti LABR?2 Balanced
Predicted Predicted Predicted
POS NEG POS NEG POS NEG
POS 46 18 POS 94 4 POS 561 80
Actual | ypq —3 1138 | | A | xge 9 | 03 Actual | \pa 168 | 506

Table 5.13: Confusion matrix for the proposed model in the ASTD, Shami-
Senti and the LABR 2 balanced corpora.

to achieve reasonable competed results. However, the proposed model could
generalized the task and produced good results

5.3.3 Distant supervision and Self Training for Dialec-
tal Arabic

As discussed in Chapter 2, there is a big need for dialectal Arabic resources.
Meanwhile, it takes considerable time and resources to manually build and
annotate the corpus for specific tasks. As I have built Shami-Senti manually,
and its small size decreased the performance of the models, I therefore
decided to build an Arabic Tweets Sentiment Analysis Dataset ATSAD.

I discuss the process of building ATSAD and the annotation procedure in
Chapter 3 where the intrinsic evaluation takes place. Here, I will talk about
the corpus extrinsic evaluation and assess it with respect to its impact on a
Sentiment Analysis model. To evaluate the corpus I present a method that
combines distant supervision with self-training, which I called (double-check
approach).

First of all, T compare the quality of ATSAD corpus - which is based
on distant supervision labelling - with the same previous corpora (LABR,
ASTD, Shami-Senit) in addition to a 40K tweet dataset [106]. The 40k
tweets corpus is a dialectal Arabic data set that includes 40,000 tweets clas-
sified into positive or negative and mostly from Egyptian dialects. The cor-
pus has been manually annotated and went through a hard pre-processing
phase. Given that ATSAD is a binary dataset, then I ignore the third
class (Neutral or mix) from all the corpora and implement it as a binary
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classification task.

The process of improving and enhancing the ATSAD corpus involved a
lot of experiments, but before I got into those, I firstly ask whether a sen-
timent analysis model trained with any of the aforementioned corpora was
able to predict the label of ATSAD. For this reason, I conduct an experi-
ment using a simple baseline of a word-gram language model and apply a
linearSV classifier. The model is trained on all the datasets separately and
then applied on ATSAD to predict the class for every instance. None of the
models succeeded with the accuracy not exceeding 60%. Either the domain
differences, dialect differences, or both of them, are the reason behind the
failure of the prediction model. Generally speaking, a standalone Sentiment
Analysis model seems to be needed for ATSAD, which can be also used to
improve the corpus.

During all the experiments, I use the same test sets to make the compar-
ison fair. In addition, I use our proposed Sentiment Analysis model, which
consists of a combination of word gram language features and character
gram language features with and without the consideration of boundaries.
The model is discussed in Study 4.

ATSAD is a 36k tweets corpus which is split into two subsets. The first
is a gold standard of 8K (7,616 tweets and 400 mixed) that are manually an-
notated, while the rest of 29K (29,252) is an emojis labelling subset (weakly
labelling/distant supervision) classified into positive and negative polarities.

Both the baseline and our proposed Sentiment Analysis model are trained
on the Gold standard and they achieve an accuracy of 71% and 79% respec-
tively. Based on our work of adapting a trained model for other dialects,
see Study 4, I exploit the same technique but instead of having two different
dialects I have two different labelling or annotation methods. Therefore,
I exploit the method by training the models using the Gold standard and
letting it predicate the emoji labelling subset (29K). The accuracy was 63%
and 76% for the baseline and the Sentiment Analysis model respectively.
Here T can say that I got nearly the same result as the agreement between
the human annotation and the distant supervision annotation of 76%.

The question is whether I can improve the emojis labelling subset which
constitutes most of the ATSAD corpus? In that way, I exploit the gold
standard set to enhance and improve the corpus by employing the self-
training method. The self-training methods are mostly well known and
commonly used in combination with semi-supervised learning, where part
of that data is unlabelled[155, 156]. The model is trained by the gold
standard train set and incrementally retrained by adding only the most
confidently labelled instance as new training data. These new instances are
the instances that the emojis labelling matches the prediction label.

Figure 5.3 shows the double-check methods where self-training is em-
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Figure 5.3: Self training (double-check) approach applied on ATSAD

ployed. By employing self-training methods, I end up with 28K tweets (6K
from the gold standard and 22 from emojis subset) and a strongly super-
vised labelling set. This 28K set is used to build the model again and I
test the performance on the test set from the gold standard. The model
accuracy is the highest, at 77%, for the baseline and 86% for the proposed
model. These results mean that increasing the size of the data as well as
the quality has a positive impact on the model.

To ensure the reliability of our double-check self-training model, I do an
experiment without the check of matching; so when I retrain the model by
using the 6k from the gold standard and all the 29k tweets and their labels
as predicted from the model, the accuracy drops to 70% and 81% for both
the baseline and the proposed model.

General speaking, the weak supervision, in addition to a little human
supervision, as well as the self-training techniques, all improve the perfor-
mance of the model and the final quality of the ATSAD. Also, I have a look
at how people use emojis and how these emojis can mislead the prediction
and confuse the model. Many emojis are considered tricky where they have
a positive expression; however, they are used for negativity too, such as the
black smiley face. Moreover, emojis like a smiley face with tears are used
for sarcasm, which, unfortunately, badly affects the model.
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5.4 Feature Engineering or Pre-trained Lan-
guage models for DI and SA?

In the previous studies, I have tried both traditional ML approaches as well
as DL models. The performance of the model and the decision of which
model to chose and apply on an NLP tasks depends on many factors, such as:
the size of the dataset, the source of the data, the data quality, the balancing
between the classes, if the corpus contains MSA or Multi-dialectal Arabic
and the number of classes. In this section I compare different approaches;
moreover, | use the pre-trained language models that have been recently
introduced. To measure and compare among the methods, I apply two
NLP tasks: Dialect Identification and Sentiment Analysis. For every task
I use three corpora; PADIC, MADAR-6 and SHAMI (SDC) for DI, while
for SA T use ATSAD, 40K and ASTD. The choice of the dataset was not
random; I chose different datasets with various sizes, sources, balancing,
quality and different numbers of classes.

5.4.1 BERT for Dialectal Arabic

Google Al Language researchers have recently implemented the Bidirec-
tional Encoder Representations from Transformers (BERT)[157]. The trans-
former is the main component of BERT; it is an encoder-decoder attention
mechanism that has been built to learn the contextual relations between se-
quences of words in any text and to generate a language model [157]. BERT
takes a sequence of words (tokens) as an input layer, converts them to em-
bedded vectors and then goes through the encoder transformer to generate
the sequence vectors. To fine-tune BERT for classification tasks, a fully
connected classification layer with a soft-max activation function is built on
top of the output vectors. As our works concern dialectal Arabic, I conduct
some experiments to check the performance of BERT on Dialect Identifica-
tion and Sentiment analysis; thus I use three different BERT models that
support Arabic.

1. Multilingual-BERT:? This is the multi-lingual version of BERT, where
it contains the top 100 languages with the largest Wikipedia content,
including Arabic. I use this multi-lingual BERT where different lan-
guages were modelling, so it might make sense for Dialect Identifica-
tion tasks where the target is to recognize different varieties.

2. Arabic-BERT [82]: Arabic-BERT has been built with 8,2B words from
the OSCAR data [158] and the recent data dump from Wikipedia. As

3https://github.com/google-research/bert /blob/master /multilingual.md
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some of the corpora in the experiments contain MSA, it is good to
have a BERT model that has been built for MSA with some dialectal
words.

3. AraBERT-Twitter-base [89]: There are two versions of AraBERT,
vl and v2, where they differ in terms of segmentation techniques.
AraBERT-Twitter-base is the dialectal version of AraBERTv2. It
contains 60M Multi-Dialect Tweets in addition to 200M from the
AraBERTv2-base. I recommend this AraBERT models as it works
on dialectal Arabic and there is a Twitter version of the model where
it contains both MSA and data from twitter. I call it Twitter-Bert
through the experiments.

I use the same performance measurements through all the experiments:
Accuracy, F-score and Mathews correlation coefficient (MCC). All the ex-
periments’ details, the parameters and the settings are mentioned in detail
in Study 7.

5.4.2 Deep Learning LSTM network

To make the comparison as simple as possible, I build an LSTM network
and apply it to the corpora with the two tasks. The first layer is a pre-
trained Arabic word embeddings (AraVec)[153], followed by an LSTM layer
with a dropout of 0.25%. The last two layers are fully connected Dense with
30 nodes and output labels nodes respectively.

5.4.3 Feature-Based Classification for Dialectal Arabic

I compare the BERT models, the LSTM deep learning models as well as the
traditional Machine learning models on Dialectal Arabic tasks. I build an
SVM machine learning model based on Study 4, where it applies Word-gram
features and character-gram features with and without boundary consider-
ation. I also use the same weights adjustments.

As a consequence, I further investigate the way that the feature engi-
neering based methods affect the classification models. Thus, I place a fully
connected classification layer on the top of the language model rather than
using a traditional machine learning algorithm such as SVM or NB.

I run all the experiments and write down the results for easy comparison
in Table 5.14 for Dialect Identification, and in Table 5.15 for Sentiment
Analysis.?.

The BERT experiments show acceptable and applicable results in terms
of accuracy, MCC and F-scores. Twitter AraBERT model outperforms all

4All the values in Table 5.14 and Table5.15 are multiplied by 100
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PADIC SHAMI MADAR-6

Acc | MCC | F | Acc | MCC | F | Acc | MCC | F
Multilingual-BERT | 72 67 72 | 88 81 83 | 89 87 89
Arabic-BERT 71 66 72 | 87 78 81 | 80 76 80
Twitter-BERT T 73 77| 91 86 86 | 91 90 91
LSTM 17 0 14 | 57 0.4 18 | 17 0 29
TFIDF + SVM 72 66 72 | 90 84 86 | 89 87 89
TFIDF+ Dense 73 68 74 | 57 0 50 | 89 87 89

Table 5.14: Performance measurements for all the experiments on Dialect
Identification.

ATSAD 40K tweets ASTD

Acc | MCC | F | Acc | MCC | F | Acc | MCC | F
Multilingual-BERT | 80 60 80 | 83 66 83 | 81 51 75
Arabic-BERT 93 87 93 | 83 66 83 | 84 63 81
Twitter-BERT 97 94 97 | 91 82 91 88 74 87
LSTM 52 0 34 | 49 0 33 | 69 0 41
TFIDF + SVM 96 92 96 | 84 67 84 | 80 45 71
TFIDF+ Dense 96 91 95 | 82 63 82 | 77 49 73

Table 5.15: Performance measurements for all the experiments on Sentiment
Analysis

the mentioned models in both tasks. Regarding the Sentiment Analysis,
Twitter-AraBERT outperforms the state of the art results for ASTD and
40K corpora. Employing BERT as a pre-trained language model for dialec-
tal Arabic tasks proves that the model is able to get a high accuracy while
saving time and resources, and with a small amount of data compared to
deep learning networks like LSTM, CNN and others.

From the results tables, it is quite obvious that the LSTM model is the
worst among all the models, with a huge evaluation gap between that and
the other models. In order to be able to build an accurate deep learning
model, I need a huge amount of data, in addition to a complicated network
architecture, to solve many problems that related to Dialectal Arabic such
as the OOV problem when using pre-trained word embeddings like AraVec.

Even though BERT models achieve high accuracy, traditional ML mod-
els are still able to compete and get reasonably high results within a very
short time and with a small amount of resources. It is worth mentioning
that a feature-based Machine Learning model which employs the power of
character n-grams and word n-grams language models, can compete with
the DL models, as well as outperforming them in some cases. The Twitter-
AraBERT model and the ML models are close to each other in terms of
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accuracy, especially for SHAMI, a non-parallel and unbalanced corpus.

Figure 5.4 and Figure 5.5 plot the accuracy for all the models in a graph
bar. They show how BERT, in addition to ML models, are competing and
achieving higher results compared to DL models. As Multi-lingual BERT
contains a lot of languages next to Arabic, its strength is bigger than that of
Arabic-BERT in the Dialect Identification task where the goal is to recognize
a dialect among multiple dialect labels. However, in Sentiment Analysis, us-
ing Multi-lingual BERT is not as powerful as other Arabic-BERT models,
where the latter contain many dialectal words that help the sentiment anal-
ysis model to handle the classification goal. For corpora such as ATSAD,
which have a reasonable amount of documents and are automatically col-
lected, pre-processed and labelled, I find that traditional ML approaches
are working well. In general, models that use BERT are considered a rea-
sonable and straightforward solution for applying DL on different corpora.
BERT is good in fixing the OOV words that word-embedding suffers from,
in addition to the fact, that BERT language model depends on the context
of the words.

100 B PADIC
B SHAMI
80 I MADARS

60

Accuracy

40

20

Mult-  Arabic- Twitter- LSTM  TFIDF-  TFIDF-
BERT BERT BERT SVM DENSE

Models

Figure 5.4: Accuracy of different Dialect Identification models

From all the experiments, I find that using a pre-trained language model
for dialectal Arabic can be seen as a robust way to build classification mod-
els that are able to predict and classify in a high performance way. All the
BERT models achieve reasonable accuracy and F-scores. For Dialect Iden-
tification and Sentiment Analysis tasks, the Twitter-AraBERT is the best
model out of all the proposed models in the study. Implementing the pre-
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Figure 5.5: Accuracy of different Sentiment Analysis models

trained language models on the top of fully connected layers can save time,
resources and even achieve high performance for small and un-balanced cor-
pora, which is the case of the most dialectal Arabic resources. LSTM deep
learning networks with pre-trained Arabic word-embeddings AraVec, fails
to compete with any other models. A deep learning network can be a good
solution for a huge amount of data and complicated structure. AraVec
word-embeddings suffers from the OOV problem that decreases the perfor-
mance of the prediction model, as well as that the word-embedding does
not depend on the context of the words, which misleads the results. Fea-
ture engineering based methods prove that they are able to compete with
pre-trained language models by leveraging the N-gram language models and
a very simple machine learning algorithm like SVM.

Many factors play a role in the decision of choosing the best model to
be applied on an NLP tasks: the NLP task to be solved, dataset size, the
sources and the quality of the data, the data balance, the type of annotation,
if the corpus contains MSA or Multi-dialectal Arabic data, and the number
of classes, among other factors.
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Conclusion

This thesis aims to investigate a number of important topics in the field of
Dialectal Arabic Natural Language Processing. It is shedding light on the
written form of Arabic dialects and the differences among them. The thesis
addressed three main tasks, which are Dialect Identification and Sentiment
Analysis for Arabic dialects and a lexical distance linguistic study. For every
task, I investigate the Levantine as a case study, in addition to the Arabic
dialects in general.

This thesis has made a number of contributions in different directions.
More specifically:

e Resource contributions: The first Levantine corpus (SHAMI) was in-
troduced. This includes data from four dialects of the Levant: Pales-
tinian, Syrian, Lebanese and Jordanian. I then utilized SHAMI to
build Shami-Senti, a Levantine sentiment analysis corpus. Both cor-
pora can be used to investigate linguistic aspects of Levantine dialects
and to train models for dialectal Arabic NLP tasks. Additionally, and
for coarse-grained Sentiment Analysis, I proposed an Arabic Tweets
SA Dataset (ATSAD) that includes a gold standard dataset which can
be used for evaluation purpose.

e Linguistics contributions: I measured the lexical distance across dif-
ferent dialects and MSA. Such a study can help researchers to fine-
tune and transfer knowledge between Arabic varieties, and further
understand the relationship between them. I also examined the way
MSA tools can be fine-tuned and adapted to process Arabic dialects.
Finally, I analyzed several factors that affect the decision of choosing
the best model when processing Arabic dialects and handling DANLP
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tasks. For this reason, I implemented various well-known approaches
and used several dialectal datasets for the purpose of comparison.

e Model development contributions: For DI, T proposed various ML
models by employing language N-gram models for Levantine DI. I
also implemented an ensemble learning model that depends on feature
engineering approaches for fine grained DI. Regarding SA, I explored
both two-way and three-way sentiment classification by implementing
several ML and DL models, as well as different N-gram combinations.
I proposed a semi-supervised learning model and applied a distant
supervision approach to help NLP researchers build reliable and larger
datasets. Moreover, I examined the usage of the pre-trained language
model BERT in both DI and SA by exploiting different corpora.

6.1 From Questions to Findings

Dialect Identification

In the context of the Dialect Identification, I conducted Study 1 (page 99)
and Study 2 (page 123). I addressed several questions or topics:

1. The unavailability of a Levantine corpus that includes data from the
four dialects spoken in the Levant.

2. The feature combinations and an effective model using those combi-
nations that can detect and classify Levantine dialects

3. Which model can be used for fine-grained dialect identification to
detect and classify 26 Arabic varieties?

I hypothesise that Levantine dialects, in specifically, and Arabic dialects,
in general, are easily distinguishable and detectable by DNNLP models.
For this purpose I built the first annotated and classified Levantine SHAMI
corpus SDC, where I collected the data both manually and automatically.
As the dialects are distinguished by words, I implemented various N-gram
language models on the level of words and characters. I also examined the
performance of the model on a different number of classification categories.

For the fine-grained DI, the proposed system performed the best in a
shared task[4]. T implemented an ensemble learning model to classify 26
Arabic varieties corresponding to 25 Arab cities and MSA. The model fo-
cuses on a number of features, such as word-gram, character-gram, as well
as skip-gram features. I implemented feature union strategies to combine
multi-features and I emphasized the weight of some features upon others.
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Additionally, I classified the country of the dialects and used this predicted
label as an input feature to the fine-grained model.

A general conclusion that can be drawn from the experiments in studies
one and two is that the hypothesis that Arabic dialects are easy to distin-
guish is incorrect. While it is easy for Levantine speakers to identify the
differences between Levantine dialects, the presence of dialects in a written
form, where accent and the diacritics are missing, makes the task difficult
and complex. Furthermore, the task becomes more complicated and more
difficult as the number of dialects increases, going down to the level of cities
and provinces. The absence of accents or diacritics in a written form is,
thus, one of the biggest obstacles in DI, as the Arabic dialects share many
words, but they differ in the way that people pronounce them. Given that
classifying data into more categories is usually associated with increasing
complexity as the categories increase, I also observed an increasing difficulty
in DI the greater the number of dialects were classified. This is especially
true when the sentences are so short that even an Arabic-speaking person
cannot distinguish between them.

Another conclusion based on the research in DI presented in this the-
sis, is that the similarity of dialects does not depend on whether they are
spoken in the same country. However, the similarity may be due to geo-
graphical distances sometimes. For example, I find that the Jerusalem di-
alect is closer to the dialect of Amman than the Gaza dialect, even though
Jerusalem and Gaza belong to the same country. I also notice that some
Syrian dialects in the east are closer to the Iraqi dialect than to the Damas-
cus dialect.Additionally, most of the geographically close cities are similar
in that their dialects are distinguished from those of the countryside, even
when the villages belong to the city.

In general, my research on DI led me to a new hypothesis, i.e. the
existence of a new form of dialects: the written forms, that can be similar
or different from the characteristics of spoken dialects.

Cross-dialects lexical distance

Since I study the characteristics of Arabic dialects and focus on written
texts, I questioned the level of lexical similarity and divergence between
MSA and dialects of Arabic. Therefore, I decided to conduct a cross-
dialectal linguistic study on the extent to which these dialects are similar
or different from MSA on the one hand, and between them on the other.
At the time of Study 3 (page 135), to my knowledge, there was no single
corpus that included data from all dialects in addition to MSA. Thus, I
compiled more than one dataset, some of which are parallel or semantically
comparable, and others containing close dialects. I used different algorithms

79



CHAPTER 6. CONCLUSION

to measure the distance between the available dialects, e.g. Jaccard Index
Vector Space Model, Late Semantic Indexing, Hellinger Distance and Corre-
lation Coefficient. These algorithms measure the distance between dialects
in different ways. For example, the Jaccard Index method focuses on the
amount of overlapped words between two dialects, while the Late Seman-
tic Indexing method focuses on the semantic presentation of the concepts
between dialects and the use of synonyms and polysemy.

Such a linguistic study is considered the first of its kind in the field of
Arabic language processing.It showed how close some dialects are to each
other, e.g. the similarity of the Jordanian dialect to the Palestinian one. It
also presented new findings, such as the convergence of the Tunisian dialect
with the MSA , and that the Levantine dialects, in particular the Palestinian
ones, are the closest to MSA.

Sentiment Analysis

In this thesis, we also looked at the task of Sentiment both for Levantine di-
alects, specifically, and dialectal Arabic, more generally. The main questions
we asked were as follows:

1. Based on the findings from study3, what is the possibility of knowledge
transfer from MSA to dialects?

2. Are there any available Levantine corpora to be used for the purpose
of SA?

3. What is the ability of DL networks to process and handle dialectal SA
and handle different kinds of dialectal datasets?

4. Which methods can one use to collect and build a corpus for dialectal
Arabic SA, taking into consideration time and resource efficiency?

In Study 4 (page 155), I tested fine-tuning the MSA Sentiment analysis
models to adapt to dialects. For this purpose, I utilized the Levantine corpus
SDC to build the first Levantine Sentiment Analysis corpus (Shami-Senti)
that contains the four Levantine dialects. I built various ML models for
MSA using a corpus that contains the MSA and some dialectal words. After
that, I used these models to classify Levantine sentiments. The results of the
study showed a lack of efficiency and accuracy, and the models’ performance
was unacceptable. I added other dialects to the experiments, such as the
Egyptian dialect, to test the possibility of adapting between dialects. I
also reached the same result, which is the inefficiency of models that are
trained in a specific language and used for processing and identifying other
languages.
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To follow the recent developments in the field of NLP and Machine
Learning, I conducted Study 5 (page 175). There, I built SA models for
each dialect so that the data used in the evaluation was of the same nature
as the data I used in training the model. I introduced a complex Deep
learning network based on the LSTM network and CNN, both preceded by
an Arabic word embedding layer. The model outperformed the state-of-the-
art for some corpora and got reasonable and high results for small datasets
like Shami-Senti. However, the model suffered from being biased towards
the majority class in unbalanced datasets.

Since Shami-Senti is a 2K sentence corpus, I decided to build an Arabic
dialect corpus and annotate it for the purpose of sentiment analysis, where
all Arab dialects are included and the corpus size is not small. This was
done in Study 6 (page 191). Firstly, I collected data from Twitter based
on emoji lexicons and then I employed distant supervision techniques to
automatically annotate the corpus. Thus, the emojis have been utilized as
weak labels. The total size of the corpus is 36K tweets. Based on this corpus,
with the help of some annotators, I was able to create a gold standard SA
corpus of 8K tweets. To evaluate the rest of the tweets and introduce a
reliable corpus, I applied the self-training approach by training an SA model
on the gold standard and then adding to the training set all the instances
where the predicted label matches the emoji label. Then I retrained the
model to improve the classification accuracy and the reliability of the corpus.

From studies 4,5 and 6, I conclude that each dialect needs its own models
and applications. Furthermore, datasets of the same dialect should be used
to train the models and then employ these models to handle and process the
same dialects. I also showed that SA is a semantic task where models need
to analyze the context and the feelings behind words. The fact that word-
embeddings focus on lexical words, and not on the semantics or the use of
words in context, weakens the network’s ability to reach the desired results
even with large datasets. For the purpose of resource creation, researchers
can employ different approaches to collect and build big size resources that
are reliable and usable. They can employ distant supervision as weakly
labelling techniques in addition to self-training as semi-supervised learning
to automatically annotate and evaluate the resources.

Choosing the optimal model
Finally, in Study 7 (page 211), I addressed the following questions:

1. What are the models that can be used most efficiently for under-
resourced dialects?

2. What are the factors that influence the choice of the model?
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Throughout all the studies in this thesis, I developed a number of ML
models based on feature engineering approaches and word-embeddings, Deep
learning networks and, recently, models, which depend on the context of the
words using pre-trained language models. In this context, I asked the follow-
ing question: which is the most efficient of all these approaches? In Study 7,
I used pre-trained language models (BERT) for DI ad SA, as these models
represent words based on the context of the text. I applied different ver-
sions of BERT (Arabic-BERT, Twitter-BERT and multi-lingual BERT). I
also implemented feature engineering approaches based on n-gram language
models, as well as an LSTM deep learning network with word-embeddings
(Ara-Vec). Even though Twitter-BERT achieved the best results in all the
experiments, feature engineering approaches also got very competitive re-
sults in all settings.

Qualifying the results further, I conclude that there is no single perfect
model for a specific NLP task. Several factors play a role in the choice
of the best model. Some factors relate to the datasets themselves: corpus
size, data balancing, the languages/dialects included in the dataset, whether
the corpus is parallel or comparable, the sources where the data has been
collected. Other factors relate to the implementation of the model: the
training algorithm for the DL network, the choice of the optimizer, the loss
function, among other parameters. The used techniques, e.g. the use of the
Arabic word-embeddings or the Arabic version of BERT, also play a part in
the performance of the proposed model. Finally, performance of the model
differs from task to task depending on the nature of the task itself in each
case.

6.2 Future Works

In this section, I will mention some unresolved issues and future work.
Some questions have not been fully answered through the thesis:

e building resources: the way researchers can build an automatic anno-
tated fine-grained dialectal Arabic resource, which is huge in terms of
size and contains only dialectal data without any MSA. How to deal
with unbalanced datasets?

e studying linguistics of Arabic dialects: study the differences among
the dialects in different aspects such as semantics and syntax in order
to transfer the knowledge and fine-tune the tools among the Arabic
varieties. Additionally, the effect of detecting dialects in solving the
ANLP problems.
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e developing NLP models: what if one combines pre-trained language
models with feature engineering ML models to solve DI or SA?

Future work to be done includes the following:

e continuing the cross-dialectal linguistic study and addressing the dif-
ferences among the dialects. Many dialects share the same words;
however, these can have different or opposite semantic meanings. This
difference among similar terms affects the performance of the models,
because the meaning of the words depends on the contexts more than
the lexical features.

e study the effect of Dialect Identification on Sentiment analysis. I want
to connect both tasks into one application by detecting the dialect
first, followed by classifying the sentiment polarity. Investigate the ef-
fect of DI on SA and see whether this could produce better performing
models.

e Usually, people express their feelings and opinions in a mixed manner.
It is possible that one sentence or post contains more than one opinion
on the same topic (mixed polarity), or that people discussed different
topics with mixed sentiments. So, I plan to investigate the topic of
aspect-based sentiment analysis on dialectal Arabic

e Detecting and studying sarcasm in Sentiment analysis. Moreover,
how the existence of sarcastic text could mislead the SA models and
decrease their efficiency.

e [ plan to investigate the topic of detecting and recognizing racism,
harassment and cyberbullying in dialectal Arabic by using Levantine
as a case study.
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Study 1: Towards a Levantine corpus (Shami)
and Dialect Identification

Kathrein Abu Kwaik, Motaz Saad, Stergios Chatzikyriakidis and Simon
Dobnik . "Shami: A corpus of levantine Arabic dialects." In:Proceedings of

the Eleventh International Conference on Language Resources and
Evaluation (LREC 2018). 2018

Modern Standard Arabic MSA is the official language that used in educa-
tion and media across the Arab speaking world both in writing, as well as in
formal speech. However, it does not constitute the native language for any
Arab native speaker. Each country in the Arab World has it’s own dialect
and sub dialects. With the emergence of social media, the dialectal contents
on the Internet are increased and the NLP tools that support MSA are not
suited well to Arabic dialects due to the difference between the variants.
In this paper, we propose Shami the first Levantine Dialects corpus SDC
contains the four dialects which are spoken in (Palestine, Jordan, Lebanon
and Syria). We apply preprocessing steps without affecting the semantic
meaning of the dialectal data by specifying some rules before cleaning the
noise. Dialect Identification is chosen as the task to evaluate SDC and com-
paring it with two baselines. several experiments are conducted on the SDC
by various parameters based on n-grams model and Naive Bayes. SDC out-
performs the baseline in terms of size, words and vocabularies in addition
we achieved accuracy above 88% when classifying two and three dialects.
Keywords: Dialectal Arabic, Levantine Dialects corpus, Dialect Identifi-
cation
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CHAPTER 7. STUDY 1: TOWARDS A LEVANTINE CORPUS (SHAMI)
AND DIALECT IDENTIFICATION

7.1 Introduction

Arabic is one of the five most spoken languages in the world; it is spoken
by more than 422 million native speakers and used by more than 1.5 billion
Muslims !. The Arabic language is the Language of the Holy Quran (refer
as Classical Arabic) and it is a liturgical language of 1,7 billion Muslims.
Arabic Language is a textbook case of diglossia in which the written formal
language differs substantially from the spoken vernacular. Modern standard
Arabic (MSA), which is based heavily on Classical Arabic, is the official
written language used in government affairs, news, broadcast media, books
and education. MSA is the lingua franca amongst Arabic native speakers,
but it does not have native speakers. The spoken language (collectively
referred to as Dialectal Arabic) varies widely across the Arab world. The
rapid proliferation of social media resulted in these dialects finding their
way to written online social interactions. Dialects of Arabic differ widely
among each other and depend highly on the geographic location and the
socioeconomic conditions of the speakers.

Arabic Dialects are categorized according to geographic distribution in
five dominant groups like:

Egyptian: spoken in Egypt and some parts of Sudan

Levantine: spoken in Palestine, Syria, Lebanon and Jordan

Iraqi: spoken in Iraq. ..

Gulf: spoken by Saudi Arabia, Kuwait, Qatar, Bahrain and UAE
Maghrebi : spoken in Libya, Tunisia, Algeria, Morocco and western
Sahara.

Each one of the classifications can be further fine grained to contain sub-
dialects or varieties of the dialect; for example Palestinian Dialects which
belongs to Levantine group can be also split to Urban, Rural and Bedouin
dialects according to social and geographical locations. The situation is
depicted in figure 7.1 [1]:

MSA and dialects share a considerable number of lexical, semantic, syn-
tactic and morphological features. However, a number of differences with
regard to these features also exist. For example, the word iy | aysin Pales-

tinian which means "what" and it comes from MSA ¢ & 4 sl oay + sy
which means what thing. The word d‘) ; zraby in Moro.;:can vx.;hich means
"carpets" and it is a synonym s\~ sgjgd or Llu bsatin MSA. On the other
hand, the word &34 wgyhin Algerian means 3kg while it means 1/4 kg in

Thttp://www.unesco.org,/new /en /unesco,/events /prizes-and-
celebrations/celebrations/international-days/world-arabic-language-day /
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Figure 7.1: Maps of Middle east and North Africa. The regions where the
Arabic dialects are spoken are labeled and colored

MSA and Levantine, so it is the same word but it has different meanings in
Algerian, Levantine, and MSA.

Most of the Natural language processing (NLP) resources have been
developed for MSA. Using these resources for Dialectal Arabic (DA) is con-
sidered a very challenging task given the differences between them. Most
of the literature on DA that deals with Levantine dialects, treats these as
one language despite the different sub-varieties mentioned and also the fact
that dialect resources are small in size.

Levantine dialects looks similar for people who speaks different lan-
guages or dialects, but they are actually very different. Any Levantine
native speaker can distinguish easily the other person’s accent if they are
Palestinian, Lebanese, Syrian or Jordanian, but sometimes it is difficult or
impossible to distinguish between them by reading text without listening to
their accent. There are many reasons why discrimination is difficult between
Levantine texts:

e Lack of accent in writing. For example, a word like (&S kyfk /how

are you) is used in all dialects, but the word pronunciation varies by
country.

e The very similarity between the Palestinian and Jordanian dialects,
except in some key words, which we can not find in all sentences.
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e As a result of the political conditions experienced by the Levant re-
gion, especially Palestine, we find many Palestinians speaking with
close accents to Syria and Lebanon, which makes it appear as an in-
termediate language between the Levantine dialects.

e The Phoneme of (prestige dialect)? in sociolinguistics that many of
the people change their way of speaking to become more pleasant and
clear. For example, many Bedouins or rural people speak like urban
to clarify the conversation.

Table 7.1 shows some different examples for the little difference between the
Levantine dialects which mostly appear in the pronunciation of the words.

oLl lyo 5 o Ol of e Ll O3 dlan afll sy an alsbab ki hrgwa alsabh
4 O gty 19 éJ\Jl Sl 0 gl s wihlswa mn alsmt aldy kanwa ygbwn fyh. MSA
o wladl KL althyat thm

Now the best thing is that young people have

appeared on the scene and got rid of the silence they were in. English
All greetings to them

JL«J\:— bﬂ\a Cﬂ{‘v’\?j‘” Pl s d\»\ SLA hla ahla Sy anw alsbab klhn dhrwa alsahy

- L b
Oy all g ‘3"{\_51’ RO lgal'ly wathlswa mn smin yly kanwa fyw. allh ywfywn, chanon
alde g 4k (0*{ S ol &l & Ml Lua hsa ahla sy anh alsbab hla klhm zhrw lsahh
Jordanian

slad! =2 Wl an o o dU‘ Gl o salEly wathlsw mn alsmt ally kanw fyh hh allh mhyyhm alnsama
Ll o Juu\ @l =6 Ja\ Caila hlgyt ahla Sy anh alsbab kihm bynwa alsahh
P wl.e g6 JJ‘ Crodlls o Vgl Ny wathlswa mn halsmt ally kanwa fyh. allh yhyyhm

Palestinian

sl e ("'V'LK olall ol & J’i S hia ahla §y anh alsbab klyathm bynwa alsahy

7 - R Syric
O35 Wb g6 WV (A0S s lyualifly withlswi mn smin ally kanwa fyh. allh yufin yrat

Table 7.1: little differences between the same sentence among Levantine
Dialects

In this paper we present the first Levantine dialect corpus, which dis-
tinguish among the dialects and to use for multi tasks on NLP and Com-
putational Linguistics such as Language Identification, Sentiment analysis,
speak recognition, POS tagging and others. Shami is consider the first Lev-
antine dialects corpus, the name Shami refers to the Levant area in MSA
which is called (\..'Z'J‘ alsam hence a Levantine is called du Samy in Arabic

Language.

The paper is structured as follows: in section 2, we review some of the
most prominent works dialectal Arabic NLP resources. In section 3, we
present our corpus. In section 4, discuss Language Identification for Arabic
Dialects, while in section 6 we present a preliminary evaluation using a
language identification task. Finally, we conclude and discuss our findings
in section 7.

2http://en.wikipedia.org/wiki/Varieties_ of Arabic
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7.2 Related Works

In this section we review some works that related to Arabic dialects lin-
guistics resources, like building a Corpus and employed it to some tasks in
Natural language processing systems.

The Arabic On line Commentary (AOC) data set presented a monolin-
gual dataset rich with dialectal content [2]. the AOC consists of 52 M words,
108 k words are annotated and 41% are dialectal. Reader commentary from
on-line newspapers according to three dialects is extracted (Gulf, Egyptian,
Levantine). In the case of Levantine, data are extracted only from Jorda-
nian newspapers. For this reason, Amazon Mechanical Turk (AMT) is used
to annotate the collected data using two types of annotations; firstly, the
user should identify the extent of dialectal data like: (only MSA, MSA and
dialectal, More Dialectal, only Dialectal) and then specify the dialect itself.

Zbib et. al; in [1] built a Parallel Levantine, Egyptian and English corpus
by harvesting crowd sourcing. They draw from a large corpus of monolin-
gual Arabic Text, which was collected by the Linguistic Data Consortium
(LDC). Then they use the AMT to classify the Dialect sentences like AOC.
They hire annotators to translate the Egyptian and Levantine sentences to
English. Finally they build Levantine-English and Egyptian—English par-
allel corpora, consisting of 1.1M words and 380k words, respectively.

The authors of [3] presented PADIC (Parallel Arabic Dialect Corpus), is
composed of 6400 sentences for each dialects. It includes five dialects: two
from Algerian, one from Tunisia and two dialects from Levantine (Pales-
tinian and Syrian). The Algerian dialects are extracted from recording
conversations, movies and TV shows; then this Algerian dialects are trans-
lated to MSA and the others are translated manually from MSA corpus to
the dialects. The Tunisian corpus was translated by 20 native speakers but
there are just 2 speakers from Levantine one for each variant.

A preliminary work on a Corpus of Palestinian dialect was presented
in [4] with 5836 Palestinian sentences with 43 K words. They collected
data from TV episode scripts, social media and some forums and blogs and
then annotated it manually. They exploited existing tools to speed up the
annotation process like using MADAMIRA tool for morphological analysis
of MSA and Egyptian [5]. They assumed that Palestinian and Egyptian
share many orthographic and morphological features.

The COLABA project [6] designed a set of dialects queries per dialect to
harvest large quantities of dialectal content from on-line resources like we-
blogs and forums. Data for Egyptian, Iraqi, Maghrebi and Levantine Arabic
were collected making the assumption that Levantine dialects (Palestinian,
Syrian, Jordanian, Lebanese) comprise a single Arabic dialect. The data
cover three domains only: social issues, politics and religion. They use
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information retrieval tasks for measuring their ability to properly process
dialectal Arabic content .

The five main dialects (Egyptian, Gulf, Levantine, Iraqi and Maghrebi)
are also presented in [7]. The data are collected as in the case of AOC, i.e.
from local newspaper commentary beside twitter tweets. In the same way
they employed AMT for annotating their corpus. The most of Levantine
data are Jordanian and they are nearly 6000 sentences.

Bouamor et. al; [8] presented a multi dialectal Arabic parallel corpus the
data set consist of 2000 sentences in standard Arabic; Egyptian, Syrian,
Palestinian, Tunisian, Jordanian and English. They selected the Egyptian
part of Egyptian-English corpus presented by [1], and then asked annota-
tors to translate the sentences to their own dialect. The used methodology
relied on the assumption of the familiarity of Egyptian Arabic to most other
dialect speakers.

Almeman and Lee [9] built Multi dialect text corpora by bootstrapping di-
alect words. They categorized the dialects text into four main categories
regarding the geographical distribution, which are (Gulf, Levantine, Egyp-
tian and North Africa), resulting in 14.5M, 10.4M, 13M and 10.1M tokens
being obtained respectively and The total number of distinct types in all
the corpora are 2M types. The key contribution of their proposed approach
is language identification by creating words lists for every dialect category.
In their methodology they firstly collect data from the web after that they
asked six native speaker to extract uniquely dialect words and paraphrase
for each dialects into lists, finally using these lists to collect links and down-
load dialectal web pages from the web for every dialects .

7.3 Shami Dialects Corpus (SDC)

We set out to create our Shami Dialects Corpus (SDC) that concerned by
the four Levantine dialects: Jordanian, Palestinian, Syrian and Lebanese
which are spoken in Levant area. Some of the most important features of
our SDC are:

e It is the First Levantine Dialects Corpus.

e Contains the largest volume of data from individual Levantine dialects
compared to the previous corpora.

e Also it is the first corpus includes a Lebanese dialect significantly.

e It is not a parallel or crafted corpus, it contains real conversations as
written without any changing or modification.

e It is not confined to a specific domain, it includes several domains
according to the conversations of people such as politics, education,
society, health care, house keeping and others.
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Unlike previous work we started from scratch by collecting Levantine data
depending on 2 approaches: automatic and manual approaches.

7.3.1 Data Collection
Automatic Approaches

To speed up the data collection process we used automatic methods and
relied on the Twitter API streaming library (Tweepy)? to collect as many
tweets as possible. Firstly, we checked twitter and selected some public
figures who use dialect while tweeting from each country, then we used
tweeter id 4 to convert all users accounts to their corresponding Twitter IDs.
Secondly we used tweetpy streaming to collect tweets and replies from these
IDs and each streaming was run until reach 9999 tweets each time. From
the other side we used tweetpy to extract data according to the geographical
location, so we specified the geographical co-ordinates for the 4 countries
and run the code to retrieve all the tweets from these regions. All of the
extracted data then stored in JSON files with the following information :
(i) Tweeter ID, (ii) Data and Time, (iii) Tweet and replies, (iv) location and
(v) number of likes, shares and replies. When we decided to stop streaming
and collecting, we converted all JSON files to Text files which were cleaned
and only tweets and replies were kept which are a collections of dialects,
MSA, numbers and some Latin words.

Manual Approaches

As we need various domains and topics for our data, then we worked on col-
lecting part of our SDC manually (the first two authors are Levantine native
speakers). We harvested the web and specified some on-line dialectal blogs
for public figures from the Levantine countries and also we extracted discus-
sions and stories from some forums with various length for each sentence.
Table 7.2 illustrates the number of sentences (documents) after automatic
and manual extraction for each dialect.

7.3.2 Data Preprocessing

Dialects require special treatment to reprocess the text to be applicable for
any task. Given that we collected colloquial data, some preprocessing steps
are needed in order to get a reliable corpus that can be generally used in
NLP applications. We employed the following processing steps:

Shttp://www.tweepy.org/
4https://tweeterid.com/
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Automatic | Manual | Total
Jordan 11026 24312 35338
Palestine 10149 18280 28429
Syrai 13349 43811 57160
Lebanon 19540 0 19540
Total 140467

Table 7.2: Number of sentences for each dialect In Shami

e Diacritics removal Arabic text has several diacritics which affect the

pronunciation of the words and some time the meaning. we remove

these diacritics from the corpus which are : (T Tashdid, ia Fatha, |

e »
an Tanwin Fath,| v Damma,! un Tanwin Damm,| i Kasra,} in Tanwin

Kasr,! Sukun).

Removal of non-Arabic symbols As we have used automatic tools to
collect data so many words and letters are not Arabic text that may
contain special characters like (@, !!) ?7), number and dates, emotions
and Latin script especially in Lebanese dialects which contains a lot
of French and most of them write Arabic text using Latin letters.
Normalization: Arabic Dialects texts suffer from the varieties in or-
thography due to absence of writing rules. we try to unify the style of
writing by normalize letter that may written in different style. Table
7.3 lists the different styles for normalized Arabic letters. Most of the
previous works apply full normalization to their corpus which in some
time change the meaning of the words, so we put some rules on nor-
malization steps to be more reliable and keep the semantic meaning
of the text.

Written style Normalized style
T 54 ia,i,d I a

5 h o h
5c&y.w s

S a SY

Jyg Ik

Table 7.3: Different styles for normalized Arabic letters
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In SDC we define the following normalization rules:

— Alef: we only convert | a to | aif it appears in the beginning

of the word because a lot of dialectal text which is written like
spoken used Alef styles to emulate the accent. For example we

have word (’S&a hld’ /now) and we have ("Ma hla’/Hello) so

if we normalize the Alef letter then the meaning will be totally
changed.
— Alef Magsora (¢ a At the end of the word: In most processing

steps the letter ¢ a is converted to a S Y but we did not do so

because a lot of words would change the meaning if we unified
the characters. An example of this is ul.:— la / on preposition)

and ( s Iy Ali /a name for a male) . If we change the letter ¢

a, this will affect the context of the sentence
— The remaining characters are changed and standardized as shown
in the previous table.

e Lengthen words (Repeated characters): In most colloquial writings
we find most people repeat some letters such as repeating the letter
‘a’ In Waaaaaaw. In previous works, all duplicates are removed and
one or two characters are left to appear. In contrast, we have specified
some criteria in the system based on the origin of the repetition in the
Arabic language as the following:

— We extracted all words containing repeated characters in texts
written in the MSA.

— We have identified all the characters in which the repetition is
basic in word synthesis and we have specified them in a separate
list, such as repeating a character (J [ after the article definition

JI allike (JV allyl /the night) and repeating the letter of , r
in the word (, e mkrr /repeated).

— All words containing duplicate characters from the previous list
are abbreviated to only two characters.

— The rest of the characters are abbreviated to only one character
such as repeating the character g win (g ¢4 mbruwwwwk

/congratulation) that is converted to (&g as mbrwk/congratulation),

these are just pragmatical one-of spellings to imitate spoken lan-
guage.
— We have a special case with letter (3 w /and) It is the conjunc-

tion in the Arabic language. Some people in colloquial dialects
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connect it with the next word without entering a space between
the letter and the following word. We have made a condition
that if the given words begins with more than one ¢ w, the first

9 wand the rest of the word are separated and then the original

word is treated according to the previous algorithm. Figure 7.2
describes the algorithm of reducing the appearance of repeated
characters

Read word and check
pmmmmmmmmmm oo each character (ch) with -

| the next

i ] remove all repeated
| if ch ;waw No and keep one ch

| Mo h in the beginning

| Yes

i Yes

| | remove all ch more Split to waw + blank+

- than 2 time word

repeated.

Figure 7.2: Algorithm for repeated characters in dialectal words

e Corpus Purification: After the completion of the dialects processing,
we have done a purification of the corpus to make sure it is free of some
sentences written in the MSA or other dialects. The aim of this step is
to obtain unified and separate dialects and because we have previously
done automatic data extraction based on geographical location, there
is a great confusion between the dialects so that many Palestinians live
in Syria and thus we will find some Palestinian sentences in the Syrian
data. Table 7.4 illustrates the statistics after filtering all dialects.

7.3.3 Comparison to the previous corpora

We mentioned earlier some corpora that included various dialects. Most
of the dialectal corpora dealt with the Levantine dialects as if they were
only one dialect. In this research, we will compare SDC with Padic Corpus
[3] and Multi-dialect Corpus [8] as they separate Levantine dialects such as
the Palestinian and Syrian dialects in Padic Corpus and the Palestinian,
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Automatic | Manual | Total words vocabularies
Jordan 8804 23274 32078 3684369 85383
Palestine 3566 17698 21264 2789103 69378
Syrai 4704 43455 48159 5268065 77918
Lebanon 16304 - 16304 1409952 44418
Total 33378 84427 | 117805 | 13151489 227097

Table 7.4: Number of sentences for each dialect after Purification step

Syrian and Jordanian dialects in the Multi-dialect Corpus. Tables 7.5 and
7.6 explain the statistics for each corpus.

sentences | words | vocabularies
Palestine 6418 50827 22896
Syrai 6418 48701 27032
Total 12836 99528 49820

Table 7.5: Statistics for Padic corpus

sentences | words | vocabularies
Palestine 1000 10315 8874
Syrai 1000 11586 9145
Jordinian 1000 9866 8905
Total 3000 31767 26924

Table 7.6: Statistics for multi-dialects corpus

Shami has been created so that it can be employed in several linguistics

fields and NLP, one among them is Dialect Identification.

We will use

Arabic dialect identification as a test case for the corpus, to demonstrate
its usefulness then we will compare it with PADIC corpus and Multi-dialect

corpus.

7.4 Arabic Dialects Identification

A natural starting place for any Arabic dialectal processing is automatic
Dialect Identification (DID) which enables the processing system to auto-
matically classify the input dialect based on previous training or language
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modeling. Arabic dialect identification tasks refer to two levels of identifi-
cation:

1. A coarse-grained level to build a learner that builds a learner with
the ability to measure the percentage of the dialect contents given a
specific Arabic sentence S,

2. A fine-grained level that can exactly classify sentence S to the related
dialect in which it belongs.

Zaidan and Callison-Burch [10] extended the work for building a large
annotated dataset [2] to train and evaluate automatic classifier for dialect
Identification task. They classify the dialect according to the geographical
distribution to 5 dominate dialects: Maghrebi, Egyptian, Levantine, Iraqi
and Gulf. Their system recognizes the percentage of dialect on the sentence
and then in which dialect it is written and they achieved 85.7% accuracy
based on word-gram model. They conclude that using n-gram words and
characters model is the most suitable methods to distinguish between these
dialects.

The work done by [11] proposed sentence level identification and us-
ing words as tokens. They present a supervised method using Naive Bayes
classifier to recognize the dialectal data and classify it between MSA and
Egyptian dialect. They work on two parallel corpora. The first was an Egyp-
tian - Levantine - English corpus of 5M tokenized words of with Egyptian
(3.5M) and Levantine (1.5M). that corpus was part of BOLT data. The sec-
ond was an MSA-English corpus with 57M tokenized words obtained from
several LDC corpora. Their system achieved different accuracy regarding
some preprocessing steps and the extracted features like percentage of di-
alect content, perplexity and Meta data. The highest accuracy was 85% on
an Arabic online commentary dataset AOC. In [12] this work was extended
to include the Iraqi, Levantine and Moroccan dialects.

The work on [13]| presented some experiments using the character n-
gram, Markov Model and NB classifiers for dialect Identification tasks.
Their System has been trained and tested using a data set collected from
blogs and forums of different countries with Arabic as an official language.
They collected data from the 18 dialects for all countries in the Arab world
,how ever they conducted their experiments on the 6 main dialects based on
Geographical Area (Egyptian, Levantine, Gulf, Traqi, Maghrebi and others
like Sudan). they result showed that NB classifier with Bi-gram models per-
forms the best with accuracy of 98%. The Levantine data are the smallest
among the dialects and get low accuracy totally. In their work they didn’t
measuring the work with any baseline.

Arabicized Arabic and dialect Arabic namely (Algerian, Egyptian, Lev-
antine, Gulf, Mesopotamian (Iraqi), Moroccan, Tunisian) are focused on[14].
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They introduced a new dialectal corpus and employed existing methods like
SVM, Cavnar’s text classier and prediction by partial matching to the task
of identification. The system showed that machine leaning (ML) models
combined with lexicons are well suited for dialects identification as they
achieved 93% accuracy when employed on 9 dialects and combining all Lev-
antine dialects together.

There is a lot of work on language identification. In addition, off-the-
shelf tools for language identification are available and they are open source
like langid.py [15] and langdetect [16]. So Language identification is consid-
ered a solved problem but this does not hold for Arabic dialect identification.

Non of Arabic Identification systems which have presented can be gen-
eralized to Arabic dialect content according to some points like (i) the data
which are trained, mostly have come from the same domain, (ii) most data
sets and corpora are small in size,(iii) also it hard due to that each system
is trained and tested on different dataset with different parameters (size,
domain, preprocessing).

Language identification is a well-known task and given a sufficient amount
of resources it can be considered a solved task, however this does not hold
for Arabic dialect identification. A lot of off-the-shelf tools for language
identification are available and they are open source like langid.py [15] and
langdetect [16]. Therefore, it is particularly suited as a task to be applied to
verify our new corpus. Secondly, given that the dialects that we are focusing
on are very similar, our experiments may also give new insights in respect
to language identification.

7.4.1 Langid.py for language identification

Lui and Baldwin [15] presented an off-the-shelf tool for language identifi-
cation called langid.py. In their tool they used Naive Bayes classifier with
various n-gram character for training purpose. The tool was trained to iden-
tify 97 languages and covered multi-domain language identification corpus
of [17]. The tool supports the developer with many modules so they can
easily train and build their own language model; by following these steps:

e Indexing all the instances in the Corpus

e Tokenized every sentence in the corpus depending on the number of
character grams.

e Choosing the features based on their document frequencies using Aho-
Corasick string matching that employs Deterministic Finite Automa-
tion (DFA) states for processing every instance.

e Computing the Information Gain (IG) for every domain and every
language in the given corpus.

e Selecting the most informative features depending on IG weights.
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e Apply NB classifier and train the corpus to generate a language model
that can Identify the proposed languages.

When the authors compare their tool with others language identification
tool like langdetect, TextCat [18], and CDL [19] they found langid.py is
faster and give better accuracy than others, because of that we used this
tool to conduct our corpus evaluation on it.

7.4.2 Scikit learn tool for machine learning

Scikit-learn [20] is an open source python library that is very simple and
efficient tool for data mining, data analysis and machine learning. It con-
tains many modules like classification, regression and clustering beside other
modules like preprocessing and feature selection. We used this tool as apart
of our work to evaluate the system by word-gram models as langid.py does
not support word gram and that are many language can be distinguished
by their words.

7.5 Evaluation with language identification task

Two popular techniques are used in the literature for Language Identification
tasks. Omne of them concerns with identifying lists of keywords for each
language and scoring the text based on these lists [21]. The others employ
Machine Learning techniques like Neural Networks [22, 23], Support Vector
Machine [24], Hidden Markov Model [25] and n-gram models [26, 27] to
distinguish among languages.

Our proposed Dialect Identification system is based on character n-gram

and Naive Bayes classifiers. We use these approach because most of the
variations between dialects are based on affixation, that can easily defined
by language model beside the word features which can be decided by the
lexicon.
In the following, we present several experiments in Dialect Identification
between all the collected dialects in Shami Corpus. We have conducted
several experiments, which varied between the size of the data and the
Libraries used and Classification techniques as follows:

e Data Size: firstly we used the full Corpus then we take a sample from
the data so the sparsity of the data reduced.

e Libraries: we depend on scikit-learn library and Langid library

e Techniques: we begin with various character grams models and apply
Naive Bayes classifier using Langid.py library, then we used the word-
gram models using scikit library as it is not supported in langid.py.
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For evaluation purpose we measured the accuracy as the truly defined in-
stances while the F-measure as the balance between the Precision and Re-
call.

7.5.1 Baseline system

To properly evaluate our SDC Performance we compare the language model
classifiers to two Dialectal Corpus Padic [3] and multi-dialect corpus [8]. In
this section we will summarized the experiments that have been carried out
in them. Firstly we split the Corpora using a cross-validation technique
where in each fold 90% is used for training data and 10% for evaluation
purposes. Table 7.7 shows number of sentences(documents) for each fold.

Dialect Train | test | Total
Palestine 5917 | 501 | 6418
PADIC Syrian 5917 | 501 | 6418
Palestine 900 100 | 1000
Multi dialect | Syrian 900 100 | 1000
Jordanian 900 100 | 1000

Table 7.7: Train and test set for PADIC and Multi-dialect Corpus

We run the first experiment using Langid.py with 4,5,6 and 7 n-character
grams to build the language models, then we verify that models using the
verification set, while the second experiment was run on scikit learn on uni-
gram and bi-gram word model. The results are shown on Tables 7.8,7.9
respectively for the two corpora.

Techniques Accuracy | F-measure
4-gram char 0.61 0.75
Jangid.py 5-gram char 0.64 0.78
6-gram char 0.68 0.81
7-gram char 0.68 0.81
i uni-gram word 0.83 0.83
Scikit learn bi-gram word 0.84 0.83

Table 7.8: Evaluation on PADIC

Generally, it is obvious that 6-gram model works best for language iden-
tification in the two corpora, as it appears to be picking out particular
phrase. In PADIC, the scikit learn library with word gram model outper-
forms langid.py because as we mentioned before it is a parallel corpus where
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Techniques Accuracy | F-measure
4-gram char 0.63 0.77
langid.py 5-gram char 0.68 0.81
6-gram char 0.70 0.83
7-gram char 0.69 0.82
i uni-gram word 0.69 0.68
Scikit learn |\ m word 0.69 0.69

Table 7.9: Evaluation on Multi-dialects Corpus

the differences are greatly clarify when the corpus are built, beside many
differences can be observed between Palestinian and Syrian. In contrast
to the Multi-dialect Corpus, which encompasses three Levantine dialects.
Here the distinction between words becomes harder and accordingly sim-
ilarities between dialects especially the Palestinian and Jordanian dialects
are increased.

7.5.2 Dialect Identification with Shami

Firstly we carried out some experiment to decide the size of data that give
the highest results and enhance the performance of the model. When we
used the full data (Table 7.4) we get low accuracy as shown in Table 7.10.

Techniques | Accuracy | F-measure
4-gram char 0.36 0.52
5-gram char 0.38 0.53
6-gram char 0.38 0.55
7-gram char 0.39 0.55

Table 7.10: Evaluation on Shami

As Shami is not considered a parallel corpus and not a crafted corpus
as well, many sentences are not very clear to any language it belong. After
many experiments we ended up with part of data to reduce the dispersion as
shown in Table 7.11. The corpus filtering are done by help of four volunteers
one from each Levantine country. We gave them their own dialectal docu-
ments, in order to extract only the most familiar sentences of their dialect
than others. As a result of filtering, then the performance is increased be-
cause the sparsity of data reduced and the documents become more related
to the dialect. Table 7.12 explains the results for training and evaluation
on the filtered data from Shami.
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Dialect Train | test | Total
Palestine 9577 1065 | 10642
Syrian 33983 | 3776 | 37759

Jordanian | 6316 702 7018
Lebanese 9747 1083 | 10830

Table 7.11: Train and test set for Shami after filtering

Techniques Accuracy | F-measure
4-gram char 0.54 0.70
Jangid.py 5-gram char 0.65 0.71
6-gram char 0.55 0.71
7-gram char 0.55 0.71
i uni-gram word 0.70 0.71
Scikit learn | L m word 0.70 0.70

Table 7.12: Evaluation on Sampling from SDC

Despite the improved performance of the system, it did not increase sig-
nificantly so that it can not distinguish very accurately among the dialects
due to the great similarity among the four dialects and because many sen-
tences did not contain any dialectal key words. To confirm this result, we
have done a survey with several sentences without dialectal keywords and
asked some Levantine native speakers to identify each sentence to any dialect
it belongs. For example, one of the sentences was (sl &5~ O f}:.\‘ o

aldrs alywm kan ktyr hlw .3 1L M bews Ly wma hsyna bmil balmrt.
ICW ) j& P Jf S Jb" yaryt kI ywm ykwn hyk ) which in English means

(The class today was very nice and interesting and we never felt bored.
Hopefully every day be like that). No one can definitely classify this sen-
tence to any Levantine dialect it should belong.

Minimizing the number of dialects

Due to the greatly similarity between the Levantine dialects therefore, we
have conducted several experiments to reduce the number of dialects used in
the classification. We used the Palestinian with Syrian languages - such as
the PADIC corpus -, Jordanian with Lebanese and then we used three clas-
sifications Like Multi-dialect corpus (Palestinian, Jordanian, Syria). There-
fore, because of what we have explained about the similarity of the Pales-
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tinian with the others, we excluded this dialect and conduct a final classi-
fication based on (Jordanian, Syrian, Lebanese). The results are shown in
Tables 7.13, 7.14, 7.15 and 7.16 respectively:

Techniques Accuracy | F-measure
4-gram char 0.73 0.83
langid.py 5-gram char 0.72 0.83
6-gram char 0.72 0.84
7-gram char 0.72 0.83
o uni-gram word 0.87 0.85
Scikit learn bi-gram word 0.80 0.74

Table 7.13: Evaluation on two dialects classification (Palestinian, Syrian)

Techniques Accuracy | F-measure
4-gram char 0.87 0.88
langid.py 5-gram char 0.89 0.89
6-gram char 0.89 0.89
7-gram char 0.89 0.89
o uni-gram word 0.90 0.90
Scikit learn bi—gfam word 0.88 0.88

Table 7.14: Evaluation on two dialects classification (Jordanian, Lebanese)

Techniques Accuracy | F-measure
4-gram char 0.65 0.78
langid.py 5-gram char 0.65 0.79
6-gram char 0.65 0.78
7-gram char 0.64 0.78
- uni-gram word 0.77 0.71
Scikit learn |40 word 0.70 0.60

Table 7.15: Evaluation on three dialects classification (Palestinian, Jorda-
nian, Syrian)

Figures 7.3, 7.4 outline the F-measure for the classification task between
two and three dialects comparing with PADIC corpus and Multi-dialect
corpus. It seems to us that if the number of dialects is reduced, the Accuracy
and F-measure increase better, as the dispersion in the data decreases, also
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Techniques Accuracy | F-measure
4-gram char 0.64 0.78
Jangid.py 5-gram char 0.81 0.82
6-gram char 0.66 0.79
7-gram char 0.65 0.79
s uni-gram word 0.75 0.70
Scikit learn |y m word 0.70 0.60

Table 7.16: Evaluation on three dialects classification (Jordanian, Syr-
ian,Lebanese)

the clarity of the difference becomes slightly clearer. When we classify
between Jordanian and Lebanese we get the highest results as there is little
similarity between them and they are to some extent different, then can
be distinguished by text. From all the previous experiments we conclude
the similarity between the Levantine dialects of Shami Corpus in the case
of writing and the difficulty of differentiation among them, because the
SDC is not a parallel dictionary that can not be clarified textual differences
between the sentences as much as in PADIC and Multi-dialect Corpus,
However it addresses the similarities and differences among the fours dialects
significantly comparing with the two previous corpora

7.6 Discussion and Conclusion

In this paper we first presented Shami the first Levantine Dialects corpus
containing the dialects from Palestine, Jordan, Syria, Lebanon. Shami is
much more varied than the previous existing corpora and introduces new
data which previously not available. We have adopted two methods (auto-
matic and manual combination) to collect the Levantine documents, then
we employed some pre-processes in the data, in addition to filtering the
corpus to make it clearly dialectal and fit the linguistics tasks accurately.
we analyze the impact of language model on the task of Dialect Identi-
fication by applying various n-grams model using different library. In the
same time we compare SDC with PADIC corpus and Multi-Dialect corpus
The best results are achieved when we classify the two dialects (Jordanian
and Lebanese) that gives 90% accuracy using uni-gram word model. The
result is not surprising because of the little similarity between the 2 dialects
on the level of lexical. The worst results we get were when we applying
the whole SDC and classify the four dialects that gives 52% accuracy. This
is due to the great overlap between the dialect and their dispersion. We
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found that SDC outperforms the baseline when comparing with the same
dialects as it cover more vocabularies even it is not parallel corpus where
the difference are highly visible and easily distinguishable .

Our future work consists in enhancing Shami and extract the dialectal
keywords from each dialect , beside that we will measure the extent of
convergence and divergence between the Levantine dialects. We will try
to merge more than one techniques together to improve the accuracy of
language identification.
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Study 2: Investigate Language Modelling and
Ensemble Learning for Fine Grained Arabic
Dialect Identification

Kathrein Abu Kwaik and Motaz K Saad. "ArbDialectID at MADAR
Shared Task 1: Language Modelling and Ensemble Learning for Fine
Grained Arabic Dialect Identification.” In:ArbDialectID at MADAR
Shared Task 1: Language Modelling and Ensemble Learning for Fine
Grained Arabic Dialect Identification Proceedings of the Fourth Arabic
Natural Language Processing Workshop (2019)

In this paper, we present a Dialect Identification system (ArbDialec-
tID) that competed at Task 1 of the MADAR shared task, “MADAR Travel
Domain Dialect Identification”. We build a coarse and a fine grained identi-
fication model to predict the label (corresponding to a dialect of Arabic) of
a given text. We build two language models by extracting features at two
levels (words and characters). We firstly build a coarse identification model
to classify each sentence into one out of six dialects, then use this label as
a feature for the fine grained model that classifies the sentence among 26
dialects from different Arab cities, after that we apply ensemble voting clas-
sifier on both subsystems. Our system ranked 1st that achieving an f-score
of 67.32%. Both the models and our feature engineering tools are made
available to the research community.
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8.1 Introduction

Arabic Language is one of the most spoken languages in the world. Fur-
thermore, Arabic presents us with a special case of Diglossia [1]|, where the
spoken language is different than the formal language. Speakers of Arabic
use Modern Standard Arabic (MSA) as the official language in very formal
situations like education, religion, media, and politics, while they use an
Arabic Dialect (AD) for everyday conversation [2, 3].

With the emergence of social media, speakers of Arabic use their dialects
to tweet, post, socialize and express themselves. The Arabic Dialects (AD)
do not have a standardized writing and/or orthography, and they do not
have a formal grammar. These characteristics make the task of identifying
dialects more challenging.

The task of Arabic Dialect Identification (ADI) has recently attracted re-
search attention, building identification systems able to differentiate among
the dialects have been attempted. Even though dialects share similar fea-
tures in term of lexical, syntax, morphology and semantics, they still have
many differences which, of course, complicates the identification task.

Many works addressed the problem of dialect identification. They have
reported different dialectal divisions, according to the geo-location, the
country or, in some cases, on the level of cities. Most of those works used
Machine learning classifiers and language modelling and achieved a good
accuracy depending on the level of identification and either they explored
the coarse grained identification, where the differences between the individ-
ual dialects are clear or a fine grained identification, where the differences
become hard to detect in text as the dialects look very similar to each others
[4, 5, 6, 7, §].

Other approaches investigated the use of Deep Learning (DL) methods to
identify dialects. As such, they tried different DL architectures like LSTMs,
CNNs and attention networks, and have employed different word embed-
ding models. elaraby2018deep benchmarked the Arabic Online Commen-
tary (AOC) [9] and tested six different deep learning methods on the ADI
task, comparing performance to several classical machine learning models
under different conditions (both binary and multi-way classification). Their
models reached 87.65% accuracy on the binary task (MSA vs. dialects),
87.4% accuracy on the three-way dialect task (Egyptian, Gulf, Levantine),
and 82.45% accuracy on the four-way classification task (MSA, Egyptian,
Gulf, Levantine). Similarly, [10] explored the DL methods with different
networks structure using AOC on a three-way classification, with LSTM
they achieved 71.4% accuracy

This paper presents our participation in MADAR shared task [11]. We
participate in Task 1: MADAR travel domain dialect identification, and we
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ranked 1st in the task with accuracy of 67.3%. We present our proposed
model (ArbDialectID) in details and the code is available at GitHub'.

The rest of this paper is organized as follow: Section 3 discusses the used
data and presents our proposed model, we discusses the results in Section
4 and conclude in Section 5.

8.2 ArbDialectID: Arabic Dialect Identification
System

This section introduces our proposed model which is applied on MADAR
corpus for dialect identification shared task. MADAR corpus [12] is a paral-
lel corpus in travel domain, it contains 25 dialects from different Arab cities
in addition to the MSA. This corpus has been used for ADI task in [13],
where the authors applied language modeling with various combinations of
word and character levels and trained the model by MNB classifier. They
got 67.9% accuracy for 26 classification task.

Our model consists of two sub models and exploiting two different data
set as shown in Figure 8.1. The first model tries to predict the dialect among
six different Arab dialects and known as coarse grained level, followed by
the second model which goes much deeper and is known as a fine grained
level to classify 26 Arabic dialects.

In both of our sub models we use MADAR data set to build and eval-
uate the models. Table 8.1 shows the number of sentences/samples per
dialects and the total sentences for each data set. All of the experiments
are implemented by Python and with the help of Scikit learn library [14].

MADAR Split | sentences | Total
train 9,000 41,600

Corpus-6  —1 7000 | 6,000
train | 1,600 | 41,600
Corpus-26 | dev 200 5,200

test 200 5,200

Table 8.1: Statistics for MADAR data sets

8.2.1 Coarse Grained Dialect Identification

This is the first model where we classify among five different Arab dialects
from five Arabic countries, which are covered by MADAR corpus, they are:

Thttps://github.com/motazsaad / ArbDialectID
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Figure 8.1: ArbDialectID proposed model

Beirut (BEI), Cairo (CAI), Doha (DOH), Rabat (RAB), Tunisia (TUN), In
addition to (MSA).

We build a model that depends on the language modelling and exploring
different combinations of n-grams in the word level and the character level.
We use FeatureUnion in sklearn, which is an estimator that concatenates
results of multiple transformer objects. To build and train the model we
extract the following features:

e TF-IDF vectors from the word grams ranged from the unigram to
5-grams. We apply 0.7 weight for vector transformation
e TF-IDF vectors from the character n-grams with word boundary con-
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sideration ranged from bigrams to 5-grams and the transformation
weight is 0.6

e Apply skip grams , then we extract the uni-gram words with one word
skipping. We give it the lowest transformation weight of 0.4

The transformation weight is a weight used in Feature Union to give a weight
for the feature. We choose these weights empirically after many experiments
that investigate various weights with many features combinations.

After features extraction process, we build an ensemble voting classi-
fier with hard voting, where it uses predicted class labels for majority rule
voting. The ensemble classifiers consists of the following best standalone
Machine Learning algorithms:

e MultinomialNB (MNB) , we set alpha to 0.01

e Linear SVC with 12 penalty and the learning rate sets to 0.0001

e BernoulliNB (BNB), set alpha = 0.01

We trained the model using "M ADAR corpus-6" train set, and evaluate
it by MADAR corpus-6 development set. We reach an accuracy of 92.7%
and macro F-score of 93%. Finally, we combine the train and the dev-set
together and rebuild the model again. We call it (MADAR model-6). We
will use this model later in the second sub model.

8.2.2 Fine Grained Dialect Identification

This model is the core of the shared task, where it is going to predict the
label for a given sentence and classify it to one of 26 dialects. MADAR cor-
pus covers 25 cities in the Arab countries in addition to the MSA, they are :
Aleppo (ALE), Algeria (ALG), Alexandria (ALX), Amman (AMM), Aswan
(ASW), Baghdad (BAG), Basra (BAS), Beirut (BEI), Benghazi (BEN),
Cairo (CAI), Damascus (DAM), Doha (DOH), Fes (FES), Jeddah (JED),
Jerusalem (JER), Khartoum (KHA), Mosul (MOS), Muscat (MUS), Ra-
bat (RAB), Riyadh (RIY), Salt (SAL),Sana’a (SAN), Sfax (SFX), Tripoli
(TRI), Tunisia (TUN) and MSA.

In the same manner we build the second model by extracting some fea-
tures as follow:

e TF-IDF vectors from the word grams with uni-gram, bi-gram and
tri-gram words. we apply 0.5 weight for vector transformation

e TF-IDF vectors from the character n-grams with word boundary con-
sideration ranged from bi-grams to 5-grams and the transformation
weight is 0.5

e Extract another character n-grams but this time without word bound-
ary consideration from bi-grams to 4 grams and the transformation
weight is 0.5
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e Again apply skip gram, then we extract the uni-gram words with one

work skipping. We assign it 0.3 transformation weight

In addition to theses feature we add another two numerical features,
the first is the sentence length ratio for every sentence in the data (train,
dev, test) which in turn divides the total number of words appearing in the
sentence by the total number of words appearing in the longest sentence.
The second features depends on the previous MADAR-model-6. We exploit
this model to predict the label for MADAR, Corpus-26, so every sentence
is combined with a predicted class number with one value from 1 to 6,
for example 1 means CAI, 2 is for BEI and so on. So in total we have
the TF-IDF vectors features in addition to the two numerical features (the
coarse-grained label and the sentence length).

To build the model, we employ ensemble hard voting classifier with the
previously mentioned three algorithms (Linear SVC, MNB and BNB). The
system is trained on MADAR corpus-26 train set, evaluated by MADAR
corpus-26 dev set and finally tested by MADAR corpus-26 test set. Table
8.2 reports the results for the dev set and test set and Figure 8.2 shows the
classification report which is produced from the test set .

Accuracy | macro F-score
Dev 68.7 69.00
Test 67.29 67.32

Table 8.2: Results for 26 dialects Identification system

8.3 Discussion

Building a language model for a language or a text is an informative way
to describe and represent the language. In this work, we try to extract as
many discriminated features as possible that can be employed efficiently
to distinguish among the desired 6 and 26 dialects. In the coarse grained
dialect identification with MADAR Corpus-6 the task was more flexible,
the dialects have a reasonable differences as they represent a large groups
of dialects, for example DOH represents dialects from the Arab Gulf, BEI
represents the Levantine dialects and so on. Due to the differences on the
lexical level between thees dialects we emphasise the word n-grams by using
greater weight transformation, and assign a smaller weight value for the
character levels n-grams.

For the task of fine grained dialect identification, the task was more
tough and we need more extra features and emphasise some of them more.
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Figure 8.2: Fine Grained
MADAR corpus-26 test set
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8.3. DISCUSSION

Dialect Identification classification report for

Hence, we increase the number of n-grams and emphasise the character
n-grams and pay attention to the words boundaries. We employ the first
model as another feature to enhance the f-score for the second models.
Given that, the corpus contains many short sentence that appears in more
one dialects, it makes the models to some extent confused, then we add
the length of the sentence as an extract helpful feature where some dialects
need more words to express an idea, and the other use more suffixes. It
is also impossible for Arabic speakers to detect the dialect from a very
short sentence with 100% especially if it does not contain any clue words.
In some cases the dialects become very similar to each others when they
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are spoken by neighbourhood, for instance the Jerusalem dialect and the
dialect from Amman where they are considered in some researches in Arabic
history as the same dialect [15, 16]. From the classification report in Figure
8.2, it is very clear that some dialects were easier to detect than other, for
example, the North Africa dialects gain high f-scores compare to others such
as the following dialects: TRI (0.79), SFX(0.74), BEN(0.70), ALG(0.79)
and TUN(0.73). The confusion matrix in Figure 8.3 shows the numbers of
actual and predicate labels for each dialect. There are some similar pairs of
dialects where the system confused like (BAG and BAS), (AMM and JER),
(CATI and ASW), (ALE and DAM) and (SFX and TUN).

ALX -150

AMM
ASW

-120

Actual

KHA S
RIY -

"
[+ 4
[T

1
I
wi O
ri Y

i =

MSA -
MUS -J

T
Q
[=]

Predicted

ALE S
ALG -
ALX

AMM B
ASW S

Figure 8.3: Fine Grained Dialect Identification confusion matrix for

MADAR corpus-26 test set
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8.4. CONCLUSION

We investigate the word grams model as well as the character grams
model. The best result is obtained when we combine both of these models,
given that the differences may occur in terms of lexical words, however there
are many differences that occurred on character levels like different clitics,
prefixes and suffixes. We try to exploit the best classifier that has been used
for ADI and finally end up by ensemble learning that combines the Linear
SVC , MNB and BNB with hard voting where the max probability is chosen
as the correct class.

8.4 Conclusion

We participate in MADAR shared task, Task 1: “MADAR Travel Domain
Dialect Identification". We build an ADI system consists of two subsystems.
The first is a six dialects classification system, followed by a 26 classifica-
tion system that classify 26 dialects from 25 cities in the Arab world in
addition to MSA. We use different combinations of n-gram models (words,
Characters) and skip gram models. In addition to these language mod-
elling features, we compute the ratio length of each input sentence and use
the predicted label from the first model. We achieve the best score in the
competition with 67.32% f-score and an accuracy of 67.29%.
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Study 3: Computational Cross Dialectal
Lexical Distance Study
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Dobnika. "A Lexical Distance Study of Arabic Dialects." Procedia
computer science 142, (2018): pp. 2-13.

Diglossia is a very common phenomenon in Arabic-speaking communities,
where the spoken language is different from both Classical Arabic (CA) and
Modern Standard Arabic (MSA). The spoken language is characterised as
a number of dialects used in everyday communication as well as informal
writing. In this paper, we highlight the lexical relation between MSA and
Dialectal Arabic (DA) in more than one Arabic region. We conduct a com-
putational cross dialectal lexical distance study to measure the similarities
and differences between dialects and MSA. We exploit several methods from
Natural Language Processing (NLP) and Information Retrieval (IR) like
Vector Space Model (VSM), Latent Semantic Indexing (LSI) and Hellinger
Distance (HD), and apply them on different Arabic dialectal corpora. We
measure the overlap among all the dialects and compute the frequencies of
the most frequent words in every dialect. The results are informative and
indicate that Levantine dialects are very similar to each other and further-
more, that Palestinian appears to be the closest to MSA.

Keywords: Diglossia; Lexical Distance; Vector Space Model; Latent
Semantic Indexing; Hellinger Distance
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9.1 Introduction

The number of the native Arabic speakers in the world varies from 290 mil-
lion according to UNESCO! to 313 million, according to the Ethnologue?.
There are three varieties in Arabic language: Classical Arabic, Modern Stan-
dard Arabic (MSA), and Arabic dialects (Colloquialism). Classical Arabic
(CA) is the form of the Arabic language used in Umayyad and Abbasid
literary texts from the 7th century AD to the 9th century AD. The orthog-
raphy of the Quran was not developed for the standardized form of Classical
Arabic [1]. MSA is the official language used for education, news, politics,
religion and, in general, in any type of formal setting. Colloquialisms (di-
alects) are used in everyday communication as well as informal writing, e.g.
in social media [2].

As a result of this situation, diglossia, a case where two distinct varieties
of a language are spoken within the same speech community [3], is a very
common phenomenon in Arabic-speaking communities. In some parts of the
Arab speaking world, more than two varieties are spoken within the same
community. For example, this is the case in North African communities
like Morocco where Arabic, Berber, French, English and Spanish are spoken
within the same speech community [4]. In a diglossic situation, the standard
formal language assumes the role of the High variety (H), while the other
languages or dialects act as the Low variety (L) [5]. MSA is so different from
the colloquial dialects that they are in some cases not mutually intelligible.
The differences are clearly evident in all linguistic aspects: pronunciation,
phonology, morphology, lexicon, syntax and semantics. However, the degree
in which the individual dialects differ with respect to these aspects has not
been yet quantitatively measured.

In this paper, we focus on measuring the lexical distance between MSA
and Arabic dialects using natural language processing techniques, tools and
text corpora. We use various distance metrics such as the Vector space
model (VSM) based on word distribution over documents as common in
Information Retrieval (IR) [6], Latent semantic indexing (LSI) [7] and the
Divergence Distance algorithm as Hellinger Distance (HD) [8]. We hope
that this study will shed light on similarities and differences between the
varieties and therefore inform our future work on building NLP tools and
applications for these domains, in particular how these can be ported.

To the best of our knowledge, our work is the most extensive effort
to measure the distance or similarity across Arabic dialects using natural

Lhttps://en.unesco.org/news/world-arabic-language-day-2017-looking-digital-world

2Simons, Gary F. and Charles D. Fennig (eds.). 2018. Ethnologue: Languages
of the World, Twenty-first edition. Dallas, Texas: SIL International. Online version:
http://www.ethnologue.com.
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Approach Level Approach Name Description
Measures the length of the longest contiguous sequence of
characters existing in the string under comparison
Character Level L Measure the minimum number of insertions, deletions and
Levenshtein distance Lo . L
substitutions needed to transform one string into another
Can be used in different ways to estimate similarity or dissimilarity.
N-gram models One of the most effective approaches is to build n-gram models for
language identification and measure the perplexity of n-grams
Used for biological sequence comparison; e.g.
the Needleman-Wunsch and Smith-Waterman algorithms
Represent documents as vectors of word frequencies and then apply vector
comparison measures to compare vectors of different documents
Cosine Similarity Measures the cosine angle as a similarity indicator between two vector spaces

Longest Common SubString

Dynamic programming

Vector space models

Term Level

. . For example, the Kullback-Leibler distance, Hellinger, Manhattan distance.

Divergence Distance . L IR
These are used to measure the divergence between probability distributions

Measures the number of overlapping strings over the number of unique

strings between texts to indicate the similarity

Words that are close in meaning will occur frequently in similar

positions in the text

Jacquard similarity

Latent Semantic Indexing

Table 9.1: Summary of the most commonly used approaches for measuring
similarity between texts

language processing tools and text corpora.

9.2 Related Work

Several approaches have been used to measure the distance between Eu-
ropean languages [9, 10|, Indian dialects [11], and similar languages [12,
13]. These approaches can be classified according to the type of linguistic
representations they investigate: characters, terms and documents. Lexi-
cal similarity measures operate on string sequences at a character level and
on corpora of texts at a term level. Table 9.1 shows the most popular
approaches in the literature.

There is not much research on measuring the lexical closeness and di-
vergence between Arabic and its dialects. Abunasser in [14] compares five
Arabic dialects (MSA, Gulf, Levantine, Egyptian and Morocco) in terms of
lexical and pronunciation variation. He depends on the Swadesh list [15]
and the concept of non-cognate words to measure the amount of linguistic
variations between the dialects. As the Swadesh list is a phonological list
rather than a lexicon, the author collected the data from two male speak-
ers for each dialect. The Swadesh list has been adapted to the MSA list
using two modern Arabic dictionaries (5, oI} almwrd [16]and 4! -} jress

gamws abn ayas [17]). To rule out the chance of lexical ambiguity, a con-
text sentence per each lexical item has been provided. Thus, the distance
between dialects is measured based on the percentage of non-cognates in
the MSA Swadesh list. Moreover, he employs Levenshtein distance to com-
pute the distance between lexical items at the phonemic level based on the
IPA transcription of the words in the Swadesh list. He concludes that Gulf
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and Levantine are the closet dialects to MSA followed by Egyptian, while
Morocco is the farthest. The most significant limitation of this experiment
is how the data were collected where speakers, gender and the geographi-
cal location were limited to two male speakers per dialect only. Also, the
two modern dictionaries that are used to translate the Swadesh list to the
corresponding MSA list have been authored by Levantine authors which
might bias MSA to Levantine to some degree. Finally, with the intention to
measure lexical variation, the study uses phonemic representation of words
which may also reveal other more subtle non-lexical differences.

Meftouh et al. [18] present PADIC (Parallel Arabic Dialect Corpus). It
includes five dialects: two Algerian (from the cities of Algeria and Annaba),
one Tunisian and two Levantine dialects (Palestinian and Syrian). The
authors present a linguistic analytical study of PADIC where they employ
experiments on every pair of dialect and MSA, including;:

e identifying the most frequent words in each dialect;

e computing the percentage of common lexical units both at the doc-
ument and the sentence level to emphasize the relation between the
dialects and the MSA; and

e measuring the cross language divergence in terms of the Hellinger
distance to measure which language is closer to which one.

The experiments have shown that the Palestinian dialect is the closest di-
alect to MSA followed by Tunisian and Syrian, whereas Algerian dialects
are the most different. The results are expected, as they demonstrate that
Tunisian is closer to Algerian than to Palestinian and Syrian. In addition,
the closest dialects according to the distance measurements are Algerian
dialects on one hand and Palestinian and Syrian on the other hand. Even
though the results are reasonable, the corpus has a shortcoming that it has
been manually translated from Algerian conversations to MSA and further
to other dialects by one native speaker of each dialect which introduces
several biases.

Rama et al; [12] present a computational classification of the Gondi
dialects which are spoken in central India by applying tools from dialectom-
etry and phylogenetics. They use multilingual word lists for 210 concepts at
46 sites where Gondi is the dominate dialect. They depend on the Glottolog
classification as a gold standard to evaluate their results. To be able to com-
pute the aggregate distances, they employ the IPA to convert the word lists
to pronunciation data. Levenshtein distance and Long-Short Term Memory
neural networks are used as dialectometry methods to measure the distance
between every word pair of words on the list. Moreover, they also apply
Bayesian analysis on cognate analysis as a phylogentic method. They find
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that phylogentic methods perform best when compared to the gold standard
classification.

Ruette et al; [19] measure the distance between Belgian and Netherlandic
Dutch using two similarity measures in the Vector Space Model (VSM).
They apply the two methods on a Dutch corpus collected from two registers
(quality newspapers and Usenet) and topics related to politics and economy.
They also exploit the profile-based approach (where the frequency of pre-
selected words is compared from speakers’ data) in addition to the text
categorization method. For the profile based approach they implement the
City-Block distance as a straightforward descriptive distance measure. On
the other hand, text categorisation is using TFxIDF on documents and
cosine similarity to measure distance as the complement of cosine similarity.

9.3 Qualitative differences between MSA and
DA

Arabic is characterized by its rich morphology and vocabulary. For instance
the Arabic word eldascwy wsytyk means “and he will give you” in English

so one word in Arabic may correspond to 5 words in English [20] and that
would make the comparison between languages/dialects challenging. This
is true for both MSA as well as dialectal Arabic. However, MSA and DA
have a number of differences that make it difficult for one to apply state of
the art MSA natural language processing tools to DA. Previous attempts
to do so have resulted in very low performance due to the significant dif-
ference between the varieties. Habash and Rambow report that over one
third of Levantine verbs cannot be analysed using an MSA morphological
analyser|21]. The degree of variation between MSA and dialectal Arabic
depends on the specific dialect of Arabic. MSA and dialectal Arabic differ
to a different degree phonologically, orthographically, morphologically, syn-
tactically, lexically and semantically [22, 23]. In this section we describe
some qualitative differences between MSA and the dialects based on our
observation of examples.

9.3.1 Orthographical and Phonological Differences

Dialectal Arabic (DA) does not have an established standard orthography
like MSA. Mostly, Arabic script is used to write DA but in some cases, e.g.
in Lebanese, the Latin alphabet is used for writing short messages or posting
on social media. For example, ¢laS” kyfk / “how are you” is represented as
Keifk. Another example is the pronunciation of dialectal words containing
the letter (3 ¢ which depends on the dialect and regions. For instance,
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the Palestinian speakers from rural and urban regions pronounce it like /’/
glottal stop or /k/ while Bedouin pronounce it as /g/ . The word J& gal

/say is pronounced and sometimes written as J& gal , J§ kal, JC yal or

Jor gl [24].

9.3.2 Morphological Differences

Dialects, like MSA and other Semitic languages, make extensive use of par-
ticular morphological patterns in addition to a large set of affixes (prefixes,
suffixes, or infixes) and clitics, and therefore there are some important dif-
ferences between MSA and dialectal Arabic in terms of morphology because
of the way of using these clitics, particles and affixes [25]. Some examples
are illustrated in Table 9.2 and 9.3.

Example Dialect word Dialect MSA English
Jas k svantine g 2 i r are you?
Using multiple words together e kyfk Levantine Wl oS kyf halk | How are you?
i mls Egyptian a yhm oes not matter
il o N la yh D
Sy bdrss Palestinian
Sharing the stem with different affixes e & ma bydrs | Syrian u«)&,y laydrs He does not study
iy dase mbydrss | Egyptian
C‘) <7 h, rah Sy suf will
The future marker = Tolb Palestinian N
e Y by O swfyb | He will play
ks £, rahyb
« b for present . £ . .
s - Egyptian L yakl He is eating
Clitics f@ byakl f
C..\a.r s m btbh Syrain I am cooking
Table 9.2: Examples for Morphological differences
MSA English Negation English
13 13
ufl arf I know uf‘ N la arf I do not know
Palestinian Jordanian Syrian Lebanese
Gle g msarf Gyle g msarf Gay bomabrif O3y b oma brif
Egyptian Algerian Tunisian
SR me S G e ms rf  gllade mibalys  O)\e ke mnys3 arf
Gulf Traqi
e
Sy mdry o b ma adry

Table 9.3: Differences in negation between the dialects
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9.3.3 Syntactic Differences

Syntactically, MSA and DA are very similar with some differences regard-
ing word order. For example, the OVS and OSV word orders are most
commonly used in MSA while in dialects other word order patterns can
be found. For example, in Levantine SVO is most commonly used, while
in Maghrebi VSO is used to a great extent [26]. Furthermore, in dialectal
Arabic it is common to use masculine plural or singular forms instead of
dual and feminine plural forms [27].

9.3.4 Lexical and Semantic differences

Many DA words are borrowed from a variety of other languages like Turk-
ish, French, English, Hebrew, Persian and others depending on the speaker
contact with these languages. Table 9.4 shows some of the borrowed words.
New lexical items appear mostly in dialects and not MSA as shown by the
example in in Table 9.5. Another thing to note is dialects and MSA share
words but with different meanings. For example, the word (¢35 dwl means

‘these’ in Egyptian but “countries” in MSA.

Word Original MSA English Word Original  MSA English
S b trbyzh Turkish ~ dslb fawlh  Table 8,94y bndwrh Ttalian rlaua tmatm  Tomatoes
sk astad Persion  _ujxe mdrs ~ Teacher O tuf Hebrew — a> gyd Good
j:V};\ afwkadw  French o‘u mhamy  lawyer O tlyfun  English W hatf Telephone

Table 9.4: Examples of borrow words from other languages

MSA English

oYl alan Now

Levantine Bedouin Saudi Arabia Iraqi

ROW:IVY 4;>U: hla, hlgyt  n=da hlhyn ne> dhyn cagila halwgt

Libyan Tunisian Algerian Egyptian

Iy twa 3y5 twh lgy twa O NE ‘g_S';;J“" dlwqty, dlwgt

Table 9.5: Examples for new lexicon in dialects
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9.4 Quantitative differences between MSA and
DA

9.4.1 Arabic Corpora

Ferguson [3] was the first to define the term diglossia. He stated and defined
the most important features in order to understand the difference between
the official languages (H) and the informal varieties (L). One of these fea-
tures is the lexicon. In his own words: “A striking feature of Diglossia is the
existence of many paired items, one H and one L, referring to fairly common
concepts frequently used in both H and L, where the range of meaning of the
two items is roughly the same, and the use of one or the other immediately
stamps the utterance or written sequence as H or L”.

In this work, we examine several existing Arabic corpora, so that we
can include as many dialectal data as we can. Table 9.6 shows the corpora
we use and the dialectal data they contain. Table 9.7 shows the statistics
about each corpus where |d| is the number of documents (sentences) in the
corpus, |w| is the number of words in the corpus, and |v| is the vocabulary
size (number of unique words).

Corpus Name Type Dialects Description
PADIC MSA, Algerian, The corpus is .coHchc'd from Algerian chats
. . \ Parallel L . . and conversations which are translated to
(Parallel Arabic Dialect Corpus) Tunisian, Palestinian, Syrian . .
MSA and then to other dialects.
Multi-dialectal Arabic MSA, Egyptian, Syrian, This corpus is ungma.lly bmldAon Egyptian dialects
Parallel s S . extracted from Egyptian-English corpus. It has been
parallel corpus Palestinian, Tunisian, Jordanian L .
translated to the remaining dialects by four translators
ol | s, St
(Shami Dialect Corpus) ONPAARET | Jordanian, Lebanese socta media, bIogs, Stories and i > Hgres
on the Internet.
‘WikiDocs Corpus Comparable | MSA, Egyptian It contains a comparable documents from Wikipedia.

Table 9.6: List of Arabic corpora used to investigate the differences between
dialects

The two Algerian dialects are the basis of the Parallel Arabic Dialect
Corpus (PADIC), that was collected from daily conversations, movies and
TV shows were presented in Annaba and Algeria dialects. The two corpora
were transcribed by hand and then translated to MSA. Hence, the MSA
is considered the pivot language to construct the Syrian, Palestinian and
Tunisian dialects. They adopt Arabic notation to write dialectal words. If
the dialectal word does exist in MSA, it is written as MSA without any
change, otherwise, it is written as it is uttered. Some consider these rules
as drawbacks of the corpus which bias the dialect to the MSA and the
translated sentence is subjected to the annotators [18]. The corpus is not
considered fully representative for every dialect due to the lack of translators
particularly for the Levantine dialects where only 2 translators are involved
while for Tunisian they had 20 speakers all of them from the South of Tunisia
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PADIC SDC
MSA PA  AIG SY TN PA JO SY LB
[d] 64K 64K 64K 6.4K 64K 21K 32K 48K 16K
|w| 51K 51K 48K 49K 48K 0.35M  047M  0.7M 0.2M
[v] 94K  9.6K 94K 10K 10.6K 56K 69K 63K 34K
Multi-dialect corpus WikiDocs corpus
MSA PA JO SY TN EG MSA EG
[d 1K 1K 1K 1K 1K 1K 459K 16K
lw| 119K 105K 9.7K 11.5K 10.6K 10.9K 83.5M 2.18M
[v] 44K 4K 3.6K 4K 38K 45K 4.7M 293.5K

Table 9.7: Statistics about the used corpora

where their dialect is close to the Standard Arabic.

The Multi-dialectal Arabic parallel corpus is built on the English-Egyptian
corpus [28], where the Egyptian sentences have been selected as the starting
point for the new parallel corpus. Five translators, one for every dialect,
were asked to translate the Egyptian corpus to Palestinian, Jordanian, Syr-
ian and Tunisian dialects, while the Egyptian speakers translated the cor-
pus to corresponding MSA [29]. Using the Egyptian sentences as the pivot
dialect makes the corpus heavily influenced and biased by the Egyptian
dialects, which is clearly shown in our results in the following sections.

The WikiDocs corpus is extracted from Arabic Wikipedia articles and
their corresponding Egyptian Wikipedia articles [30]. It should be noted
that a lot of the Egyptian articles are not detailed, as most of these only
contain one or two sentences. This is in contrast to the MSA articles, which
contain full details on each subject. The Shami Dialect Corpus (SDC)
corpus is collected from different domains like social life, sports, house work,
cooking, etc. and from resources such as personal blogs, social media public
figures posts and stories written in DA. It focuses on public figures from
Levantine countries. It is not a parallel corpus, thus the measures are done
over the whole corpus and not on every document [23].

In what follows, we exploit various approaches to the lexicon to precisely
clarify the difference between MSA and other Arabic dialects in term of
lexical distance. The type of corpora affects the way we implement each
measure as follows:

e for parallel and comparable corpora: the comparison is at the docu-
ment (sentence) level, then the average is taken at a corpus level;

e for non-parallel and non-comparable corpora: the comparison is at
the corpus level, given that the data belong to the same domain.

In all experiments we have used Python as a programming language to
implement the algorithms and used the Gensim library for some methods.
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As the corpora are already preprocessed, we did not do any further pre-
processing.? In the next subsections, we present the measures what we use
in our experiments.

9.4.2 Lexical Sharing and Overlapping

Jaccard Index is a measure of how similar two data sets are. Given that
dialects share many words, we compute the percentage of vocabularies that
overlap between these dialects according to Equation 9.1. Table 9.8 presents
the similarity overlap across dialects. Palestinian is the most similar to
MSA, that coming after the Egyptian dialect, with the highest percentage
of vocabulary overlap in both parallel corpora. The measurement on the
SDC shows a reasonable overlapping across the Levantine dialects, while in
the comparable corpus the overlapping between the MSA and the Egyptian
does not exceed the 0.1.

AN B
JaccardIndex(A, B) AUB| (9.1

PADIC Multi-dialect corpus

ALG TN SY PA EG JO TN SY PA
MSA 0.1 0.14 0.14 0.19 MSA 0.21 0.14 0.13 0.15 0.16
PA 0.13 0.14 0.25 PA 0.23 0.25 0.18 0.24
SY 0.12  0.16 SY 0.23 0.26 0.18
TN 0.17 TN 0.18 0.18

JO 0.21

SDC WikiDocs corpus

LB JO SY EG
PA 0.15 0.21 0.19 MSA 0.1
SY 0.16 0.2
JO 0.16

Table 9.8: Percentage of vocabulary overlapping between dialects

9.4.3 Vector Space Model (VSM)

VSM is broken down into three steps. First, document indexing where each
document is represented by the content bearing words which, in turn, are
represented as a document-terms vector. VSM represents all documents as

31t is possible that the preprocessing techniques that have been used on different
corpora might affect their comparison, which is an unfortunate limitation of our approach
in terms of the implications for language use in general.
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vectors in a high dimensional space in which each dimension of the space
corresponds to a term in the document collection [7]. Secondly, term weight-
ing where a weighting schema is used to compute the term weightings for
each term in the represented vector (document). The most common weight-
ing schema is to employ the frequency of occurrence expressed as a ration
between frequency and inverse document frequency (tf-idf). A similarity co-
efficient is then computed between each pair of vectors to indicate a ranking
of documents [31].

We utilize the VSM to measure the similarity across dialects and MSA by
comparing the similarity between the terms in their documents or sentences.
Clearly, not all words in a dialect or a document are equally important.
Most current approaches remove all the stop words during the preprocess-
ing phase. However, we have decided to index all words as many of the stop
words act like function words and therefore are distinguishing of certain di-
alects. In order to overcome the out-of-dictionary problem we build a vector
for each pair of dialects. Therefore, for the first dialect (MSA), we draw
a vector model and employ the tf-idf weighting schema. The second di-
alect is considered as the query vector compared to the first dialect. Spatial
closeness corresponds to conceptual similarity (words that are used in the
same documents are similar) so we measure the cosine similarity between
the main vector model (first-dialect) and the query vector (second-dialect)
(what a vector represents in each case depends on the kind of corpora we are
comparing as explained above) which is a symmetric measurement. Table
9.9 present the similarity across dialects for all corpora.

PADIC Multi-dialect corpus

ALG TN SY PA EG JO TN SY PA
MSA 027 038 037 0.5 MSA 05 038 037 04 04
PA 0.38  0.47 0.63 PA 0.59 0.66 048 0.62
SY 0.34  0.41 SY 0.63 0.7 0.5
TN 0.44 TN 0.49 047

JO 0.56

SDC WikiDocs corpus

LB JO SY EG
PA 0.84 0.86 0.77 MSA 04
SY 0.81 0.9
JO 0.84

Table 9.9: Similarity across dialects for all corpora based on VSM

The results show that the Palestinian dialects in both the PADIC and
the Multi dialect corpus are closer to MSA, with 0.5 and 0.4 similarity re-
spectively, while the Tunisian and Algerian dialects are furthest from MSA.
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Moreover, on SDC we can demonstrate a high similarity between individ-
ual Levantine dialects. For example Jordanian is the closest to Palestinian,
which seems to coincide with informal observations by native speakers of
both dialects.

It is worth mentioning that the Egyptian dialect records the highest re-
lation with MSA in Multi-dialect corpus, as we previously expected. The
corpus is biased towards the Egyptian dialect, as Egyptian was the pivot
language when the corpus was built. This is reflected in all the measures
used here. However, the bias of the pivot language is not reflected between
Algerian and MSA in the PADIC corpus as these are the least similar vari-
eties.

9.4.4 Latent Semantic Indexing LSI

Unlike VSM and other retrieval methods, LSI can address the problem of
synonymy and polysemy among words. It analyzes the documents in order
to represent the concepts they contain. LSI tries to map the vector space
into a new compressed space by reducing the dimensions of the terms matrix
using Singular Value Decomposition (SVD). By using SVD, the main asso-
ciative patterns and trends are extracted from the document space and the
noise is ignored. In other words, it makes the best possible reconstruction
of the document matrix with the most valuable information [7]. We exploit
the LST model to measure the similarity between the dialects. We build the
model with all the dialects (full corpus) and test it on one dialect in each
run. The model outputs the similarity between the test dialect and every
dialect used to build the model. Table 9.10 shows the similarities among
the Arabic dialects for all corpora.

Palestinian appears to be close to MSA only in PADIC, whereas the
Tunisian dialect shows a close relation to MSA in both corpora. In addition
to this, it is obvious that the relation between the dialects in the Levantine
corpus (SDC) is very strong as well as the relation between the Algerian and
Tunisian. These results show the artefacts of the LSI model which connects
the data according to topics and clusters.

9.4.5 Hellinger Distance

We are interested to measure the divergence between the dialects. Here we
will use the Hellinger Distance (HD) that measures the difference between
two probability distributions [18]. In this work we use Latent Dirichlet
Allocation (LDA) to model a vector of discrete probability distributions
of topics to measure the distance between dialects in comparison. LDA
is a very common technique used to uncover topics in the data [32]. For
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PADIC Multi-dialect corpus

ALG TN SY PA EG JO TN SY PA
MSA 0.68 0.75 0.69 0.75 MSA 0.72 037 0.75 04 041
PA 0.78 0.82 0.85 PA 0.82 0.88 0.63 0.9
SY 0.74  0.74 SY 0.7 0.94 0.59
TN 0.82 TN 0.74  0.55

JO 0.73

SDC WikiDocs corpus

LB JO SY EG
PA 0.84 0.86 0.77 MSA 0.8
SY 0.81 0.9
JO 0.84

Table 9.10: Similarity across dialects for all corpora based on LSI

simplicity, a Bag Of Words (BOW) model is used to represent the data
from our corpora. LDA gives us a probability distribution over a specified
number of unknown topics. LDA therefore works like a way of soft clustering
the documents made up of words. Later HD is then used to measure the
distance between these topics and new documents. The greater the distance
the less the similarity between the dialects and vice versa.

Table 9.11 shows the distance between the dialects cross all corpora.
Palestinian is less dissimilar from MSA compared to the rest of the dialects
in PADIC. Even though in the Multi-dialect corpus the results for the dis-
tance of all dialects, except of the Egyptian, to MSA is quite close, the
Tunisian seems to be the closest to MSA. Considering that the Levantine
dialects in SDC are very similar to each other, the Jordanian and the Syrian
dialects are the closest to each other, while the Palestinian and the Lebanese
dialects are most dissimilar.

9.4.6 Frequent words and Correlation Coefficient

This step consists of two parts. At first, we extract the 30 most frequent
words in each dialect and then we collect those words that appear in all di-
alects to calculate the Pearson correlation coefficient among them in respect
to their frequency as shown in Table 9.12.

The result shows high correlation for the frequent words between the
MSA and Tunisian, followed by the Palestinian dialects in PADIC. This
sheds the light on the different usage of frequent words cross dialects. For
example Palestinian speakers say 4w JU\J‘ & Jy almdrsh / “at the school”

while the Syrian speakers say aw J.\lb' balmdrsh.

For the words that are not shared and have not been included in the
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PADIC Multi-dialect corpus

ALG TN SY PA EG JO ™ SY PA
MSA 091 083 0.77 0.77 MSA 0.01 077 076 0.78 0.78
PA 0.73 0.64 0.58 PA 0.52 0.34 0.77 0.55
SY 0.87 0.81 SY 0.53 0.54 0.72
TN 0.72 TN 0.35 0.69

JO 0.51

SDC WikiDocs corpus

LB JO SY EG
PA 0.26 0.18 0.23 MSA 0.73
SY 0.25 0.1
JO 0.2

Table 9.11: Distance between dialects for all corpora based on Hellinger
Distance

PADIC SDC

ALG TN SY PA LB JO SY
MSA 0.76 092 0.67 0.85 PA 031 042 -0.05
PA 097 095 0.86 SY 0.13 0.74
SY 0.83 0.71 JO 047
TN 0.92

Table 9.12: The Person correlation coefficient between dialects in PADIC
and SDC

correlation experiment, we have calculated the Term Frequency (TF) as in
Equation 9.2.

(Number of times term t appears in a dialect)

TF(t) = (9.2)

(Total number of terms in the dialect)

As we have already mentioned, we have not eliminated stop words from the
corpora as these keywords are discriminative and representative for each
dialect and hence can be used to build a dialectal lexicon. Table 9.13shows
the 20 most frequent words in PADIC?.

9.5 Conclusion

In this paper, we estimate the degree of similarity and dissimilarity between
MSA and DA on one hand, and across dialects of Arabic on the other.

4The full tables for all corpora can be found in https://github.com/GU-
CLASP /DAdistance
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MSA Palestinian Syrian Tunisian Algerian

Word TF% Word TF % Word TF % Word TF% Word TF%
Yia 1.96 MNany 0.84 o bs 098 b bas 085 Jdby 114
o an 144 <l anh 0.83 olay 092 Jaly 0.78 iy was 1
jim 0.81 o b 0.81 o m 089 ol ayh 0.73 ol ayh 0.82
dv 0.7 Sl ays 0.8 o w 088 N 0.72 ¢ e 0.79
o nom 0.7 e mi 0.79 Corh 0385 Wl ama 0.59 Sk 0.67
lin hda 0.65 o ah 0.77 Yy 073 O kan 046 Y ala 0.59
15l mada 047 N a 0.65 yia 07 1aa hda 0.44 oy waihd 0.48
J) la 0.45 lia hda 0.64 ol anw 051 S 0.37 Ny wia 0.4
Jahl 045 i asy 0.55 o mw 048 e das 035 S\, rany 0.38
o5 dik 042 U ma 0.53 S kmyr 047 G hia 034 b bas 037
oS lkn 0.42 - hw 0.5 U ima 045 Al bahy 033 S hia 0.36
o ik 0.39 olks dan 045 M any 044 & hw 031 Wy waith 0.34
lokis ndma 0.39 o hyk 0.4 dloa hiyk 037 iy wat 031 " 032
o gie 0.83 15| ada 0.44 sl had 036 Uiye ms 0.29 \, rah 032
13} ida 0.3s 5 keyr 04 W\ allh 03s doly wahd 025 eall balsh 0.32
) tha 0.34 ol aith 036 S bE 034 025 Jys dwk 031
Aa hnak 0.41 oda hdh 0.35 15) ada 031 s, brih 025 oS kyma 031
W alth 032 &5 0.34 e mil 031 M any 0.24 4, brk 03
Jmn 0.32 S bE 0.33 o 029 S 023 Al rahy 03
st & 032 Sl any 03 O kan 0.28 Ny wia 023 C" sh 0.29

Table 9.13: The percentage of the most frequent words in PADIC

Different measures have been exploited, such as VSM, LSI, HD as well as
simple measures like vocabulary overlap, coefficient correlation and Jaccard
similarity. More than one corpus has been used. In particular, PADIC, the
Multi-Dialect corpus, SDC and Wiki-Docs were used, that include MSA,
Levantine dialects, Egyptian and Dialects from North Africa. This was
done in order to minimise the bias of any of the individual corpora and to
address the question of the degree of the text representativeness. Most of the
measurements used indicate that the Levantine dialects are in general the
closet to MSA, while the North African dialects the farthest. Although the
results show some differences due to the nature of the corpora, in general,
the results are homogeneous. For example, it is expected that the Egyptian
dialects appear very close to MSA in the Multi-Dialect corpus. This is, as
mentioned earlier, due to a strong bias of the specific corpus towards the
Egyptian dialect, given that it was built from an Egyptian corpus and then
translated into other dialects and MSA.

We have shown the degree of convergence between the dialects of the
Levant and the linguistic overlap to such an extent that in some cases it
seems impossible to distinguish between them in writing without the pres-
ence of phonological information or without adding accent diacritic marks.

It is very clear that we have a new variety, i.e. an informal writing
dialect, which differs from the spoken dialects. Even if some dialects appear
close to each other based on the speakers’ intuitions, there may be differences
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in the writing form due to the lack of accent diacritics. The reverse is also
true. Some dialects appear closer lexically in their writing form given that
a big part of their vocabulary overlaps, but in their spoken form, they are
not that close.

This study can be seen as a basis for building Natural Language Process-
ing tools for dialectal processing by adapting what already exists for MSA
and focusing on areas of similarity and degrees of difference. The study is
the most extensive of its kind concerned with measuring similarities and
differences in Arabic and dialectal Arabic, and represents a basis for new
similar investigations, focusing on other criteria such as phonological dis-
tance, morphological distance and semantic distance. In the future, we plan
to employ other methods of measuring similarity and distance based on the
semantics of the words, e.g. word embedding techniques with Word2Vec. In
this way, one can extract different words in terms of their lexical relatedness,
and use them in automatic machine translation tools for the languages and
dialects investigated.
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Study 4: The usability of MSA NLP tools for
DA

Chatrine Qwaider, Stergios Chatzikyriakidis, and Simon Dobnik. "Can
Modern Standard Arabic Approaches be used for Arabic Dialects?
Sentiment Analysis as a Case Study." In Proceedings of the 3rd Workshop
on Arabic Corpus Linguistics, pp. 40-50. 2019.

We present the Shami-Senti corpus, the first Levantine corpus for Sentiment
Analysis (SA), and investigate the usage of off-the-shelf models that have
been built for Modern Standard Arabic (MSA) on this corpus of Dialectal
Arabic (DA). We apply the models on DA data, showing that their accuracy
does not exceed 60%. We then proceed to build our own models involving
different feature combinations and machine learning methods for both MSA
and DA and achieve an accuracy of 83% and 75% respectively.

10.1 Introduction

There is a growing need for text mining and analytical tools for Social
Media data, for example Sentiment Analysis (SA) tools which aim to dis-
tinguish people’s views into positive and negative, objective and subjective
responses, or even into neutral opinions. The amount of internet documents
in Arabic is increasing rapidly [1, 2, 3, 4]. However, texts from Social me-
dia are typically not written in Modern Standard Arabic (MSA) for which
computational resources and corpora exist. These systems achieve reason-
able accuracy on the designated tasks. For example, Abdul-Mageed et. al;
achieve an accuracy of 95% on the news domain|2]. On the other hand, re-
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search on Dialectal Arabic (DA) in terms of SA is an open research question
and presents considerable challenges [5, 1].

The degree to which tools trained on MSA can be used on DA is still
also an open research question. This is partly because different dialects
differ from MSA to varying degrees|6]. Furthermore, the speakers of Arabic
present us with clear cases of Diglossia [7], where MSA is the official language
used for education, news, politics, religion and, in general, in any type of
formal setting, but dialects are used in everyday communication, as well as
in informal writing [8].

In this paper, we examine whether it is possible to adapt classification
models that have been trained and built on MSA data for DA from the
Levantine region, or whether we should build and train specific models for
the individual dialects, therefore considering them as stand-alone languages.
To answer this question we use Sentiment Analysis as a case study. Our
contributions are the following:

o We systematically evaluate how well the ML models on MSA for SA

perform on DA of Levantine;

e We construct and present a new sentiment corpus of Levantine DA;

e We investigate the issue of domain adaptation of ML models from

MSA to DA.

The paper is organised as follows: in Section 2, we briefly discuss the
task of SA and present related work on Arabic. In Section 3, we describe an
extension of the Shami corpus of Levantine dialects [9] annotated for Sen-
timent, Shami-Senti. In Section 4, we present the experimental setting and
results of adapting MSA models to the dialectal domain as well as training
specific models. We conclude and discuss directions for future research in
Section 5.

10.2 Arabic Sentiment Analysis

Manually gathering information about users’ opinions and sentiment data is
time-consuming. This is why more and more companies and organisations
are interested in automatic SA methods to help them understand it. SA
refers to the usage of variety of tools from Natural Language Processing
(NLP), Text Mining and Computational Linguistics to examine a given piece
of text and identify the dominant sentiment subjectivity in it [10, 11]. SA
is usually categorised into three main sentiment polarities: Positive (POS),
Negative (NEG) and Neutral (NUT). SA is frequently used interchangeably
with Opinion Mining [12].

At first glance, Sentiment Analysis is a classification task. It is a com-
plex classification task as if one dives deeper, they are faced with a number
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of challenges that affect the accuracy of any SA model. Some of these chal-
lenges are: (i) Negation terms [13], (ii) Sarcasm [14], (iii) Word ambiguity
and (iv) Multi-polarity.

As aresult of the rapid development of social media and the use of Arabic
dialectal texts, there is an emerging interest in DA. Farra et al., in [15]
propose a model of sentence classification (SA) in Arabic documents. They
extract sets of features and calculate the total weight for every sentence. A
J48 Decision tree algorithm is used to classify the sentences w.r.t. sentiment,
achieving an accuracy of 62%.

Gamal et al., collect tweets from different Arabic regions using different
keywords and phrases[16]. The tweets include opinions about a variety of
topics. They annotate their polarity by checking if they contain positive or
negative terms and without considering the reverse polarity in the presence
of negation terms. Then, they apply six machine learning algorithms on the
data and achieve an accuracy between 82% and 93%.

Oussous et al., build an SA model to classify the sentiment of sentences.
The authors construct a Moroccan corpus, where the data are collected
from Twitter, and annotate it[17]. Multiple algorithms are used, e.g. Sup-
port Vector Machines (SVM), Multinomial Naive Bayes (MNB) and Mean
Entropy (ME). The SVM model achieves an accuracy of 85%. Ensemble
learning by majority voting and stacking is also tried. Using the three
aforementioned algorithms in the two models, they attain an accuracy of
83% and 84% respectively. Another work using the same classifiers is de-
scribed in [18]. The dataset covers three domains: education, politics and
sports. The resulting accuracy is 80%.

A framework for Jordanian SA is proposed in [19]. The authors create
a corpus of Jordanian tweets and build a mapping lexicon from Jordanian
to MSA that turns any dialectal word into an MSA word, before classi-
fying the tweet. In order for the tweets to be annotated, crowd-sourcing
is used. They further use Rapid Miner for pre-processing, filtering, and
classification. Three classifiers are used to evaluate the performance of the
proposed framework with 1000 tweets: Naive Bayes (NB), (SVM) and k-
nearest neighbour (KNN). The NB model gets the highest accuracy with
76.78%.

Binary sentiment classification for Egyptian using a NB classifier is in-
vestigated in [2]. An accuracy of 80% is achieved. Similarly, the Tunisian
dialect is addressed in [20]. Here, the authors create a Tunisian corpus
for SA containing 17K comments from social media. Applying Multi-Layer
Perceptron (MLP) and SVM on the corpus they get 0.22 and 0.23 error rate
respectively. Another line of work addresses the Saudi dialects [21, 22] and
some addresses the United Arab Emirates dialects [23, 24].

Several works exploit lexicon-based sentiment classifiers for Arabic. A
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sentiment lexicon is a lexicon that contains both positive and negative terms
along with their polarity weights [25, 26, 27]. The SAMAR system |[28]
involves two-stage classification based on a sentiment lexicon. The first
classifier detects subjectivity and objectivity of documents, which is followed
by another classifier to detect the polarity. They employ different datasets
and examine various features combinations. Similar work is reported in [4,
29|, where both NB and SVM are explored, achieving an accuracy between
73% and 84% .

Abdulla et. al; [30] compare the performance of corpus-based sentiment
classification and lexicon-based classification in Arabic. The accuracy of the
lexicon approach does not exceed 60%. They conclude that corpus-based
methods perform better using SVM and light stemming.

Overall, there is a considerable amount of work on SA and DA but none
of these approaches considered the performance of the classifiers across the
domains for which limited data exist.

10.3 Building Shami-Senti

The question of sentiment analysis has not yet been fully examined for Lev-
antine dialects: Palestinian, Jordanian, Syrian and Lebanese. For this rea-
son, we extend the Shami corpus [9] by annotating part of it for sentiment.
We call the new corpus Shami-Senti.
We build Shami-Senti as follows:
1. Manually extract sentences that contains sentiment words, reviews,
opinions or feelings from the Shami corpus;
2. Split the sentences and remove any misleading words or very long
phrases (set sentences be no longer than 50 words);
3. Try to avoid ironic and sarcastic text where the intended sentiment is
reversed. For example, sentences like the following: ! -y SU sl Ig3aal

tsdqwa ahna nakryn algmyl ) ;5 Je ) alrgal zy alfl “T believe we

are ungrateful, this man is perfect” [31], are avoided.

10.3.1 Sentiment annotation

Two methods have been used to annotate the corpus, a lexicon-based an-
notation and human annotation. The sentence is marked as positive if it
contains positive terms or negated negative terms. It is considered negative
if it contains negative terms or negation of positive terms. Any sentence
that contains a mixture of positive and negative terms or no sentiment terms
is marked as mixed or neutral.
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Lexicon Negative | Positive | Negation
LABR 348 319 37

Moarlex 13411 4277
SA lexicon 3537 855

Table 10.1: The number of terms in sentiment lexicons

In the lexicon-based annotation, we use three sentiment lexicons: the
one provided by LABR [32] which contains negative, positive and negated
terms; the Moarlex [33] and the SA lexicon [34] which contain only positive
and negative terms. Table 10.1 illustrates the numbers of terms in each
lexicon.

First, for the lexicon-based annotation we extracted 1,000 sentences from
the Shami corpus and commissioned a Levantine native speaker to annotate
them for sentiment. Then, we implemented Algorithm 2 to automatically
annotate the same 1,000 sentences. We computed the inter-annotator agree-
ment but the result was very bad, the disagreement was up to 80%. As a
result, we did not consider this method as reliable for annotation, hence we
chose to annotate the data set manually.

Result: Annotate 1,000 sentences
Build Positive, Negative, Negation lists of words extracted from the
three lexicons;
Polarity = 0;
for sentence in Shami-Senti do
count number of positive terms; Then Polarity ++;
count number of negative terms; Then Polarity ——;
check if there is a negation,Then Polarity * — 1;
if Polarity > 0 then
‘ Polarity is Positive;
else if Polarity < 0 then
‘ Polarity is negative;
else
‘ Polarity is mixed;
end

end
Algorithm 2: Lexicon-based annotation of 1,000 Shami sentences

For the human annotation method, we asked two native speakers, one
from Palestine and another from Syria, to annotate 533 sentences with 1 if
these are positive, 0 if negative and -1 if neutral or mixed sentences. Then
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we calculated the inter-annotator agreement between them using Kappa
statistics [35] giving us k = 0.838 which is a very good agreement. Since the
data was split into separate dialects, we asked the annotators to annotate
the parts that they were most familiar with, for example, the Palestinian
speaker annotated the sentences in Palestinian and Jordanian, while the
Syrian speaker annotated the Syrian and Lebanese sentences. We extracted
more than 5,000 sentences/tweets for this purpose, and have annotated
nearly 2,000 of them so far. Table 10.2 shows the number of documents per
category.

10.4 Experiments

In order to estimate the performance of the SA models, which have built
on MSA data, on DA evaluation data, we use the following two corpora in
our experiments.

e LABR [32]: this is one of the largest SA datasets to-date for Arabic. It
consists of over 63k book reviews written in MSA with some dialectal
words. LABR is available with different subsets: the authors split
it into 2,3,4 and 5 sentiment polarities with balanced and unbalanced
divisions. They depend on the user ratings to classify sentences. Thus,
4 and 5 stars ratings are taken as positive, 1 and 2 star ratings are
taken as negative and 3 star ratings are taken as mixed or neutral.
The fact that LABR is limited to one domain, book reviews, makes it
difficult to use it as a general SA model.

e ASTD [36]: it is an Arabic SA corpus collected from Twitter and
focuses on the Egyptian dialects. It consists of about 10k tweets, which
are classified as objective, subjective positive, subjective negative, and
subjective mixed.

Table 10.2 shows the number of instances of each polarity label in dif-
ferent corpora.

In all experiments, we use the same machine learning algorithms that
have been used by the LABR baseline. These are:

1. Logistic Regression (LR)
Passive Aggressive (PA)
Linear Support Vector classifier (LinearSVC)
Bernoulli Naive-Bayes (BNB)
. Stochastic Gradient Descent (SGD)

The choice is motivated as follows. LR is strong in explaining the re-
lationship between one dependent variable and independent variables [37],
while PA is suitable for large-scale learning [38]. LinearSVC is effective

oL o
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Corpus NEG | POS | Mix
Shami-Senti 935 | 1064 | 243
LARB 3 Balanced | 6580 | 6578 | 6580
LABR 2 Balanced | 6578 | 6580
ASTD 1496 | 665 738

Table 10.2: The number of instances per category in Shami-Senti and other
sentiment corpora used in our experiments

in cases where the number of dimensions is greater than the number of
samples[39]. BNB is suitable for discrete data[40], and SGD is a linear clas-
sifier which implements regularised linear models with stochastic gradient
descent (SGD) learning. It is a simple baseline classifier related to neural
networks[41].

In addition, we also use some popular linear and probabilistic classi-
fiers. Hence, we use Multinomial Naive-Bayes (MNB), which is suitable for
classification of discrete features. The multinomial distribution normally
requires integer feature counts and it works well for fractional counts like
tf-idf [42]. We further use Complement Naive-Bayes (CNB), which is par-
ticularly suited for imbalanced data sets. CNB uses statistics taken from
the complement of each class to compute the model’s weights.! Generally
speaking, a NB classifier converges quicker than discriminative models like
logistic regression, so one need less training data. The last one is the Ridge
Classifier (RC). Its most important feature is that it does not remove irrel-
evant features but rather minimise their impact on the trained model [43].
All of the algorithms are implemented using the Scikit learn library in
Python [44] .

10.4.1 Three class sentiment classification

We start with the baseline from LABR, and use the 3-class balanced data
set. Table 10.3 states the number instances of each polarity class for both
training and testing. The baseline method from LABR uses the language
model to predict the polarity class. We conduct two experiments: one with
unigrams, and one with both unigrams and bigrams. We build the models
by transforming the data into a numerical vectors using the Term Frequency
vectorize method. First, a Language Model is built by extracting unigrams
and bigrams from the dataset and computing their term-frequencies to cre-
ate the two models, the unigrams, and the combined unigrams and bigrams.
Then, every sentence goes through a classifier which produces a probability

Lhttps:/ /scikit-learn.org/dev/modules/naive _bayes.html
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Positive | Negative | Mix
Train 4936 4935 4936
Test 1644 1643 1644

Table 10.3: The number of instances per category in balanced LABR3

. Accurac Accurac
Classifier TF wgl Y TF_wgliQ
Logistic Regression 59 99
Passive Aggressive 54 58
Linear SVC 57 58
Bernoulli NB 35 34
SGD Classifier 59 59

Table 10.4:  Accuracy of the baseline on LABR3 (Tf-wg : is the Term
Frequency on Word grams)

of the class the sentence belongs to. Table 10.4 shows the accuracy of the
classifiers on the test set trained on the 3-class balanced LABR. The uni-
gram and bigram TF method is doing marginally better than the unigram
language model, particularly with the PA classifier. The four classifiers
achieve an accuracy between 58% and 59% to classify MSA sentences. BNB
is the worst performing classifier with 35% and 34% accuracy respectively.
The reason for this might be that we have a large number of features (i.e.
individual words) and since BNB models are counting the words that are
not present in the document they do not perform well.

MSA has been researched more from an NLP perspective than DA, and
therefore several sentiment analysis approaches have been built for it. The
question we want to ask, is whether we can apply these NLP approaches
directly on DA or new resources and models are required for DA. We, thus,
test the reliability of models that are built on MSA data and adapt them to
DA data. Here, we test the baseline bigram TF model on the test part of the
Shami-Senti corpus. Table 10.5 shows the accuracy from this experiment
where we trained the baseline by LABR3 and tested it using Shami-Senti.
The accuracy is significantly worse, with a drop of more than 10%. The
table also shows the accuracy of the baseline when we trained and tested it
on Shami-Senti. The highest accuracy was 65% using SGD classifier.

Given the baseline model’s poor performance on DA, we build a new
SA model. This model also depends on language modelling, where we use a
combination of both word-level and character-level n-grams. After several
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Training Dataset
Classifier LABR3 | Shami-Senti
Logistic Regression 46 62
Passive Aggressive 43 64
Linear SVC 44 64
Bernoulli NB 11 48
SGD Classifier 45 65

Table 10.5: Accuracy of the baseline TF wgl+2 trained on LABR3 and
Shami-Senti and tested on Shami-Senti

Classifier Model 1 | Model 2
Ridge Classifier 57 59
Logistic Regression 59 60
Passive Aggressive 55 58
Linear SVC 57 59
SGD Classifier 59 60
Multinomial NB 57 59
Bernoulli NB 49 49
Complement NB 57 59

Table 10.6: Accuracy of the proposed model trained and tested on LABR3;
Model 1: unigram word level with (2,5) character grams; In Model 2 (uni-
gram,bigrams) word level with (2,5) character grams

experiments, we observe that a language model that combines features of
word-level unigrams and bigrams with character-level n-grams from 2 to 5
gives the best accuracy. We test eight different machine learning algorithms
to predict sentiment classification.

Table 10.6 shows the accuracy of our model on the LABR 3-class bal-
anced dataset. In Model 1, we test using only unigram words and character
grams from 2 to 5, while in Model 2 we add an extra bigram word-level to
Model 1. The SGD and LR classifiers give the highest accuracy 60% on
Model 2 which is slightly higher than the base line where it was 59%. In
all experiments later we will refer to Model 2 as our proposed model. We
test this model which was trained on LABR 3 on Shami-Senti. Table 10.7
shows the results. The model is not performing well on DA achieving an
accuracy of 50% using the SGD classifier. This indicates that MSA models
are not transferable to DA.

We also train the selected classifier configurations on the Shami-Senti
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Classifier Accuracy
Ridge Classifier 43
Logistic Regression 46
Passive Aggressive 43
Linear SVC 45
SGD Classifier 50
Multinomial NB 40
Bernoulli NB 44
Complement NB 42

Table 10.7: Accuracy of the proposed model trained on LABR3 and tested
on Shami-Senti

Classifier Accuracy
Ridge Classifier 69
Logistic Regression 67
Passive Aggressive 68
Linear SVC 69
SGD Classifier 68
Multinomial NB 71
Bernoulli NB 71
Complement NB 71

Table 10.8: Accuracy of the proposed model 3-class classification trained
and tested on Shami-Senti

corpus (Table 10.8). NB algorithms give the highest accuracy with 71%,
while the differences between the classifiers are marginal. We train the
model using 1,000 samples and get an accuracy of 69% by MNB which
indicates that increasing the size of the data set has a significant impact on
the model accuracy.

10.4.2 Binary Sentiment classification

The accuracy obtained for the 3-class classification is not very high. This
seems to be, at least partly, because the mixed class contains both positive
and negative examples which makes the classification task difficult. LABR
considers a 3-star rating as a mixed or neutral class. This is not very
accurate since, in some cases, users use this rating as negative, while in
others as somewhat positive. Table 10.9 shows three samples from the third
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Sentence Polarity
Ara “w\ am SV Lnaay g SOl s g iSgnal LI amy bd alklmat astwgftny wiitny afkr.wbdha alahr gy abtsm.
Arabic - I3 - N e
L 3 ook iy sl ) 3 321 Sam andly walbd @y agrq fy aldhk. astqt Ihda alashob fy alktabh Posi
Some words stopped me and made me think. ositive
English | Some of them made me smile. And some made me
drowned in laughter !!! T missed this method in writing,

Arabic | 31 5o AT 4ol i2 6T oSy 5wt o8 K alktab lys bsy wlknh atar dgh dlanyh aktr mn allazm

The book is not bad but it has too much publicity

more than it deserves

Arabic | Gyl ol Lo anyy Aty Gapmey 0 Whoolis L) 56U balkad akmitha tfasylha ktyrh wmbhmh wmmih wbd gda asbh balkwabys

Mix
English

Barely completed, the details are many, opaque, Negative

boring and very ugly like nightmares

English

Table 10.9: Examples annotated as neutral in LABR3 and the corrected
polarity

neutral class in LABR that we consider should potentially belong to different
classes.

We reduce the classification to a binary classification task, by focusing on
the positive and negative classes only. Using the LABR, we build a baseline
with bigram word counts and another model based on term frequency of
unigram and bigram words. After that, we build a unigram and bigram
TF words model and a (2-5) TF character model (the proposed model) and
apply the LABR 2 classes dataset. The accuracy for the three models, in
addition the accuracy of the same models tested on Shami-Senti are shown
in Table 10.10.

counting 2g TF wg 142 OUR Model
Classifier LABR | Shami | LABR | Shami | LABR | Shami
Ridge Classifier 78 53 81 54 83 57
Logistic Regression 80 57 80 56 82 58
Passive Aggressive 78 53 81 53 82 56
Linear SVC 78 55 81 55 83 58
SGD Classifier 80 53 82 54 83 56
Multinomial NB 78 52 80 53 82 55
Bernoulli NB 76 48 76 47 74 48
Complement NB 78 51 80 53 82 55

Table 10.10: Accuracy for binary classifiers with different feature sets
trained on the LABR2 dataset and tested on LABR2 and Shami-Senti

We also test the transfer of models between different dialects. We train
the classifiers with the proposed configurations to build a model on the
ASTD corpus that contains Egyptian dialect data, and test it on both the
ASTD and the Shami-Senti corpus. The results are shown in Table 10.11.
The proposed model gives an accuracy up to 83% using linear classifiers like
SVC and SGD when it is trained and tested on MSA LABR data set, while
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Testing Dataset
Classifier ASTD | Shami-Senti
Ridge Classifier 81 55
Logistic Regression " 55
Passive Aggressive 82 57
Linear SVC 81 56
SGD Classifier 82 56
Multinomial NB 83 57
Bernoulli NB 82 58
Complement NB 82 58

Table 10.11: Accuracy of the proposed model on binary classification trained
on ASTD and tested on ASTD and Shami-Senti

it gives an accuracy up to 58% when it is tested on Shami-Senti. We also
get an accuracy of 83% when we train and test the model on the ASTD
corpus and using an MNB classifier and 57% accuracy when we test it on
Shami-Senti.

Models which are trained and built on MSA data can not fit well in
dialectal data, even though both of them are considered similar languages.
The accuracy for any model tested on Shami-Senti does not exceed 60%
(Table 10.10 and Table 10.11) in all experiments. Table 10.12 shows that the
model works better for binary sentiment classification with 74% accuracy
using MNB, when the model is trained and tested on Shami-Senti. The
high accuracy could be due to the quality of the data and human performed
annotations. The high accuracy achieved (83%) on both LABR and ASTD
indicates that increasing the size of the corpus improves the classification
task.

10.4.3 Feature engineering

In order to improve 3-class sentiment classification, we consider adding more
features to the language model. The classifiers with the new features are
applied to both the LABR and the Shami-Senti corpus. Based on the three
lexicons, (LABR, Moarlex and SA lexicon) we count the number of positive
and negative terms in the sentence, and then calculate their probability
using Equation 10.1 and 10.2. In addition, we use an additional binary
feature to indicate if the sentence contains a negation term or not.

#pos_terms_in_the sentence

P(POS) =
( ) total length

(10.1)
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Classifier 2 classes
Ridge Classifier 73
Logistic Regression 74
Passive Aggressive 73
Linear SVC 73
SGD Classifier 73
Multinomial NB 74
Bernoulli NB 72
Complement NB 75

Table 10.12: Accuracy of the proposed model on binary classification trained
and tested on Shami-Senti

#neg terms _in_the sentence
total length

The three extra features and the word and character n-gram features are
combined through the FeatureUnion estimator function in scikit-learn ? to
build and train the models. After many trials we chose to specify the weight
of the transformer matrix to 0.4 for the positive feature, 0.2 for the negative
feature, 0.4 for the negation feature and 2 for the language model features.
The weight for the language module feature is doubled in order to increase
their impact. Table 10.13 shows the result for the SGD and MNB classifiers
on both the MSA and Shami corpus. On the MSA data set we get an
accuracy of 58.1% and 58.2% using SGD and MNB respectively, which is
not a valuable improvement compared to the results in Table 10.4. On
the dialectal data set, the accuracy of the SGD classifier is decreased from
68% in Table 10.8 to 66%. We hypothesise that this is because of the
lexicon which includes primarily MSA terms and Egyptian terms rather than
Levantine sentiment terms so the probabilities of features are less accurate.
Even though, MNB is still able to improve the classification accuracy from
71% to 75.2%.

The effect of feature engineering has more effect on the dialectal data,
as the size of the dataset plays an important rule. Adding more informative
features to a small dataset help the system to learn and predict the correct
class.

P(NEG) =

(10.2)

10.4.4 Deep learning models

Deep learning has emerged as a powerful machine learning technique and
has already produced state-of-the-art prediction results for SA [45, 46, 47].

2https:/ /scikit-learn.org/0.18 /modules/pipeline.html
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F.Eng
Classifier LABR | Shami
SGD Classifier 58.1 66
Multinomial NB | 58.2 75.2

Table 10.13: Accuracy of two classifiers using feature engineering on 3-class
classification task

Accuracy
Experiment name | LABR | Shami-Senti
LSTM(100) 42 64.7
BiLSTM(200) 41.3 61.8

Table 10.14: Accuracy of deep learning models 3-class LABR and Shami-
Senti

In this section, we conduct a small experiment implemented using the Keras
library to test two standard deep learning models to classify sentiment in
our datasets.

The first model is a Long Short-Term Memory (LSTM) model. It con-
sists of:

1. an embedding layer with max_features (MF) equal to the maximum
number of words (7000), weighted matrix which is a 7000 * 100 matrix
extracted from Aravec, a pre-trained Arabic word embedding model
[48], and max_lenght = 50 as the maximum number of words in each
sentence;

2. an LSTM layer with an output of 100 and 50% of dropout rate;

3. a dense layer with an output of 30 followed by a final sigmoid layer
with 3 sentiment classes.

The second model, BiLSTM(200), uses a Bidirectional LSTM layer with
an output of 200 rather than an LSTM layer with an output of 100. We
train the model using the Adam optimiser and a batch size of 50. We train
the two models on the LABR3 balanced corpus. In addition, we do the
same experiments on Shami-Senti. Table 10.14 shows the results for both
datasets.

The test accuracy, in general, is not at the desired level. It is clear
that feature-based machine learning classifiers outperform deep learning
networks.
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10.5 Conclusion and future work

In this paper, we have investigated different ML algorithms and built a
model for SA that combines word n-grams with character n-grams, in ad-
dition to other supportive features. The model outperforms the baseline
on both big and small datasets, and gets an accuracy of 83% for MSA and
75.2% for Shami-Senti. What is more important, we have shown that using
a model trained on MSA SA data and then testing it on dialectal SA data,
does not produce good results. This suggests that MSA models cannot be
easily, if at all, used in dealing with DA. There is, thus, a growing need
for the creation of computational resources, not only for MSA, but also for
DA. The extent of this need, and whether some resources can be re-used up
to some point, is something that needs to be further investigated. In the
case we have been looking at in this paper, it seems that the existing MSA
approaches will not be very usable when thrown at dialectal data. It goes
without saying that the same situation holds when one tries to use computa-
tional resources used for a specific dialect of Arabic to another one, modulo
the closeness (in some computational measure to be defined) between the
two varieties.

In the future, we plan to continue our work on the annotation of the
Shami-Senti corpus exploiting more automatic ways and aiming at enhanc-
ing it in terms of size, quality and distribution. Omnce this happens, we
plan to investigate the application of the same deep learning models used
in this paper, as well as more sophisticated ones. On a similar note, we are
currently working on using more sophisticated deep learning models for the
same sized dataset we have been using in this paper. This is part of a more
general question of using deep learning with small datasets: whether such
an endeavour is possible, and if yes, what are the techniques and network
tweaks that make this possible.
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Study 5: Investigate the performance of Deep
Learning methods for Dialectal Arabic
Sentiment Analysis

Kathrein Abu Kwaik, Motaz Saad, Stergios Chatzikyriakidis, and Simon
Dobnik. "LSTM-CNN Deep Learning Model for Sentiment Analysis of
Dialectal Arabic.” In International Conference on Arabic Language
Processing, pp. 108-121. Springer, Cham, 2019.

In this paper we investigate the use of Deep Learning (DL) methods for
Dialectal Arabic Sentiment Analysis. We propose a DL model that com-
bines long-short term memory (LSTM) with convolutional neural networks
(CNN). The proposed model performs better than the two baselines. More
specifically, the model achieves an accuracy between 81% and 93% for bi-
nary classification and 66% to 76% accuracy for three-way classification.
The model is currently the state of the art in applying DL methods to
Sentiment Analysis in dialectal Arabic.

Keywords: Sentiment Analysis, Arabic Dialects, Deep Learning, LSTM,
CNN

11.1 Introduction

With the emergence of social media, large amounts of valuable data become
available online and easy to access. Social media users discuss everything
they care about through blog posts or tweets, share their opinions and show
interest freely; while they do not actually do it in person. We read about
political debates, social problems, questions about a particular product,
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etc. Companies also use social networks to promote their products and ser-
vices, and explore people’s opinions to improve their products and services,
thereby generating a huge amount of data. In this context, the need for an
analytical tool that can process the users data and classify them in terms
of sentiment polarities is increased and become a necessity.

Sentiment analysis (SA) or Opinion Mining (OM) is the task of de-
termining and detecting the polarity/opinion in a given piece of text and
classifying it into positive, negative or neutral and in some fine grained cases
also a mixed class. English and other European languages have been ex-
plored in the majority SA tools and research; recent efforts extend the focus
to other low-resources languages such as Arabic and dialectal Arabic.

Arabic is one of the five most spoken languages in the world, spoken by
more than 422 million native speakers!. The situation in Arabic is a classic
case of diglossia, whereby the written formal language differs substantially
from the spoken vernacular [1, 2]. Modern standard Arabic (MSA) is heavily
based on Classical Arabic and constitutes the official written language used
in government affairs, news, broadcast media, books and education. MSA
acts as the lingua franca amongst Arabic native speakers [3]. However,
the spoken language (collectively referred to as Dialectal Arabic) widely
varies across the Arab world. Moreover, there is neither standard written
orthography nor formal grammar for these dialects.

To predict the sentiment of an Arabic piece of text, the majority of the
works rely on Machine Learning (ML) algorithms like Linear Support Vector
Classification (LinearSVC), Multinomial Naive Bayes (MNB) and others
[4, 5, 6, 7, 8, 9]. Even though these classifiers are very easy to implement
and achieve good results, they require a lot of feature engineering before
applying the data to the classifiers. Therefore, work in Arabic sentiment
analysis still depends heavily on the morphological and syntactic aspects of
the language, such as POS tagging, word stemming, the sentiment lexicons
and other hand-crafted features. It was in these areas that there have been
several improvements in detecting sentiment.

After the remarkable improvement brought about by Deep Learning
(DL) over the traditional ML approaches, researchers tend to investigate
and explore the performance of the deep neural networks in analysing dif-
ferent kinds of Arabic texts and extract features for some NLP tasks such
as: Language Identification, Text Summarising, Sentiment Analysis and so
on [10, 11, 12].

In this paper we introduce a deep neural network which combines Bi-
directional Long-Short Term Memory Networks (Bi-LSTM) with Convolu-
tional Neural Networks (CNN) to predict the polarity of a text and classify

Lhttp://www.unesco.org/new/en/unesco/events/ prizes-and-
celebrations/celebrations/international-days/world-arabic-language-day-2013/

176



11.2. RELATED WORK

it as either having positive or negative polarity. We exploit some available
Arabic sentiment datasets: LABR [13], ASTD [14] and Shami-Senti [15]
with different sizes and different dialects. Our system outperforms the state-
of-the-art deep learning models for particular datasets like ASTD [16] with
improvements on smaller datasets.

The paper is organised as follows: Section 2 gives a brief review of exist-
ing work that uses deep learning for Arabic Sentiment Analysis. In Section
3 we briefly discuss the deep learning architectures and we experiment two
baselines: a simple LSTM model and the Kaggle model which uses a com-
bination of LSTM and CNN layers, In Section 4, we propose our model and
show that it outperforms both baselines, and achieves state-of-the-art re-
sults for DL models. Finally, In Section 5 we conclude and discuss directions
for future work.

11.2 Related Work

Sentiment Analysis is usually considered a supervised classification task,
where the texts are classified into two or more sentiments classes by provid-
ing a dataset with the text and the sentiment label. The common approach
in SA is the use of ML through language modelling and feature engineering.

Most of the SA techniques in Arabic use words and character n-gram
features with different representation settings and different classifiers [17,
13, 18, 19]. In some cases, ensemble classifiers are used [20, 21]. Moreover,
sentiment lexicons are additional and valuable sources of features that have
been used to enrich features for SA [22, 23, 24, 25].

In [26], the authors introduce a subjectivity and sentiment analysis sys-
tem for Arabic tweets by extracting different sets of features such as the
form of the words (Stem, Lemma), POS tagging, the presence of the senti-
ment adjective and the Arabic form of the tweet (MSA or DA), in addition
to other Twitter-specific features such as the userID (person, organization)
and the gender of the user. In [8] a language model is built and different
machine learning classifiers are used to handle tweets in MSA and Jorda-
nian.

An early deep learning framework for Sentiment Analysis for Arabic
is proposed in [27]. The authors explore several network architectures
based on Deep Belief networks, Deep Auto Encoder and the Recursive Auto
Encoder. The authors there do not mention the range of labels of the
polarity classification. They use The Linguistic Data Consortium Arabic
Tree Bank (LDC ATB) dataset and show that the model outperforms the
state of the art models on the same dataset by around 9% in terms of
F-score. They get an accuracy of 74.5%.
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Baly et al. [28] build a deep learning model to detect the polarities
of tweets in a 5-scale classification that ranges from very negative to very
positive. They retrieve tweets from 12 Arab countries in 4 regions (the Arab
Gulf, the Levant, Egypt and North Africa). They collect 470K tweets. Their
deep learning model consists of an embedding layer followed by an LSTM
layer. Pre-trained word embeddings are applied using the skip-gram model
from Word2Vec. The authors investigate the performance of their model on
different morphological forms (lemma and stem). They achieve an accuracy
of 70% for the Egyptian tweets and lemma embeddings while for UAE tweets
they get 63.7% accuracy .

Soumeur et al. [29] investigate the Sentiment Analysis in the Algerian
users’ comments on various Facebook brand pages of companies in Algeria
. They collect 100K comments written in Algerian, but they only annotate
25K comments as positive, negative or neutral. They apply a CNN as
a feature extractor and transformation network. Their model consists of
three type of layers, three CNN layers each with 50 filters and 3 kernel
size, followed by pooling layers and the fully connected layers to predict the
sentiment of the comment. Their model achieves an 89.5% accuracy.

SEDAT, a sentiment and emotion analyser model, was built in [30]
using Arabic tweets. Word and document embeddings in addition to a set
of semantic features are used. All the extracted features into CNN-LSTM
networks followed by a fully connected layer are applied. The data has
been obtained from the public datasets for SemEval2018 (Task 1: Affect
in Tweets), which has a size of nearly 7K tweets. The authors further
calculate Spearman’s correlation coefficient over the baseline models which
they outperform with 0.01-0.02 points of difference.

Recently, an ensemble deep learning model was proposed in [16]. There,
the authors combine CNN and LSTM models to predict the sentiment of
Arabic tweets exploiting Arabic Sentiment Tweets Dataset (ASTD). The
model outperforms the state-of-the-art deep learning model’s Fl-score of
53.6%, as they achieve an accuracy of 65% and an Fl-score of 64.46%.

11.3 Deep Learning Baselines for Sentiment
Analysis

In this section we present two baseline DL systems for dialectal sentiment
analysis. But first, we will talk about the word representation and Deep
learning network architectures briefly, in the following subsections.
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11.3.1 Word representation

Although word embedding vectors are easy to train, there are many pre-
trained word vectors that were trained on a large amount of textual data.
In this work we use Aravec, which is Arabic pre-trained word embeddings
[31]. The Aravec are pre-trained using large data from multiple source like
Twitter and Wikipedia and implemented by Word2Vec [32]. Each sam-
ple/sentence is replaced by a 2D vector representation of dimension n x d,
where n is the number of words in the sentence and d is the length of the em-
bedding vector. After many trials we decided to apply the Aravec-CBOW
model of dimension d = 300.

11.3.2 LSTM network

The traditional Continuous Bag of Word model (CBOW) allows to encode
arbitrary length of sequence inputs as fixed-size vectors, but this disregards
the order of the features in the sequence [32]. In contrast, Recurrent Neural
networks (RNN) represent arbitrary-sized sequences in a fixed-size vector
as CBOW, while they pay attention to the structure of the input sequence.
Special RNNs with gated architecture such as LSTMs have proven very
powerful in capturing statistical regularities in sequential inputs [33].

LSTM is the first network that introduces the gating mechanism and is
designed to capture the long-distance dependencies and solve the problem
of vanishing gradients [34]. While the LSTM is a feed-forward network that
reads the sequence from left to right, the Bidirectional LSTM (Bi-LSTM)
connects two layers from opposite directions (forward and backward) over
the same output. The output layer receives information from both the
preceding sequence (backwards) and following sequence (forward) states
simultaneously. It is thus very useful when the context of the input is
needed, for example when the negation term appears after a positive term
[35].

11.3.3 Convolutional Neural Networks

Convolutional Neural Networks (CNN) are feature extractor networks that
are able to detect indicative local predictors in a large structure [36]. They
are designed to combine these predictors to produce a fixed sized vector
representation that captures and extracts the most informative local aspects
for the prediction task.

For text classification, we use a 1D-CNN, a well known CNN architecture
for dealing with sequences. It uses a convolution layer with a window size
k that is able to identify the indicative k-grams in the input text, and then
act as an n-gram detector [33]. Every CNN applies a nonlinear function
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called a filter, which transforms a window of size k into scalar values. After
applying a multi-filter, the CNN produces m vectors, where each vector
corresponds to a filter. Thus, a pooling task is required to combine all of
the m vectors into a single m dimension vector. Generally, CNNs focus
more on the informative features and disregard their locations in the input
text [37, 35].

11.3.4 Datasets

We use the following corpora in our experiments (the characteristics of these
corpora are presented in Table 11.1):

e LABR [13]: it is one of the largest SA datasets to date for Arabic. The

data are extracted from a book review website and consist of over 63k
book reviews written mostly in MSA with some dialectal phrases. We
use the binary balanced and unbalanced subsets of LABR, in addition
to the three-way classification subsets. In LABR, user ratings are used
in order to classify sentences. Ratings of 4 and 5 stars are taken by the
authors as positive, ratings of 1 and 2 stars are taken as negative and
3 star ratings are taken as neutral. In the binary classification case,
3 star ratings are removed, keeping only the positive and negative
labels.

ASTD [14]: it is an Arabic SA corpus collected from Twitter and
focusing on the Egyptian dialect. It consists of approximately 10k
tweets which are classified as objective, subjective positive, subjective
negative, and subjective mixed.

Shami-Senti [15]: a Levantine SA corpus. It contains approximately
2k posts from social media sites in general topics, classified as Positive,
Negative and Neutral from the four main countries where Levantine
is spoken: Palestine, Syria, Lebanon and Jordan.

Corpus NEG | POS Neutral
Shami-Senti 935 1,064 243
LABR 3 Balanced 6,580 | 6,578 6,580
LABR 2 Balanced 6,578 | 6,580
LABR 2 Un-Balanced | 8,222 | 42,832
ASTD 1,496 | 665 738

Table 11.1: The number of instances per category in the corpora used in
our experiments
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Data Preparation

We apply the following pre-processing steps on all corpora:
1. Remove special characters, punctuation marks and all diacritics;
2. Remove all digits including dates;

3. Remove all repeated characters and keep only two repeated characters,
using the algorithm from [15];

4. Remove any non-Arabic characters.

We replace every instance sentence with its corresponding word embed-
ding vector from a pre-trained AraVec model [31]. In case of words that
occur in the text but do not have an embedding in the pre-trained model,
we look for the most similar words, and use them in order to get the cor-
responding word embeddings vector. More specifically, we look that the
distance between the input word and the word in the Aravec model does
not exceed two characters either from the beginning or the end of the word.
The maximum length of every sentence is fixed to 70 words, thus we apply
post-padding with zeros to ensure that all input sentences have the same
length.

11.3.5 LSTM Baseline

This section describes our LSTM baseline. The Keras library has been used
for the implementation of all experiments [38]. After many trials we used
the Keras checkpoint function to save the best weight model. The check-
point function automatically stops training when the validation loss starts
increasing. After several experiments we decide to use the Adam optimiser
with categorical cross entropy loss function for the multi-classification task,
and RMSprop? for binary classification. The parameters we used in the
baseline model are selected after running a number of experiments playing
around with the different parameters as shown in Table 11.2. After many
experiments, the parameters that lead to the best result for the baseline are
highlighted in bold in the Table 11.2.

The first experiment we conduct uses a simple LSTM network which
consists of an Embedding Layer with pre-trained word embedding followed
by two LSTM layer with 128 and 64 output units respectively, followed by
a fully connected Relu activation layer with 100 output units and a 0.5
dropout layer. Finally, a dense Sigmoid layer to predict the labels is used.

Table 11.3 shows the results for various LSTM-BiLSTM models with dif-
ferent combinations.The LSTM — LSTM experiment is the baseline model

2https:/ /keras.io/optimizers/
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Parameter Value

Dataset split 80% train, 10% development, 10% test
Max number of features 7K, 10K, 15K, 25 K, 40K]
Embedding size 100, 300]

Embedding model CBOW, Skip-gram
Embedding trainable True, False

Max sample length 50, 70, 100]

Filter 23, 64, 128]

Kernel size 1,2,3,4,5, 6]

Pool size 1, 2,3, 4,5

Batch size 32, 50, 100, 128, 256]
Max epoch 10, 50, 100, 1000

Dropout 0.2, 0.5, 0.7

Optimiser Adam, RMSprop, SGD
Activation function Softmax, Sigmoid, Relu
LABR split (train/validation/test) 70, 10, 20

ASTD and Shami-Senti split (train/validation/test) | [80, 10, 10

Table 11.2: General parameters of deep learning models

described above, while in the BiILSTM — LSTM experiment, we change the
first layer with a BiLSTM layer. Finally, we try both BiLSTM on the data
(BiLSTM — BiLSTM). The model seems to be overfitting the data with the
accuracy being very low (less than the 50%). When we apply the baseline
model (LSTM — LSTM) on ASTD and ShamiSenti corpora we get a 53%
accuracy for both.

Dataset Experiment name Accuracy
LABR 3 LSTM — LSTM (baseline model) | 41.9%
LABR 3 BiLSTM - LSTM 42.3%
LABR 3 BiLSTM — BiLSTM 40.6%
ASTD LSTM - LSTM 53%
Shami-Senti | LSTM — LSTM 53%

Table 11.3: Accuracy of networks with two sequential LSTM /BiLSTM lay-
ers for three-way classification

Given the low accuracy on the three class task, we investigate the task
of binary sentiment classification using BiILSTM — LSTM model from the
second experiment on all of datasets (LABR, ASTD, Shami-Senti) as it
produces the highest accuracy among all the previous experiments. In the
binary task, we employ RMSprop as an optimiser with binary cross entropy
loss function. Table 11.4 shows the results.

The system achieves an unexpected result on the ASTD and LABR 2
unbalanced datasets of 68.5% and 81% accuracy respectively. Table 11.5
shows the confusion matrix for both of these datasets. Since in the ASTD
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Corpus Test
LABR 2 balanced 55.34%
LABR 2 un-balanced | 81 %
ASTD 68.5%
Shami-Senti 54.5 %

Table 11.4: Accuracy of the BILSTM — LSTM model with binary classifi-
cation task on our corpora

corpus the negative samples are approximately two-thirds the positive ones,
the model tends to predict the negative class as an output label more often
than the positive label. Similarly, in the LABR 2 unbalanced the model is
biased towards the majority class, i.e. the positive class.

ASTD corpus LABR 2 unbalanced
Predicted Predicted
Positive  Negative Positive  Negative
Actual Positive 11 45 Actual Positive 8036 505
Negative 23 136 Negative 1555 114

Table 11.5: Confusion matrix for the BILSTM — LSTM model for ASTD
and LABR 2 unbalanced corpora.

11.3.6 Kaggle Baseline

As a next step, we implement the winner model from the Kaggle sentiment
analysis competition which was build for English sentiment analysis and has
achieved an accuracy of 96%.% They used the Amazon Fine Food Reviews
dataset, which includes 568,454 reviews, each review has a score from 1 to
5. The model is illustrated in Figure 11.1 and consists of a CNN layer with
max pooling of size 2 and a dropout layer to exclude some features, followed
by one LSTM layer, and at the end, a fully connected layer to predict one
output class among 3 sentiment classes (Positive, Negative and Neutral).

| Hhemes " | ar Eatey e

|Embedding Layer —» Dropout 0.2 —» e pooling Dropout 0.2 g

| ‘ kemels) ‘ {sive 2) | sodropowy output)
— - \

Figure 11.1: Kaggle winner model

We train the model using LABR, ASTD and Shami-Senti and apply both
three-way and binary classification. The results are shown in Table 11.6.

Shttps: //www.kaggle.com /monsterspy /conv-lstm-sentiment-analysis-keras-acc-0-96
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We get a high accuracy for the LABR 2 unbalanced corpus and the ASTD
corpus, 80.6% and 70.7% respectively. Taking a look at the confusion matrix
in Table 11.7, we see that the model does not learn well. Being biased
towards the majority class every time, it is clear that the model is over-
fitting the training data.

Corpus Three-way Classification | Binary Classification
Shami-Senti 49% 52.3%
LABR 2 unbalanced 80.6%
LABR 2 balanced 53.1%
LABR 3 60%
ASTD 59.3% 70.7%

Table 11.6: Accuracy of the Kaggle model on three-way and binary senti-
ment classification

ASTD corpus LABR 2 unbalanced
Predicted Predicted
Positive  Negative Positive  Negative
Actual Positive 5 51 Actual Positive 8153 387
Negative 12 147 Negative 1591 78

Table 11.7: Confusion matrix for the Kaggle model on the ASTD and LABR
2 unbalanced corpora.

11.4 Our Model

In the previous section we have seen that using a combination of LSTM
with a CNN enhances the accuracy of the model. Given these results, we
propose a more sophisticated model than the one used in the Kaggle exper-
iments that uses several CNN layers employing different filters and kernels
to extract as many features as possible. In addition, we use a BiLSTM to
extract the features from both directions and keep track of their effects. In
contrast to the Kaggle model, in our model the BiLSTM precedes the CNN
layers. We assumed that this configuration would provide a more informa-
tive representation of the sequential structure of sentences. The results, we
get as shown in Table 11.8, seem to justify this assumption as our model
performs better than Kaggle in all datasets. Figure 11.2 shows the best
performing configuration which consists of an Embedding layer initialised
with pre-trained word embedding vectors of size 300 and a max features of
15K, followed by two BiLSTM layers of 128 and 64 output units respectively
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and 0.5 dropout. The second BiLSTM layer is fed into parallel CNN layers
with 5 region sizes (kernels) [2,3,4,5,6] and 3 filters [32,64,128] where we
employ Keras functional API to build them. Each CNN layer is followed
by Global MaxPooling layer. At the end of the CNN network we have a
concatenated layer to merger all the outputs into one dimensions vector.
This vector feeds into a fully connected Relu layer with 10 output units.
Finally, Sigmoid layer with 3 output units for three-way classification and
one binary unit for binary classification is used.

Corpus Three-way Classification Binary Classification
Our Model | Kaggle | LSTM | Our Model | Kaggle | LSTM
Shami-Senti 76.4% 49% 53% 93.5% 25.3% | 54.5%
LABR 2 unbalanced 80.2% 80.6% | 55.34%
LABR 2 balanced 81.14% 53.1% | 81%
LABR 3 66.42% 60% 41.9%
ASTD 68.62% 59.3% | 53% 85.58% 70.7% | 68.5%

Table 11.8: Accuracy of the proposed model In addition to the compar-
ing results from the two baselines on the three-way and binary sentiment
classification

Our model achieves high accuracy results for binary sentiment classifi-
cation in LABR, ASTD and Shami-Senti. The LABR 2 unbalanced dataset
again has a high accuracy of 80.2%, when we look to the confusion matrix
it is nearly the same like the one that has shown in Table 11.7. It is very
clear that the LABR 2 unbalanced dataset does not learn well due to the
data imbalance problem, which misleads the performance of the DL network
although it has a reasonable size of training data.

Table 11.9 shows the confusion matrix for the three corpora. Even
though the multi-classification results are not very high, our model out-
performs the state-of-the-art deep learning models for some corpora like
ASTD, where they achieve accuracy of 65% and F-score 64.5% [16]. In our
proposed model we get an accuracy of 68.62% and an F-score equal to 69%.
Both LABR 3 and ASTD are still suffering from the inaccurate annotation
for the third neutral class. They assign the 3 star rating to neutral senti-
ment which complicates things, given that a 3 star rating might be quite
positive or quite negative depending on a number of contextual parameters.
This problem makes it hard to achieve very high accuracy when building a
multi classification system using these corpora.

11.5 Conclusion and Future Work

In this paper we have investigated the use of Deep Learning architectures
for dialectal SA. We first started by experimenting with a simple LSTM
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Figure 11.2: Final model with BiILSTM and CNN networks

ASTD corpus Shami-Senti LABR2 Balanced
Predicted Predicted Predicted
Pos Neg Pos Neg Pos Neg
Pos 46 18 Pos 94 4 Pos 561 | 80
Actual | o0 13138 Actual | o0 —9 93 Actual | oo 168 506

Table 11.9: Confusion matrix for the proposed model in the ASTD, Shami-
Senti and the LABR 2 balanced corpora

architecture on three dialectal SA datasets with poor results. We then took
an off-the-shelf SA model that uses a combination of an LSTM and a CNN,
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i.e. Kaggle, and observed a better performance. Finally, we proposed our
own model, which is a more elaborate BiLSTM — CNN with more convo-
lutional layers, and obtained state-of-the-art results on the datasets that
DL approaches have been previously applied to (i.e. the ASTD). In gen-
eral, the results are promising but there is definitely room for improvement,
especially on the threeway classification task.

One of the things that we would like to try in the future is the use
of word embeddings specifically trained for the SA task, as well as even
more complex DL architectures, for example those that use an attention
mechanism. Another thing we want to do is to increase ShamiSenti’s size,
so that it is size-wise comparable to LABR3. It will then be possible to
check whether the quality of the data will help the model obtain better
accuracy scores, and furthermore check the effect of data size on the model’s
performance.
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Study 6: Investigate Distant supervision and
Self training approaches on Dialectal Arabic
Sentiment Analysis

Kathrein Abu Kwaik, Stergios Chatzikyriakidis, Simon Dobnik, Motaz
Saad, and Richard Johansson. "An Arabic Tweets Sentiment Analysis
Dataset (ATSAD) using Distant Supervision and Self Training." In
Proceedings of the 4th Workshop on Open-Source Arabic Corpora and
Processing Tools, with a Shared Task on Offensive Language Detection, pp.
1-8. 2020.

As the number of social media users increases, they express their thoughts,
needs, socialise and publish their opinions. For good social media sentiment
analysis, good quality resources are needed, and the lack of these resources
is particularly evident for languages other than English, in particular Ara-
bic. The available Arabic resources lack of from either the size of the corpus
or the quality of the annotation. In this paper, we present an Arabic Sen-
timent Analysis Corpus collected from Twitter, which contains 36K tweets
labelled into positive and negative. We employed distant supervision and
self-training approaches into the corpus to annotate it. Besides, we release
an 8K tweets manually annotated as a gold standard. We evaluated the
corpus intrinsically by comparing it to human classification and pre-trained
sentiment analysis models. Moreover, we apply extrinsic evaluation meth-
ods exploiting sentiment analysis task and achieve an accuracy of 86%.
Keywords: Sentiment Analysis, Distant Supervision, Self Training
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CHAPTER 12. STUDY 6: INVESTIGATE DISTANT SUPERVISION
AND SELF TRAINING APPROACHES ON DIALECTAL ARABIC
SENTIMENT ANALYSIS

12.1 Introduction

Companies and businesses stakeholders reach out to their customers through
Social Media not only for advertising and marketing purposes, but also to
get customer feedback concerning products or services. This is one of the
main reasons that sentiment analysis applications have become increasingly
sought out by the industry field. Even though sentiment analysis programs
are widely used in the commercial sector, they have many other impor-
tant uses, including political orientation analysis, electoral programs and
decision-making. Sentiment Analysis is the process of automatically mining
attitudes, opinions, views and emotions from the text, speech, tweets using
Natural Language Processing (NLP) and machine learning [1]. Sentiment
analysis involves classifying opinions into different classes like positive, neg-
ative, mixed or neutral. It can also refer to Subjectivity Analysis, i.e. the
task of distinguishing between objective and subjective text.

There are so many Arabic speakers in the world and they speak different
varieties of Arabic depending on the region but with only one variety that
is standardised namely, Modern Standard Arabic MSA. Social media is
prevalent and it is particularly this domain where the local varieties are
used and for which the resources are most limited. The total number of
monthly active Twitter users in the Arab region is estimated at 11.1 million
in March 2017, generating 27.4 million tweets per day according to weedoo.!
Arabic, especially dialects, still looking for more efficient resources that can
be used for the needs of NLP tasks.

One of the biggest challenges in the construction of Arabic NLP resources
is the big variation found in Arabic language where there are Modern Stan-
dard Arabic (MSA), Classical Arabic (CA) and the dialects. This has the
result, that, in some tasks, it might be necessary to build stand-alone re-
sources for each individual variation where the available tools have been
built for MSA can not be adapted for dialects and vice-verse [2]. In ad-
dition, building resources requires sufficient time and funding to produce
highly efficient resources. Moreover, deep learning NLP methods require a
huge amount of data. As a result of the unique Twitter features that are
widely used to express opinions, views, thoughts and feelings, we therefore
present Arabic Tweets Sentiment Analysis Dataset (ATSAD) contains 36k
tweets classified as positive or negative.

The contributions of this paper can be highlighted under two headings:
a) resource creation and b) resource evaluation. Regarding resource cre-
ation, we introduce a sentiment analysis dataset collected from Twitter,
and as for resource evaluation, we introduce a method that combines the
distant supervision approach with self-training to build a dataset that satis-

Thttps://weedoo.tech /twitter-arab-world-statistics-feb-2017/
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fies the size and quality requirements. In order to annotate a large number
of tweets, we employ the distant supervision approach where the emojis are
used as a weak noisy label. We manually annotate a subset of 8k tweets of
the dataset and offer it as gold standard dataset. In order to improve the
quality of the corpus, we apply the self-training techniques on the dataset
and combine it with the distant supervision approach as a double check ap-
proach. Using our proposed double check approach, we achieve an accuracy
of 86% on the sentiment analysis task. The dataset is available online for
research usage.?

The rest paper is organised as follows: Section 2 reviews some related
works in term of sentiment analysis and social media resources. In Section
3, the challenges of processing Twitter text are presented and in Section 4,
the details of collecting and creating the tweets dataset are presented. We
evaluate the dataset in Section 5. Sections 6 and 7 are the conclusion and
future work sections respectively.

12.2 Related Work

Arabic Sentiment analysis (ASA) has received considerable attention in
terms of resource creation [3, 4, 5, 6]. These resources are collected from dif-
ferent sources such as (blogs, reviews, tweets, comments, etc.) and involve
a mix of Arabic vernacular and classical Arabic. Furthermore, they have
been used extensively in research on SA for Arabic such as [7, 8, 9]. Most
NLP work on SA uses machine learning classifiers with feature engineer-
ing. For example [10, 11] used machine learning classifiers on polarity and
subjectivity classifications. However, recent papers [12, 13, 14| investigated
the use of Deep Neural Networks for Arabic sentiment analysis. Most of
the datasets are collected from web blogs and customer reviews. Some are
manually annotated following a specific annotation guidelines, while other
corpora like LABR [4] depend on the stars ratings done by users where the
stars are used as polarity labels, the 5 stars denote a high positive, 1 star
denotes a high negative and the 3 stars indicate the neutral and mixed label.

In the AraSenTi-tweets corpus [15], many approaches to collect the
tweets were adopted, e.g the utilisation of emoticons, sentiment hashtags
as well as the sentiment keywords. Then, the authors only keep the tweets
that have their location set to a Saudi location. The dataset is manually
annotated and sets some annotation guidelines. It contains 17573 tweets
each of which is classified to one of four classes (positive, negative, mixed
or neutral). A sentiment baseline is built depending on TFIDF and using
SVM with a linear kernel which achieved an F-score of 60.05%.

2https://github.com/motazsaad/arabic-sentiment-analysis
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In [16], the authors presented the Arabic Sentiment Tweets Dataset
(ASTD). It is a dataset of 10,000 Egyptian tweets. It is composed of 799
positive, 1,684 negative, 832 mixed and 6,691 neutral tweets. The authors
also conducted a set of benchmark experiments for four way sentiment clas-
sification as (positive, negative, mixed, neutral) and two-way sentiment clas-
sification as (positive, negative). When focusing on two-way classification,
the corpus is unbalanced and small to be useful for the two-way sentiment
analysis task.

A corpus for Jordanian tweets is also presented in [17]. The authors
collected tweets according to location, and then they filtered them to col-
lect different types of terminologies to identify Jordanian Arabic dialect
keywords efficiently. The corpus contains 3,550 Jordanian dialect tweets
manually annotated as follows: 616 positive tweets, 1,313 negative tweets,
and 1,621 neutral tweets. They conducted several experiments both with
and without stemming/rooting applying them to several models with uni-
grams/bi-grams and trying NB and SVM classifiers. The result shows that
the SVM classifier performs better than the NB classifier. The ROC perfor-
mance reached an average of 0.71, 0.77 on NB and SVM respectively on all
experiments. A similar corpus for Levantine dialects is presented in Shami-
Senti [2]. It has approximately 2.5k posts from social media sites in general
topics classified manually as positive, negative and neutral. The corpus is
still under development.

Recently, a 40K tweets dataset is presented in [18]. The authors ex-
tracted tweets written in Arabic. After that, they reprocessed the tweets
and cleaned them very carefully by two experts, they corrected every mis-
spelling words and removed all the repeating characters, in addition to the
normal cleaning steps like normalisation. The total size of the dataset is
40,000 tweets classified into positive and negative equally. The corpus is
considered a reliable resource but by manually cleaning all the data, it
turns to a very hard crafted corpus where the resulted clean corpus differ
than the real tweets, where the goal of cleaning is to normalise text and
remove spelling mistakes but keep the style of the author. This has been
normalised too much in this corpus and hence important information was
lost.

Even though in most of the Arabic tweet corpus creation procedures, the
authors used the emoticons to extract as many sentiment tweets as possible
such as [15, 19], however none of them using the emojis and the emoticons
as a sentiment label. An emoticon is built from keyboard characters that
when put together in a certain way represent a facial expression like :) ;)
:('and so on, while an emoji is an actual image®. The Stanford Twitter
Sentiment (STS), is one of the most well-known dataset for English Twit-

3https://grammarist.com /new-words /emoji-vs-emoticon /
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ter sentiment analysis [20]. The dataset provides training and testing sets.

The tweets were collected on the condition to contain at least one emoticon.

Then they automatically classified the tweets in regard to the emoticons to
positive and negative. The process resulted in a training set of 1.6 million
annotated tweets and a test set of 359 manually annotated tweets that are
used as a gold standard. The data set has been extensively used for dif-
ferent tasks related to sentiment analysis and subjectivity classification [21,
22, 23, 24]. Reface and Rieser [19] presented Arabic subsets of tweets using
emoticons, hashtags and keywords. They apply distant supervision on the
emoticons subset. After the evaluation process, they get an accuracy 95%
and 51% for subjectivity analysis and sentiment classification respectively.
They comment that emoticons can be used efficiently with subjectivity de-
tection but not for the polarity classification task.

As obvious from the previous discussion, these corpora or dataset have
lacked some aspect. They have some limitation in term of the size of the
corpus as ASTD, the number of presented dialects as AraSenti and the an-
notation procedure like LABR. We are looking for Arabic sentiment analysis
corpus that concerns the Arabic social media text and that handles multi-
ple dialects in a reasonable number of instances size to conduct experiments
and find a way to do the annotation as accurate as possible. In this pa-
per, and similarly to STS [20], we constructed a dataset based on emojis
for extracting and classifying tweets. Additionally, we manually annotated
20% of this data, which can then be used as a gold standard for any tweets
sentiment analysis task and as the test set for our corpus.

12.3 Challenges of processing text from social
media

Natural language processing must be adapted to the type of text to be
processed (formal, scientific, colloquial), but furthermore, humans differ in
the way they write in that specific type of text. This variety in writing
style has increased with the advent of social media, where people are using
their style of writing and daily conversational language to post, reply, or
tweet more often. In addition to specific idiosyncrasies of Arabic in terms
of processing, Twitter has unique features that make tweets have different
characteristics from other social media [25, 26]. Detecting sentiment in
social media text in general and Twitter in particular is a non-trivial task.
There are many challenges as follows:

e The short text length is the unique characteristics of tweets, which
can be up to 280 characters.
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e Due to the constraint on the length of the tweet (280 characters), users
tend to employ abbreviations in the tweets to make room for other
words.

e Tweets, as well as other social media text, are an example of User
Generated Content, and contain unstructured language, orthographic
mistakes, use of slang words, a lot of ironic and sarcastic sentences,
abbreviations and many idiomatic expressions.

e Analysing Arabic tweets in specific is a challenging task due to the
use of Arabic dialects in tweets which (due to the lack of standard
orthography) results to a lot of spelling inconsistencies. Moreover, the
lack of capitalisation and diacritics, as well as the usage of connected
words like 4.0‘\.3&1 inSaallh increase the complexity of processing Arabic

tweets.

e The extensive of use of misspellings Arabic result in a Data Sparsity,
that has an impact on the overall performance of SA systems. Saif
et. al; saif2012alleviating propose a semantic smoothing model by
extracting semantically hidden concepts from tweets and then incor-
porate them into supervised classifier training through interpolation
to reduce the sparseness in English tweets.

e Many Arabic tweets are verses from the Holy Quran. There prayers
to refer to different situations with different meanings are used, for
example, Ld! 3 das Lo g ol all 8" ellslisy bl mama bsta-
qlk ktyr. allh yrhmk wygmna mk fy algnh, which in English means
Mam I miss you a lot. I ask God to have mercy on you and to bring us
together in heaven, even though it ostensibly carries a positive meaning
of empathy and paradise, it carries negative feelings of longing and loss
due to death.

12.4 Arabic Tweets Sentiment Analysis Dataset
(ATSAD)

To create and build the sentiment analysis corpus or datasets, we first
build a sentiment emoji lexicon. The lexicon contains both positive and
negative emojis expressing the feelings corresponding to different senti-
ment categories. We collect the emojis as well as their indicated sentiment
from “Emojis Sentiment Ranking Lexicon" [27] which is available at http:
//kt.ijs.si/data/Emoji_sentiment_ranking/ and Emojipedia*. Then,

4https://emojipedia.org/people/emojis
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this lexicon is employed as the seed for the Twitter retrieval procedure. The
Lexicon is composed of 91 negative emojis and 306 positive emojis.

Instead of collecting tweets by hashtags or query terms we exploit the
emojis and their assigned sentiment and condition the tweet language set
to Arabic. We extracted 59k of the tweets using the Twitter API in April
2019. The corpus contains multiple dialects from all over the Arab world as
it is not geographically constrained. To automatically annotate the tweets
either as positive or negative, we use the emojis as a noisy (weak) label.
If the tweet is fetched by the positive emojis from the lexicon like © then
it is labelled as positive and the tweets fetched by the negative lexicon are
labelled as negative.

More specifically, we perform the following cleaning actions:

1. Remove all metadata generated by Twitter API like tweet id, user-
name, time, location, RT

2. Remove all special characters but not emojis
3. Remove non-Arabic characters

4. Remove links

5. Remove diacritics from the text

6. Remove duplicated tweets

Table 12.1 shows the statistics of the corpus before and after the pre-
processing phase which gives us 36K tweets.

Positive | Negative | Total | Vocabs | Words
Before | 30,607 29,232 59,839 | 95,538 | 76,2673
After | 18,173 18,695 36,868 | 95,057 | 41,8857

Table 12.1: Statistics of the Twitter sentiment analysis corpus (ATSAD)
before and after the pre-processing

12.5 Corpus Evaluation

The process of building a resource is not limited to data collection, but
it must be checked and verified in order to be trustworthy and used as a
resource. In this section, we evaluate the Tweets corpus by introducing two
well-known methodologies: Intrinsic and extrinsic evaluations.
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In intrinsic evaluation, the corpus is directly evaluated in terms of its
accuracy and quality. We check whether the rule-based annotation (simply
an emojis annotation) can be used to build a reliable corpus and use it
effectively in the desired functionality. On the other hand, in extrinsic
evaluation, the dataset is going to be assessed with respect to its impact on
an external task which in our case is the sentiment analysis model [28].

To check the quality of the corpus, we have asked two annotators, one
an NLP expert, the second an educated native Arabic speaker, to annotate
subsets of the corpus. We start with a random sample containing 180 in-
stances (1% of the data) for both positive and negative classes. When the
annotation was completed, the two annotators agreed on the 90% of the
sample.

In case of disagreement, we choose the expert annotator’s choice as the
class label. The annotation process is cumulative, in the sense that we
pick random samples every time from the corpus and ask the annotators to
annotate. For each sample we calculate the number of mismatched labels
between the emoji-based annotation and the human annotation, and we also
compute the accuracy of the emoji-based annotation by taking the number
of right classified instances divided by the total number of the sample. Table
12.2 shows the number of errors (mismatches) and accuracy for annotation
samples in the range from 1% to 10% of the corpus. Figure 12.1 plots
the accuracy results. It is clear that after manually annotating 10% of the
whole corpus, the percentage of matches tweets between the human and the
emoji-based annotation is 77.2%.

Obtaining 77.2% is not good enough to use it for a task to predict the real
sentiment of the tweets even though it is less time-consuming compared to
manual annotation. Therefore, later we are going to present a combination
method of self training and distant supervision to improve the quality of
the dataset.

Moreover, we check the quality of the corpus with pre-trained sentiment
analysis models that have been built and trained on existing datasets. The
following datasets are used in our experiments and shown in Table 12.3:

e 40k dataset [18]: as mentioned in the related work section, this is a
tweets dataset containing 40,000 instances. It is manually annotated
into positive and negative and the tweets are subsequently manually
cleaned.

e LABR [4]: a large SA dataset for Arabic sentiment analysis. The
data are extracted from a book review website and contain over 63k
book reviews written in MSA with some dialectal phrases. Given that

our corpus concerns two-way classification, we only use the binary
balanced subsets of LABR. LABR can be considered to be a human
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Sample % | Samples | #errors | Accuracy
1% 360 106 70.5%
2% 720 200 72.2%
3% 1,080 293 72.9%
4% 1,400 370 74.3%
5% 1,800 450 75%

10% 3,608 823 77.2%

Table 12.2: Human annotation accuracy compared to the emojis based
annotation. The first two columns show the percentage and number of the
sampled tweets, # _error shows the number of mismatched samples and the
Accuracy column calculates the percentage of the matches between both

annotations.
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Figure 12.1: Accuracy of dataset comparing to human annotation

annotated corpus, where the users rate books using the stars system

(1 to 5).

Ratings of 4 and 5 stars are considered positive, ratings of 1 and 2
stars negative and 3-star ratings are taken as neutral. In the binary
classification case, 3-star ratings are ignored, keeping only the positive

and negative labels.
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e ASTD [16]: an Arabic SA corpus collected from Twitter and focusing
on Egyptian Arabic. It consists of approximately 10k tweets which
are classified as objective, subjective positive, subjective negative, and
subjective mixed. We use only the positive and negative subset.

e Shami-Senti [2]: a Levantine SA corpus. It contains approximately
2.5k posts from social media sites in general topics classified manually
as positive, negative and neutral from the four main countries where
Levantine is spoken: Palestine, Syria, Lebanon and Jordan.

Corpus NEG POS
40k tweets 20,002 | 19,998
LABR 2 Balanced | 6,578 | 6,580
ASTD 1,496 | 665
Shami-Senti 935 1,064

Table 12.3: The number of instances per category in the corpora used in
our experiments

We build a model on each corpus and apply the resulting model to our
Twitter corpus. The model uses a combination of (1-3) word grams and
a LinearSVC classifier. Table 12.4 shows the accuracy of the models built
(trained and tested) on the original datasets, while the ASTAD column
shows the accuracy of the trained model when we use it to predict the class
on our Twitter dataset. It is clear that none of the models works for this
dataset and the accuracy does not exceed 60%. This is an expected result,
given that the data are from a very different domain, i.e. book reviews.
Even though both ASTD and the ATSAD share the same domain, the
ASTD only contains Egyptian dialects. In the case of the Shami corpus, it
only contains Levantine dialects with a limited number of examples (2k).
The 40k tweets model and ATSAD also share the same domain (tweets)
but the manual hard prepossessing and cleaning of the data make it hard to
predict real tweets as people post it, also the 40k corpus only has Egyptian
dialect.

Summing up, it is clear from the previous discussion that the ATSAD
is a challenge for the models trained on the available datasets that are
standardised and regularised. Therefore we have to create an ML model
that would be successful on this ATSAD. To achieve a good accuracy on
the model, then the dataset should be improved in term of the data quality
and annotation quality.
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Same corpus | ATSAD
40k tweets 79% 60%
LABR 82% 54%
ASTD 81% 59%
SHAMI-SENTTI | 84% 59%

Table 12.4: Accuracy of models trained on different SA corpora; the same
corpus column indicates the accuracy of the model when the train dataset
and the test dataset are both from the same corpus, the last column for the
accuracy when we test the models on the ATSAD

12.6 Self-training on Distant supervision Cor-
pus

Creating a good resource requires the collection of a big amount of data
that are preprocessed and annotated. The annotation is usually done by
hiring annotators and specifying annotation rules they have to follow to
produce a reasonable annotation agreement. This process is time and money
consuming. There is another approach to build a large enough dataset more
quickly. The process is called Distant supervision or weak supervision [29].

Distant supervision involves heuristically matching the contents of a
database to the corresponding text [30]. In our case, we use the emo-
jis in the tweets to work as weak labels with which we can annotate the
36K tweets automatically. Although this is sometimes not producing high-
quality dataset, it works in some tasks.

We annotate the 36k tweets by distant supervision and then extract 4k
tweets (10% of the total dataset). We ask the two annotators to label them
manually. We compute the number of agreed annotation between the human
annotation and the emojis annotation we have an agreement of 77.2%.

To use the human annotation dataset as a gold standard we extract other
4K tweets and also manually annotate them, upgrading the final manually
annotated dataset to 8k tweets of which 3705 are classified as positive, 3911
negative and 384 instances are mixed. We exclude the mixed class from our
experiments.

We build a baseline with TF-IDF unigram word model and a Linear-
SVC classifier. Moreover, we build another complex model -from some
previous work - by combining word n-grams (1-5), character n-grams (2-5)
with and without word boundary consideration [2]. The models are built for
sentiment analysis and the problem is recognised as two-way classification,
so every tweet is classified either as positive or negative. Table 12.5 shows
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the number of tweets per class for the human annotation dataset and the
remaining tweets in the emojis dataset which were weakly annotated by the
distant supervision.

Human annotated | Emojis annotated
Label Distribution

#Positive 3,705 14,468

#Negative 3,911 14,784
Train/Test Distribution

#Train _set 6,092 23,401
#Test _set 1,524 5,851
#Total set 7,616 29,252

Table 12.5: Statistics of the human annotation subset and the emojis distant
supervision subset after subtract the human dataset

We apply both the baseline and the complex model on the manually
annotated dataset and we get an accuracy of %71 and %79 respectively.
We refer to this experiment as (Manual experiment). To check again the
quality of the emojis based dataset we applied the previous model trained
on the human labels on the emojis dataset of 29k tweets to predict the label.
After testing the two models, the resulted accuracy is %63 and %76 for both
the baseline and the complex model respectively (Mixed experiment). The
mixed experiment is to some extent similar to the agreement between the
manual annotation and the emojis annotation experiment we have done first
and got an accuracy of 76% using 4k subset.

To improve the quality of the automatic annotation and therefore the
proposed tweets corpus, we will exploit the manual annotation dataset to
enhance the entire dataset. Therefore, a self-training approach is to be
employed on the data to improve the classification and increase the ac-
curacy of the annotation. Self-training is a commonly used method for
semi-supervised learning [31, 32]. The idea of Self-training is to train a
classifier with a small amount of labelled data and incrementally retrain
the classifier by adding the most confidently labelled instances that were
previously unlabelled as a new data. This process continues until most of
the unlabelled data becomes labelled [33]. We can implement a self-training
technique with little modification of the existing configuration: our dataset
is not completely unlabelled but has weak emoji-based annotations. From
the mixed model experiments, rather than extracting the instances pre-
dicted with the highest confidence, we extract instances where the model
prediction label matches the emojis label. This is the case for 22,542 out
of 29,252 tweets in the dataset. We add these tweets to the training set
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Emoji dataset

Hurnan train_set

N

4

Training

Testing

= = =
Human test_set

\“; Re-train > Test

Correctly Classified

Accuracy 86%

Figure 12.2: Self training (double-check) approach applied on the ATSAD

which consists of the human annotated dataset (6,092). Thus, to re-train
the classifier we have a total of 22,542 + 6,092 = 28,634 tweets. We call
this experiment (double check) where we combine the self training with dis-
tant supervision. The 28K tweets are now a dataset with strong supervised
labelling where the small amount of human annotation dataset and distant
supervising from emojis helps to annotate more data. We re-build both the
baseline and the complex models and retrain them on the dataset we pro-
duced from the double check experiment (28k tweets), then apply the model
to the test set from the human annotation dataset (1,524 tweets).We use
the same dataset across all the experiments in order to allow for the com-
parison. The baseline and the complex model accuracy increases to 77%
and 86% respectively. Figure 12.2 shows the diagram for the self-training
approach.

To evaluate our self-training experiment and our method to extract only
those instances where the model prediction matches the emojis annotation,
we conduct a small experiment of self-training called (Non-check) where we:

1. Use the model from the (mixed experiment) to predict the label for
the automatically labelled dataset (29k tweets).

2. Retrain the model with the human annotated training dataset in ad-
dition to the predicted labelled dataset (from the previous model).
Thus, this re-train dataset consists of 6,092 + 29,252 = 35,341 tweets.
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3. Use the manually annotated test set (1524 tweets) and use the model
to predict the sentiment.

4. The accuracy of the baseline is 70% and 81% for the complex model.

Consequently, it is clear that (i) using the emojis as a noisy label, (ii)
matching with the human annotation and (iii) apply the self training tech-
nique to annotate the dataset leads to an improvement of the data. Table
12.6 shows the performance of the models on different datasets. These are
represented as plots in Figure 12.3.

Experiment | #Train | #test | Baseline | Complex
Manual 6,092 1,524 | 71% 79%
Mixed 6,092 29,252 | 63% 76%
double-check | 28,634 | 1,524 | 77% 86%
Non-check 35,341 | 1,524 | 70% 81%

Table 12.6: The performance of the baseline and complex models on dif-
ferent datasets.

I Baseline [l Complex
90
80
>
Q
o 70
=
Q
<
. I I I
50
Human Mixed Double-check Non-check
Experiments

Figure 12.3: plotting the accuracy for all the experiments for both the
baseline and complicated models

When we were done with the experiments, we extracted all the emojis
and examined the emoji frequencies per category. We found some emojis
are shared between the positive and the negative class, such as the smiley
face with tears. We also discover that people used the black smiley face to
indicate the negative feeling more often than the positive. These emojis are
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considered tricky emojis and they decrease the quality of the annotation.
We modified our conditions by removing all the misleading emojis to collect
more accurate data. Up to now we have collected over 200k tweets. Table
12.7 views the number of occurrence for the most 10 frequent emojis per
sentiment category.

Positive Class | Negative Class
Emoji # Emoji #

1 =] 2938 | @ 4249
2 ] 1442 | @ 2178
3 L4 1303 | @ 1126
4 L 4 931 & 1070
5 _ 834 L 905
6 % 716 (] 845
7 w 662 () 619
8 - 503 & 608
9 424 & 501
10 \2 385 : 468
Total 22757 23969

Table 12.7: Number of occurrence for the most 10 frequent emojis per
category, the last row show the total number of the whole emojis in the
dataset per category

12.7 Future work

Based on our emojis analysis and the subsequent modification of the data
collection and annotation conditions, we are planning to further increase
the size of the dataset and use it for different tasks like building custom
sentiment word embeddings and to fine-tune deep learning networks.

12.8 Conclusion

To extend the limited Dialectal Arabic resources, we collected an Arabic
Tweets Sentiment Analysis Dataset (ATSAD). The corpus has been col-
lected from Twitter during April 2019 and employs emojis as seeds for ex-
traction of candidate instances. After the pre-processing, we apply distant
supervision using emojis as weak labels to annotate the entire dataset. In
addition, we commissioned two annotators to manually annotate a subset
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of 8k tweets. We evaluate the corpus by comparing the emoji-based an-
notation with the human annotation and we get an observed agreement of
77.2%. We built a sentiment analysis machine learning model with the un-
igram features as a baseline and another complex model that utilises word
grams and character grams. We exploit the human annotation dataset to
help us improve the annotation of the automatically labelled dataset by
self-training approaches. Over several experiments we achieve an accuracy
of 86%.

Using the distant supervision approaches for automatically data annota-
tion process can saves us a lot of effort, time and money. Distant supervision
is a very valuable method to annotate large number of instances automati-
cally, in our case based on emojis to denote the category. The self training
approach can be used together with a small number of manually annotated
instances to improve the quality of the automatically labelled dataset.
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Study 7: Comparing the Pre-trained language
models and the feature based approaches on
Dialect Identification and Sentiment Analysis

Kathrein Abu Kwaik, Stergios Chatzikyriakidis, Simon Dobnik
"Pre-trained models or feature engineering? The case of Arabic Dialectal
Identification and Sentiment Analysis”

Recently with the increasing usage of the Internet and social media plat-
forms especially in the Arab world, the work on Arabic Natural Language
Processing (ANLP) has been increasing. Various types of resources have
been introduced and built. In addition, researchers investigating different
ANLP tasks, as there is a great trend towards processing Arabic dialects
where dialects are the spoken and un-official language among Arabs. Lots
of models and algorithms have been utilized for the purpose of Dialectal
Arabic Natural Language Processing (DANLP), so in this paper we con-
duct a comparison study between some of the well-known and most com-
monly used methods in NLP and how they perform in different Arabic
corpora and in two NLP tasks: Dialect Identification and Sentiment Anal-
ysis. We introduce different Bidirectional Encoder Representations from
Transformers (BERT) models such as (Multilingual-BERT, Ara-BERT, and
Twitter-Arabic-BERT). Moreover, we also study the performance of tradi-
tional Machine Learning approaches with features and the usage of pre-
trained word-embeddings in Deep Learning networks like Long Short Term
memory (LSTM). We compare the results with BERT models. We find that
using feature-based classification can compete BERT models. On the other
hand, using BERT is a good solution for dialectal Arabic that can save time
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and be applied on small amounts of data.

13.1 Introduction

The last decade has seen not only the emergence and development of social
media platforms, but also, and relating to the latter, an increased interest
in the automatic processing of Arabic dialects. A number of researchers
have investigated several tasks related to Dialectal Arabic (DA) Natural
Language Processing (NLP) that range from purely theoretical issues of
syntax and morphology [1, 2] to more applied tasks like language generation
and machine translation [3, 4, 5].

Notwithstanding the interest in processing the dialects, this is still in
its developing stage and the lack of significant and valuable resources is
well-known. Nowadays, much of the NLP research handles the problem of
Dialectal Arabic by introducing and building different kind of resources,
e.g. lexicons, corpora, tree-banks and others that are usually focused on
a specific task they are addressing [6]. Dialectal Arabic resources are still
suffering from the lack of available data that would enable a full investigation
of the newly introduced Deep Learning (DL) networks on it.

Furthermore, the available works that support DA differ in terms of the
tasks they are concerned with and the datasets used, a fact that leads to
different results that are hard to compare. Some researchers and develop-
ers still support the use of traditional ML techniques in Arabic NLP given
the limited size of available corpora [7], while others try to overcome and
fine-tuned complex DL networks[8]. In case of limited size corpora, fea-
ture based ML approaches still give better results than DNNs where they
mainly depend on huge amount of data[9]. In this paper, we investigate
the performance of different approaches on DA using two NLP tasks: Di-
alect Identification (DI) and Sentiment Analysis (SA). We explore various
datasets that have different sizes, balanced and imbalanced, hand-crafted
and user-generated. In addition, we employ several features such as N-gram
language models, pre-trained word embeddings, and the recently introduced
pre-trained language model BERT [10]. For classification tasks we try tradi-
tional ML algorithms like Support Vector Machine (SVM), Fully connected
dense layers and Long Short Term Memory LSTM-DL networks. We out-
perform SOTA for Sentiment Analysis corpora. In addition, it is considered
one of the little researches that applied BERT on Dialect Identification
tasks.

The paper is organised as follows: Section 2 discusses the recently re-
lated works in DI and SA, while Section 3 introduces the datasets used
throughout the experiments. Section 4 presents the experiments, settings
and, results. Discussion Section is presented in 5, while conclusions can be
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found in Section 6.
Place licence statement here for the camera-ready version. See Sectionof
the instructions for preparing a manuscript.

13.2 Related work

As mentioned, in this paper we focus on two kinds of NLP tasks: Dialect
Identification and Sentiment Analysis. Three main approaches are pre-
sented through this research: (i) traditional ML with feature engineering,
(ii) straightforward LSTM DL architectures and (iii) pre-trained language
models.

As regards Dialect Identification, the vast majority of research uses tra-
ditional ML with feature engineering [11, 12, 13]. Recently, due to the
introduction of the MADAR corpus [14], which covers 25 Arabic dialects, a
good amount of research followed. Salameh et. al ; bouamor2019madar
presented a fine grained Dialect Identification model, where they use a
character-gram language model with Multinomial Naive Bayes (MNB) clas-
sifier to identify the label of 25 dialects. At the MADAR shared task |,
the top five ranked systems were focusing on traditional character feature
classification [15, 16, 17, 18]. All papers conclude that neural methods did
not do as well which is likely result of the limited training data. Other
researchers have turned towards straightforward DL architectures. For ex-
ample, in [19] the authors propose a deep learning CNN network based on
character feature extraction to distinguish among MSA and dialects, while
de Francony et al. de2019hierarchical, comparing two approaches for Arabic
fine-grained Dialect Identification, use an RNN (BLSTM, BGRU) with hi-
erarchical classification and the voting classifier approach based on NB and
Random Forest. In the same track, [20] try different combinations of deep
learning networks with different kinds of features on the MADAR corpus.
Both works conclude that traditional machine learning algorithms outper-
form deep learning networks arguing that this might be because of the small
size of the used corpus.

Even though most works for Dialect Identification are feature-based ma-
chine learning models, there are some works recently that investigate the
use of pre-trained language models such as BERT. In [21, 22, 23], different
Dialect Identification models based on BERT were introduced for MADAR
[24] and NADI shared tasks'.

Sentiment Analysis is a supervised classification task where any pro-
posed model should be able to classify a sentence into two or more senti-
ments classes. The dominant approach for Arabic Sentiment Analysis in

Thttps:/ /sites.google.com /view /nadi-shared-task
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the last couple of years has been the feature-based and language modelling
approach using machine learning classification algorithms like SVM, Multi-
nomial Naive Bayes Classifier and others [25, 26, 27, 28, 29]. Some works
used linguistics features such as the Stem, Lemma, POS tagging, in addition
to the Arabic variety (MSA,dialect) and some used more specific features
depending on the kind of the dataset, e.g. the userID (person, organisa-
tion) and the gender of the user found in datasets that use Twitter datal|7,
30]. However, most of the works used the language models by extracting
words and character n-grams and investigating different machine learning
classifiers [31].

Recently, researchers and developers started using the deep learning
networks for Sentiment Analysis with word embeddings and pre-trained
language models. A CNN feature extractor and transformation network
was proposed in [32] to determine the sentiment of Algerian users’ com-
ments on various Facebook brand pages of companies in Algeria, while [33]
presented an LSTM network with pre-trained word embeddings to build
a b-scale Sentiment Analysis model for 4 Arab dialects.A combination of
word and document embeddings in addition to a set of semantic features
were used in [34] for Arabic tweets. The features are applied into CNN-
LSTM networks followed by a fully connected layer. Moreover; Heikal et
al., heikal2018sentiment proposed an ensemble DL model that combines
LSTM with CNN to predict the sentiment class of Arabic tweets exploiting
Arabic Sentiment Tweets Dataset (ASTD). More recently, deep LSTM-CNN
networks were presented in [35]. They introduced their 40K-tweets dataset
which was collected from Twitter focusing on Egyptian dialects. Likewise,
[36] proposed a DL model that uses AraVec word embeddings with two
Bi-LSTMs followed by 15 parallel CNN layers.

After introducing BERT, many works built and train their dialectal
models by applying Arabic BERT as a first layer on the model instead
of word-embeddings layer. In [37], they proposed the Transformer-based
Model for Arabic Language Understanding called AraBERT. In their work
they applied AraBERT on different Dialectal Arabic NLP tasks such as
Sentiment Analysis and Question Answering tasks. Some works built their
own dialectal BERT to be able to train their models, such as DziriBERT for
Algerian dialects [38] and ARabiziBERT where Arabizi is a written form of
spoken Arabic, relying on Latin characters and digits [39].

Despite the large number of works presented in the field of ANLP on
Dialect Identification and Sentiment Analysis, it is still difficult to establish
whether using old-fashion machine learning algorithms with hard feature
engineering is better than using more sophisticated deep learning networks
with pre-trained models. This is because the accuracy or the F-score be-
tween works varies according to the corpora in use. The used datasets differ
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in terms of size or the covered dialects, classification methods, or even the
quality of the dataset. In this paper we make a comparison using the same
corpora and by applying different approaches to make a reasonable conclu-
sion about which is better for Arabic dialect NLP at the present moment
and with the present datasets available.

13.3 Dataset

We will use the following existing corpora that were used in the development
of Arabic NLP systems and compare the performance of systems using them.
For the task of Dialect Identification we use three well-known corpora as
follow:

e PADIC [4]: a Parallel Arabic Dialect Corpus (PADIC), that was col-
lected from Algerian telephone conversations, transcribed and then
translated to the other dialects. It is composed of 6,400 sentences
for each dialects. The corpus contains five dialects where two of them
present Algerian dialects (Algeria, Annaba), one from Tunisia and two
dialects from Levantine (Palestine, Syria), in addition to MSA.

e SHAMI [40]: a Levantine dialect corpus, includes 66,251 documents
which were collected from different domains such as sports, social life,
cooking, and others and it covers the four Levantine dialects. The
corpus is unbalanced in term of number of documents per dialect with
10,830, 37,760, 10,643, 7,018 for Lebanese, Syrian, Palestinian and
Jordanian respectively.

e MADAR-6 [14]: is a parallel corpus in the travel domain and cov-
ers in addition to MSA five different Arab dialects from five Ara-
bic cities: Beirut (BEI), Cairo (CAI), Doha (DOH), Rabat (RAB),
Tunisia (TUN), therefore it is called MADAR-6. The corpus is com-
posed of 10,000 documents for each dialect.

For dialectal Arabic Sentiment Analysis task we focus on binary classifi-
cation where the document is classified as either positive polarity or negative
polarity. The three used corpora are:

e ATSAD [41]: it is an Arabic Tweets Sentiment Analysis Dataset
(multi-dialects). The corpus has been collected from Twitter during
April 2019 and employs emojis as seeds for extraction of candidate
instances. It is a balanced binary corpus which was partly annotated
by human experts and then self training techniques were applied to
annotate the rest of tweets.
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e 40-K tweets [35]: An Egyptian binary balanced corpus where all the
tweets were pre-processed and cleaned manually by two experts. The
total size is 40,000 tweets.

e ASTD [42]: it is an Arabic Sentiment Tweets Dataset focusing on the
Egyptian dialect. The corpus is composed of 10k tweets classified for
objective and subjective sentiment. It is un-balanced dataset since
there are 1681 negative documents and 818 positive ones.

13.4 Experiments

In this section we describe our experiments and the proposed model for both
Dialect Identification and Sentiment Analysis on dialectal Arabic. For both
tasks, we make use of three corpora as shown in the previous section. We
split the datasets into 90% for training set and 10% for testing. The 90%
training part is further split into 80% for training and 20% for validation.
Tables 13.1 and 13.2 show the total size of the corpora in concern alongside
the number of sentences for every set: training, validation, and testing.

Dataset # Dialects | Total size | Train set | Val set | Test set
PADIC 6 33,502 25,560 6,391 3551
Shami 4 66,251 47,699 11,925 6,626
MADAR-6 6 60,000 43,200 10,800 6,000

Table 13.1: Corpora statistics for the Dialect Identification task

Dataset Total size | Train set | Val set | Test set
ATSAD 22,542 16,229 4,058 2,255
40-K tweets 40,000 28,800 7,200 4,000
ASTD 2499 1,799 450 250

Table 13.2: Corpora statistics for the Sentiment Analysis task

We investigate the performance and the differences among various ap-
proaches. Many experiments have been done, however we tried to make
the experiments as simple as possible and not to introduce a sophisticated
models. first of all we apply BERT as a pre-trained language model fol-
lowed by a classification layer. Then we compare it with a pre-trained word
embeddings (AraVec) [43] and an LSTM network. On the other hand we
investigate the performance of feature extraction language model on both
old-fashion machine learning algorithms like SVM and on a fully connected
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Dataset
TF-IDF TF-IDF BERT A
Feature extraction Feature extraction Pre-trained Wordembeddings

Language moadel Language moadel language model 9

¥

LSTM

Deep Network

SVM ,,.:"‘;‘Classiﬂcaﬁon""m_/

_classification ~ layer

Figure 13.1: Fours different approaches have been done for the classification
tasks through the experiments

classification layer. Figurel3.1 shows a diagram summarising all the exper-
iments.

In order to evaluate the performance of the proposed models; we use the
accuracy in addition to the the following two measures:

e Mathews correlation coefficient (MCC): It is used in machine learn-
ing to measure the quality of classification model [44]. It is a bal-
anced measure which could also be used for imbalanced classification
problem [45]. The MCC has a value between -1 (total disagreement
between prediction and observation) to +1 (perfect predication), 0
value indicate random prediction. MCC is calculated from the confu-
sion matrix according to equation 13.1

B TPxTN-FPxFN
V(TP +FP)(TP+FN)(TN + FP)(TN + FN)

V(ele; (13.1)

e [-score measure: is a well-known measure for classification success in
machine learning. The F-score is the arithmetic mean between the
precision and the recall [46].
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13.4.1 BERT for Dialectal Arabic

BERT or Bidirectional Encoder Representations from Transformers (BERT),
has recently been introduced by Google AT Language researchers [10]. The
main component of BERT is the Transformer which is an encoder-decoder
attention mechanism that has been build to learn the contextual relations
between sequence of words in any text and generate a language model.?
Figure 13.2 explains the high-level architecture of BERT. It takes a se-
quence of words (sub-words) as an input layer. These tokens are embedded
into vectors and then go through the transformer encoder. The output of
BERT is a sequence of vectors, where each vector presents an input token.
To apply fine-tuning on BERT for any classification task or language gen-
eration task, a fully connected classification layer with soft-max activation
function is built on top of the output vectors. Figure 13.3 shows how a
simple Sentiment Analysis classification model can be built using BERT.

v ) e ] Cws ] Cwe) [(ws
voouns 1 7 ? 1 i

[ Classification Layer: Fully-connected layer + GELU + Norm J
! [ f i ]
Lo J (e ) (o J (o ] (o ]

! i I I !

Transformer encoder

Embedding T T T T T

Lw ] [we J [w ] [owsa] [_w

i i ! ! i

W1 w2 w3 Wa Ws

(S

Figure 13.2: A high-level architecture of BERT *

As we work on Dialectal Arabic, then we use the Arabic versions of
BERT. In the top of BERT model we add a classification layer for our two
tasks which are trained separately. We use the following BERT models:

1. Multilingual-BERT®: This is the multi-lingual version of BERT, where

2For more technical details see [10].
3Source:https://mc.ai/bert-explained-state-of-the-art-language-model-for-nlp/
5Source:http://jalammar.github.io/illustrated-bert,/
Shttps://github.com/google-research/bert /blob/master /multilingual.md
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Input Output

Features Prediction

Classifier
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15%  Not Spam

Huge Inheritance

Figure 13.3: Using Bert for machine learning classification tasks like Senti-
ment Analysis °

it contains the top 100 languages with the largest Wikipedia content,
including Arabic.

2. Arabic-BERT [47]: consists of 4 models of different sizes (Large,Base,Medium,
and Mini), we use the base model for the experiments. Arabic-BERT
has been built with 8,2B words from the OSCAR data [48]| and the
recent data dump from Wikipedia.

3. AraBERT-Twitter-base [37]: AraBERT is an Arabic pre-trained lan-
guage model based on Google’s BERT architecture as well as it uses
the same BERT-base configuration. There are two versions of AraBERT
v1 and v2 where they differ in term of segmentation techniques. AraBERT-
Twitter-base is the dialectal version of AraBERTv2. It contains 60M
Multi-Dialect Tweets in addition to 200M from the AraBERTv2-base.

The same major settings are used through all the experiments in order to
get a reasonable comparison. We used Adam optimizer where learning rate
is 5e-5 and epsilon equal to 1e-8 through all the BERT models. We set the
batch size to be 32 for multi-lingual BERT and 16 for both Arabic BERT
and Twitter-AraBERT models. The preferred number of epochs for fine
tuning Multi-BERT is between 2 to 4 epochs [10], in our case 4 epochs were
the best for Sentiment Analysis, while for Dialect Identification the best
number of epochs was 10 epochs. For Arabic BERT and Twitter-AraBERT
the number of epochs is between 8 to 10 and we employ early stopping
and save the best performed epoch. We also explore some max sequence
lengths for both tasks and end up using 77 for Sentiment Analysis and 130
for Dialect Identification using the Mutli-lingual BERT, 280 and 256 for
ArabicBERT and Twitter-AraBERT respectively.

We build the first model by employing the Multi-Lingual BERT as a
basic layer, and then we have a soft max fully connected layer for classifica-
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tion purpose. Table 13.3 and table 13.4 present the output results for the
Accuracy, MCC and F-score for the two tasks.For Dialect Identification the
accuracy ranges between 0.72 to 0.89 with 10 epochs and very short training
time compared to end-to-end neural network. In case of Sentiment Analysis
we get an accuracy between 0.8 to 0.83 where the model outperforms the
state of the art result for ASTD corpus for example in the field of deep
learning |8, 36].

Data_set Accuracy | MCC | F-score
Padic 0.72 0.67 0.72
Shami 0.88 0.81 0.83
MADAR-6 0.89 0.87 0.89

Table 13.3: Results of applying Multilingual-BERT on Dialect Identification
task

Data_set Accuracy | MCC | F-score
ATSAD 0.80 0.6 0.80
40-k Tweets 0.83 0.66 0.83
ASTD 0.81 0.51 0.75

Table 13.4: Results of applying Multilingual-BERT on Sentiment Analysis
task

As Multi-Lingual model is not a model that was only built for the pur-
pose of Arabic-NLP, thus we implement the second model by the help of
Arabic-Bert. We used the basic version of Arabic-BERT and then the same
soft-max classification layer to solve the task. The three test measurements
(Accuracy, MCC, F-scores) for Dialect identification and Sentiment Analy-
sis are presented in tables 13.5 and 13.6 respectively. The accuracy for DI
models have been ranged from 0.71 to 0.80 which is less than the previous
Multi-lingual BERT model. This is may be because that the later model was
built and trained using different languages so it is easier to fine-tune it to a
task where the purpose is identifying or classifying languages or dialects. In
sentiment Analysis , the models performed better than Multilingual-BERT
where the accuracy is in range of 0.83 to 0.90.

Both Multilingual BERT and Arabic-BERT have been trained on MSA
data collected mainly from news websites and Wikipedia documents. We
conduct a third experiment to measure the performance of the model when
we use a dialectal BERT, so it is Twitter-AraBERT. Table 13.7 shows the
output test accuracy for Dialect Identification task. It is clear the the model
is the best among the BERT models have used previously. The accuracy now
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Data_set Accuracy | MCC | F-score
Padic 0.71 0.66 0.72
Shami 0.87 0.78 0.81
MADAR-6 0.80 0.76 0.80

Data_set Accuracy | MCC | F-score
ATSAD 0.93 0.87 0.93
40-k Tweets 0.83 0.66 0.83
ASTD 0.84 0.63 0.81

Table 13.6: Results of applying Arabic-BERT on Sentiment Analysis task

is in the range of (0.77 and 0.91). In table 13.8 the accuracy for Sentiment
Analysis models ranged from (0.88 to 0.97). The model outperforms the
SOTA for 40K tweets dataset [35] where they achieved an avg-accuracy of
81 using LSTM models. In addition it outperforms the SOTA for ASTD
corpus [8]. Among the three BERT models, Twitter-AraBERT is the best
performing models where the data is mostly dialectal where the BERT-base
it is mostly MSA data.

Table 13.7: Results of applying Twitter-AraBERT on Dialect Identification

task

Table 13.8: Results of applying Twitter-AraBERT on Sentiment Analysis

task

Data_set Accuracy | MCC | F-score
Padic 0.77 0.73 0.77
Shami 0.91 0.86 0.87
MADAR-6 0.91 0.90 0.91

Data_set Accuracy | MCC | F-score
ATSAD 0.97 0.94 0.97
40-k Tweets 0.91 0.82 0.91
ASTD 0.88 0.74 0.87
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13.4.2 LSTM Baseline

In order to evaluate our work, we build a simple LSTM baseline and apply
it to the corpora for the two tasks. In the LSTM baseline we employ the
AraVec which is a pre-trained Arabic word embeddings as a first layer [43],
followed by an LSTM layer with 70 nodes and a dropout of 0.25%. This is
followed by a fully connected dense layer with 30 nodes. The last layer is
also a fully connected dense layer where the output depends on the number
of classes in each task. For Dialect Identification, there are 6, 6 and 4 output
classes for PADIC, MADAR-6 and SHAMI respectively. For the Sentiment
Analysis task, it is a binary classification task. Table 13.9 shows the LSTM
baseline settings.

Max length 130 (DI), 77 (SA)
Optimiser Adam (DI), RMSprop(SA)
Word embeddings AraVec 300

LSTM nodes 70

Drop out 0.25

Dense nodes 30

Activation function | Sigmoid
Categorial _crossentrapy (DI),

Loss Binary crosentrapy (SA)
Batch size 32
Epochs up to 100, Eaarly stopping

Table 13.9: LSTM baseline network settings

We use the loss with a minimum value to monitor the model and to save
the best performance weights. Tables 13.10 and 13.11 show the results of
applying the baseline into the corpora in concern. It is clear that a baseline
LSTM with Arabic pre-trained word embeddings is not able to perform well
with dialectal Arabic NLP tasks. The accuracy does not exceed 0.6 in any
corpus. Moreover, the MCC shows zero values through all the corpora which
means that the classifier is not able to correctly classify the documents and
it is no better than a random prediction. For Shami corpus the accuracy
is high (comparing to other datasets) while the F-score is equally low 0.18,
which suggests that Shami is more imbalanced and the model is not doing
well on recall on minority classes.
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13.4. EXPERIMENTS

Data_set Accuracy | MCC | F-score

PADIC 0.17 0 0.14

Shami 0.57 0.004 0.18

MADAR-6 0.17 0 0.29

Results of applying LSTM baseline on Dialect Identification
Data_set Accuracy | MCC | F-score

ATSAD 0.52 0 0.34

40-k Tweets 0.49 0 0.33

ASTD 0.69 0 0.41

Table 13.11: Result of applying LSTM baseline on Sentiment Analysis task

13.4.3 Feature-Based Classification for Dialectal Ara-
bic

In addition to BERT and LSTM experiments we also investigate the per-
formance of traditional Machine Learning on Dialectal Arabic. An SVM
machine learning model have been built which was mainly proposed in [9]
for dialectal Arabic Sentiment Analysis. We employ the same approach for

both tasks. The models apply various n-gram features as follows:

e Word-gram features with uni-gram, bi-grams and tri-grams, the trans-

formation weight is 0.8.

e Character-gram features with word boundary consideration from bi-
grams to 5-grams and the transformation weight of 0.5

e Character-gram features without word boundary consideration from

bi-grams to 5-grams and the transformation weight of 0.4.

The results after training and testing the model are presented in Tables
13.12 and 13.13.

Table 13.12:
task

Data_set Accuracy | MCC | F-score
PADIC 0.72 0.66 0.72
Shami 0.90 0.84 0.86
MADAR-6 0.89 0.87 0.89

Results of applying the ML model on Dialect Identification
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Data_set Accuracy | MCC | F-score
ATSAD 0.96 0.92 0.96
40-k Tweets 0.84 0.67 0.84
ASTD 0.80 0.45 0.71

Table 13.13: Results of applying the ML model on Sentiment Analysis task

We further investigate the effect of feature based approach by placing a
fully connected classification layer on the top of the language model rather
than using a traditional machine learning algorithm such as SVM or NB.
The model seems like BERT, but instead of the pre-trained language model
layers we use the feature extraction language model discussed before, fol-
lowed by a classification layer. Table 13.14 and Table 13.15 show the results

for the experiment.

Table 13.14: Results of the feature-based model with fully connected clas-

Data_set Accuracy | MCC | F-score
PADIC 0.73 0.68 0.74
Shami 0.57 0 0.50
MADAR-6 0.89 0.87 0.89

sification layers on Dialect Identification task

Data_set Accuracy | MCC | F-score
ATSAD 0.96 0.91 0.95
40-k Tweets 0.82 0.63 0.82
ASTD 0.77 0.49 0.73

Table 13.15: Results of the feature-based model with fully connected clas-
sification layers on Sentiment Analysis task

13.5 Discussion

It is quite obvious that the LSTM model is the worst among all the models
with a huge evaluation gap between it and the other models. The low
performance of the LSTM network might be due to the usage of the AraVec
pre-trained word embeddings. The percentage of OOV words is high (from
30% to 70%). This makes the LSTM network does not perform well even
when the word embeddings layer is set to be trainable. The network also
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biases to the majority class and that was very clear in the case of SHAMI
which is the most unbalanced dataset among the others.

As we see from the experiments that feature-based classification methods
are competing the approach using pre-trained language models followed by
a fully connected layer. It is worthy mentioned that the features engineering
approach can still have the ability to compete deep learning models as well
as outperforming in some case. Figure 13.4 plots the accuracy for the Dialect
Identification models as well as the used corpora, while we ignore the LSTM
experiment as it is the worst and the MCC was 0. Although the results
were close to each other in some cases, however, the Twitter-AraBERT
outperforms all the models on all corpora. The Twitter-AraBERT model
and the ML models are close to each other in terms of accuracy especially
for SHAMI where it is an un-parallel corpus as well as unbalanced. It is
clear that the size of the corpus has an effect on the performance of the DI
task, for example, SHAMI and MADAR both are doing better applying ML
than PADIC, Moreover for a corpus of reasonable size, even with unbalanced
data like SHAMI, ML algorithm (SVM) has the ability to compete the pre-
trained language model. Regarding well structured and human annotation
corpora as PADIC and MADAR, therefore both feature-based approaches
do nearly the same regardless they use SVM or classification layer. Both
corpora have been handcrafted that increase the power of N-grams language
models.

Figurel3.5 plots the accuracy for the Sentiment Analysis and the applied
corpora. Twitter-Arabert is the best also over all the corpora. Sentiment
Analysis is a task that does not depend on the language as much as it de-
pends on the context where feelings are expressed. On the ATSAD corpus
which is a corpus that used the emojis as weakly labels to collect and an-
notate it, then Twitter-AraBERT performs very high. Twitter-AraBERT is
also able to deal efficiently with the problem of un-balancing datasets like
ATSD, however, it is a small size corpus. When it comes to the number
of dialects in the corpus, 40k-tweets as well as ASTD both are Egyptian
corpora, then Twitter-BERT is considered better than ML methods. In
contrast, on the multi-dialect corpus for the purpose of Sentiment Analysis
like ATSAD, then Feature-based approach with ML model is also a good
choice as much as Twitter-BERT where they achieve very close results.

Generally Speaking, It is therefore clear that applying pre-trained lan-
guage model on dialectal Arabic NLP tasks lead to reasonable results in
terms of saving time, resources and achieves a good accuracy and F-score
values with small amount of data. Many factors play a role on the decision
of chose the best model to apply on an NLP tasks such as: The size of the
dataset, the sources and the quality of the data, the data balance, if the
corpus contains MSA or multi-dialectal Arabic and the number of classes.
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In case of under-resource languages, if the traditional machine learning ap-
proaches performs well and competing, what is the need for very compli-
cated as well as time and resource consuming deep learning networks??
Some times very simple approaches can do better and outperform the DL
networks.
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Figure 13.4: Accuracy of different Dialect Identification models
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Figure 13.5: Accuracy of different Sentiment Analysis models

13.6 Conclusion

In this study we aim to model the way of choosing the best methods for a Di-
alectal Arabic NLP tasks, taking into consideration the differences among
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the resources. We implement various approaches from traditional ML to
the most recent trendy approaches like BERT, using different corpora. We
want to measure the worthy of applying complicated models and the per-
formance of feature engineering methods. Firstly we propose the usage of a
pre-trained language model like BERT into Dialectal Arabic. Two DA-NLP
tasks were used in this study (Dialect Identification and Sentiment Analy-
sis), in addition to six different corpora (3 for each task) were also explored.
Fine-tuning BERT for DA cam produce an acceptable result for all the cor-
pora. Using BERT that supports the Arabic language saves the effort and
time to build deep learning models from scratch that need a huge amount
of data and resources for training in order to be able to give reasonable and
trusted results.

The second part of the study was to investigate other approaches and
compare them to BERT. We build an LSTM baseline with the support of
the pre-trained AraVec which unfortunately does not perform well. The
usage of AraVec with a large OOV dialectal words does not facilitate the
model in being retrained and fine-tuned for DA. On the other hand, we
also build feature engineering approaches either with the SVM machine
learning algorithm or with a fully connected neural network layer. The us-
age of a tailor-made feature extractor can compete sophisticated solutions
like BERT and DL approaches. In summary, after investigating traditional
and modern machine learning approaches, we can say that building a deep
learning models from scratch do not considered a right way for modeling.
BERT appears to be a good an reasonable solution to apply for dialec-
tal Arabic tasks as it compete the tradition machine learning models and
outperforming the deep learning models. However usage of new-modern
proposed techniques does not necessarily mean getting better results all the
time. Sometimes, as in our experiments, the use of simple traditional meth-
ods like ML svm algorithm does impressively well even compared to BERT
and produce competitive results.
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