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Abstract

Natural Language Processing (NLP) systems generally focus on supporting standard-
ized varieties of languages. Developing systems for a non-standardized variety (dialect)
requires finding/selecting samples in this variety, to create customized mixtures of
pretraining data or to develop dialect-specific benchmarks. To this end, Dialect Iden-
tification (DI) is typically employed. This thesis explores some limitations of the
long-standing approach that frames DI as a single-label classification task, where each
sentence is linked to a single dialect. I specifically focus on Arabic, a language with
a rich diversity of regional dialects. Arabic also exists in a diglossic state where two
varieties co-exist within the same speaking community—Modern Standard Arabic
(MSA) and local varieties of Dialectal Arabic (DA).

The thesis’s main contributions are twofold. First, the different levels between pure
MSA sentences and highly colloquial sentences are operationalized as a continuous
variable—in range [0,1]—termed Arabic Level of Dialectness (ALDi). ALDi estimation
is modeled as a regression task, with a fine-tuned BERT-based model achieving an
RMSE of 0.18. Second, Arabic Dialect Identification (ADI) is reframed as a multi-label
task, where the validity of sentences in the different regional varieties is independently
assessed. This is based on finding that in 66% of the cases where a single-label ADI
model made errors, both its predictions and the gold-standard labels were valid.

Accordingly, each sentence has a set of regions in which it is valid, and an ALD1
score to indicate how it diverges from MSA. By definition, MSA sentences are expected
to be labeled as valid in all the considered regions, with almost-zero ALDi scores.
Following the newly proposed framing, I created the first multi-label ADI dataset
of 1,120 sentences (tweets), labeled by 33 annotators from 11 Arab countries, with
ALD:t ratings. This dataset allowed for investigating some widely adopted assumptions
about Arabic. For instance, I show that Arabic dialects overlap considerably at both
the country and regional levels. Additionally, the conscious Dialect Level choice that
Arabic speakers make—operationalized as ALDi—is a better predictor of the number
of dialects in which a sentence is valid than its length. Lastly, signs of systematic
differences in the ALDi ratings provided by speakers of different dialects for the same
sentences show the need for further investigations of ALDi’s annotation.

ALDi is a valuable variable for many applications. For instance, I used it to identify
stylistic differences in Arab presidents’ speeches—previously only possible through
qualitative analysis. For tasks requiring data annotation, I found that high-ALDi samples

need to have a higher priority of being routed to speakers of the samples’ dialects.
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Lay Summary

Have you interacted with devices or programs—Ilike Alexa, Siri, or even Google
Search—and found yourself carefully choosing the terms you use to make sure
these systems do not utterly fail? I will try to explain why these failures could happen.

For these programs to accept inputs in a language, they must first be exposed to large
amounts of data in that language—textual data for this thesis. Books and newspapers are
typically written in a standardized language. To collect dialectal sentences, researchers
have been building Dialect Identification (DI) tools that can automatically infer the
dialect of sentences on the internet. Current DI tools in general and Arabic DI tools in
particular (the focus of this thesis) do not perform well.

Arabic is a language with many diverse dialects. Arabs have local dialects, but
share a common standard dialect termed Fus-ha ,~«s. This thesis tries to remedy the
limitations of current Arabic DI tools.

First, these DI tools consider a speaker to be either using Fus-ha or their dialect.
Hence, they are unable to determine how Arabic speakers use different degrees of
mixing between Fus-ha and their dialect according to the situation. I define the Arabic
Level of Dialectness (ALDi) score to differentiate between these different speaking
styles. Another limitation is that the DI tools assume a sentence should be assigned to
only a single dialect.

For the first limitation, I introduced a tool that can automatically estimate a sen-
tence’s ALD1i score. To show its effectiveness, the ALDi estimation tool was used to
automatically identify the various styles employed by Arab presidents in their speeches.

To investigate the two aforementioned limitations further, I collected 1,050 non-
Fus-ha tweets from different Arab countries. I then asked 33 participants from 11 Arab
countries to guess if these tweets could have been written by speakers originating from
each participant’s respective country. If they guessed Yes for a tweet, then they assigned
the tweet an Arabic Level of Dialectness (ALDi) score, which rates how different the
tweet is from Fus-ha.

I first found that 75% of the tweets could have originated from two countries or
more. I also found that the participants, to some extent, agree on rating how different
the tweets are from Fus-ha, especially for participants from neighbouring geographical
regions.

In conclusion, I show that a DI tool should identify all the dialects from which a
sentence could have originated, and ALDi scores can be used to show how different the

sentence is from Fus-ha.
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Chapter 1

Introduction

1.1 Overview

To achieve certainty and control, we (humans) are in continuous pursuit of understand-
ing the complex objects and systems of our world. Identifying different features to
taxonomize the diverse objects (e.g., the various breeds of birds) provides a helpful
way to define and identify these objects. Human languages represent another example
of our world’s fascinatingly diverse and complex systems. Similarly, taxonomizing
human languages helps us situate the similarities and differences between them. This
entails drawing boundaries—sometimes arbitrarily—to define the different languages
and the varieties within each language. To build Natural Language Processing (NLP)
models, their developers need to decide the languages and the varieties of each language
to represent in their training and evaluation data. This decision relies on adopting
taxonomies of language varieties for each language, which again requires finding a way
to define boundaries between the different varieties. Given that NLP models still fail to
generalize beyond the set of language varieties that they are designed to support, the
underlying assumptions of the consulted taxonomies directly impact the ability of these
models to represent the different varieties of the language.

Throughout this thesis, I show that there is room to improve how our NLP tools
represent the variation within languages beyond supporting their standard varieties
by embracing more nuanced linguistic/sociolinguistic theories. As a case study, this
thesis focuses only on how the varieties of Arabic are taxonomized to develop NLP
models that analyze textual inputs in some of these varieties. Nevertheless, my findings
could still be helpful for other languages and modalities (e.g., speech inputs). Similar

to many other human languages, Arabic is not a single monolithic language. To the

1
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contrary, it is known for its diverse set of varieties. The wide geographical area over
which its speakers are distributed is one of the reasons for the rise of local varieties
of Dialectal Arabic (DA). Before the rise of digital communication and social media,
these varieties of DA were mostly spoken. Modern Standard Arabic (MSA) is the
standardized variety of the language, traditionally being the variety for written work
(e.g., books and newspapers) (Habash, 2010). However, the different varieties of DA
are increasingly written online. Early Arabic NLP models were built for MSA (e.g.,
Diab et al., [2004; |Diab), [2004; |Habash and Rambowl, 2005; Abdul-Mageed and Diab),
2011). Unsurprisingly, these models could not, by default, support DA inputs. It did not
take too long for researchers to aim at building models that can support some of these
dialectal varieties (e.g., Chiang et al., 2006} Habash et al., 2012b; [El-Beltagy, 2016)). In
this process, different taxonomies of the Arabic varieties were sought and used to define
specific varieties that the new models would support. Most of these taxonomies rely on
geography (e.g., borders between countries) to define the different varieties (Habash,
2010; Abdul-Mageed et al., 2020b). Moreover, simplifying assumptions were made
when adopting the taxonomies to develop NLP models.

I identify two major limitations of the currently adopted taxonomies of Arabic
varieties, used to build NLP models for textual inputs. The first limitation is Bina-
rization, which assumes that an Arabic speaker either uses pure MSA or a variety of
DA, grouping all dialectal sentences into a single category (i.e., as non-MSA), while
some sentences are clearly more dialectal than the others. The second limitation is
Disjointedness, which assumes that the Arabic varieties (sometimes considering MSA
one of these varieties) are mutually exclusive. Accordingly, a single Arabic variety is
assigned to each piece of text. Both these limitations oversimplify the reality. This, in
turn, limits the capabilities of the NLP models that adopt them. The two main themes

of this thesis can be summarized into the following hypotheses:

Hypothesis 1 Written Arabic sentences of a specific dialect exist over a spectrum of Dialect

Levels, with pure Standard Arabic and highly Colloquial Arabic as its extremes.

Hypothesis 2 A substantial number of written sentences are valid in more than one variety of
Arabic, especially when fine-grained geographical taxonomies of these varieties

are used (e.g., country level or city/province level).

The results of studying the two hypotheses can also be relevant to languages other
than Arabic. For instance, I provide a new modeling of dialect levels that can better

mitigate the limitations of using token-level code-switching tagging, which fails to



1.2. Research Questions 3

model the token-level divergence from Standard Arabic. This limitation could also
apply to other languages that share a single standard variety. Moreover, parallels of the
findings related to the validity of a sentence in multiple varieties are expected to exist

for languages other than Arabic.

1.2 Research Questions

Following the two hypotheses in this thesis addresses the research questions
related to improving the representation/adoption of the two types of variation within
Arabic in NLP models: intraspeaker variation (i.e., linguistic differences in the speech
of the same speaker in different contexts) and interspeaker variation (i.e., linguistic
diversity between different speakers). Lastly, I show how alleviating the Binarization
and Disjointedness limitations is crucial for improving the modeling of DA, in relation
to capturing intraspeaker variation that could not be achieved using the existing methods,
by studying how they can improve on earlier guidelines for routing dialectal samples to
Arabic-speaking annotators.
Theme #1 - Binarization Split of Arabic into MSA and varieties of DA

RQ1 How can the concept of Dialect Levels be operationalized in a way that can be

effectively estimated?

RQ2 What are some applications of automatically estimating Dialect Levels, in text

analysis and data annotation?

RQ3 Do speakers of different dialects (varieties) share similar perceptions of a sen-

tence’s Dialect Level?
Theme #2 - Disjointedness of Arabic Varieties

RQ4 How prevalent are the sentences valid in multiple dialects, on the country and

macro-regional levels?

RQ4.1 Do most sentences valid in multiple dialects have a short length?

RQ4.2 Are current ad-hoc lists of dialectal lexical terms distinctive enough to
ensure that a sentence is valid in a dialect and not valid in other dialects if

it contains a term of this dialect’s list of lexical terms?

The following section explains how the chapters of this thesis progressively in-

vestigate and address these questions. Earlier chapters investigate each hypothesis
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independently, while the later chapters study multiple research questions related to the

two hypotheses in parallel.

1.3 Thesis Structure

The rest of this thesis is structured as follows:

Chapter 2 - Background| An overview of the different varieties of Arabic, the potential
reasons for this variation, and examples of how the variation is manifested in the various
linguistic aspects. Afterward, I will discuss the linguistic theories proposed to define the
different sources of variation, their limitations, and how the different Arabic varieties

were represented and modeled in NLP.

Chapter 3 - [Arabic Level of Dialectness| This chapter introduces the first theme
of the thesis, related to the Disjointedness limitation, studying [Hypothesis 1} The

concept of Arabic level of Dialectness (ALDi) is formalized to quantify how much a

sentence diverges from Standard Arabic, after examining the few attempts to model
this intraspeaker variation computationally. An effective regression-based model is
presented to address (RQI), demonstrating its ability to generalize to different Arabic
dialects.

Published in: (Keleg et al., 2023)

Chapter 4 - [Applications of Arabic Level of Dialectness| Two different applications

are presented to demonstrate how ALDi provides more nuanced information than ADI,
addressing (RQ2). The first shows how ALDIi can automatically identify the different
styles employed in the speeches of different Arab presidents, which is potentially useful
in future sociolinguistic studies. The second concludes by refining previously pro-
posed annotation guidelines for Arabic datasets, which recommended routing dialectal
sentences to speakers of the samples’ dialects. More specifically, it recommends that
sentences with high ALDi scores should be prioritized and routed to native speakers of
the samples’ dialects, which are easier to identify for these high-ALDi samples.
Published in: (Keleg et al., 2023} 2024)

Chapter 5 - [Limitations of Single-label Arabic Dialect Identification (ADI)| This

chapter presents the first attempt to quantitatively investigate the pervasiveness of

sentences valid in multiple dialects (Hypothesis 2). First, I explain how assigning a
single dialect label to a sentence valid in multiple dialects impairs the accurate evaluation

of Arabic Dialect Identification (ADI) systems. This hinders progress toward building
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better ADI models. Then, the errors of a single-label ADI system are manually analyzed
to have a more detailed understanding of the limitations of the single-label framing of
ADI, providing a preliminary study of (RQ4).

Published in: (Keleg and Magdyl, 2023))

Chapter 6 - [Redesigning Arabic Dialect Identification (NADI 2024)| The results of
the previous chapter highlighted the need for framing ADI as a multi-label classification

task. Consequently, this chapter describes the joint efforts to build the first multi-label
ADI evaluation dataset, introduced as part of the NADI 2024 shared task, where each
sentence is labeled by 33 annotators representing 11 different Arab countries (3 each).
Each sample is also labeled for its Dialect Level whenever an annotator labeled it as
valid in their country-level dialect. Additionally, the chapter summarizes the multi-label
ADI and ALDi estimation systems developed by the participating teams in the shared
task. Lastly,[RQI]and will be revisited using the newly introduced dataset.
Published in: (Abdul-Mageed et al., 2024)

Chapter 7 - [Revisiting Common Assumptions about the Arabic Dialects in NLP)|
This chapter presents MLADI, an extension of the dataset introduced in The

newly introduced dataset allowed for investigating three widely held assumptions about

the Arabic dialects, related to (1) the disjointedness of the Arabic dialects when grouped
into macro-regional/country-level ones (RQ4), (2) the relation between the sentence’s
length and the number of dialects in which it is valid (RQ4.)), and (3) the ability to
curate distinctive dialectal words to infer the dialect of sentences containing any of
them (RO4.2)). Additionally, the chapter investigates (4) if speakers of different dialects
share similar perceptions of a sentence’s ALDi (RQ5)).

Published in: (Keleg et al., 2025)

Chapter 8 - [Conclusion| The chapter summarizes the findings of the two main themes
investigated in the thesis, related to the Disjointedness of the Arabic varieties, and the
Binarization of Arabic sentences into MSA and varieties of DA. I then discuss some

limitations and suggestions for mitigating them in future work.
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1.4 Thesis Outcomes
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Chapter 2
Background

This chapter elaborates on the two dimensions of variation in Arabic: interspeaker
variation and intraspeaker variation. While the rest of this thesis focuses on the modern
varieties of Arabic, having some basic knowledge of the language’s history will allow
for a better understanding of its current state. Afterward, I discuss how the dialectal
variations are manifested in different linguistic aspects, demonstrating the interspeaker
variation in the different Arabic-speaking regions. For the intraspeaker variation within
the Arabic-speaking communities, I describe three different linguistic theories that
have been proposed to model it. With these two types of variation (interspeaker and
intraspeaker) in mind, I then discuss how the different Arabic varieties are currently
represented in NLP models that operate on textual inputs. I conclude by identifying the
research gaps, paving the way for the following chapters in which I elaborate on how

the language variation within Arabic could be better represented in our NLP models.

2.1 The Arabic Varieties

Arabic is a Semitic language, alongside other languages such as Amharic, Aramaic, and
Hebrew. It is spoken by more than 420 million people all over the world (Bergman and
Diab), [2022)), and is the official language of 22 Arab countries. Unlike many modern
languages, Arabic speakers can still fairly comprehend the rich literature of the language,
from poetry to scientific and religious books dating back more than 16 centuries. This
fact was the idea on which an online sho was based, where a Bahraini and an Omani

chefs followed food recipes from a book written during the Abbasid dynasty in the 9"
century, an example of which is provided in

Ihttps://www.youtube.com/watch?v=M2p4wbjeJfs
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Figure 2.1: A sample recipe of fried fish mixed with vinegar and ground sesame,
from The COOKDOOK (pwdatt oliss) Dy (wball Guigedl (9 @udl ) Glaw)  g2i),
which dates back to the 9™ century (i.e., the Abbasid dynasty). Source:
https://www.vice.com/ar/article/ puda-olis- (- slootl-Soswll-daw g-J gl-Jlo/

In NLP literature, a distinction is made between three main varieties of the language
(Habash|, [2010; [Darwish and Magdy, [2014)). (1) Classical Arabic (CA) refers to the
language of Qura’n—the holy book of Islam, believed to be revealed to Prophet

Muhammad (Peace be upon him) in the 7" century—and the language of poetry that
dates to the pre-Islamic era. (2) Modern Standard Arabic (MSA) is believed to be a
descendant of CA, which keeps most of its grammatical properties while adapting new
terms and phrases into its vocabulary to keep up with the advancements of modern life.
(3) Varieties of Dialectal Arabic (DA) are a set of local varieties that exist throughout
the Arab world.

Until the rise of digital communication and social media, MSA was the variety
of literary works, such as books, newspapers, and official documents. It also has a
standardized orthography and documented grammar rules, and is the variety taught
in schools. Conversely, the varieties of DA are mostly spoken and do not have a
standardized orthography. Nowadays, these varieties of DA are being used in online
communications, reshaping the relationship between the language and its speaking

communities. The following subsections discuss the three main varieties of Arabic.


https://web.archive.org/web/20250227172212/https://www.vice.com/ar/article/%D9%85%D8%A7%D9%84-%D8%A3%D9%88%D9%84-%D9%88%D8%B5%D9%81%D8%A9-%D8%A7%D9%84%D8%B3%D9%85%D9%83-%D8%A7%D9%84%D9%85%D9%85%D9%84%D9%88%D8%AD-%D9%85%D9%86-%D9%83%D8%AA%D8%A7%D8%A8-%D8%B7%D8%A8%D9%8A%D8%AE/
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2.1.1 Classical Arabic and Modern Standard Arabic

Defining CA and MSA as two varieties assumes that each is one homogenous variety.
This is more problematic for CA as it used to refer to the varieties of Arabic spoken over
a long period, dating back to even before the 7™ century. Moreover, it assumes a single
CA variety (i.e., a source variety that is the ancestor of all modern varieties), which is
inaccurate given that dialectal variations existed in the Arabian Peninsula even before
the dawn of Islam (Holes, 1995, p.24). These dialectal variations could be a potential
reason for the presence of seven/ten canonical recitations of the Qur’an (Denny, [1989).
They are also referenced in some interpretations of a saying by Prophet Mohammad
(shown belo, to explain what the seven modes (= ,~i - AHrf) of the Qur’an are. It
needs to be mentioned that some also believe that these dialectal variations were not
significant (Alghamdi, 2021).

I plu g dde 4l Gl 4l J gy O) 1JLB Legie alll s 5 (b (3l 2 9

Al G G P g oo il J 5T @b daxl jB B Gle b e P ,ET

Y1 B oa Led) B ¥ dacdl Sl O Al tolgd (ol JIB L < i dacw

(A1) dele Gate - pl,m ¥ g O B Calisnd ¥ Lusl g O 553

Ibn ‘Abbas reported God’s messenger as saying, “Gabriel taught me to

recite in one mode, and when I replied to him and kept asking him to give

me more, he did so till he reached seven modes.” Ibn Shihab said he had

heard that those seven modes are essentially one, not differing about what
is permitted and what is prohibited. (Bukhari and Muslim.)

Fus-ha In reality, Arabic speakers use the term Arabiya Fus-ha swuad i e O just
Fus-ha > to refer to both CA and MSA. MSA is a term popularly used in the
NLP literature, and not a concept commonly known by Arabic speakers (Holes, |1995;
Parkinson, [1991)).

“MSA is merely a handy label used in Western scholarship to denote the
written language from about the middle of the nineteenth century, when
concerted efforts began to modernise it lexically and phraseologically. Most
western scholars refer to the formal written language before that data, and
par excellence before the eclipse of Arab political power in the fifteenth
century as Classical Arabic”. (Holes, 1995, pp. 4,5)

In his book, |Alghamdi (2021) argued that many of MSA’s syntactic structures and
stylistic features are foreign to the language. More specifically, they result from the

waves of translations of scientific materials written in foreign languages (mainly English

2Source: https://sunnah.com/mishkat:2214
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and French) into Arabic. While these translated books have helped in improving the
people’s access to knowledge, these translations were strongly affected by the syntax
and structure of the languages in which they are written initially —a phenomenon that
is termed as Translationese (Gellerstam, 1986 as cited in |Koppel and Ordan, 2011).
Throughout his book, Alghamdi (2021) identified multiple aspects (e.g., sentence
structure) by which MSA stylistically matches English and diverges from CA. One
of the examples he provided is shown in Although both the original and
backtranslated texts would be considered Fus-ha w3, an Arabic speaker would
perceive the original text as of higher eloquence than the backtranslated one, with the
backtranslated version being more stylistically similar to the Arabic variety found in

modern literature.

Original Text O 1A Hlosd) ST e 4y allf eadi Les
Translation One of the blessings of Allah on the inhabitants of Hijaz was coffee beans
Backtranslation Ol g o2 Sl S e Al gad Gu |

Figure 2.2: An excerpt from a book written in the 17" century (i.e., before the wave
of translating books from foreign languages into Arabic), with its English Translation
and a backtranslation that matches the translation’s stylistic structure and expressions.
Source: (Alghamdi, 2021, p. 164)

These stylistic differences might explain why Arabic speakers can still differentiate
between MSA and CA, even when they refer to them both as (Fus-ha). For instance,
when Parkinson (1991) asked an Egyptian woman to respond to the questions of a
proficiency test in Fus-ha, she responded in a way that implies that she makes the

distinctions above:

"Do you want me to use fusha or fusha fusha?", apparently implying
"Should I write simple, but grammatically correct sentences, or should I
make them flowery and fancy as well (i.e., should I try to adopt a classical
style)?" (Parkinson, |1991, p. 34)

MSA In the NLP literature, MSA is discussed as an Arabic variety commonly shared
across the different Arab countries (Chiang et al., 2006). Unlike English, where there is
no standard variety used in all English-dominant countries, Arabic speakers are claimed
to share a single standardized form of the language. To computationally investigate
this claim, automatically identified MSA tweets from 18 different Arab countries were
curated as part of the NADI 2021 shared task (Abdul-Mageed et al., 2021b). The
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participating teams were tasked to predict the geolocated country label of each tweet.
The top-performing team achieved a macro-averaged F1-score of 22.38, demonstrating
difficulty in distinguishing between MSA tweets from different countries. Moreover,
the non-zero F1 scores might be attributed to the models’ ability to identify spurious
correlations such as local named entities from other countries, which should not be tied
to any dialect (Abdul-Mageed et al., 2020b}; /AAlAbdulsalam), 2022)). Unsurprisingly, a
couple of teams concluded that the task is practically impossible (EI Mekki et al., 2021},
Issa et al., 2021} Nayel et al., 2021)). However, an Arabic speaker’s native dialect might

still be impacting their perception of what is in MSA and what is colloquial, as later

demonstrated in

2.1.2 Modern Varieties of Dialectal Arabic

Gulf Arabic

Bahrani

Najdi

Omani

Hijazi and Rashaida

Shihhi °eTo S’
Dhofari

Yemeni and Somali
Chadic and Shuwa
Sudanese

Sa'idi

Egyptian

Judeo Arabic

Nubi

Cypriot Arabic
Juba

Iraqi

Levantine

North Mesopotamian
Badawi
Moroccan
Tunisian
Algerian
Libyan
Hassaniya
Saharans

Figure 2.3: A map of the Arabic varieties shown in (Schmitt 2020'}.

The local varieties of DA reflect the rich interspeaker variation across the Arab
world. Examples of these varieties are those of Cairo in Egypt, Rabat in Morocco, and
Baghdad in Iraq. provides an approximate visualization of dialect areas (i.e.,
areas that are assumed to share the same dialect). The different taxonomies of these

varieties used in NLP will be discussed later in §2.5.1] Some researchers argue that the

varieties of DA should be considered as independent languages (Kaye and Rosenhouse,

[1997). The differences between the varieties of DA are sometimes compared to the
differences between the Romance languages (Chiang et al.,[2006), while their relation to
MSA is compared to the Romance languages’ relation to Latin (Alshargi et al.,2019). In
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a similar fashion, Zaidan and Callison-Burch| (2014) compared the relationship between
the DA varieties to that between the North Germanic languages (Norwegian, Swedish,
and Danish) and the West Slavic languages (Czech, Slovak, and Polish).

These analogies can be useful for non-Arabic speakers to imagine the relation
between the Arabic varieties. However, the idea of considering them as independent
languages just to abide by the norms of other languages is, at the very least, naive. The
question of whether DA varieties should be considered as dialects of one language or as
independent languages is multifaceted. For instance, considering the different varieties
of DA as independent languages might result in the abandonment of MSA. This is
problematic, as MSA could in some cases be a useful tool of communication between
speakers of different Arabic dialects, as per the following:

“In cases of dialectal contact of speakers from more widely separated
areas the matter is a complex one, but depends basically on what the
participants perceive as the minimum degree of switching to ‘neutral’

dialectal, MSA, or even ‘hybridised’ forms, which is necessary to ensure
smooth communication in an appropriate style”. (Holes, |1995, p. 5)

Despite being intriguing, considering the varieties of DA as dialects of Arabic or as
independent languages is beyond the aims of this thesis, which focuses on improving
how NLP models represent the different Arabic varieties, as opposed to linguistically
studying the similarities and differences between these varieties.

Varieties of DA—sometimes even being mutually unintelligible (Abu Farha and
Magdy, 2022; Bergman and Diab, 2022)—can diverge from MSA and each other in
phonology, morphology, syntax, and semantics (Habash, [2010), as later explained in
§2.2] In this subsection, I will provide some potential reasons for the rise of these
local varieties of DA. More specifically, I will explain the impact of other local and
foreign languages that were used across the current Arab world. Manifestations of
the contact between Arabic and these languages are apparent in the DA varieties to
different degrees. I refer the reader to (Holes, 1995, pp. 18-30) for a further discussion
of the linguistic hypotheses that have been proposed to explain how Arabic was adopted
in different regions where it was not originally spoken. These hypotheses discuss the

diachronic changes in Arabic and its varieties.

Pre-Islamic Local Languages

Arabic was the language used in most of the Arabian peninsula, and some parts of
Mesopotamia and the Levant (Holes|, [1995)). As indicated in other regions of
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=d Arabic B3 Berber

£33 Persian IZ3 S. Arabian languages
&3 Aramaic Coptic

[Tl Greek

The language situation on the eve of the Islamic conquests

Figure 2.4: A map of the main languages used in different regions of the Arab world
before the Islamic conquests. The map uses the term Berber that has negative connota-
tions in Arabic, instead of Tamazight, a more appropriate term to describe the languages

and people of west and central North Africa. Source: (Holes, 1995, p. 16)

the current Arab world spoke other languages: (1) Tamazight in western and central
North Africa, (2) Coptic in Egypt and Sudan, (3) Greek in east North Africa and the
Levant, (4) Aramaic in the Levant and Mesopotamia, (5) Persian in some parts of
Mesopotamia, and (6) South Arabian languages in Yemen and Oman. The degree
of impact of these languages on the modern varieties of DA varies. Their current
usage across the contemporary Arab world is also variable. For instance, Egyptian
Arabic has a few words that can be traced back to Coptic ones, such as i oi AwTh
(tomatoes), coming from the Coptic word outoa. Nowadays, Coptic is generally restricted
to religious sermons in churches. Conversely, Tamazight had more impact on the lexicon
of Moroccan Arabic, as in the word a1y /Alh (lady). Tamazight is still widely used, to
the extent that the standardized Tamazight is another official language of Morocco and
Algeria. The same applies to Kurdish—a language of many dialects spoken in parts of
Iraq and Syria—which is an official language of Iraq besides Arabic. The coexistence
of Kurdish/Tamazight and Arabic in these countries suggests that they continue to
influence each other to this day (Lahrouchi, [2018)), in contrast to the influence of the

Coptic language on modern Egyptian Arabic, which appears to have stagnated.
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Judeo-Arabic dialects—varieties of Arabic spoken by Arab Jews—also demonstrate
how different languages influence each other. Their speakers’ knowledge of Hebrew
impacted these varieties. An interesting example of how Hebrew impacted these dialects

was that a modified version of the Hebrew script was adopted as a writing system for

these Arabic varieties (Terner et al., 2020).

Colonial Languages in the Arab World
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Figure 2.5: A map of the colonial powers that controlled the different regions
of the Arab world at the eve of the First World War in 1914. Source: “The
Middle East in 1914”, by Philippe Rekacewicz (open access, August 1992) -
https://mondediplo.com/maps/middleeast1914

Fast-forwarding to the 20" century, another set of foreign languages started to
impact the varieties of DA, mostly a result of colonization as per [Figure 2.5] It could
be argued that the impact of these foreign languages depended on the strategies that
different colonization powers used in the different regions, and the period for which
each country was colonized. Despite being unambiguously vicious in nature, some
colonial powers like the French brutally enforced the usage of French in the territories
they occupied, in contrast to less enforcement by the British (Walters et al., 2023)).

This could be why the impact of French on some dialects (e.g., those of Morocco,

Algeria, and Tunisia) is arguably larger than the impact of English on other dialects


https://web.archive.org/web/20250121121226/https://mondediplo.com/maps/middleeast1914
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(e.g., those of Egypt and Sudan). The following quote by John Stuart Mill—an English

philosopher—provides an example of the strategies of British colonialism:

“To suppose that the same international customs, and the same rules of
international morality, can obtain between one civilized nation and another,
and between civilized nations and barbarians, is a grave error. ... To
characterize any conduct whatever towards a barbarous people as a violation
of the law of nations, only shows that he who so speaks has never considered
the subject”. (Mill, |1865, p. 252)

Additionally, the cosmopolitan nature of some cities puts other foreign languages
in contact with Arabic, such as Persian, Turkish, Greek, and Italian. For example,
Alexandria, a coastal city in Egypt on the Mediterranean Sea, used to have a significant
population of Greeks and Italians. It is not a surprise to find words in Egyptian
Arabic like 45, 43 twrth (cake), Ly gslss kAbwryA (crab)ﬂ which are quite similar to the
respective Italian word Torta (cake), and the Greek word xa3oUgL (crab) respectively,
demonstrating the impact of the contact between the different languages.

English and French are common second languages in different parts of the Arab
world. Moreover, textbooks and references used in schools and universities could be in
English or French. Mass media have also allowed for non-Arabic shows, magazines, and
films to be widely broadcast. All of these factors might be why it is also common to find
some Arabic speakers code-switching to English and/or French in their conversations
(Cotterell et al.l 2014; [Hamed et al.| 2020, 2025), another manifestation of these

languages’ influence on Arabic speakers.

2.1.3 Other Subvarieties of Dialectal Arabic

Linguists make another disctinctions between Bedouin, Rural, and Sedentary varieties.
These varieties tend to be found in most, if not all, Arab countries. For instance,
Egyptians are aware of the differences between the Sedentary varieties spoken in Cairo
(the capital) and the Rural varieties spoken in Upper Egypt, known as Sa’idi Arabic. In
this thesis, I mostly analyze dialectal data from online sources such as Social Media,
on which varieties linked to prestige are more prevalent, and other varieties like Sa’idi
Arabic are not well-represented (Mohamed Eida et al., [2024).

This section provides an overview of the different varieties of Arabic. However,

these varieties do not exist in isolation, and the boundaries between the three broad

3The transliterations provided in this thesis follow the Habash-Soudi-Buckwalter (HSB) scheme
(Habash et al.l [2007).
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varieties mentioned above are not crystal clear. We will explore the interaction between
these varieties within the same Arabic-speaking community in the §2.3] after first

explaining the significance of the variation on the different linguistic aspects.

2.2 The Different Manifestations of Variation

This section provides some examples of the differences between the Arabic varieties
(mainly between MSA and varieties of DA) in various linguistic aspects. These differ-
ences between MSA and DA, exemplified below, and the fact that speakers commonly
code-switch between the MSA, DA, and sometimes foreign languages (e.g., English,

French), are a major challenge for Arabic NLP systems.

Phonology Different varieties of DA can have different phonology compared to that
of MSA. For instance, MSA does not have a voiced labial explosive phoneme /p/, while
some dialects adopt this phoneme, specifically for loan words. Variation also exists in
the pronunciation of some consonants. A commonly used example is how the MSA
consonant s /q/ is realized as a glottal stop /?/ in Egyptian and Levantine Arabic, and
as /g/ in Gulf and Iraqi Arabic (Habash, 2010, p. 30). MSA has three long vowels and
three corresponding short ones. Dialects can change or completely drop these short
vowels (Habash, 2010, p. 31).

Orthography MSA is the standardized variety of Arabic, written in the Arabic script.
Given the lack of standardized orthographies for the varieties of DA, Arabic speakers
use their intuition to write dialectal terms based on pronunciation. Consequently, the
same term could have multiple orthographic forms. For instance, Habash et al.| (2018)
identified 27 orthographic forms for writing the phrase he does not say it in Egyptian
Arabic, as shown in However, they also showed that the frequency of these
forms differs (according to Google Search trends), indicating that some regularity exists
in how dialectal words are written. For instance, the most common form _ilg! sace
consists of the following morphemes (& + l» + J 93y + o + »). The morpheme J 3z,
(says he) uses the grapheme &, which is realized as a voiceless uvular stop /q/, matching
the orthography and phonology of MSA. However, this phoneme is a glottal stop /?/ in
Egyptian Arabic, which is generally written as .. Hence, terms with an MSA origin are
sometimes written etymologically, even when the dialectal pronunciation differs from

the standard pronunciation (Habash et al., [2012a).
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While regional differences in the pronunciation of MSA terms are typically lost
in writing due to the standardized orthography, individuals usually use non-standard
orthography that matches their regional pronunciations (e.g., Man written as (a1 y rAjl
instead of the standardized form (= 4 rjl. Notably, short vowels are orthographically
realized as optional diacritics. These diacritics are rarely used in writing in DA, and are

commonly dropped in non-religious MSA text as well (Habash, 2010, p. 32).

Arabic Orthography

Arabic Transliteration

Frequency

mbygwlhAs

~ 26,000

Slean b

mA byqwlhAs

~ 13,000

A A
SWsizle

mAbqlhAs, mbgwlhAs,
mbqlhAs, mA bqlhAs,
mAbygwlhAs

< 10,000

(FWsE L R

mAbgwlhAS, mA bgwlhAs,
mbyqlhAS, mA byqlhAs

1,000

NP SR
sl (s L

mbylhAsS, mAbyywlhAs,
mA byywlhAs, mAbywlhAs

IN

100

(A (5 L
(ARl s
A5

mA bywlhAs, mAbYIhAS,
mbyywlhAs, mA byylhAs,
mAbYwlhAS, mA bylhAsS,
mA bwlhAs, mbywlhAsS,
mbywlhAs, mAbWIhAS,
mbwlhAs

10

Table 2.1: The different ways of writing “he does not say it” in Egyptian Arabic with
their corresponding frequencies according to Google Search trends. Source: (Habash
et al., 2018). In reality, some forms are not fully accurate translations of the phrase.
For instance, _ilg! 32y Le and ilgt 9ae are actually in the singular first person and not
the singular third masculine person. Note: The transliterations in this table follow the
Habash-Soudi-Buckwalter (HSB) scheme (Habash et al., 2007).

Arabizi (also known as Arabish or Franco Arabic) is a romanized form of Arabic,
where the letters are transliterated using the Latin script. There is not a 1-1 mapping
between the Arabic letter and the English ones, with multiple variations of the system
adopted by the speakers of different dialects. The lack of a standardized form of words
in Latin script, even for MSA terms, makes the phonological features of dialects more

noticeable, since the words are written using letters that mimic how they are pronounced.

Morphology Arabic is a morphologically rich language. A single token is typically
composed of multiple morphemes. Additionally, clitics (proclitics and enclitics) also

exist. Varieties of DA could have morphemes that diverge from the MSA ones. For
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instance, the future clitic is . in MSA, but . or ; in Egyptian Arabic (Darwish et al.,
2014).

Lexicon as previously introduced in §2.1.2) and §2.1.2] the varieties of DA were

influenced by contact with multiple languages.

Syntax MSA has a free word order, with diacritics on the final letter of the morphemes
used to mark the grammatical cases. That said, a VSO is a common word order in
MSA. In contrast, varieties of DA tend to drop the diacritics for a simplified phonology.
Consequently, they employ a more restrictive word order to avoid syntactic ambiguity,
with most of them having a preference for the SVO word order (EI-Yasin, [1985) and
(Aoun et al., |1994; Shlonsky, |1997| as cited in Zaidan and Callison-Burch, 2014).

Semantics Lexical overlap exists between MSA and DA varieties, and between the
different varieties of DA. However, some terms shared between different varieties do not
share the same semantic meaning (Aminian et al., 2015). These terms are called False
Friends or Faux Amis. The semantic divergence could be extreme to the extent that the
same term/phrase has positive connotations in one variety and negative connotations in
another. As an example, el <.ts in Levantine dialects means ‘may you have good

health’; however, in Moroccan it translates to ‘go to hell’ (Bergman and Diab, [2022).

Speaking Production While Arabs can understand and read the standard language
(MSA and CA to a great extent, as exemplified in[Figure 2.1)), spontaneously speaking in
the standard language is not a natural task for most of them (Chiang et al., 2006; Habash
and Rambowl, 2006). Varieties of DA are generally used in everyday communications,

especially in spontaneous situations.

2.3 Linguistic Theories of Intraspeaker Variation within
Arabic

Given the complexity of variation within the same Arabic-speaking community, multiple
linguistic theories have been proposed. In this section, I will describe three main theories
of intraspeaker variation within Arabic, namely: Diglossia, Diglossic Code-switching,

and Dialect Levels.
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1) Diglossia is a language state in which two varieties of the language co-exist within
the same speaking community, a high variety linked to higher prestige and a low variety
perceived to be of lower status (Ferguson, 1959). These two language varieties tend
to be used for different functions and in different situations, as indicated in
Arabic is one of the four languages that Ferguson| (1959) identified as examples of

languages that exist in a state of diglossia.

H L
Sermon in church or mosque X
Instructions to servants, waiters, workmen, clerks X
Personal letter X
Speech in parliament, political speech X
University lecture X
Conversation with family, friends, colleagues X
News broadcast X
Radio “soap opera® X
Newspaper editorial, news story, caption on picture X
Caption on political cartoon X
Poetry X
Folk literature X

Figure 2.6: The language variety normally used in different possible situations according
to [Ferguson (1959, p. 329). Note: For Arabic, the high variety (H) refers to MSA, and

the low variety (L) refers to the local variety of DA.

Limitations While Diglossia could provide a useful framework for understanding
the intraspeaker variation within Arabic—as the co-existence of two varieties (MSA
and DA)—it adopts an unrealistic assumption, which I refer to as the Binarization
limitation. More specifically, diglossia assumes that Arabic speakers either use pure
MSA (the high variety) or pure DA (the low variety) and that each variety serves
different functions. Even in situations like “sermons in church or mosque” mentioned
in where MSA is expected to be the only variety used, DA would sometimes
be employed for specific cases like rephrasing ideas in a colloquial way to make them
easier to understand. Ferguson himself had his doubts that the concept of Diglossia
could be simplistic as indicated by the following quote: “Perhaps the collection of data
and more profound study will drastically modify the impressionistic remarks of this
paper, but if this is so the paper will have had the virtue of stimulating investigation
and thought” (Ferguson, |1959, p. 340). He also acknowledged the presence of a third
variety—an unstable intermediate form of Arabic—that he assumed is a spoken variety
used in semiformal or cross-dialectal situations, that relies on a mixture of classical and
colloquial vocabulary, and has lots of signs of colloquial morphology and syntax. This

third variety could not be explained according to the theory of Diglossia.
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2) Diglossic Code-switching is another theory proposed to model the intraspeaker
variation. Under this framework, Arabic speakers are assumed to code-switch between
MSA and DA either intersententially or intrasententially. Diglossia Code-switching
is the term used to describe this subcategory of code-switching to distinguish it from
code-switching between two different languages.

Conforming to this theory, Abdul-Mageed et al.| (2020a)) noted that some Arabic
speakers use more MSA terms in their speech to make their message understandable by
a wider audience. A similar remark was made by |[Holes| (1995)), as elaborated on in the
following quote:

“They (Arabs) know that MSA is always there as a kind of communally-
owned reservoir which they can dip into when they need to — a word here,
a borrowed phrase there — in order to ensure that they make themselves
understood to Arabs from distant countries or outsiders such as Arabic-
speaking foreigners”. (Holes, 1995, p. 5)

As a subcategory of code-switching, Bassiouney| (2009) argued that Diglossic Code-
switching should be governed by the same rules and constraints of code-switching
between different languages. She studied the applicability of two models of code-
switching—the Matrix Language (ML) and 4-M models—to data consisting of thirty
hours of mosque sermons, university lectures, and political speeches. In her analysis,
she differentiates between MSA morphemes, Egyptian Colloquial Arabic (ECA) mor-
phemes, and Neutral morphemes for the ones she thought belonged to both MSA and
ECA. lists one of the many labeled sentences she provided, which exemplifies
how the morphemes are annotated.

Limitations Bassiouney (2009) noted that “Data on code-switching usually comes
from oral performances rather than written”. Hence, applying the same analysis to
written text has several limitations, which I list below.

First, some phonological differences in speech get normalized in text as mentioned
in §2.2] Contrasting Bassiouney['s (2009)) IPA transcription and my Arabic-script
transcription in better explains this. In this example, the Arabic consonant 3
is realized as a glottal stop /?/ in yib?a (a marker of ECA) and as a uvular stop /q/ in
mana:tiq (a marker of MSA), as indicated by the IPA transcription. This phonological
difference is normalized in Arabic script, where the letter is written as (& in both terms.
Since both terms have MSA origins, Arabic speakers tend to etymologically write them
in text. On doing so, these terms’ labels become ambiguous and can only be inferred
in some cases based on the surrounding context. Consequently, many tokens might be

labeled as Neutral, failing to sufficiently represent the intraspeaker variation. A similar
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Bassiouney’s (2009) Transcription in IPA

I-mana:tiq hadihi fi: hima:ya  fi:h b-yib?a yaTni
Morphemes . . . . .
mana:tiq  1- hadihi fi: hima:ya  fi:h yib?a b-  yafni
Labels MSA MSA MSA ECAor MSA Neutral ECA ECA ECA ECA
A Potential Corresponding Transcription in Arabic Script (mine)
@lobad! oL &2 le>  a ol ]
Morphemes - -
Gble  -J! oun &2 le> 4d Ao o e
Labels Neutral Neutral MSA ECA or MSA Neutral ECA Neutral ECA ECA

Table 2.2: An example of a transcribed sentence analyzed under the diglossic code-
switching framework, extracted from [Bassiouney| (2009, p. 53). The sentence could be
translated as: ‘That is to say, there was protection in these places’. Some phonological
differences between MSA and Egyptian Colloquial Arabic (ECA) are not rendered in

Arabic script, converting some terms’ labels to Neutral in the absence of the original

speech. Note: It is unclear why fi: is considered an ECA or MSA morpheme instead of

a Neutral one, for the IPA transcription.

observation was reached by Parkinson| (1991), who instructed subjects to read through
an editorial where MSA and ECA are mixed. The subjects were then asked to mark
sections of the editorial as being in Fusha (MSA), being in ECA, or as indistinguishable.
He found that: “subjects label whole sections together as colloquial or fusha based
on just a few markers, and that for most the presence of even one or two colloquial
markers justifies a colloquiral rating for a whole section, indicating that speakers may
feel that mixed texts are at base colloquial with borrowings from fusha rather than the
other way around”. This indicates that applying code-switching tagging to text could
end up with the same Binarization limitation as in Diglossia, where long spans of text
(potentially whole sentences) are tagged as being in MSA or in DA.

Second, labeling tokens (morphemes) as belonging to MSA, DA, or both (i.e.,
Neutral) is not a completely objective task. For instance, Altanir| (2017) identified more
than 1400 terms and phrases used in ECA that either exist in MSA or have MSA origins.
Speakers of ECA could perceive terms not commonly used as MSA ones but used
colloquially as dialectal terms, when in fact they are also valid in MSA. As an example,
both ,.s xmr and s ,.s xmrh are valid MSA terms for wine. The first is mentioned in
some verses of the Holy Qur’an, while the latter is more colloquially used in Egypt.
Hence, Egyptians might link the first to MSA, and the latter to ECA, when in fact the
latter is also valid in MSA.
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Last, this framework fails to differentiate between colloquial words that have MSA
origins from other colloquial words that are not etymologically related to MSA. More
elaboration on this limitation will be provided in

3) Dialect Levels provides a more nuanced perspective on the intraspeaker variation of
Arabic, in contrast to adopting a binarized framing on the sentence or token/morpheme
level. This theory attempts to identify and define multiple levels along a continuum
between pure standard and highly colloquial Arabic. For instance, the five following
varieties or style levels were distinguished by Blanc (1960) as cited in (Drozdik, 2006):@
(1) Standard Classical, (2) Modified Classical, (3) Semiliterary or Elevated Colloquial,
(4) Koineized Colloquial, and (5) Plain Colloquial. Additionally, Badawi (1973) defined
five different levels that exist in Modern Egypt: (1) Heritage Fus-ha (& y31 ond),
(2) Fus-ha of the age (we live in) (jweatt o>~w3), (3) Dialect of the (well-)educated
(oeelaiatt 2sle), (4) Dialect of the Literate (¢, gciedt sle), (5) Dialect of the Illiterate
(omen™ Zt,ynLc)E] Similar to work on Diglossic Code-switching, his analysis also focused
on spoken Arabic. He provided examples of how each of these levels is used in radio and
TV shows, as summarized in Moreover, he described some phonological,

morphological, lexical, and syntactic features linked to each level.

Level 1: Recitation of the Koran; dramatic recreation of events in Islamic
history

Level 2: Political speech to the nation, read from a prepared text; news bul-
letin; voice-over commentary on serious documentary

Level 3: Studio discussion on any serious topic, for example, literature, the
environment; unprepared interview with government minister, sci-
entist, writer

Level 4: “Vox pop” interviews in the street with ordinary people; “ordinary
people” depicted in television/radio plays, serials, soap operas; dis-
cussions, interviews on nonserious topics, especially if involving
women (e.g., cooking, fashion); game shows; sports commentary

Level 5: Rarely represented except by speech of stereotypical working-class
characters (doormen, porters, messengers, cleaners) in comedies and
soap operas.

Figure 2.7: Examples of how the five levels identified by Badawi (1973) are used in radio

and TV shows as summarized in Holes| (1995, p. 282).

The different levels allow for distinguishing between sentences with colloquial

41 could not find a way to access (Blancl|1960) online.
3The provided English translations of the levels are incoporated from [Holes| (1995).
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terms that originate from MSA and others that do not. Badawi| (1973)) proposed that
these levels can even be adopted for loan words. Consider the following three words:
oeniw /snds/ (silk), ,wsui AylAynr (eyeliner), and .. bASh (a pass). The first has a
Persian origin, but is mentioned in the Holy Qur’an, and is perceived as a standard term
rooted in CA, hence linked to Level 1. The second is only used by Arabs with some
knowledge of English, and hence can be linked to Level 4. The last is a term related to
football. It is widely used and understood, making it belong to Level 5, despite being
derived from the English word (pass), which would be transliterated as ...
Limitations Similar to Diglossic Code-switching, a lot of the phonological features
that are linked to each level are lost in text. Another major limitation is that the definition
of these levels depends on linking them to different social groups, which could reinforce
existing biases that consider some varieties of colloquial Arabic more prestigious than
others. Lastly, Badawi (1973) acknowledged that these five levels are not completely
separable. Conversely, they exist on a continuum, with the same person able to use

different levels in different circumstances:

ROVL(RNPS SWERLL (PR ) BERWIN [FILSSNINEE RS IERI P
G| aBiad g (S gie (po pEai pliinil adali (egis slud) Aols 9 dazd
TR Ol et ! Al ol Lyald (S o 3l (e paslond! dalal Jossi
ASuLdlie Bua 9 Ad1d asdd) Gl Lot 9 dwlio Le@ (o aal 1 SIS g (AL
i —— Aalie Olulin 3 COlEs o1 g i —— Lgeuiniun il Ol giwed! Ola
"l o1 Jlall e

(Badaw1,|1973, p. 93)

Translation Every member of the Egyptian society (except in rare cases and
only among the illiterate, especially women) can employ more than one
level. The educated person who has completed their university education
has the ability to use the three levels: the second, the third, and the fourth,
each in its suitable situations. Since a person is an interconnected unit,
the levels they use—even if on different occasions—remain in technical
contact with each other.

In this section, I described three linguistic theories that explain intraspeaker variation
within Arabic. Only the first two theories were adopted in NLP models, with the third
one considered only in the development of a few datasets. In §3.1] of I will
summarize the different attempts to incorporate these theories into NLP models. I will
also motivate why operationalizing the Dialect Levels theory as a variable that can be
automatically estimated is more capable of capturing the intraspeaker variation than the

previous operationalizations of the other two theories.
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2.4 The Resourcedness Levels of the Arabic Varieties

In their survey, |Nigatu et al.|(2024) qualitatively analyzed how the Association for Com-
putational Linguistics (ACL) community defines “low-resourcedness”, and identified
three main aspects, based on which this classification is made, namely: socio-political
(i.e., economic or political reasons), resources (native speakers, online presence, and
language experts), and artifacts (linguistic knowledge, data, and technological support).
Generally speaking, MSA is not considered a low-resource language according to the
different factors. Earlier efforts in Arabic NLP focused on MSA, given the availability
of digital MSA corpora. However, most of the different varieties of DA are low-resource
for one or more reasons, making it harder to develop NLP models for varieties of DA

compared to MSA.

Socio-political factors Until recently, all the varieties of DA would be considered
“low-resource” mainly due to the lack of economic interest supporting them. In the first
decade of the 21 century, some initiatives targeted dialects spoken in regions of conflict,
such as Levantine Arabic (Chiang et al., [2006)) and Iraqi Arabic (Graff et al., 2006).
Multiple projects interested in some Arabic dialects, such as Iraqi Arabic, were funded
by non-Arab organizations, like the TRANSTAC (Spoken Language Communication
and Translation System for Tactical Use) project funded by DARPA (Defense Advanced
Research Projects Agency), with the following goal: “The primary use case involves
US military personnel and foreign language speakers. The military personnel will be
trained to use the systems with the assumption that the foreign language users will
receive system-provided instruction at the beginning of an interaction.” (Weiss et al.,
2008; [Meermeier et al., |2018). Since these projects did not aim to serve the Arabic
speakers, the various resources—data and models—developed as part of these projects
are not publicly released (Condon et al., 2009, 2010, 2011} 2012). Additionally, many
Arab countries (e.g., Palestine) are in an extreme political situation. On the positive
side, recent interest backed by state funding is growing for a limited set of Gulf dialects,
such as Emirati (Khalifa et al., 2018; Hamed et al., [2024) and Saudi (Alharbi et al.,
2024).

Resources In terms of human resources, some Arab countries, such as Qatar and
Bahrain, have a small population of a few million native speakers compared to other

dialects, of which an even smaller sector has the incentive to participate in tasks such as
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data annotation. Moreover, countries like Mauritania might not have enough language
experts and NLP researchers who can better serve the dialects of these countries. Lastly,
the online presence of the speakers from some countries is limited. For example, it
is estimated that only 13.2% of Chad’s total population of 20.7 million and 35.7% of
Comoros’s total population of 875 thousand have access to the internet in 2025E| This
might explain why the NADI shared tasks organizers reported difficulties in curating
enough tweets from Comoros (Abdul-Mageed et al.,|2021b, 2022)), and unrepresentative
data from Djibouti and Somalia (Abdul-Mageed et al., 2022).

Conversely, countries such as Egypt, Morocco, and Tunisia are in a significantly
better position in terms of the availability of language experts and researchers, as well

as the online presence of their speakers.

Artifacts Linguistic documentation artifacts, such as lexicons and grammars, exist
for some Arabic dialects (Holbrook, 1942; [Emerson and Ghaniml, (1943} (Cowell et al |
1964} Aoun et al., [1994; |[Ennaj et al., 2004). In contrast, we lack basic linguistic
documentation of the dialects spoken in countries like Comoros. Ethnologue only lists
Standard Arabic as one of the languages spoken in Comoros, but there is little evidence
on how this Comorian variety of Standard Arabic relates to other varieties in the rest of
the Arab world.

2.5 NLP Efforts to Represent the Arabic Varieties

Due to the rise of social media text, handling DA has become increasingly important
for Arabic NLP systems. The need to develop models that support a specific non-
standardized variety of DA requires finding (selecting) a relatively large amount of
pretraining data in this variety. An extra verification step is needed for generative
models to ensure that their outputs adhere to the specified variety.

However, defining clear boundaries for a specific variety is challenging. Along a
large geographical area where a language is spoken, (Chambers and Trudgill (1998))
argue for the presence of a “geographical dialect continuum”. If one travels along this
vast geographical area, one will find some linguistic differences that can distinguish one
variety from another. Despite these differences, and given that the degree of linguistic

difference varies, varieties spoken in neighboring areas are still mutually intelligible.

5Source: https : / / datareportal.com / reports / digital - 2025 - chad, |https : / /
datareportal.com/reports/digital-2025-comoros
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However, the linguistic differences accumulate, such that the varieties of distant areas
can be too different to the extent that they are not mutually intelligible. Holes| (1995,
p. 3) argues that Arabic dialects could also be thought of as being “distributed along
innumerable sets of intersecting continua’. Assuming continua instead of a single
continuum potentially accounts for the fact that inhabited areas along the Arab world
are separated by huge deserted areas, which prevent the presence of a single continuum.

To computationally distinguish between the varieties of DA, they are generally
grouped into dialect areas. Arabic Dialect Identification (ADI)—a widely studied task
in Arabic NLP with multiple datasets created and shared tasks run—could be employed
to determine the variety of an Arabic sentence or a speech segment, according to a
predefined set of dialect areas. It has so far been modeled as a single-label classification
task. While some linguistic features (e.g., morphological, phonological) can be used
to differentiate between some varieties of DA, it is hard to find a set of features that
can completely split the Arab world into distinguishable dialect areas (Behnstedt and
Woidich, 2013). Hence, grouping the dialects based on their geographical distribution
is a general strategy that is widely adopted.

2.5.1 Groupings of the Dialectal Arabic Varieties

The East/West dichotomy splits the Arabic dialects into eastern dialects spoken in the
Gulf and Levant, and western dialects spoken in North African countries, with Egyptian
Arabic as an intermediate dialect (Kaye and Rosenhouse, [1997). These could be split
further into macro-regional dialects. One grouping of the macro-regional dialects is:
the Levant (Lebanon, Jordan, Palestine, Syria), Nile Basin (Egypt, Sudan), Gulf (Saudi
Arabia, Oman, Qatar, Bahrain, United Arab Emirates, Iraq), Gulf of Aden (Yemen,
Djibouti, Somalia), and Maghreb (Morocco, Tunisia, Algeria, Mauritania, Libya)[]
More fine-grained groupings are defined at the country level, and can even go to the
province/city levels. For ADI, much of the work has been done at the sentence or
document level, but there has also been work on token-level DI for code-switching,
for example, on Egyptian Arabic-MSA tweets (Solorio et al., 2014; Molina et al.,
2016) and on Algerian Arabic (Adouane and Dobnik, 2017). Moreover, ADI has
progressively developed from being modeled on the regional level to being modeled on

more fine-grained levels according to the following timeline:

"The geographical-based macro-regional classification is not fully agreed upon within the community,
with some slight differences in the classifications used (Habash| 2010 /Abdul-Mageed et al.| 2020b).
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(1) Regional-level Dialects Early efforts in ADI considered distinguishing between a
subset of the macro-regional varieties, including MSA as an independent variety/class
(Biadsy et al., 2009; Zaidan and Callison-Burch, [2011). Three follow-up papers—in
which regional-level dialect labels were collected—introduced a new class (General) for
the cases where “enough evidence exists that the sentence is not in MSA, but contains
no evidence for a specific dialect” (Zbib et al., 2012; (Cotterell and Callison-Burch,
2014} [Zaidan and Callison-Burch, 2014).

For the latter (AOC dataset; |Zaidan and Callison-Burch, 2014)), the General class
represented about 6.3% of the total annotations, demonstrating how the regional dialects
are not always fully distinguishable from each other. However, including this additional
label introduced multiple complications. First, some annotators used the General label
when they could not decide the dialect of the sentence, for which they should have
chosen a Not Sure label. Second, annotators tended to overidentify their dialects in the
data, a trend that the dataset creators called native-dialect bias. For instance, Levantine
annotators selected the Levant label more frequently than non-Levantine annotators.
However, I think that the native-dialect bias is not necessarily an annotation error.
Imagine a sentence valid in multiple dialects. While an Arabic speaker could identify if
the sentence is valid in their dialect or not, they conversely could not confidently identify
if the sentence is valid in any of the other dialects. For these sentences, annotators might
tend to select their native dialect instead of the correct General label.

The overlap between the regional dialects—indicated by the non-negligible propor-
tion of General annotations in the AOC dataset—was ignored on annotating further
regional-level datasets, which only used a set of regional dialects and MSA as labels
for the sentences (Bouamor et al., [2014; Salama et al., 2014; |[Huang,, |2015; Malmasi
et al., 2016; Zampieri et al., 2017, 2018; EI-Haj et al., 2018; Alsarsour et al., 2018
Abu Farha et al., 2021). However, some papers still acknowledged the limitation that
some sentences are valid in multiple regional dialects (Malmasi et al., 2016; Lulu and
Elnagar, [2018; Salloum, 2018; El-Haj, 2020), or valid in both MSA and a regional
dialect (EI-Haj et al., 2018), especially that some phonological differences are lost in

text.

Performance of Regional-level ADI systems On building a regional-level ADI using
the AOC dataset, [Zaidan and Callison-Burch| (2014) did not rely on the majority-vote
label based on the three annotations curated for each sentence. Given that the AOC’s

sentences are online comments to three newspapers’ articles, the dialectal sentences
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(i.e., the ones whose majority-vote label is not MSA) are assigned a dialect based on
where the newspapers are published. More specifically, Egyptian, Gulf, and Levantine
are assigned to the comments posted to Youm?7’s, AlRiyadh’s, and AlGhad articles,
respectively. This once again highlights shortcomings of how the task is formulated and

how the dataset was annotated.

Test Set(s) Information and Label Distribution Results

- AOC *: A random 10% of the dataset (>110K samples) A 819"
cc=

MSA (>60% of the samples) - EGY - LEV - GLF v

Zaidan and Callison-Burch|(2014)

- AOC: MSA (6,355) - EGY (1,050) - LEV (1,050) - GLF (1,050) Acc = 87.8%"

- FB test set: MSA (1,363) - EGY (800) - LEV (123) - GLF (96) Acc =68.2%

Huang| (2015)

VarDial 2016: MSA (274) - EGY (315) - LEV (344) - GLF (256) - NOR (351) Acc =51.2%"

Malmasi et al.|(2016)

VarDial 2017: MSA (262) - EGY (302) - LEV (334) - GLF (250) - NOR (344) Flyeightea = 0.763 P

Zampieri et al.|(2017)

VarDial 2018 (Broadcast): MSA (262) - EGY (302) - LEV (334) - GLF (250) - NOR (344)
+ VarDial 2018 (YouTube): MSA (944) - EGY (1,143) - LEV (1,131) - GLF (1,147) - NOR (980)
Zampieri et al.|(2018)

Flmacro = 0.589 SP

MADAR (CORPUS-6): MSA (2,000) - BEIRUT (2,000) - CAIRO (2,000) - DOHA (2,000) -
TUNIS (2,000) - RABAT (2,000) Acc. =93.6%"
(Salameh et al.;[2018)

Arabic Dialects Dataset: A subset of AOC and a Tunisian Corpus

Acc = 66.12%"
EGY (1,741) - GLF (1,092) - LEV (1,056) - MSA (1,600) - NOR (1,584)
El-Haj et al.|(2018)
Habibi *: A random 30% of the Habibi dataset (50,550 samples)
EGY (27.7%) - LEV (24.1%) - GLF (18.3%) - Sudan (13.0%) - Iraqi (10.5%) - MGH (6.4%) Acc =72.6%"

El-Haj| (2020)

Table 2.3: The performance of regional-level ADI systems introduced in 8 different
papers. The result of the best-performing model in each paper is reported. Note: “: the
exact number of samples in each split is not explicitly reported, and the used data splits
could not be found, ': the train/test sets are based on random sampling from the same
dataset (i.e., the same data distribution), SP: the models’ predictions are also based on

additional speech features provided by the shared task organizers.

When I analyzed the performance of Zaidan and Callison-Burch/'s (2014)) model
and subsequent regional-level ADI models summarized in[lable 2.3| two issues arose,
which might have led to inflated models’ performances. First, five papers used random

train/test splits, a setup that does not evaluate the models’ generalization to out-of-
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domain data. More specifically, S@ggaard et al. (2021) empirically demonstrated that
randomly generated train/test splits underestimate the error observed on new samples
from the same in-domain distribution, and recommended that multiple independent test
sets be used instead to have more realistic performance estimates.

Second, five papers reported accuracy scores on imbalanced test sets, for which
macro-averaged Fl-scores are more appropriate. Despite these two performance-
inflating issues, all the reported scores still indicate that the task is not solved, except
for the MADAR (Corpus-6) dataset (Salameh et al., |2018)), for which I identify two
potential reasons. MADAR’s authors identified Beirut, Cairo, Doha, Tunis, and Rabat
as anchor cities for wider regional dialects. Hence, sentences written in these city-level
dialects might have been more distinguishable from each other compared to sentences
from other non-anchor cities. Moreover, the dataset was created by translating the same
sentences from English or French into MSA in addition to the 5 city dialects. The
translators might have tried to include more cues of their dialects in their translations to
distinguish them from MSA translations and the other dialects’ translations.

This analysis indicates that the regional-level ADI is not fully solved as a single-
label classification task. However, the field decided to move to performing ADI at the
country level and even attempted to model ADI at the city/province level. It is worth
mentioning that if a significant proportion of Arabic sentences are valid in multiple
macro-regional dialects, then this overlap will still exist if the dialect labels are assigned

on the country level.

(2) Country-level Dialects Grouping dialects into macro-regions can still abstract
differences between the various dialects spoken within each region (Shon et al., 2020
Althobaiti, 2020; Messaoudi et al., 2022) (e.g., Egyptian vs Sudanese Arabic as dialects
within the Nile Basin (Abdul-Mageed et al., 2018), or the various dialects of the Levant
(Abu Kwaik et al., 2018)). Therefore, sets of labels that are more fine-grained than the
macro-regional ones were proposed for the task of ADI.

Country-level ADI is the most common setup (Abu Kwaik et al., 2018; |Shon
et al.,[2020; Abdelali et al., 2021), with some datasets targeting both country-level and
province/city-level ADI (Abdul-Mageed et al., 2018}; Salameh et al., 2018; |Bouamor
et al., 2019; Abdul-Mageed et al.,|2020a, 2021b).

Notably, the Nuanced Arabic Dialect Identification (NADI) shared tasks (Abdul{
Mageed et al., 20204, [2021b)|, 2022, 2023) used datasets that were built by collecting

Arabic tweets authored by users who have been tweeting from the same location for
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10 consecutive months. The geolocation of the users is then used as a label for their
tweets. NADI’s organizers have been improving the quality of the dataset from one
year to another, as summarized in While the NADI shared tasks have been
attracting active participation, the best-performing models in NADI 2022 achieved
macro F1 scores of 36.48% and 18.95%, and accuracies of 53.05% and 36.84% on two
independent test sets (Abdul-Mageed et al., 2022)

NADI 2021 NADI 2022 NADI 2023
Naturally occurring tweets Split MSA from DA tweets Discarded MSA samples. Balanced across dialects.
¥ ~ 50% of data is in MSA. (2 subtasks). ® Discarded tweets from
¥ Contains Kurdish and Persian Discarded Kurdish and Persian Mauritania, Djibouti, and Somalia.
samples. tweets. ¥ Data Imbalance across dialects.

® Included all Arab countries
except for the Comoros.

| | | |
| | I I >

Figure 2.8: The evolution of the NADI datasets used for the shared tasks run between
2020 and 2023.

Intuitively, the number of sentences valid in multiple dialects increases as the set of
dialects gets more fine-grained. On analyzing the errors of single-label ADI systems, it
is commonly mentioned that the many errors are caused by confusing dialects spoken in
neighboring countries, which are mostly part of the same regional dialect (Biadsy et al.,
2009; [Salameh et al., 2018; [Talafha et al., 2019; Samih et al., 2019; Ragab et al., 2019;
Priban and Taylor, 2019; Ghoul and Lejeune, 2019; Eltanbouly et al., 2019; |Abu Kwaik
and Saad, 2019; Dhaou and Lejeunel 2020; Talatha et al., 2020; Aloraini et al., [2020;
Abdelali et al., 2021} |AIKhamissi et al., 20215 [El Mekki et al., 2021} |Jamal et al., 2022
Khered et al., 2022} Attieh and Hassan, 2022). All the different methods previously
proposed for curating single-label ADI datasets share this issue—refer to §5.2]for a

detailed description of these methods and their corresponding datasets.

2.5.2 Calls for Improvement

As a way to achieve a less harsh evaluation of single-label ADI models, Alsudais et al.
(2022) relied on the concept that the dialects spoken in geographically proximate areas
are not too different, and proposed not to penalize the model if it predicts a dialect
(on the city level) that is within a ‘tolerance distance’ from that of the gold-standard

city-level dialect.

8Surprisingly, the best-performing model in NADI 2023 achieved a macro-averaged F1 score of 87.27,
but the shared task’s overview paper does not provide explanations for this huge improvement, nor did
the shared task’s main organizer when contacted personally.
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Based on limited qualitative analysis, a few calls recommended that ADI should be
framed as a multi-label classification task instead of a single-label one (Kchaou et al.,
2019 [Touileb, [2020). However, these recommendations did not get much notice from
the community. It is conceivable that the difficulty of creating multi-label ADI datasets
is a major obstacle. Another reason might be that the community is underestimating the
pervasiveness of these multi-label samples. More specifically, a common belief is that
most multi-label samples are very short (Alorifi, 2008} El-Haj et al., 2018; |Alsarsour
et al., 2018} |Abu Kwaik and Saad, 2019; |Althobaiti, 2022)). Since most NLP models
would struggle with these short sentences, widely holding this belief might explain why

ADI continued to be modeled as a single-label classification task.

2.6 Research Gaps

The previous section explained how single-label ADI is a popular task in Arabic NLP,
where intraspeaker variation is modeled by linking each sentence to a dialect, according
to a predefined taxonomy of dialects. This framing has a Disjointedness limitation,
where the predefined set of dialects is supposed to be disjoint. It was qualitatively found
that some sentences could be valid in multiple neighboring dialects. However, the lack
of quantitative analysis of this overlap could be the reason why this limitation has been
ignored for a long time. I try to tackle this in (RQ4): How prevalent are the sentences
valid in multiple dialects, on the country and macro-regional levels?

To model the intraspeaker variation, most single-label ADI systems have MSA as
an independent dialect, conforming to the theory of Diglossia. This ignores any levels
of variation between pure MSA and pure colloquial sentences, which I refer to as the
Binarization assumption. The linguistic theory of Dialect Levels has been proposed to
provide a more realistic representation of the intraspeaker variation. (RQI)) attempts to
adopt this theory as an NLP tool, investigating How can the concept of Dialect Levels
be operationalized in a way that can be effectively estimated?

The following chapters investigate these research questions in detail, to tackle the
two main aforementioned limitations: Binarization and Disjointedness. Subsequent
questions related to each limitation are investigated based on the findings of and
(RQO4). Lastly, I showcase how alleviating these limitations could be useful for multiple
applications, such as quantitatively analyzing political speeches of Arab presidents
and having a more efficient pipeline for routing dialectal samples to Arabic-speaking

annotators.






Chapter 3
Arabic Level of Dialectnhess

This chapter presents how a more nuanced computational modeling of intraspeaker
variation in Arabic could be achieved. As explained in §2.2] non-negligible differences
exist between MSA and the varieties of DA. Additionally, Arabic speakers commonly
code-switch between the two. Both these factors form a major challenge for Arabic NLP
systems. As a result, many systems have been designed to perform Dialect Identification
(DI), often on the sentence level (e.g., Zaidan and Callison-Burch, 2011} |[Elfardy and
Diab), 2013}; [Salameh et al., 2018)), but also on the token level as a way of detecting
code-switching points (Solorio et al.,[2014; Molina et al.,|2016). Both formulations take
a binary view of the problem (a sentence or token is either MSA or DA), and assume all
the features of DA have the same impact on the perceived “dialectness” of a sentence.
These formulations follow the theory of Diglossia. In contrast, I argue that Arabic
speakers perceive a spectrum of dialectness (Hypothesis 1)), as illustrated in
This formulation is closely tied to the Dialect Levels theory (confer for a more
detailed discussion of the different linguistic theories).

This chapter visits (RQI): How can the concept of Dialect Levels be operational-
ized in a way that can be effectively estimated? Throughout the thesis, I show that
the level of dialectness is an important but overlooked aspect of Arabic text, which is
complementary to and more nuanced than dialect identification. To support this claim

and promote further research in the area, I:

1. Define the Arabic Level of Dialectness (ALDi) as a continuous linguistic variable
that quantifies the dialectness of a sentence (or sentence-like unit) and can enrich

the analysis of Arabic text.

35
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2. Release AOC-ALD)EL a dataset of 127,835 Arabic comments with their ALDi
labels, which is derived from the Arabic Online Commentary dataset (Zaidan and
Callison-Burch, 2011} 2014). I provide the first detailed analysis of the level of
dialectness labels and form canonical splits for the AOC-ALDi dataset.

3. Present an effective model for estimating the ALDi of sentences, that can gener-
alize to corpora of other genres and dialects This model is the first of its kind
that automatically quantifies the intraspeaker variation within Arabic in a more

nuanced way beyond the binary distinction between MSA and DA.

Level of Dialectness Egyptian Levantine
MSA J= Lyt J= (KNP
Low Ll Joi 1 Ll dod 300
Medium Ldac ol 31 Lidac 4t 3
High Luagds Jal o3 Lioiad aet 3

Table 3.1: Example sentence meaning the man cheered us written with different levels of
dialectness in two Arabic dialects. Words with DA features are underlined. The dialectal
sentences use their preferred SVO word order, contrasted by the VOS order for MSA.
The low dialectness example also shows a lexical dialectal feature for the word the man
(MSA 4> 31 - Alrjl): the Egyptian word (Jg=1,31 - AlrAjl) differs from MSA in a single
character, while the equivalent Levantine word (a3 331 - AlzImh) has a different origin.
Both dialects allow different variants for the verb: one variant (Ldaws - bsTnA), used
in both dialects, shares a root with the MSA variant, while the more dialectal variants

(Luasrga - ShySnA in Egyptian and Lsias - nynjnA in Levantine) do not.

The work presented herein was reported in the following paper:

* Amr Keleg, Sharon Goldwater, and Walid Magdy. 2023. ALDi: Quantifying
the Arabic Level of Dialectness of Text. In Proceedings of the 2023 Conference
on Empirical Methods in Natural Language Processing, pages 10597-10611,

Singapore.

IThe code and data files can be accessed through: https://github.com/AMR-KELEG/ALDi
%A live demo for ALDi estimation: https://huggingface.co/spaces/AMR-KELEG/ALDi


https://github.com/AMR-KELEG/ALDi
https://huggingface.co/spaces/AMR-KELEG/ALDi
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3.1 Previous Attempts to Computationally Model Intraspeaker

Variation

§2.3] presented three different linguistic theories—Diglossia, Code-switching, and
Dialect Levels—that were proposed to model the intraspeaker variation in Arabic, and
discussed the limitations of each of them. NLP researchers attempted to incorporate
these theories in their models and tools, as I elaborate in this section.

(1) Diglossia is by far the most widely adopted theory of the three in NLP. In
building sentence-level dialect identification datasets, MSA is generally considered
an independent class, with different varieties of DA (at different levels of granularity)
representing the other classes. ADI has attracted considerable research attention, from
organizing multiple shared tasks (Zampieri et al.| 2014} | Bouamor et al.|2019; |Abdul4
Mageed et al.|2020a), 2021b, 2022, 2023) to building datasets (Zaidan and Callison+
Burch, 2011; Bouamor et al.|, 2014; /Salama et al., 2014} [Bouamor et al.,[2018; |Alsarsour
et al., 2018;;[Zaghouani and Charfi, 2018 ElI-Haj, 20205 |Abdelali et al., 2021} |Althobaiti,
2022)).

Limitations Clearly, ADI models take a binary view by which a sentence is either
in pure MSA or a variety of DA, failing to differentiate between the different levels of
dialectness within the non-MSA sentences.

(2) Code-switching was considered by a couple of computational efforts which
modeled code-switching between MSA and DA as a token-level language (variety)
identification (Solorio et al., 2014 Molina et al., 2016)). Both efforts annotated datasets
that were used to organize two shared tasks for multiple language/variety pairs. [Solorio
et al.[ (2014) included the following four language pairs: Mandarin-English, Nepali-
English, Spanish-English, and MSA-Egyptian Arabic (EGY), while Molina et al.| (2016)
focused on the last two pairs only.

For the MSA-EGY pair, each token was tagged as being in langl (MSA) or lang?2
(EGY). Additional labels were used for different tags, such as named entities, which
are not expected to be linked to a specific variety, and others for non-textual tokens
(e.g., punctuation marks and emoticons). Neither of the two papers explicitly mentions
how the annotation was done for the terms valid in both MSA and EGY. However, the
provided description of the additional label ‘ambiguous’ hints that context was used
while assigning the tags for tokens shared between MSA and EGY, since the ambiguous
label was used for cases where a term, belonging to both languages (varieties), appears

in a context that does not indicate one language over the other.
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In addition to evaluating the token-level performance of the models’ predictions
submitted by the participating teams, the organizers evaluated the models’ ability to
distinguish between monolingual sentences (i.e., ones in a single language/variety of
each pair) and code-switched sentences (i.e., ones having at least one token tagged as
being in langl and another as in lang2). This additional evaluation step is beneficial for
the MSA-EGY, as it shows the models’ ability to distinguish between three classes of
sentences: pure MSA ones (monolingual in this setup with none of the tokens tagged as
EGY), ones with a fair amount of code-switching between MSA and EGY, and pure
DA ones (monolingual in this setup with non of the tokens tagged as MSA).

Limitations From a dataset annotation perspective, we already know that words/-
tokens could be valid in both varieties (MSA and EGY in this case), especially in the
absence of a speech signal corresponding to the annotated text (Parkinson, |1991) (refer

to §2.3|for a more detailed discussion).

MAN-EN NEP-EN SPA-EN | MSA-EGY

Dataset
F 1Macro FlMacro FlMacro FlMacro
Test-1 0.894 0.977 0.822 0.095
Test-2 - - - 0.417
Suprise - 0.702 0.753 0.277

(@) F1macro for the four language pairs of (Solorio et al.,|2014).

SPA-EN MSA-EGY
Dataset

l:"lMono 1:"ICS FlMacro 1:"lMono 1:1CS FlMacro

Test 0.89 0.9 0.895 0.93 0.5 0.715

(b) F1pmacro for the two language pairs of (Molina et al., |2016). The reported F1yono and Figs
correspond to the F1 scores computed when each of the monolingual label and the code-switched

label is considered as the positive class, respectively.

Table 3.2: The macro-averaged F1 scores for the sentence-level binary identification
of monolingual (i.e., single language/variety) against code-switched sentences for the

best-performing systems of both shared tasks.

From a modeling perspective, the results summarized in show a significant
gap in the ability to distinguish between monolingual and code-switched sentences for
the MSA-EGY pair compared to the other pairs. Referring to consider the

individual F1 scores when the positive class is the monolingual label (F1ys,,,) and the
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code-switched label (FIcs), respectively. We can infer that the top-performing model
tends to predict a single variety for most sentences, as indicated by achieving an F'1,,,,,
of 0.93 for monolingual sentences, but a much lower Fcgs of 0.5 for code-switched
sentences.

From a framing perspective, both sentence-level and token-level DI methods fail to
distinguish between sentences having the same number of dialectal cues, yet different
levels of dialectness. As per each of the sentences Ldaws 2ot 331 (Alzlmh
bsTnA) and Lisias 2ot 331 (Alzlmh nynjnA) has two lexical cues of dialectness, yet the
latter sentence is perceived as being more colloquial than the former.

(3) Dialect Levels Earlier initiatives recognized the presence of such a spectrum
(Habash et al., 2008; [Zaidan and Callison-Burch, 2011)); however, the datasets that
were developed are either skewed toward more standardized documents with limited
code-switching or lack information about the distribution and the quality of the levels
of dialectness labels, as elaborated next. Consequently, the Level of Dialectness has
not yet been adopted as a linguistic variable for automatically analyzing Arabic text,
despite its potential usefulness for NLP applications.

Habash et al.| (2008)) proposed a word-level annotation scheme consisting of four
levels: (LO) Pure MSA, (LL1) MSA with non-standard orthography, (.2) MSA with di-
alect morphology, and (L3) Dialectal lexeme. Annotators also labeled the full sentences’
level of dialectness into five levels based on the word-level annotations according to the
description in

Although the inter-annotator agreement was relatively good (less so for the sentence
level), only a small corpus was annotated (19k words). Moreover, the corpus has
sentences that are mostly in MSA with limited code-switching. A later work piloted
a simplified version of the scheme—where the different word levels are mapped to
MSA, DA, or both—on another corpus of 30k words (Elfardy and Diab, 2012), a
setup that is close to the code-switching framing. Neither corpus is publicly released.
Additionally, these two token-level annotation approaches have similar limitations to
the aforementioned limitations of the code-switching setup.

Conversely, |Zaidan and Callison-Burch (2011) collected sentence-level dialectness
annotations in the Arabic Online Commentary dataset. Although the dataset has been
released, there has been no published description or analysis of these annotations that I

know of, and (perhaps for this reason) no follow-up work using themEI The following

3This contrasts with the Dialect annotations for the same corpus, which were analyzed in|Zaidan and
Callison-Burch|(2014)), and have been widely used in the ADI task.
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section aims to remedy this and introduces the Arabic Level of Dialectness (ALD1)

variable.

Segment Level 0 - perfect MSA

Segment Level 1 - imperfect MSA
The source is trying to produce MSA, but some dialectal phenomena are sneaking in.
Criteria: A segment can not be in this level if the number of words of word-level 3 is

larger than a threshold. The authors were to decide on this threshold later.

Segment Level 2 - Arabic with full dialect switching
It is not clear whether the source is aiming for writing in MSA or dialect.
Criteria: A segment can not be in this level if all the words are in word-level 2 or

word-level 3.

Segment Level 3 - Dialect with MSA incursions
The source is producing dialectal Arabic, but uses words clearly borrowed from MSA.
Criteria: A segment can not be in this level if all the words are in word-level 2 or

word-level 3.

Segment Level 4 - pure Dialect

Criteria: A segment in this level at least has one word in word-level 2 or word-level 3.

Table 3.3: The five segment levels introduced by Habash et al.| (2008), with their provided
description and criteria. Note: the authors mentioned that the term segment is used to

refer to sentences or utterances.

3.2 The Arabic Level of Dialectness (ALDi)

I define the Arabic Level of Dialectness (ALDi) of a sentence as the extent by which the
sentence diverges from the standard language, which can be based on any of the cues
described above. This definition is consistent with the crowdsourced annotation of the
Arabic Online Commentary (AOC) dataset (Zaidan and Callison-Burch, 2011), where
annotators labeled the dialect and level of dialectness of user comments on articles from

Arabic newspapers.

AOC’s Annotation Guidelines AOC'’s creators provided the annotators with minimal

guidelines for determining the dialect and dialect level of the comments. For the latter,
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they only instructed the annotators to answer the following: “Tell us how much dialect
(awle) is in the sentence” as indicated by the screenshot of their annotation interface
shown in They employed the following four labels for the dialect level
annotations: {No dialect, A bit of dialect, Mixed, Mostly Dialect}, without defining
each of these levels, allowing the annotators to gave their own interpretations.

The annotation guidelines could be interpreted as measuring the percentage of DA in
a sentence, which is not too different from the aforementioned code-switching framing.
However, AOC’s guidelines allow for assigning a high level of dialectness to a sentence
having a highly colloquial word, even if the remaining words are perceived to be less
colloquial or in MSA, which is not the case for previous guidelines. Moreover, the
guidelines do not explicitly rely on sociolinguistic factors in defining the different levels,
which is a limitation of Badawi/'s (1973)) definitions of the different Dialect Levels.

The original paper in which the AOC dataset was introduced and subsequent work
only used the dialect labels. Given that the dialect level annotations were ignored, the

following subsection will provide the first in-depth analysis of these annotations.

3.2.1 Analyzing the AOC Dataset

The AOC dataset was created by scraping user comments on articles from three newspa-
pers, published in Egypt (Youm?7 astudi a 931), Jordan (AlGhad 4st1), and Saudi Arabia
(AlRiyadh 4»\u ,1); thus, expecting the majority of each source’s comments to be in
Egyptian (EGY), Levantine (LEV), and Gulf (GLF) dialects, respectively. Each com-
ment is labeled for its Dialect Level (MSA, little, mixed, mostly dialectal, not Arabic).
For comments labeled as Non-MSA, the annotators also chose the dialect in which the
text is written: EGY, LEV, GLF, Maghrebi (MAG), Iraqi (IRQ), General (GEN: used
when the text is DA, but could belong to multiple dialects), Unfamiliar, and Other.
Each row of the released AOC dataset consists of 12 different sentences representing
a Human Intelligence Task (HIT) on Amazon Mechanical Turk, with annotations
provided by the same human judge. A HIT has 10 comments in addition to 2 control
sentences sampled from the articles’ bodies, which are expected to be mostly written in
MSA. As part of each HIT, annotators provided some personal information such as their
place of residence, whether they are native Arabic speakers, and the Arabic dialect they
understand the most. shows the number of annotations collected for sentences

from each source.

4The annotation webpage can be accessed through https://www.cs.jhu.edu/data-archive/RCLMT-
2011/html/dialect_classification.shtml.


https://web.archive.org/web/20231024045852/https://www.cs.jhu.edu/data-archive/RCLMT-2011/html/dialect_classification.shtml
https://web.archive.org/web/20231024045852/https://www.cs.jhu.edu/data-archive/RCLMT-2011/html/dialect_classification.shtml
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Help Classify Arabic into Dialects!

This task is for Arabic speakers who understand the different local Arabic dialects (3a,/31 51 dsslall &laglll), and can distinguish them from Fusha Arabic (amadll).
Below, you will see several Arabic sentences. For cach sentence:

1. Tell us how much dialect (5Le) is in the sentence, and then
2. Tell us which Arabic dialect the writer intends.

This following map explains the dialects:

PLEASE READ the following. You MUST understand the classifications, otherwise your work might be rejected!!
« Levantine ( ;L) does NOT mean "Syrian" only. It includes Syrian, but ALSO: Jordanian is Levantine, Palestinian is Levantine, and Lebanese is Levantine. That's why all these countries are green in the map.

« Maghrebi (4 i) docs NOT mean "Morocean” only. It includes Morocean, but ALSO: Algerian is Maghrebi, Tunisian is Maghrebi, and Libyan is Maghrebi. That's why all these countrics arc purple in the map.

« The word "dialect” (3a4!) does NOT mean "spelling mistake” (s23k! Laz). If the writer was trying to write in 100% =i, classify it as No dialect, even if it has some spelling mistakes.

This is a simple task, and your answers will help advance research on the Arabic language,
s0 please do the task properly, and please have fun doing it. :)

“irst, please answer these questions about your language abilitics:
You don't have to answer these questions in every HIT; one time is enough)

Is Arabic your native language? OYes ONo
How many years have you spoken Arabic? (If native speaker, just enter your age)| | years
Which Arabic dialect do you understand best? Choose dialect... v

What country do you currently live in? | |

Which Dialect? $asle dangd 2l Dialect Level ausladl Zaglll duas Sentence alaad|
| General (e doed e ST 2kt v |  Choose level... b |1
| General (K Gag! oo ST Slu v | No dialect (I o) R 7]
[Goneral (i g o= 1] Abit of dialect (Aulall e Julall) = s
Mixed (dudlally ouadll 5o bils)
s gl 00 S [=
Seneral (S on S 20 Mostly dialect (asle lyalise) - ||#4
General (i dagl on 51 v Not Arabic (ise s 31 a4l) = 15
Goneral (e nel oo JS1 St v y L. [#e
General (e dagd oa SISy | Chaose level... v o |[#7

Figure 3.1: A screenshot of the annotation interface used for the AOC dataset
and Callison-Burch; 2011).

Type AlGhad AlRiyadh Youm?7
Comment | 94,236 156,345 80,349
Control 48,210 8,925 9,051

All 142,446 165270 89,400

Table 3.4: Statistics of the AOC dataset, showing the number of annotations of each

type from each newspaper source. Each sentence has three independent annotations.
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shows the distribution of Level of Dialectness annotations in AOC. As
expected, the control sentences are nearly all (94%) annotated as MSA. MSA is also
the most common label for the scraped comments (57% of their annotations), followed
by the mostly dialectal label (23%), little dialectal (11%), and mixed (6.5%).

Type MSA Little Mixed Most Not Arabic Missing
189,020 36,930 21,622 76,284 5,421 1,653
Comment
(57.12%) (11.16%) (6.53%) (23.05%) (1.64%) (0.5%)
62,456 1,060 436 754 1,165 315
Control
(94.36%) (1.6%) (0.66%) (1.14%) (1.76%) (0.48%)
All 251,476 37,990 22,058 77,038 6,586 1,968
(63.33%) (9.57%) (5.55%) (19.4%) (1.66%) (0.5%)

Table 3.5: The distribution of AOC’s Level of Dialectness annotations. Each sentence
has three independent annotations. Control are sentences extracted from the article

body, most likely MSA, to check the quality of the annotations.

shows the distribution of dialectness labels split out by dialect (sentences
labeled as MSA are not shown). We can see that the proportions of different levels
of dialectness for the LEV, GLF, and EGY dialects are similar, even though the total
number of annotations per source (Table 3.4)) is more skewed. This is likely due to
the fact, noted by Zaidan and Callison-Burch (2014), that the highest proportion of
MSA annotations is for AlGhad’s comments, followed by AlRiyadh and then Youm7.
also shows that the distribution of dialectness levels is similar for the LEV,
GLF, and EGY dialects, whereas the GEN dialect label has a higher proportion of little
dialectness. This makes sense, since for sentences with few cues of dialectness, the
level of dialectness would be low, and it would be hard to assign these sentences to a

specific dialect.



44 Chapter 3. Arabic Level of Dialectness
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Figure 3.2: The distribution of the annotations for the dialect and the level of dialectness in
AOC. Note that each comment has three different annotations. 251,476 MSA annotations
are not shown in the Figure. The General dialect label is used when a sentence is natural
in multiple varieties of DA. The REST bar represents the (Maghrebi, Iraqi, Unfamiliar,
and Other) labels.

3.2.2 From AOC to AOC-ALDi

In order to transform the AOC level of dialectness annotations into numeric ALDi
scores, | applied the following steps:
Step #1 - HIT to annotation rows: I split each row (HIT) of the AOC dataset into 12
annotation rows, one for each sentence of the HIT, with the annotator’s information
shared across them.
Step #2 - Grouping identical comments: Comments on the same article can sometimes
be identical. I decided to group identical comments on the same article together. Out of
129,873 grouped comments, only 1,377 comments have more than three annotations.
I discarded 2,038 grouped comments for which at least % of the dialectness level
annotations are either Missing or Not Arabic,lﬂ leaving a total of 127,835 comments
with at least three annotations each. The average length of these comments is 20 words.
I measured inter-annotator agreement on the level of dialectness annotations for
the 124,257 comments which have 3 annotations that are not Not Arabic or Missing.
The Fleiss’ Kappa (x) is 0.44 (Fleiss, [1971)), while Krippendorff’s Alpha (interval
method) (o) is 0.63 (Krippendorff, 2004). Both metrics are corrected for chance

>The main categories of these discarded comments are discussed in Appendix
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agreement and disagreement, respectively. K considers the labels as categorical, while
o penalizes disagreements according the differences between their values. Although
these agreement levels are considered only moderate, my experiments demonstrate that
the corpus can nevertheless be useful.

Step #3 - Label aggregation (Operationalization of ALDi): Multiple human annota-
tions for the level of dialectness were aggregated into a single label. I transformed the
ordinal labels (MSA, Little, Mixed, Mostly) into the numeric values (0, %, %, 1), then
took the algebraic mean of these as the gold standard label, which has the range [0, 1]E|
The distribution of the aggregated scores across four intervals is shown in

67153

50000 -

25000 - 21265 18091 21326

No. of samples

0 - | | I
[0,0.11] [0.11,0.44[ [0.44,0.77[ [0.77,1]

Aggregated ALDi Score
Figure 3.3: AOC-ALD:i’s distribution of ALDi scores.

Step #4 - Splits creation: To build reliable splits of AOC, I made sure comments to
the same document are in the same split. For each source, I group sentences belonging
to the same article together, shuffle these groups, and then assign the first 80% of the
comments to the training split, the following 10% to the development split, and the
remaining 10% to the test split. This way, the dev and test sets evaluate whether a
model generalizes to comments from articles not seen in training. The distribution of
the sources across AOC-ALDi’s splits is in[Table 3.6

Qualitative Analysis shows three example sentences from the AOC-ALDi
dataset with their corresponding annotations, where all annotators labeled the dialect as
either MSA, EGY, or GEN. The first sentence begins with an English loanword. The
rest of the sentence has MSA terms that will not sound natural if pronounced according
to the phonetic rules of a variety of DA. Unsurprisingly, two annotators considered
the sentence to be in MSA, while the third might have perceived the presence of
the loanword as a sign of dialectness, thus marking the sentence as little dialectal.

The second example shows code-switching between MSA and Egyptian DA, but an

®AOC-ALDi also includes the original separate labels.
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AlGhad AlRiyadh Youm?7

Split
Cmnt Cntrl Cmnt Cntrl Cmnt Cntrl

Train (80%) 24,039 12,613 41,479 2,335 20,041 2,379
Dev (10%) 3,107 1,513 4,567 275 2,475 323
Test (10%) 2,945 1,587 5,012 360 2,514 271

Table 3.6: The number of grouped comments in AOC-ALDi’s splits. 127,835 comments

of 20 words on average are distributed across all splits.

Egyptian can still naturally pronounce the MSA portion, abiding by the phonetic rules
of Egyptian Arabic. This might be the reason why one of the annotators labeled the
sentence as mostly dialectal (see Parkinson (1991), who observed the same relation
between pronunciation and perceived levels of dialectness). For the third example, all
the tokens except for the first one show dialectal features, which made it easy for the

three annotators to classify it as mostly dialectal.

ALDi English translation (mine) Comment
0,0, % Bravo to the wonderful Minister, who proved ST a1 830 el 91 5
~ 0.11 that he is responsible, feeling the importance of Aol Ges pada Jghae 431 S
his responsibility for the first time in a long time a3 s 0 e J oY Al ghue

in the history of Egyptian education. § maed! @ulaid! s 55 B e

%, %, 1 We start with the right task of developing seolal b puall JALN LAy Sk
~ 0.56  schools and providing observers over them Lgle (pedl yall 58 g g Ly ylotad!
1,1 Honestly, a serious minister .... Bl paas g i )9
~ 1.00 I hope he stays like this all the time Jsb ole luss Juady co sl

Table 3.7: Sample comments to the same article with their level of dialectness labels
(3 annotations for each comment with their mean as the ALDi score). The labels are
MSA (0), Little (3), Mixed (3), Most (1). DA segments are underlined. Loanwords are
double-underlined.
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3.3 The ALDi Estimation Task

In this section, I show that a model trained to predict ALDi is competitive with a DI
system in discriminating between dialectal and MSA sentences (including dialects
barely represented in AOC-ALD:i), providing more nuanced dialectness scores. I then
consider several specific features of Egyptian Arabic, and again show that the ALDi

regression model is more sensitive to these than the baseline approaches.

3.3.1 Models

The primary model I use to predict ALDi is a BERT-based regression model, known
as the Sentence ALDi model. Using the training split of AOC-ALD:i, 1 fine-tune a
regression head on top of MarBERT, an Arabic BERT model (Abdul-Mageed et al.,
2021a), and clip the output to the range [0, 1]. To measure the consistency of the
model’s performance, I repeat the fine-tuning process three times using 30, 42, and 50
as the random seeds, and report averaged evaluation scores for the model (similarly
for Baseline #3). I compare this model to three baselines, which use existing Arabic
resources and are not trained on AOC-ALD:.

Baseline #1 - Proportion of tokens not found in an MSA lexicon: The presence of
dialectal lexical terms is one of the main signals that humans use to determine dialectal
text. Sajjad et al.|(2020) built an MSA lexicon from multiple MSA corpora. They then
computed the percentage of tokens within a sentence not found in the MSA lexicon
as a proxy for sentence-level dialectness. I replicate this method using the tokens
occurring more than once in the Arabic version of the United Nations Proceedings
corpus (Ziemski et al., 2016)) as the source for the MSA lexicon.

Baseline #2 - Sentence-Level DI: I use an off-the-shelf DI model implemented in
(Obeid et al., 2020) based on (Salameh et al.l, 2018]). The model is based on Naive
Bayes, trained on the MADAR corpus (Bouamor et al.,[2018), and uses character and
word n-grams to classify a sentence into six varieties of DA in addition to MSA. A
sentence is assigned an ALDi score of 0 if it is classified as MSA and a score of 1
otherwise.

Baseline #3 - Token-level DI: Molina et al.| (2016)) created a token-level DI dataset
(MSA-EGY token DI), in which tokens of tweets were manually tagged as MSA, EGY,
Named-Entity, ambiguous, mixed, or other. I use this dataset to fine-tune a layer on top
of MarBERT to tag tokens of a sentence. The tag of the first subword for each token is

used as the tag for the whole token, as done in (Devlin et al., [2019). I use token-level
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tags to compute the Code-Mixing Index (CMI; |Das and Gambick|2014)) as a proxy for

ALDi: CMI = NEGY tokens (set to O if none of the tokens are tagged as MSA or
NEGY tokens +NMSA tokens
EGY).

3.3.2 Evaluation

Intrinsic AOC-ALDi evaluation Treating the aggregated human-assigned scores of
AOC-ALD:’s test split as the gold standard, I measure how the models” ALDi pre-
dictions deviate from the gold standard ones using Root Mean-Square Error (RMSE).
As expected, since it is the only model trained on AOC-ALDI, the Sentence ALDi
model achieves the least RMSE of 0.18 on the AOC-ALDi test split, as indicated in
The two other models that can produce continuous scores at the sentence
level, MSA Lexicon and Token DI, achieve similar RMSE, and are both better than the
binary Sentence DI model despite more limited exposure to the dialects in this corpus
(recall that Token DI has only been trained on EGY and MSA, and MSA Lexicon has no

explicit DA training). All models perform worse on the comments than the controls.

Model RMSE(])
Control Comment All
N=2,127 N=10,644 | N=12,771
MSA Lexicon 0.13 0.36 0.34
Sentence DI 0.23 0.53 0.49
Token DI 0.11* 0.33* 0.30%*
Sentence ALDi 0.07* 0.19* 0.18*

Table 3.8: Models’ RMSE on AOC-ALDi’s test split. *: Average values across three
fine-tuned models with different random seeds. The corresponding standard deviations

are 0.015 or less.

Disentangling Parallel MSA/DA Sentences For a model estimating ALDi, a minimal
requirement is to assign a higher score to a DA sentence than that assigned to its
corresponding MSA translation.

[ utilize two parallel corpora of different genres and dialects to test this requirement.
First, I use a parallel corpus of 8,219 verses (sentences) from the Bible, provided by
Sajjad et al.|(2020), which includes versions in MSA, Tunisian, and Moroccan Arabic.
I also use DIAL2MSA, which is a dataset of dialectal Arabic tweets with parallel MSA
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translations (Mubarak, 2018)). Five MSA translations were crowdsourced for 12,000
tweets, which had distinctive lexical features of Egyptian and Maghrebi Arabic. Each
translation was then validated by three judges. For my analysis, I discard samples
having a non-perfect validation confidence score and ones that still have a distinctive
dialectal lexical term in their MSA translations.

The distribution of the ALDi scores in [Figure 3.4 reveals that MSA Lexicon does not
discriminate strongly between MSA and DA, while Token DI mostly assigns scores of
0 or 1 (acting like Sentence DI), despite the possibility to do otherwise. The Sentence
ALDi model provides more nuanced scores while also showing strong discrimination
between MSA and DA, even for DA varieties that are barely present in AOC-ALDi
(TUN, MOR, MGR; note that Token DI also has not seen these). Additionally, the
Sentence ALDi model yields slightly lower scores for the DA versions of the Bible than
for the DA tweets, hinting that the informal genre of tweets may be an indicator of
stronger dialectness levels.

It is conceivable that the Sentence ALDi model has generalized to identify divergence
from MSA, irrespective of the underlying dialect. This generalization could have been
aided by the underlying BERT-based model’s pretraining data (Abdul-Mageed et al.,
2021a), which consisted of 1 billion Arabic tweets that are expected to cover some
of the different Arabic varieties. However, the model’s pretraining data is not public,
and the distribution of the varieties included in the model’s pretraining data is neither
provided nor easy to estimate, making it difficult to further study the impact of the
pretraining data on the Sentence ALDi model’s generalization.

To further compare the different methods, I computed D', a measure of discrimina-
tion, for all models on each pair of parallel corpora, with the results shown in
For a given corpus of parallel MSA and DA sentences, each model yields two distribu-
tions of estimated ALDi scores. The mean and variance of the two distributions are (u,

G%) and (o, G%) respectively. D' is then computed as:

_ |

(62+063)
2

On the DIAL2MSA corpora, which are likely more similar in style to AOC-ALD;1,
my model performs about as well as Token DI, the other BERT-based model (which,

D (3.1

like mine, has not seen MGR in training), while also providing a wider range of scores
(as shown in[Figure 3.4)). Token DI does somewhat better than my model on the Bible

corpora, but again by making nearly binary judgments for each sentence.
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Figure 3.4: The distribution of the ALDi scores assigned by the four models to sentences

of the Bible and DIAL2MSA corpora. Each column (across the four plots) represents

the same set of sentences as scored by the four different models, and the columns are

grouped by corpus to compare the different dialectal versions of that corpus. For each

plot, the orange line shows the median score, the box represents the interquartile range
(IQR) [Q1, Q3] of the scores, the whiskers represent +1.5 « A(IQR) beyond Q1 and
Q3, and the dots represent outliers beyond this. Notes: A(IQR) = Q3 — Q1. Notes:

The boxplots for the Token DI and Sentence ALDi models are not significantly different

across the multiple fine-tuning runs of different random seeds.
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Model Bible DIAL2MSA
ode

MSA/TUN MSA/MOR MSA/EGY MSA/MGR
MSA Lexicon 1.28 1.55 1.48 1.73
Sentence DI 2.65 3.89 2.17 2.76
Token DI* 3.81 £ 0.26 5.56 + 0.34 5.83 +£0.13 3.93 +£0.03

Sentence ALDi*  3.35+0.09 3.89 +0.25 5.16 +0.13 415+ 0.1

Table 3.9: The D'(?) scores for the parallel MSA/DA corpora. TUN: Tunisian Arabic,
MOR: Moroccan Arabic, EGY: Egyptian Arabic, MGR: Maghrebi Arabic. *: D’ scores

averaged across three fine-tuned models with different random seeds (30, 42, 50).

3.3.3 Analysis - Minimal Contrastive Pairs

Inspired by Demszky et al.[(2021)’s corpus of minimal contrastive pairs for 18 distinctive
features of Indian English, I built contrastive pairs of MSA and Egyptian Arabic (EGY)
variants of a single sentence. I investigate five features of EGY that were previously
recognized by Darwish et al.| (2014). For each sentence, I generate versions with
different gender markings (masculine and feminine) and word orders (SVO and VSO).
While MSA allows for both word orders, it favors VSO (EI-Yasin, |1985)), while EGY
favors SVO (Gamal-Eldin, [1968|as cited in [Holes, [2013|;, Zaidan and Callison-Burch,
2014). In I display the ALDi scores assigned by the different models to the

contrastive pairs.

The MSA Lexicon model considers all dialectal features to have the same impact in
assigning a non-zero ALDi score (i.e., % ~0.33 or % ~ 0.5) to the DA sentences. As
implied by my previous experiment, the Token DI model acts as a sentence-level DI
model, tagging all the tokens as dialectal if only one token shows a distinctive dialectal
feature. This behavior might be an artifact of the model’s fine-tuning dataset, where
annotators were asked to use the surrounding context to determine an ambiguous token’s

language (EGY or MSA).

Conversely, the Sentence ALDi model provides a more nuanced distinction between
the different features. The negation form (F4, F5) used in EGY seems to cause the
model to categorically consider the sentence as highly colloquial. Less salient features
such as the (F1) present progressive proclitic — increase the ALDi level of the sentence,
but to a lesser extent than the negation feature. We also see that the model assigns

higher ALDi scores to SVO sentences than to VSO, suggesting that the model may have
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learned the common word order in EGY. Finally, feminine-marked sentences tend to
get higher scores than their masculine-marked counterparts, which may be indicative
of a gender bias in the training data and resulting model—if feminine marking is less

common, it may also be seen as less standard language and interpreted as non-MSA.



MSA LEX. SEN. DI TOK. DI * SEN. ALDi *
Feature name MSA EGY/, Word order

MSA  EGY | MSA EGY MSA EGY MSA EGY
F1) Present progressive E-I- PN (RCR I %] Waamtl Cldl J gah VSO 0.33 /1.0 1.0 1.0 / 0.86/0.56
En: The girl is saying the truth @l J edi Cend! Aaasdl J gl Sd! SVO 0.33 1.0 1.0 1.0 / 0.83/0.62
F2) Future Morpheme Waasd cod) Jedthe Adiastl codl J gdis VSO 0.33 1.0 / 0.76 /0.9
En: The girl will say the truth Waas Jedhie cod)  AdiasIl J gdia cud) SVO 0.33 1.0/ / 1.0 / 0.79/0.89
F3) Passive formation PV TN (EA T Aaiam) CdLES VO 0.5 1.0 0.36
En: The truth was said KAV S-I- P | COLES) Ad Gt ov 0.5 1.0 1.0 0.36
F4) Negation Aasd cldl Joa3 Y Aadsdl Cod) il gatee VSO 0.33 1.0 / 1.0 / 0.95/0.91
En: The girl is not saying the truth  daG=t Joa5 ¥ codl  Ad@s (o) gatee cid SVO 0.33 1.0 /033 1.0 / 0.91/0.9
F5) Negated imperative

Aa Gt Y gaT Y Al i gdile VSO /033 0.5 1.0 1.0 / 0.84/0.91

En: Do not say the truth

Table 3.10: The ALDi scores assigned to contrastive MSA and Egyptian Arabic sentences. Only the feminine-marked version of the sentence is
shown, and tokens with dialectal features are underlined. A single score is reported if a model assigns the same score to the masculine and
feminine versions of a sentence; otherwise, the scores for masculine/feminine are shown. | tested VSO (favored in MSA) and SVO (favored in
EGY) word orders. Note: Scores € [0,0.11] are encoded in green, while ones € ]0.11, 1] have a shade of purple.

*: The scores for these models are averaged across three fine-tuned models with different random seeds.

¥se| uonewnsy IGTY 8YL €€

€S
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3.3.4 Analysis - How Do ALDi’s Guidelines Compare to Habash
et al.’s (2008) Guidelines?

The Sentence-ALDi model relies on the ALDi ratings derived from the AOC dataset.
These ratings are assigned on the sentence level with minimal explanation of the
different dialect levels. It would be useful to investigate how these sentence-level
ratings compare to the levels proposed by Habash et al.|(2008)), where manually set
rules are used to derive sentence-level dialectness labels from token-level ones. However,
this necessitates annotating the same set of sentences according to the two guidelines.

ZAEBUC is a rich corpus of carefully transcribed Zoom meetings (20 hours in
total) involving two students role-playing brainstorming ideas for a specific topic and
discussing them with an interlocutor (Hamed et al.,|2024). The utterances of the phase
in which the two students discuss their ideas with the interlocutor have dialect levels
labels manually assigned following |[Habash et al.’s (2008)) descriptions of the segment
levels. Yet, the guidelines were simplified by removing the word-level annotations
criteria, as elaborated in Moreover, the provided annotations were not
merely based on the transcripts, as the annotators were also asked to listen to the

utterances.

L0 denotes perfect MSA.

L1 denotes imperfect MSA. This includes utterances with non-standard forms,
such as syntax or morphology that is inclined towards dialects; however, it
does not include any strong dialectal markers.

L2 denotes MSA-dialectal code-switching. This includes utterances having strong
dialectal markers where the contribution of dialects is nearly equal to or less
than MSA.

L3 denotes dialect with MSA incursions. The utterance is mostly dialectal, with
some embedded MSA words.

L4 denotes pure dialect.

Figure 3.5: The annotation guidelines used to annotate the ZAEBUC corpus, which are

adopted from |Habash et al.'s (2008) guidelines.

Instead of annotating ZAEBUC’s utterances according to |[Zaidan and Callison{
Burchl's (2011) guidelines, I use the Sentence-ALDi model as a proxy. More specifically,
an ALDi score is estimated for each transcribed utterance. To this end, I preprocessed

the transcribed utterances to discard the different tags that were used to indicate speech-
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related features such as hesitation marks and non-verbal cues (e.g., pauses, gasps, and
laughs). Additionally, I replaced the placeholder tags used to refer to the interlocutors’
names with Arab female names (e.g., replacing <speaker_1> with ;.-).

Although the Sentence-ALDi only relies on the textual transcript of the utterances,
shows that the automatically estimated ALDi scores are correlated with the
manually assigned dialect levels, even when the latter also relied on the speech signal.
In fact, Spearman’s correlation coefficient between the ordinal dialect levels and the
continuous automatically estimated ones is 0.806. This indicates that both guidelines

are not fundamentally different.

163
Dialect Level: LO (Perfect MSA)

= 100 1 .

1

1

17 1 g 4
2 1 1
0 = T T T T
Dialect Level: L1 (Imperfect MSA)

= 100 -

Dialect Level: L2 (MSA-dialectal code-switching)

1 1
1 1
23 ! 22 !

12 10 17 12 1 7 7 4 1
0—# Y T

Dialect Level: L3 (Dialect with MSA incursions)

- 100 -

Dialect Level: L4 (Pure dialect)
= 100 +

2 1 03 3 110 elleseset2
0 T T I I
0.0 0.2 0.4 0.6 0.8 1.0
ALDi score (automatically estimated)

Figure 3.6: The histograms of the automatically estimated ALDi scores for the transcribed
sentences of the ZAEBUC corpus (Hamed et al., [2024), split according to the utterances’
manually assigned dialect levels (LO, L1, L2, L3, L4), according to a simplified version
of Habash et al.'s (2008) guidelines. The dotted vertical lines show the boundaries of
the expected range of ALDi scores for each dialect level, if the full ALDi range [0, 1] is
uniformly split into five subranges, with each subrange mapped to a respective dialect
level. Note: A Spearman’s correlation coefficient of 0.806 exists between the ordinal

dialect levels and the continuous automatically estimated ones.
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Upon analyzing a sample of utterances where the automatically estimated ALDi
scores diverge from the range of scores expected for the manually assigned dialect
levels, I identified three main scenarios. Utterances corresponding to the different
scenarios are provided in[Table 3.T1] The first scenario is for neutral utterances (U0, U1,
and U5), where the whole utterance is valid in both MSA and DA. Without access to the
speech signal, both scores that are close to zero (i.e., MSA) or indicate the sentences
are not highly colloquial (i.e., ones not close to 1) are acceptable. The second is for
utterances (U3, U4, and US) with words/segments that do not come from MSA origins
(triple underlined in the Table) and are highly colloquial words/segments. The ALDi
scores for the first two utterances having two words with non-MSA origins are high
(0.75 and 0.78, respectively), the model assigned a lower score of 0.39 to U9, which
only had a single word of this sort (,.:). The third and last scenario is for utterances
(U2, U6, U7, U8, U10, and Ul1), where all the dialectal words/segments have MSA
origins (double underlined), and hence do not strongly diverge from it. The estimated
ALDi scores of these utterances seem to be related to the proportion of the dialectal and
neutral segments in the sentence.

Hence, the Sentence-ALDi model is a handy tool for automatically estimating the
dialect level of Arabic sentences. Analyzing sentences where the model’s predictions
diverge from the manually assigned dialect levels reveals that the absence of the cor-
responding speech signal is a significant reason, given that MSA and varieties of DA

exhibit a non-negligible lexical overlap.

3.4 Reflection - Level of Dialectness and Formality

Formality is a concept that has been studied, yet it does not generally have an agreed-
upon definition (Heylighen and Dewaelel, [1999; [Lahiri, 2016; Pavlick and Tetreault,
2016; Rao and Tetreault, 2018)). Heylighen and Dewaele| (1999) define formality as the
avoidance of ambiguity by minimizing the context-dependence, and the fuzziness of
the used expressions. Later operationalizations recognize factors such as slang words
and grammatical inaccuracies have on the people’s perception of formality (Mosquera
and Moredal, 2012; |Peterson et al., [2011)) as cited in (Pavlick and Tetreault, 2016).
Arabic speakers indeed tend to use MSA in formal situations, and their regional
dialects in informal ones. However, an Arabic speaker can still use MSA and speak
informally, or use their dialect and speak formally. The case studies in §4.T]of

show how Arab presidents use sentences of different levels of dialectness in their
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Level Preprocessed Utterance ALDi ID
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Table 3.11: Sampled utterances from ZAEBUC with automatically estimated ALDi scores
that diverge from the range of expected ALDi scores of their respective manually assigned
dialect levels. MSA or non-Arabic segments are not underlined. A single underline is
used for Neutral segments (i.e., ones valid in MSA and DA), double-underlined segments
are dialectal segments of MSA origins, and triple-underlined segments are dialectal ones
that highly diverge from MSA. Note: L0 Perfect MSA, L1 Imperfect MSA, L2 Mixed MSA

and Dialect, L3 Dialect with MSA Incursions, L4 Pure Dialect.
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political speeches. While these speeches would all be considered to be formal, different
levels of dialectness are employed to sound authoritative (using MSA) or seek sympathy
(using a regional dialect). Therefore, I believe the level of dialectness and formality are

related yet not interchangeable.

3.5 Summary

The linguistic theory of Dialect levels provides a more realistic explanation of the
intraspeaker variation within Arabic-speaking communities, in contrast to the theory of
Diglossia, which adopts a simplistic binarized view of such variation. To investigate
[RO]I] this chapter describes the first attempt to operationalize the concept of Dialect
levels as a quantifiable variable that could be automatically estimated. To this end,
I presented Arabic Level of Dialectness (ALDi), a linguistic variable that quantifies
the level of dialectness of an Arabic sentence. I released AOC-ALDI, a dataset of
Arabic comments annotated with their ALDi scores. A BERT-based regression model
fine-tuned on AOC-ALDi showed superior performance compared to existing baselines
that are based on lexicons and DI models. My analysis shows that the model generalizes
to various Arabic dialects. In addition, the model provides a nuanced distinction of
dialectal features, which token and sentence DI models can not perform.

The AOC-ALD:I dataset is a rich dataset of 127,835 Arabic sentences with dialect
and dialect level annotations. However, it could still have some limitations. First, most
of the sentences are online comments on news articles, which is a specific genre of
text. Although my experiments show robustness across multiple text genres, it would be
useful to have a dataset (even just for intrinsic testing) that comes from other sources,
such as social media. Moreover, the gold-standard ALDi scores in my AOC-ALDi
dataset are based on normalizing the level of dialectness annotations of the AOC dataset,
which were collected by randomly routing the samples to three annotators from a pool
of different Arabic speakers. As raised in it is conceivable that a speaker’s native
dialect influences what they perceive as MSA and what they perceive as DA, hence,

impacting their ALDi ratings. Lastly, the annotation guidelines are minimal. These

limitations will be later addressed in
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Applications of Arabic Level of

Dialecthess

This chapter presents two applications where ALDi provides a more nuanced tool than
only relying on DI, to address (RQ2)): What are some applications of automatically
estimating Dialect Levels, in text analysis and data annotation? The first illustrates
how ALD:i can reveal Arabic speakers’ stylistic choices in different situations, a useful
property for sociolinguistic analyses, which existing DI systems fail to detect. The
second analyzes how ALDi can be a useful tool when annotating Arabic datasets. More
specifically, it investigates the impact of randomly routing samples to annotators on the

annotation agreement, and how ALDi can be used to improve the annotation process.
The work presented herein was reported in the following papers:

* Amr Keleg, Sharon Goldwater, and Walid Magdy. 2023. ALDi: Quantifying
the Arabic Level of Dialectness of Text. In Proceedings of the 2023 Conference
on Empirical Methods in Natural Language Processing, pages 10597-10611,
Singapore.

* Amr Keleg, Walid Magdy, and Sharon Goldwater. 2024. Estimating the Level of
Dialectness Predicts Inter-annotator Agreement in Multi-dialect Arabic Datasets.
In Proceedings of the 62nd Annual Meeting of the Association for Computa-
tional Linguistics (Volume 2: Short Papers), pages 766—777, Bangkok, Thailand.

Received an Outstanding Paper Award.
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4.1 Automatically Analyzing Intraspeaker Variation

The same speaker can adapt different styles according to various social and linguistic
factors (Kiesling, 2011). In this section, I present two case studies that analyze the
transcribed speeches of three different Arab presidents. I highlight how quantitatively
estimating ALDi can help in revealing different speaking styles, demonstrating ALDi’s

utility for sociolinguistic studies.

4.1.1 Presidential Speeches during the Arab Spring

Lahlali (2011) qualitatively analyzed the usage of MSA and DA (Tunisian Arabic and
Egyptian Arabic) in the last three speeches of Ben-Ali and Mubarak, the former Tunisian
and Egyptian presidents, during the period of the Tunisian and Egyptian revolutions
in 2011. Mubarak consistently used MSA for his speeches to showcase authority and
power. Ben-Ali used MSA for his first two speeches. For his last speech, he explicitly
said: “Oolews 91 g (o 92l S 2at @Seia" - “T talk to you in the language of all the
Tunisians", apparently using his choice of dialect as a way to identify himself with a
particular group (cf. Shoemark et al.[2017; McNeil 2022). Using different language
levels or code-switching to non-standard varieties has also been previously noted as a
strategy used by Gamal Abdul Nasser (a former president of Egypt) (Holes, 1995), and
Boyko Borisov (a former prime minister of Bulgaria) (Kementchedjhieva, 2016).

I quantitatively replicate the analysis by visualizing the ALDi scores of the tran-
scribed speeches. I scraped the speeches from online websiteﬂ and used the HTML line
breaks <br> to segment them into sentences. For each sentence, I employ the Sentence
ALDi and Sentence DI models—introduced in §3.3.T]of [chapter 3}—to estimate its ALDi
score and classify it as DA or MSA, respectively.

shows that the Sentence ALDi correctly assigns almost-zero ALDi scores
for the sentences of Ben-Ali’s speech on the 10" of January, while the DI model makes
a couple of errors (and similarly for Mubarak’s speeches, shown in and

[Figure 4.1d). Both models identify the shift to DA in the second speech (Figure 4.1b)),

with more sentences identified as DA by the DI model, and many with moderate ALDi

scores. Given the nature of the speech, Ben-Ali still used formal terms while speaking

in Tunisian Arabic, which is likely the reason for the intermediate ALDi scores.

lwww.babnet.net/and egypt-blew.blogspot.com


www.babnet.net
egypt-blew.blogspot.com

4.1. Automatically Analyzing Intraspeaker Variation 61

1 -
— ¥ DA
3 ¢ MSA
g
0 - WMW“‘?‘“
0 10 20 30 40

Sentence Index in Speech
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(d) Mubarak’s second speech (10/2/2011).

Figure 4.1: The ALDi scores assigned to sentences of transcribed political speeches.
Subfigures and represent two speeches of the former Tunisian president Ben-
Ali during the Tunisian Revolution. Subfigures and represent two speeches of
the former Egyptian president Mubarak during the Egyptian Revolution.

Note: The MSA/DA labels were automatically predicted by the Sentence DI model (refer

to §|§3.’1 of |chapter 3).
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(c) EI-Sisi’s speech (22/7/2022).

Figure 4.2: The ALDi scores assigned to sentences of transcribed political speeches of
the current Egyptian president El-Sisi. Note: The MSA/DA labels were automatically

predicted by the Sentence DI model (refer to §13.3.1|of |chapter SP.
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4.1.2 EI-Sisi’s Speeches

I also applied ALDi to 659 speeches of the current Egyptian president El-Sisi, scraped
from almanassa.com. The transcripts are not limited to the edited presidential speech,
but also include greetings, introductory comments, interventions by the audience, and
signs of disfluency or hesitation. The site’s editors segmented each speech into coherent
sentences, embedded in <p> HTML tags, that I adopt as units of analysis.

While most of these speeches are conducted in MSA, multiple cases of code-
switching between MSA and Egyptian Arabic occur. In[Figure 4.2a and [4.2b] El-Sisi
used MSA when reading edited speeches, and Egyptian Arabic with high ALDi scores

when spontaneously addressing the audience before or after the edited speech.

Interestingly, shows three different ALDi levels as part of the same
speech. El-Sisi used MSA for reading the edited speech directed to the press, discussing
topics such as Egyptian-German diplomatic relations, climate change, and economic
hardships. He then reacted spontaneously to two questions from the press. He attempted
to answer the first question—related to gas prices—in MSA. However, the sentences
show code-switching between MSA and Egyptian Arabic, indicated by intermediate
ALDi scores (though the DI system does not identify these). For the second question
about human rights in Egypt, El-Sisi uses sentences that are more colloquial and less
formal, inviting the journalist to visit Egypt in order to make a fair assessment of the
situation. This is indicated by even higher ALDi scores. Samples of each segment are
in

This speech is a clear example of how an Arabic speaker can adapt different levels of

dialectness in their speech and indicates the ability of ALDi to reveal such differences.


almanassa.com

64 Chapter 4. Applications of Arabic Level of Dialectness

Segment Sentence with English translation (mine) ALDi

Main Speech Ot 9l (e il BBl e (o ydy Il aud 931 O e Liaasl 0
e Ba 5N Sliolul (o Caddnd ddas OLAT 9 slowd A 9 Junedly Lol
Ly a3 a1 J gt
And we agreed that the current circumstances endeavor
all actors to bear their responsibilities by finding practical
solutions and mechanisms to mitigate the impact of the

crisis on the most affected countries.

Q&A (Gas Prices) Collaadl Of ;¥ 1aa 8 Clumd Ui iay cdimd Lin | o) J 981 jole Liy  0.41
o2 s ol aas sliST aled) 14 jai Le o8 (s & glaidl g Buadd!
g3 ABUAN § guds o (50 Bia radhe
I spoke about this matter and that coordination and
cooperation are required between all countries of the
world regarding this topic during my talk or speech at the

Jeddah conference, specifically on the issue of energy.

Q&A (Human Rights) 152 423 1551 o) & 93 e wdie 1900t 14301 Oliie 4n (uatige o Ly 0.75

PSS (i g hgramin 9 (L gad p i L) Oldie 4 Guoligs L] s

Lim) I g @S g | geo omiis Lo 193] Lo (65 Lo gadh p ki L

LAMSYI O g Jawe 03 .Y Lade U ot lain 1 901 Olde ratige (i

iy g3 Lo gad oland Aolad ¥ g Ay HLidl g

And we are not interested in it because you ask about it..

It is very important that you know this.. We are interested
in it because we respect our people, and we love them,

and these are not just words, we respect our people just as

you respect your people.. and therefore we are not
interested because you ask us about it. .. No.. This is our
moral, historical, and humanitarian responsibility toward

our people. This is one point.

Table 4.1: Three sentences of different estimated ALDi scores sampled from three

segments of EI-Sisi’s speech on the 22" of July 2022 shown in|Figure 4.2c
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4.2 Improved Annotation Guidelines for Arabic Datasets

While MSA can be largely understood by most Arabic speakers, the different varieties
of DA are not always fully mutually intelligible. Despite this mutual unintelligibility, a
common practice when developing datasets for multi-dialect Arabic NLP is to randomly
recruit annotators without regard to their dialect. However, routing dialectal content to
speakers of a different dialect for annotation or moderation can present real problems.
For example, it has been shown to contribute to unjust online content moderation of DA
(Business for Social Responsibility, 2022), and racially biased toxicity annotation in
American English varieties (Sap et al., 2022). Two recent studies of multi-dialect DA
annotation showed that for annotating hate speech or sarcasm, respectively, annotators
were more lenient (for hate speech) and more accurate (for sarcasm) when annotating
sentences in their native dialect (Bergman and Diab, 2022; |Abu Farha and Magdy,
2022). The authors of both studies made the same recommendation for creating new
Arabic datasets, namely to first identify the dialect of each sample and then route it to
appropriate annotators.

This recommendation is theoretically appealing, but presents practical difficulties as
automatic dialect identification is challenging, and existing systems assume a single

correct label when in fact some texts can be natural in different dialects, as I will show in

ichapter 5|and [chapter 6, Moreover, the representation of native speakers of the different

Arabic dialects on crowdsourcing sites might be skewed (Mubarak and Darwish, [2016)).
Hence, recruiting native speakers of some Arabic dialects might be challenging, given
the tough conditions of the countries in which these dialects are spoken.

In this section, I address these challenges by building on the ALDi variable. I
hypothesize that as sentences with low ALDI1 scores do not diverge much from MSA,
they can still be understood and accurately annotated by most Arabic speakers, while
this will be less true for sentences with high ALDi scores. If my hypothesis holds, then
annotation can be made more efficient while maintaining accuracy, by routing samples
with low ALDi scores to speakers of any dialect. Only high-ALDi samples need to be

routed to native speakers of the appropriate dialect.

4.2.1 Methodology

Data I study the impact of ALDi scores on the annotators’ agreement for publicly

released Arabic datasets. I analyze datasets satisfying the following criteria:

* Language: Mixture of MSA and DA.
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* Variation: Targeting multiple varieties of DA.

* Annotators: Speakers of different varieties of DA that are randomly assigned to
the samples.

» Tasks Setup: Sentence-level classification.

* Released Labels: Individual annotator labels or the percentage of annotators

agreeing on the majority-vote label

I searched for datasets on Masader, a community-curated catalog of Arabic datasets
(Alyafeai et al., 2021; |Altaher et al., 2022). Each dataset on Masader has a metadata
field for the varieties of Arabic included. I discarded the datasets that only included
MSA samples, and manually inspected the remaining 151. After identifying 28 potential
datasets that satisfy the criteria above, I contacted the authors of the datasets that do
not have the individual annotations publicly released. Eventually, I had 15 datasets
to analyze, listed in covering: Offensive Text Classification, Hate Speech
Detection, Sarcasm Detection, Sentiment Analysis, Speech Act Detection, Stance

Detection, and Dialect Identification.

Analysis For each dataset, I compute the Arabic Level of Dialectness (ALDi) score
for each annotated sample (sentence) using the Sentence-ALDi model (chapter 3)), which
returns a score from 0 (MSA/non-dialectal) to 1 (strongly colloquial). To investigate
the effect of ALDi on annotator agreement, I bin the samples by their ALDi score into
10 bins of width 0.1. T compute % full agree, the percentage of samples in that bin
for which all the annotators agreed on a single label. I employ Pearson’s correlation
coefficient to analyze the relation between ALDi (represented by each bin’s midpoint
ALDi score) and % full agree, and also report the slope of the best-fitting line as a
measure of the effect sizeE] As aforementioned, my initial hypothesis is that % full

agree negatively correlates with ALDi1 scores.

For some datasets, the percentage of annotators agreeing on the majority vote is weighted by their
performance on the annotation quality-assurance test samples. This distinction is irrelevant to this study,
where I only consider whether all annotators agreed or not.

3The exact values of the slopes and correlation coefficients depend on the number of bins. However, I
got similar qualitative results on using 4 or 20 equal-width bins. 10 bins are enough to check if trends
are non-linear while keeping a reasonable number of samples in the smallest bins. I also fitted logistic
regression (logreg) models using ALDi as a continuous variable and a binary outcome Full Agreement
(Yes/No) for each sample. Both analysis tools reveal similar patterns (See §4.2.5)), but the binning method
provides useful additional visualization.
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Dataset Task (# labels) %A()LlDi Description
<0.
Deleted Comments Dataset  Offensive (3) 62.57% About 32K deleted comments from al jazeera.com, Confidence
(DCD) (Mubarak et al.,[2017) scores for the majority vote of 3 annotations are provided.
MPOLD (Chowdhury et al, Offensive (2) 27.82% 4000 sentences interacting with news sources, sampled from Twitter,
2020) Facebook, and YouTube, annotated three times.
YouTube Cyberbullying Offensive (2) 10.24% 15,050 comments and replies to 9 YouTube videos labeled by 3
(YTCB) (Alakrot et al.}[2018) annotators (Iraqi, Egyptian, Libyan).
ASAD (Alharbi et al.,[2021) Sentiment (3) 35.63% 95,000 tweets with a skewed representation toward the Gulf area
and Egypt.
ArSAS (Elmadany et al.,|2018)  Sentiment (4) 57.45% 21,064 tweets related to a pre-specified set of entities or events, with
Speech Act (6) confidence scores for the majority votes across three annotations per
sample.
ArSarcasm-v1 Dialect (5) 57.44% 10,547 tweets, sampled from two different Sentiment Analysis datasets:
(Abu Farha and Magdy| 2020) Sarcasm (2) ATSD (Nabil et al., [2015), SemEval2017 (Rosenthal et al., 2017),
Sentiment (4) reannotated for Sentiment, Dialect, and Sarcasm.
Mawqif Sarcasm (2) 58.04% 4,121 tweets about "COVID-19 vaccine", "digital transformation”, or
(Alturayeif et al., 2022) Sentiment (3) 58.04% "women empowerment" annotated separately for stance and
Stance (3) 57.99% sentiment/sarcasm till the label confidence reaches 0.7 (min. 3
annotators) or 7 annotators label the sample.
iSarcasm’s test set Dialect (5) 30.5% 200 sarcastic sentences provided by crowdsourced authors and 1200
(Abu Farha et al.| [2022) Sarcasm (2) non-sarcastic tweets from ArSarcasm-v2 (Abu Farha et al.| [2021)
reannotated 5 times.
DART (Alsarsour et al.}[2018) Dialect (5) 0.8% 24,279 tweets with distinctive dialectal terms annotated three times

for the dialectal region. Samples of complete disagreement are not

in the released dataset.

Table 4.2: The datasets included in my study. All datasets have three annotations per

sample, except for iSarcasm (5 annotations/sample) and Mawqif (3 or more annota-

tions/sample). For the labels used in each dataset and the proportion of each label,

see [Table B2]in the Appendix. For some datasets, there is a discrepancy between the

number of samples listed in the paper and the raw data files with individual labels (See

§H of the Appendix).
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4.2.2 Results and Discussion

I use scatter plots to visualize the relation between % full agree and ALDi on the studied
datasets, as shown in Additionally, the histograms of samples across the
different bins indicate the dialectal content within the dataset. As per 6
datasets out of the 15 have more than 50% of the samples with ALDi scores less than
0.1, which are expected to be written in MSA. However, I found that the overall trends
depicted in will not be affected if I discard these samples with low ALDi

scores and only focus on the rest.

For non-DI tasks, ALDi negatively correlates with agreement. Inspecting the trends
depicted in [Figure 4.3| strong negative Pearson’s correlation coefficients exist for 8
out of the 12 datasets for the non-DI tasks (sentiment analysis, sarcasm, hate speech,
and stance detection). Both the trends (quantified by the slope m) and the correlation
coefficients for most of the tasks indicate that the percentage of samples for which all
the annotators assign the same label decreases as the ALDi scores increase, often by a

large marginﬁ I notice different trends for DI that I will elaborate on below.

For DI, agreement is lowest for mid-range ALDi scores (if MSA is a possible label)
or low ALDi scores (if it is not). By definition, MSA sentences have an ALDi of 0,
and normally, the ALDi estimation model assigns them very low scores.

For the ArSarcasm-v1 and iSarcasm datasets, the set of labels for the DI task
includes MSA (i.e., some sentences in these datasets are not dialectal). For both
datasets, one notices high percentages of agreement scores for the bin having ALDi
scores € [0,0.1] (generally agreeing that the label is MSA). The percentages decrease
for the few succeeding bins, before rising again for the bins with high ALDi scores.
Sentences of high ALDi scores (e.g., € [0.8, 1]) are expected to have multiple dialectal
cues, which increases the chance of attributing them to a single dialect. For sentences of
intermediate ALDi scores, annotators can agree that a sentence is not in MSA. However,
they would struggle to determine the dialect(s) of the sentence, which is reflected in
having lower percentages of full agreement for these bins.

The authors of the DART dataset do not include MSA in DART’s label set since
they curated sentences with distinctive dialectal terms. This explains the low percentage

of full agreement for the bin of ALDi scores € [0,0.1], unlike the other two DI datasets.

4Refer to \ for a possible explanation of the unexpected trends of the ArSAS dataset.
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However, the pattern of having higher full agreement percentages for bins with higher

ALDI scores still holds.
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Figure 4.3: Scatter plots showing the relationship between binned ALDi scores (x-axis)

and the percentage of samples with full annotator agreement (y-axis). The histogram

represents the # of samples per bin (with min and max values for any bin labeled on

the right-hand axis). The slope of the best-fitting line (m) is shown, and to enable visual

comparison of slopes, all plots have the same y-axis scale (possibly shifted up or down).

Note: Statistically significant (p<0.05) correlation coefficients (p) are marked with *.

4.2.3 Analysis of Trends by Class Label

A more nuanced analysis of the non-DI datasets can be done by splitting the samples

according to their majority-vote labels. Figures 4.4, [4.5] 4.6 and [4.§] visualize
the impact of ALDi on the annotator agreement after splitting the samples according
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to their majority-vote labels. Please note that the number of samples in the bins for
some classes is not enough to draw concrete conclusions (e.g., samples with high ALDi
scores for the Neutral class of the ArSAS and Mawgqif datasets as per [Figure 4.5).

The declining trend for agreement as ALDi scores increase is consistently salient
for the negative class of the different tasks (i.e., Not Sarcastic, Neutral (sentiment),
Non-offensive). One explanation is that agreeing on one of these labels requires fully
understanding the sample, which is expected to be harder for non-native speakers of the
dialects of sentences with high ALDi scores. Moreover, the general usage of MSA for
formal communications and DA for more personal ones might be biasing the annotators.
Further controlled analysis is required to investigate these intuitive explanations.

Conversely, the presence of specific words might be a strong cue for the label of
the overall sentence, which might be useful for the positive classes (i.e., Sarcastic,
Positive/Negative, Obscene/Offensive). Consequently, annotators might be able to agree
on a label for a sentence even if it contains some unintelligible segments. [Table 4.3
shows five examples, in which the annotators can use cues to label the whole sentence.
Consider the first offensive sentence in the Table. The presence of the MSA insult L
5 yas (you insect) is enough to guess that the sentence is offensive, even if the remaining
segment is not fully intelligible. Lastly, note that agreeing on a label does not imply it

is accurate, especially when relying on cues for annotation.

Dataset Sample Translation of the ALDi Individual
Underlined Cue Labels
3 i by ol L Y g ol il g ¢l ou insect 0.98 HateSpeech(3x
YTCB Hatespeech 2 = e d you peech(3x)
. S (iS2 ye Lo i yael
Detection
Ade (gl (I Gl XS B gud 7 9 )5 oo you scabies 0.81 HateSpeech(3x)
S bose b @l b
Lae b M bl (ash Glsle Gulf’s colt 0.98 HateSpeech(3x)

ArSarcasm-vl A (e s Jud Gl ()5 ke S0 I found him disgusting 0.81 Negative(2x)
Sentiment Analysis wdl p o B e ddcws Ao Positive(1x)
¢ sl dakates Jlab) yie ¥ 9 J 9 Jlab! hahaha 0.94 Positive(2x)

A brbrbbbrbbb80D It

Negative(1x)

Table 4.3: Five qualitative samples of high ALDi scores. The underlined segments
represent the cues that the annotators might have used to choose a label even if they do
not fully understand the sentence. Despite the presence of these cues, the annotators
still disagreed on labeling the last two samples. | only provide translations for the

underlined cue segments.
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Figure 4.4: The trends for the classes of the Saracasm Detection datasets. Statistically

significant correlation coefficients (p) are marked with *.
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Figure 4.5: The trends for the classes of the Sentiment Analysis datasets. Statistically

significant correlation coefficients (p) are marked with *.
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Figure 4.6: The trends for the classes of the Offensive Text Classification and Hate

Speech datasets. Statistically significant correlation coefficients (p) are marked with *.

ArSAS ArSAS

(Assertion), p = -0.81 * (Expression), p = 0.89 *
3 100 6868 $ 100 4549
o 80 g4 M =-55.48 S 80
T 60 °o o ° 60
= 40 . ° = 40
& 20 o. o™ & 20 663
X 8 X

0 0
ALDi 4.50.40.60.8 ALDi 4.50.40.60.8

Figure 4.7: The trends for the Assertion and Expression labels of the ArSAS dataset,
which represent 95% of the dataset samples. Statistically significant correlation coeffi-

cients (p) are marked with *.
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4.2.4 The Anomaly Trends of ArSAS and MPOLD

The ArSAS dataset stands out as a dataset with a rising trend for the Speech Act
Detection task and a falling trend for the Sentiment Analysis task. Samples of ArSAS
were jointly annotated for their sentiment and speech act. Despite having six different
speech acts, which would arguably make speech act detection harder than sentiment
analysis, the Assertion and Expression classes represent 95% of the samples. Looking
at their respective trends shown in the two acts show two different behaviors.
Most of the assertive samples have ALDi scores <0.2 (arguably, all are MSA ones).
Moreover, the number of Assertion samples with high ALDi scores is not enough to
estimate the % full agree for their respective bins. Conversely, the Expression act shows

higher agreement as the ALDi score increases.

The creators of ArSAS noticed that most of the Assertion samples were annotated
as Neutral, while most of the Expression samples had polarized sentiment (mostly
Negative). The annotators might have treated the Assertion class as the act for Objective
sentences, while treating Expression as the act for Subjective sentences. This is arguably
easier than sentiment analysis, which might explain why annotators agree more on the
Speech Act label than the Sentiment label for the ArSAS dataset. Further analysis is

required to explain the trends of this dataset.

MPOLD is the only dataset in where the percentage of samples with
full agreement increases the higher the ALDI scores are, for the non-offensive/clean
class. Unlike the two other datasets (Y7TBC and DCD), the majority of MPOLD’s
samples belong to the non-offensive class. The annotators could have noticed this label
imbalance, treating the non-offensive class as the default label, superficially minimizing

the reliance on intelligibility to choose this label.

4.2.5 Further Remarks on the Methodology

As described in §4.2.1] each dataset’s samples were split into 10 bins of equal width
according to their respective ALDi scores. Afterward, the correlation between each
bin’s midpoint ALDi score and the percentage of samples having full agreement % full
agree was computed. For each bin, % full agree represents the Maximum Likelihood
Estimation (MLE) for the probability that all the annotators agree on the same label for

the samples of this bin.
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Inability to use Interannotator Agreement metrics for some datasets Automated
metrics such as Fleiss’ Kappa (Fleiss, |[1971)) attempt to measure the Interannotator
Agreement (IAA) while accounting for the random agreement/disagreement between
annotators. In principle, it might be possible to perform a version of my analysis using
Fleiss’ Kappa rather than % full agree as the dependent variable. However, computing
Fleiss’ Kappa would require knowledge of the individual annotations for each sample.
Such annotations are not available for the ArSAS (Sentiment/Speech Act), DART, and
DCD datasets as described in Since I wanted to include as many datasets as
possible, I used % full agree instead.

Logistic regression as an alternative analysis tool Binning the data leads to a loss
of analytical information, which might impact the results of the analysis, especially if
implausible bins’ boundaries are used (Wainer et al., 2006).

Logistic regression with binary outcomes is an alternative analysis that alleviates the
limitations of binning. Each sample has a continuous ALDi score as the independent
variable, and a binary outcome Full Annotator Agreement (Yes/No). After fitting a
logistic regression model to predict the binary outcome, the coefficient of the ALDi
variable measures the impact of ALDi on the odds of full agreement. If this coefficient
is negative, then the odds of full annotator agreement decrease as the ALDi score
increases.

demonstrates the probability of full agreement of each dataset, in addition
to the coefficient of the ALDi score with its 95% confidence interval. For the 8 non-DI
datasets with Coe farp; < —0.2, the coefficients can be considered to be statistically
significant since the confidence interval does not include zero.

Both analysis tools (correlation analysis and logistic regression) achieve similar
results. The same 8 non-DI datasets—ASAD, ArSarcasm-v1 (Sentiment/Sarcasm),
Mawqif (Sentiment/Sarcasm/Stance), iSarcasm, and YTCB—have significantly strong
negative correlation coefficients as in[Figure 4.3] and statistically significant coefficients
for the ALDi variable, which are less than -0.2. However, binning the data allows for
visualizing the % full agreement as a scatter plot, which can reveal whether the relation
between ALDi and the agreement is linear or not, in addition to having a visual way for

determining how well the best-fitting line models the data.

Impact of data skewness MSA samples are over-represented in some of the consid-

ered datasets. However, this is generally unproblematic for the analysis, so I opted not
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to discard the MSA samples. For the method described in § #.2.1] the samples of each
bin are independently used to estimate the MLE of full agreement between annotators.
Therefore, the over-representation of MSA samples in some datasets does not impact

my analysis.

4.2.6 Reflections and Implications

My analysis only considers datasets that are labeled by randomly routing the samples
in various dialects to speakers of different dialects. I show that the interannotator
agreement decreases as ALDIi increases. My intuition is that high-ALDi samples in a
dialect are less probable to be fully intelligible to speakers of other dialects compared to
the low-ALDi ones—the ones not too divergent from MSA. One might wonder whether
a similar trend exists when the annotators speak the same dialect as the samples they
label. I think that high-ALDi samples in a specific dialect have no inherent feature that
would make them harder to annotate by speakers of this dialect than the low-ALDI ones.
In the improbable case that the same trend would exist, then the recommendation that
high-ALDi samples need to be handled with more care than low-ALDi ones would still
hold. It would be interesting to run a controlled experiment in which the samples of a
specific dialect, having different ALDi scores, are labeled by two groups of annotators:
a group who speak this dialect, and another group who speak other dialects.

Furthermore, more thorough analyses need to be done to understand how ALDi
affects each task, given its unique nature. Knowing the demographic information about
the annotators might have allowed for revealing deeper insights into how speakers of
specific Arabic dialects understand samples from other dialects. However, this would
have required running a controlled experiment re-annotating the 15 datasets, which I
hope future work will attempt.

Lastly, I acknowledge that there are multiple reasons for the annotators to disagree,
which include the task’s subjectivity, the annotators’ background, and their worldviews
(Uma et al., 2021). However, these factors would have less impact on the annotators’

disagreement if a sample is not fully intelligible.
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Figure 4.9: For each dataset, plots show the estimated probability of full agreement

according to each dataset’s fitted logistic regression model.

Under each plot, the

coefficient of ALDi with its 95% confidence interval is visualized. Nearly all datasets

(marked with *) have confidence intervals that do not include zero, meaning the effect

of ALDi is statistically significant at p < 0.05. Negative coefficients indicate that higher

ALDi scores predict lower agreement.
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4.3 Summary

In this chapter, I first introduce multiple case studies that demonstrate the effectiveness
of ALDi in revealing new insights in Arabic text by analyzing the speeches of different
Arab presidents. This presents ALDi as a tool for analyzing the various styles that
Arabic speakers could employ, which could potentially be of great use for studies in
sociolinguistics and computational social sciences.

By analyzing 15 datasets, I then find strong evidence of a negative correlation
between ALDi and the full annotator agreement scores for 8 of the 12 non-Dialect
Identification datasets. Moreover, for the 3 Dialect Identification datasets, I find that
annotators have higher agreement scores for samples of higher ALDi scores, which
by definition would have more dialectal features. The combination of more dialectal
features in a sentence is more likely to be distinctive of a specific dialect.

Previous research recommended routing samples to native speakers of the samples’
dialects for better annotation quality. My analysis indicates that a large proportion of the
6 datasets are samples with ALDi scores < 0.1, which are expected to be MSA samples
that can be routed to speakers of any Arabic dialect. Moreover, the lower agreement
scores for samples with high ALDi scores show that extra care should be given to
these samples. Dataset creators should prioritize routing high-ALDi samples to native
speakers of the dialects of these samples, for which the dialects can be automatically
identified with higher accuracy, as these samples show more dialectal cues.

The following chapters will investigate the other dimension of variation, Inters-
peaker Variation. More specifically, I will investigate the drawbacks of the long-lasting
idea of modeling Arabic Dialect Identification (ADI) as a single-label classification task.
This addresses the Disjointedness limitation, where a dialectal sentence is assumed to

only be valid in one dialect, be it on the regional, country, or the province/city level.






Chapter 5

Limitations of Single-label Arabic
Dialect Identification (ADI)

In I introduced ALDi, a continuous variable that quantifies a sentence’s
level of dialectness. However, ALDi is a dialect-agnostic metric. Hence, it can not
discriminate between the different varieties of DA. Automatic Arabic Dialect Identifi-
cation (ADI) of text has been used to discriminate between the varieties of DA. ADI
has gained great popularity among the Arabic NLP community since its introduction in
the early 2000s. Multiple datasets were developed, and yearly shared tasks have been
running between 2018 and 2024. Despite attracting lots of attention and effort for over
a decade, ADI is still considered challenging, especially for the fine-grained distinction
of micro-Arabic dialects at the country and city levels. A lot of the papers conclude
by calling for better algorithms and computational models to mitigate the inability of
the current ADI systems to achieve high macro-F1 scores. In contrast, I argue that
the currently adopted framing of ADI as a single-label classification task is the main
limitation, especially for short sentences that might not have enough distinctive cues of
a specific dialect as per [Table 5.1] This chapter investigates this assumption, taking the
first step to answer How prevalent are the sentences valid in multiple dialects,

on the country and macro-regional levels?

With|[RQ4|in mind, I first focus on studying the implications of adopting the single-

label framing on the model evaluation process in this chapter. The [subsequent chapter]

then introduces the first multi-label country-level ADI dataset, with manually assigned
validity labels for nine different dialects. The main contributions of this chapter can be

summarized as follows:

79
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1. Highlighting the limitation of framing ADI as a single-label classification task by
empirically estimating the Maximal Accuracy for multiple existing ADI datasets.

2. Performing an error analysis for an ADI model by recruiting native speakers of
seven different country-level Arabic dialects.

3. Presenting a detailed proposal for how ADI could be framed as a multi-label
classification task, covering various aspects such as data curation, annotation, and

model evaluation.

Dialects Sentence
Iraq, Jordan, Lebanon, Libya, Oman, Palestine, Sdlasmoll (j g
Qatar, Saudi Arabia, Sudan, Syria, Tunisia, Yemen Where is the station?
Iraq, Morocco, Qatar Su> M B ) oo

What is the flight/trip number?

Table 5.1: The MADAR corpus (Bouamor et al.,2018) has English/French sentences
manually translated into different Arabic dialects. The table shows two sentences having
the same translation across multiple country-level dialects. Hence, these sentences

should not be assigned only a single dialect label if they are used in an ADI dataset.

The work presented herein was reported in the following paper:

* Amr Keleg and Walid Magdy. 2023. Arabic Dialect Identification under Scrutiny:
Limitations of Single-label Classification. In Proceedings of ArabicNLP 2023,
pages 385-398, Singapore (Hybrid).

5.1 Background

Language Identification (LI) is the task of identifying the language of a piece of text. For

one language, Dialect Identification (DI) makes a finer distinction, aiming at identifying

the dialect of a piece of text. Hence, LI and DI could be considered to be the same

computational task, yet at different levels of granularity. So far, DI systems have

employed the same algorithms and features used for LI, as indicated in a recent survey:
“As evidenced in this article, from a computational perspective, the al-

gorithms and features used to discriminate between languages, language
varieties, and dialects are identical.” (Jauhiainen et al.,|2019, p. 677)
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LI is computationally modeled as a single-label classification task, based on the
assumption that “labels are non-overlapping and mutually exclusive, meaning that a
text can only be written in one language” (Jauhiainen et al., 2019, p. 678). While
this assumption would mostly hold for LI—except for closely related languages—it is
apparent that it does not extend to DI, where a piece of text could be valid in multiple
dialects. Assigning a single dialect label to each sentence, either automatically (e.g.,
using geotagging) or manually, makes the labels incomplete. This, in turn, could affect
the fairness of the evaluation process. Broadly speaking, the need for improving how
DI is framed, and consequently the accompanying resources, was previously noted by
Althobaiti (2020), who concluded the Future Directions section of her survey of Arabic
Dialect Identification (ADI) with the following:

“There is also a need to criticize the available resources and analyze them
in order to find the gaps in the available ADI resources."

For country-level ADI, a few qualitative analyses showed that the single-label
framing is not suitable, especially since sentences could be valid in the dialects spoken
in geographically proximate countries (Bayrak and Issifu, 2022; |Khered et al., 2022]),
with a few proposing framing it as a multi-label task (Kchaou et al., 2019; Touileb, [2020).
However, these recommendations did not get much notice from the community. To
quantitatively analyze the limitations of the single-label framing of DI, Bernier-Colborne
et al.[|(2023) used the Levenshtein edit ratio to identify near-duplicate sentences of a
French DI dataset (FreCDO, Gaman et al., [2023) that are assigned different dialect
labels. They found that about 1% of the dataset are ambiguous sentences (i.e., sentences
valid in multiple dialects). Olsen et al.| (2023)) applied the same technique to the test
set of (MADAR26, Bouamor et al., 2019), finding that 6.3% of its sentences are
ambiguous. However, Bernier-Colborne et al.|(2023) noted that their automated method
only provides a lower bound estimate for the proportion of ambiguous sentences, with

manual human assessment required to accurately estimate this proportion.

5.2 How were the Existing Sentence-level Single-label

ADI Datasets Built?

This section overviews the main data annotation methods used to create single-label ADI
datasets and their key limitations. Several efforts (listed in have built ADI

datasets using various techniques, which can be grouped into four main approaches:
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Corpus of parallel sentences
Egypt Tunisia Syria Jordan Palestine

alea b ellla (i

i Ulaga Ll jl folitia 5 Ulasa U el smd] i) Ulasa L liS | LS el Ula sa liS e

v

DI dataset
Sentence Dialect
hin s blasa Lol ) Egypt
elida 55 Ulega L &lll a Tunisia
AlEL) Ule g |y i Syria
S AlEL) Ul ga Glag Jordan
liliia ailea b @llls o Palestine

Figure 5.1: A demonstration of how parallel dialectal sentences are transformed into DI
samples. The parallel sentences are sampled from the MPCA corpus (Bouamor et al.,
2014).

(1) Manual Human Annotation where annotators categorize Arabic sentences into
one dialect from a predefined list of dialects (Zaidan and Callison-Burch, 2011; Huang,
2015; Malmasi et al., 2016; Zampier et al., 2017, 2018).

Limitations: It was found that annotators over-identify their own native dialects (Zaidan
and Callison-Burch, [2014; |Abu Farha and Magdy, [2022). Therefore, the annotations
for sentences that are valid in multiple dialects might be skewed toward the countries
from which most of the annotators originate, causing a representation bias. Moreover,
accurately determining the Arabic dialect of a sentence requires exposure to the different

dialects of Arabic, which might not be a common case for Arabic speakers.

(2) Translation in which participants are asked to translate sentences into their native
Arabic dialects (Ho| 2006; Bouamor et al., [2014; [Meftouh et al., 2015; Bouamor et al.,
2018; |Mubarak, 2018). If all the participants are asked to translate the same source
sentences, then the dataset is composed of parallel sentences in various dialects. The
main application of these datasets is to help develop machine translation systems;
however, they are sometimes used for ADI. demonstrates how a corpus of
parallel sentences is transformed into a corresponding DI dataset.

Limitations: While the labels of the corresponding DI dataset are correct, a source
sentence might have the same translation in multiple Arabic dialects, as previously
shown in In such cases, a single-label classifier is asked to predict different
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Dialect labels for the same duplicated input sentence.

Moreover, the syntax and lexical items in the translated sentences might be affected
by the corresponding syntactic and lexical features of the source sentences, especially
if the source sentence is MSA or a variety of DA (Bouamor et al., 2014; Harrat et al.,
2017). Such effects might make the translated sentences sound unnatural to native

speakers of these dialects.

(3) Distinctive Dialectal Terms where text is curated based on the appearance of a term
from a seed list of distinctive dialectal terms. These terms are used to automatically
determine the dialect of the text (Alsarsour et al.| [2018; |Althobaiti, [2022)).

Limitations: Building lists of terms that are distinctive of certain dialects is challenging,
even when these lists are manually validated, as I later show in §7.3.3| of [chapter 7|

Moreover, the curated samples are constrained by the diversity of the dialectal terms of

these lists. In other words, dialectal sentences that do not have any distinctive terms
will be discarded.

(4) Geo-tagging where the text is automatically labeled using information about the
location or the nationality of its writer (Mubarak and Darwish, 2014} Salama et al.,
2014; |Al-Obaidi and Samawi, 2016} /Al-Moslmi et al.| 2018} Zaghouani and Charfi,
2018; (Charfi et al., [2019; EI-Haj, 2020; |/Abdelali et al., 2021} /Abdul-Mageed et al.,
2020al,2021b, [2022).

Limitations: While this technique allows for curating data from different Arab countries,
it does not consider that speakers of a variety of DA might be living in an Arab country
that speaks another variety (e.g., an Egyptian living in Kuwait) (Charfi et al., [2019;
Abdul-Mageed et al., 2020a). Moreover, some of the curated sentences might be written
in MSA, so the curated sentences need to be split into DA sentences and MSA ones
(Abdelali et al., 2021} |Abdul-Mageed et al., 2021b, [2022)).



Table 5.2: The list of single-labeled ADI datasets categorized by the labeling techniques. | follow the regional categorization of [Baimukan

et al.|(2022). Ct/Cn/Re: the number of cities (provinces), countries, and regions, respectively. *: The regional dialects are defined as Egypt,

Iraq, Levant, Gulf, and Maghreb (Cotterell and Callison-Burch|[2014). {: Sudanese Arabic is considered another regional dialect. ?: Missing

information.
Dataset Ct/Cn/Re Description
(1) Manual Labeling
AOC -/-/5% Online comments to news articles, manually labeled three times by

(Zaidan and Callison-Burch/[2011)

crowd-sourced human annotators.

Facebook test set -/-/3
(Huang, [2015)

Note: Data is attached to the paper on ACL Anthology.

2,382 public Facebook posts manually annotated into Egyptian,
Levantine, Gulf Arabic, and MSA.

VarDial 2016 -/-14
(Malmasi et al.}| 2016)

Note: The link provided is not working.

VarDial 2017 -/-14
(Zampieri et al., 2017)
VarDial 2018 -/-14

(Zampieri et al.,[2018)

Note: VarDial 2017 and 2018 used the same data.

Sentences sampled from transcripts of broadcast, debate and
discussion programs from Al Jazeera. The dialects of these recorded
programs were manually labeled. MSA is included as a 5% dialect
class for the models. Audio features were used in the 2017 and 2018

editions to allow for building multimodal models.
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ArSarcasm-v2 -/-14%* 15,548 tweets sampled from previous sentiment analysis datasets,

(Abu Farha et al., 2021) annotated for their dialect (including MSA).

(2) Translation

Tatoeba -/181/4 An ever-growing crowdsourced corpus of multilingual translations,

(Ho, 2006) that include MSA and eight different Arabic dialects.

MPCA -/15/3 2,000 Egyptian Arabic sentences from a pre-existing corpus,

(Bouamor et al.; 2014) manually translated into four other country-level dialects in addition
to MSA.

PADIC 5/4/2 6,400 sentences sampled from the transcripts of recorded

(Meftouh et al.|[2015) conversations and movie/TV shows in Algerian Arabic and manually
translated into four other dialects and MSA.

DIAL2MSA -/-14 ) )

_ Dialectal tweets manually translated into MSA.

(Mubarak, 2018)

MADARG6 5/574 10,000 sentences manually translated into five city-level Arabic
dialects in addition to MSA.

MADAR26 2571575 2,000 sentences manually translated into 25 city-level Arabic dialects

(Bouamor et al.|[2019)

in addition to MSA.
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(3) Distinctive Lexical Cues
DART -/-/5%
(Alsarsour et al., 2018)

Tweets streamed using a seed list of distinctive dialectal terms, which
are used to initially assign a dialect to each tweet, before having them

manually verified by crowdsourced annotators.

Twtl5DA -/15/5
(Althobaiti, 2022)

Note: Data shared as (tweet IDs, labels) only.

Tweets curated by iteratively augmenting lists of distinctive dialectal

cues, starting with a seed list for each dialect.

(4) Geo-tagging
(Mubarak and Darwish|[2014) /217

Note: Not publicly available.

Arabic tweets streamed from Twitter, then automatically annotated

using the reported user locations of the tweets’ authors.

YouDACC -/18/15%*
(Salama et al.} 2014)

Note: Not publicly available.

Comments to YouTube videos labeled using the videos’ countries of

origin and the authors’ locations.

OMCCA 5/21/2
(AI-Obaidi and Samawi}[2016)

27,912 reviews scrapped from Jeeran.com, and automatically

labeled using the location of the reviewer.

MASC -16/4
(Al-Moslmi et al.| 2018)

9,141 reviews curated from online reviewing sites, Google Play,
Twitter, and Facebook. The country of the reviewer is used as a proxy

for the dialect of the review.
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Jeeran.com

Shami -/4/1 Sentences in one of the 4 Levantine dialects: (1) manually collected
(Abu Kwaik et al.}[2018) from discussions about public figures on online fora; (2)
automatically collected from the Twitter timelines of public figures.
ARAP-Tweet -/16/5*
- \ A corpus of tweets from 1100 users, annotated at the user level for
(Zaghouani and Charfi, |2018) )
the dialect, age, and gender.
Note: No download link on their site.
ARAP-Tweet 2.0 -/ 17/5%
] A corpus of tweets from about 3000 users, annotated at the user level
(Charfi et al., 2019) .
for the dialect, age, and gender.
Note: No download link on their site.
Habibi -/ 18176 *f ) o o
: ‘ Songs’ lyrics labeled by the country of origin of their singers.
(El-Haj, 2020)
QADI -/18/5 Tweets automatically labeled based on the locations of the authors in

(Abdelali et al.}[2021)

Note: Training data shared as (tweet IDs, labels) only.

the user description field. The labels of the testing set of each country

were validated by a native speaker of each country’s dialect.
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Micro-dialects Dataset
Abdul-Mageed et al.|(2020b)

319/21/5

More than 277,000 tweets authored by 3,085 users. The geolocated
city and country labels of these users were automatically identified

and then manually verified.

NADI2020
(Abdul-Mageed et al.} 2020a)
NADI2021
(Abdul-Mageed et al.| 2021b)

100/217/5

10072175

Tweets of users staying in the same province for 10 months,

NADI2022 -/18/75 automatically labeled by geotagging the tweets of the selected users.
(Abdul-Mageed et al.}[2022)

NADI2023 -/18/5

(Abdul-Mageed et al.}[2023)

(5) Miscellaneous

Arabic Dialects Dataset -/-/4%* 12,801 sentences sampled from the AOC dataset, in addition to 3,693

(El-Haj et al.,[2018)

sentences sampled from the Internet Forums category of the Tunisian
Arabic Corpus (McNeil and Faiza| /010 ).
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5.3 Maximal Accuracy of Single-label ADI Datasets

For a single-label ADI dataset consisting of sentences where each is assigned one dialect
label, assume that a percentage Perc; of those sentences is valid in two different dialects.
For those sentences, only one of the valid dialects is listed as their label. An effective
model trained to predict a single label will randomly assign each of these sentences
to one of its two respective valid labels. Thus, the expected maximal accuracy for the
dataset E[Accuracymax| that the model can achieve would then be:

Perc;

E[Accuracymax] = (100 — Perc;) + >

G.D

For example, if 40% of the sentences are valid in two dialects (i.e., Percy; = 40%),
then the E[Accuracymax] of the dataset would be 80%. This becomes worse when
a sentence is valid in more than two dialects, to the extent that it can have ten valid
dialects in some cases, as shown in [lable 5.1l Thus, for a total number of dialects

Ngialects, the equation above can be generalized to:

n=Nagialects Percn

E[Accuracymax] = Perc; + (5.2)

n=2 n

where Perc; is the percentage of samples that are only valid in one dialect, Perc,
is the percentage of samples valid in n dialects, Nyjqjecrs TEpresent the total number of
dialects considered, and Zﬂzlfdi“'“‘s Perc,, = 100%.

The higher the percentages Perc, where n € [2, Njigjecrs), the lower the maximal
accuracy would be. The same pattern would apply to F1 scores. Therefore, a model
might be achieving low F1 scores as a consequence of framing DI as a single-label

classification task, which might result in high Perc, values.

5.4 Estimating the Maximal Accuracy of Datasets

In this section, I will estimate E[Accuracymax| for the four country-level datasets,
according to In order to quantify the percentages Perc,, each sam-
ple of a dataset needs to be assessed by native speakers from all the Arab countries.
Given the infeasibility of annotating the four datasets, I will estimate the percent-
ages using two methods that provide lower bounds Perc, of the actual values Percy,
(.e., Perc, < Perc,). Consequently, the estimated maximal accuracy is an upper

bound of its true value.
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5.4.1 Datasets Derived from Parallel Corpora

These datasets are composed of parallel sentences in different dialects, translated from
source sentences in MSA, English, or French. For the four parallel corpora Multidi-
alectal Parallel Corpus of Arabic (MPCA) (Bouamor et al.,|2014), PADIC (Meftouh
et al., 2015), MADARG6, and MADAR26 (Bouamor et al., [2018)), I transformed the
parallel sentences into (sentence, dialect) pairs as in subtask (1) of the MADAR shared
task (Bouamor et al., 2019)). I then mapped the dialect labels for PADIC, MADARG6,
and MADAR26 from city-level dialects to country-level ones. In case the same sen-
tence is used in different cities within the same country, a single copy is kept. The
sentences are then preprocessed by discarding Latin and numeric characters in addition
to diacritics and punctuation. Lastly, I estimated the percentages Perc, by computing
the percentages of sentences that have the exact same translation in » dialects.

The upper bound for the maximal accuracies of the four corpora lies in the range
[93.9%,98.7%] as per [Table 5.3 The fact that the maximal accuracy for MADAR26 is
lower than that for MADARG6 demonstrates that the probability that a sentence is valid
in multiple dialects increases as more translations in other country-level dialects are

considered.

5.4.2 Datasets of Geolocated Dialectal Sentences

While it is possible to find exact duplicates in datasets of parallel sentences, the proba-
bility of having them in datasets of sampled sentences from social media is extremely
low. Hence, a different methodology is required to estimate an upper bound of the

maximal accuracy that could be achieved for these datasets.

Methodology For the sake of simplicity, let’s assume that the samples that were
correctly predicted are single-label ones. Moreover, the model’s errors can be split into
two categories. The first category is the samples for which the model’s predictions
are not valid. Hence, these samples could also be assumed to have a single label (i.e.,
the gold standard label). The second category is the samples for which the model’s
predictions are also valid. Therefore, these samples are valid in at least two dialects

(i.e., the gold standard label and the model’s prediction).
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Dataset Country-level Dialects Nsamples ZE;N‘“""“‘S Perc, E[Accuracymax]

PADIC (N=4) 29,138 5.2% 97.1%

Algeria, Palestine, Syria, Tunisia

MPCA (N=5) 4,960 7.8% 95.4%
Egypt, Jordan, Palestine, Syria,
Tunisia
MADARG6 (N=5) 49,476 2.3% 98.7%

Egypt, Lebanon, Morocco,

Qatar, Tunisia

MADAR26 (N=15) 48,624 9.6% 93.9%
Algeria, Egypt, Iraq, Jordan,
Lebanon, Libya, Morocco,
Oman, Palestine, Qatar, Saudi
Arabia, Sudan, Syria, Tunisia,

Yemen

Table 5.3: The estimated percentages and the corresponding expected maximal accuracy
for the country-level DI datasets formed using the four parallel corpora. The estimated
maximal accuracies are upper bounds of the true maximal accuracies, and we expect
the true values to be significantly lower than these estimates. Note: The four datasets
have city/province-level dialect labels, which were mapped into country-level labels.
Sentences in city-level dialects that belong to the same country will be mapped to the

same country-level dialect label. Pairs of (sentence, country dialect) are deduplicated.
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Model Description The baseline MarBERT-based model of NADI 2022 (Abdul+
Mageed et al., [20214a)) fine-tuned on the training dataset achieved competitive results
on the task’s two test sets (macro-averaged F1 scores: 31.39% and 16.94%, accuracies:
47.77% and 34.06%) as compared to the following scores of the best performing model
(macro-averaged F1 scores of 36.48% and 18.95%, and accuracies of 53.05% and
36.84%). Consequently, I replicated NADI 2022’s baseline, but this time, MarBERT
was fine-tuned on the balanced training dataset of NADI 2023.

Dataset Decription I used the QADI dataset (Abdelali et al., 2021) as my test set.
QADTI’s test set covers the same 18 countries as NADI 2023. I decided to analyze the
errors of my model on QADI for two reasons: 1) the test sets of the NADI shared tasks
are not not publicly released; 2) the dialect labels of the samples of QADI’s test set
were automatically assigned using geolocations similar to NADI, but the label of each
sample was validated by a native speaker of the sample’s label, which gives additional
quality assurance for QADI over NADI. The model achieves an accuracy of 50.74% on

QADI’s test set with the full classification report in Additionally,

visualizes how the predictions and labels are confused together.

Manual Error Analysis 1 recruited annotators to validate the False Positives (FPs)
the model makes for seven different dialects. A dialect’s FPs are samples for which
the model predicts the considered dialect, while the gold standard is another dialect.
The annotators are native-speakers of Algerian, Egyptian, Palestinian, Lebanese, Saudi
Arabian, Sudanese, and Syrian Arabic, respectively. Each annotator is shown the FPs
for their native dialect, one at a time, and is asked to validate themEI To this end, an
online Qualtrics survey was created. Screenshots of the used survey are shown in §D|of
the Appendix.

If the annotator found the FP sample to be valid in their native dialect, it means that
this sample is valid in at least two different Arabic dialects (i.e., the sample’s original
label, and the model’s prediction)ﬂ However, it can still be valid in additional dialects,

which I did not check for due to the limited number of participants.

'T release the judgments through: https://github.com/AMR-KELEG/ADI-under-scrutiny/tree/
master/data

“Annotators are given a third choice Maybe / Not Sure, which I count as No (i.e., invalid in their
dialect).


https://github.com/AMR-KELEG/ADI-under-scrutiny/tree/master/data
https://github.com/AMR-KELEG/ADI-under-scrutiny/tree/master/data
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Dialect Support | Precision (P) Recall (R) Fl1-score (F1)
Algeria 170 0.63 0.42 0.51
Libya 169 0.45 0.73 0.56
Morocco 178 0.77 0.63 0.70
Tunisia 154 0.63 0.54 0.58
Bahrain 184 0.33 0.29 0.31
Iraq 178 0.69 0.62 0.65
Kuwait 190 0.38 0.43 0.40
Oman 169 0.46 0.51 0.49
Qatar 198 0.37 0.34 0.35
Saudi Arabia 199 0.40 0.44 0.42
UAE 192 0.37 0.53 0.43
Egypt 200 0.65 0.85 0.73
Sudan 188 0.91 0.68 0.78
Jordan 180 0.31 0.47 0.38
Lebanon 194 0.63 0.69 0.66
Palestine 173 0.47 0.43 0.45
Syria 194 0.56 0.31 0.40
Yemen 193 0.55 0.25 0.34
Macro avg. 0.5309 0.5085 0.5072
Weighted avg. 0.5295 0.5074 0.5058
Accuracy 0.5074

Table 5.4: The evaluation metrics for the predictions of the fine-tuned MarBERT model

on QADI’s testing set. The model is fine-tuned on NADI 2023’s training data.
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Figure 5.2: The confusion matrix for the predictions of a MarBERT model on QADI’s
test set. The model was fine-tuned using NADI 2023’s training dataset. The black
bounding boxes designate parts of the confusion matrix for countries within the same
macro-region. This indicates that the model often confuses the dialects of countries
within the same region. Yet, a non-negligible proportion of the errors exists outside these

boxes, indicating confusion between country-level dialects from different regions.
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Validity of the Model’s FPs Out of 490 validated FPs, 325 were found to be also
valid in the other dialect to which they were classified, which represents ~ 66% of
the validated errors. Having such a great proportion of FPs that are not true errors
hinders the ability to properly analyze and improve the ADI models. For Egyptian,
Palestinian, Saudi Arabian, and Syrian Arabic, the majority of the FPs are incorrect,
as demonstrated in (i.e., the model’s prediction should be considered to be
correct). As expected, dialects grouped in the same region are similar, and thus the FPs

of a dialect would generally have labels of other dialects from the same region, as in

Figure 5.4

Correctness of FPs of Selected Dialects
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Figure 5.3: The distribution of the annotations for the validity of the False Positives
(FPs) in 7 Arabic dialects. represents the FP samples for which the model’s
prediction is invalid. Incorrect FP the FP samples for which the model’s prediction is

valid.
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Figure 5.4: The distribution of the original labels for the False Positives (FPs) of the

represents the FP samples for which the model’s

seven validated dialects.

prediction is invalid. Incorrect FP represents the FP samples for which the model’s

prediction is valid.
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lists some examples of samples of the QADI dataset for which the model’s
predictions do not match the original labels, yet the annotators found these predictions

to also be valid.
Model’s Original

Sentence
Prediction Label
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Table 5.5: Samples of QADI for which the ADI model’s predictions are also valid.

Estimated Upper bound of QADI’s Maximal Accuracy If we only consider the 725
samples that were correctly predicted by the model (TPs) in addition to the validated 490
FPs, then we know that 325 samples out of 1215 are at least valid in two different dialects.
The f’ercz for this subset is 26.7%, making the maximal accuracy E[Accuracymay]
equal to 86.6%.
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Impact on Evaluation Metrics To further investigate the impact of the incorrect FPs
on the evaluation metrics, I computed the corrected True Positive value for each dialect
TP* as TP* = TP + Incorrect FP. Using these corrected TP* values, I computed
corrected precision, recall, and F1-scores. As per the macro-averaged F1-
score increased from 0.56 to 0.72. This clearly confirms my hypothesis that modeling
the ADI task as a single-label classification task leads to inaccurate evaluation of the

systems.

Dialect TP FP TP* FP* FN| P R F1 | P* R* FI*

Algeria 72 42~ T2+,17=89 25 98 | .63 42 51 |.78 48 .59
Egypt 170 93~_170+.69=239_~24 30 | .65 .85 .73 |.91 .89 .90

Lebanon 134 79~ 134+.41=175_~38 60 | .63 .69 .66 | .82 .74 .78

Palestine 74 85 74 +.59 =133 26 99 | 47 43 45| .84 57 .68

Saudi Arabia 88 132~ 88+.97=185 35 111 | 40 44 42| 84 62 .72

Sudan 127 12 127 +.5=132 7 61 | 91 .68 .78 | .95 .68 .80
Syria 60 47 60 +,37=97 10 134 | .56 .31 40| 91 42 .57

Macro-average .61 55 56| .86 .63 .72

Table 5.6: The impact of the incorrect FPs on the precision P, recall R, and F1-score F1.
Error samples for a specific predicted dialect (i.e., FPs of this dialect) that are labeled as
valid in this predicted dialect are counted as true positives in the corrected TP* score.

The corrected P*, R* and F1* are based on the corrected value of TP*.

* TP* x*__ _TP* x __ 2xP*xR*
P* = TP*+FP*° R* = TP*+FN? F1" = P*+R*

Note: P stands for Precision, R stands for Recall, and F'1 stands for F1-score.
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5.5 Proposal for Framing the ADI Task

The previous sections demonstrated the limitations of single-label framing of ADI.
More specifically, it can not model the many sentences that are valid in multiple dialects.
Two labeling schemes have been previously used for the task of DI to better model these

sentences.

(1) Using a General label [Zaidan and Callison-Burch! (2014) asked crowdsourced an-
notators to label dialectal sentences as being Egyptian, Gulf, Iraqi, Levantine, Maghrebi,
Other dialect, or General dialect. They used the General dialect for sentences that can
be valid in multiple dialects. However, the General dialect is underspecified, and it is
not clear whether it should be used for sentences valid in more than one dialect or for
sentences valid in all of the considered dialects.

Unsurprisingly, the authors noted that some annotators barely used the label, while
others used it when they were not sure about the dialect of the underlying sentences.
Moreover, they noticed that the annotators tended to over-identify their native dialects.
Since annotators might not realize that a sentence valid in their native dialect is also
valid in other dialects, they could end up choosing their native dialect as the label for

this sentence, instead of the General dialect label.

2) Using a Both or Neither label Zampieri et al.| (2024)) focused on the binary
distinction between two varieties of English, Portuguese, and Spanish. In addition to
the two varieties of each language, the annotators are allowed to assign sentences to
a third label Both or Neither. The evaluation results indicate that the Both or Neither
label is harder to model computationally than the other variety labels. Moreover, it
is not clear how this label could generalize to more than two dialects. The dataset
creators acknowledged some limitations of using this third label, calling for modeling
improvements.

The discussion above indicates that the General and Both or Neither labels do not
adequately model the sentences valid in multiple dialects. Framing ADI as a multi-label

classification task would potentially alleviate all the aforementioned limitations.
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5.5.1 ADI as Multi-label Classification

Multi-label classification allows assigning one or more dialects to the same sample.
This requires multiple design changes as explained below.

Labeling: Collecting multi-labels for a dataset requires the manual annotation of
its samples. Dataset creators need to consider how they collect the annotations, and
consequently, who to recruit. An Arabic speaker of a specific dialect would be able
to determine if a sentence is valid in their dialect or not (Salama et al., 2014; Abdelali
et al., 2021). |Althobaiti (2022) found that the average inter-annotator agreement score
(Cohen’s Kappa) is 0.64, where two native speakers of 15 different country-level Arabic
dialects are asked to check the validity of tweets in their native dialects.

While human participants can sometimes infer the macro-dialect of a sentence that
is not in their native dialect, it seems quite hard for them to predict the country-level
dialects in which the sentence is valid (Abdul-Mageed et al.,[2020b)).
Recommendation: Ask Arabic speakers to identify if a sentence is valid in their native
dialects or not as per (Salama et al., [2014; |Abdelali et al., 2021} |Althobaiti, 2022). In

order to include new dialects, speakers of these dialects need to be recruited.

Modeling: One way of building multi-label classification models is to use multiple
binary classifiers. More specifically, a binary classifier is built to decide whether a
sentence is valid in one dialect or not. For N dialects, N binary classifiers would be
responsible for predicting the labels of a single sample.

Evaluation: For each supported dialect, evaluation metrics like accuracy, precision,
recall, and F1-score can be used. Macro-averaging the metrics is a way to measure the
average performance of the model across the different dialects.

Extensibility: The multi-label framing is extensible since more labels can be added
to a previously annotated dataset. Adding a new dialect class does not invalidate the
labels of the other dialect classes. This does not apply to the single-label framing since
an annotator would need to select a dialect out of a predefined set of dialects. Changing

the set of dialects would require the reannotation of the whole dataset.
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5.6 Summary

Single-label classification has been the de facto framing for Arabic Dialect Identification
(AD]). In this chapter, I showed that an upper bound for the expected maximal accuracy
that an oracle ADI model can achieve is as low as 93.9%. After recruiting native
speakers of 7 different Arabic dialects, I found that 66% of a state-of-the-art ADI
model’s errors are also valid predictions. This hints that a non-negligible portion of
the Arabic sentences is valid in multiple dialects, which is the first step to answer
How prevalent are the sentences valid in multiple dialects, on the country and
macro-regional levels? Hence, framing ADI as a single-label classification task is a
major limitation, which could be the main reason behind the low performance of the
current ADI models.

Based on the findings above, I argue that ADI should be framed as a multi-label
classification task. To this end, I provided a proposal with detailed design recommenda-

tions for various aspects, including data curation, annotation, and model evaluation. The

ifollowing chapter{describes how this proposal was put into practice, in collaboration

with the organization team of the NADI 2024 shared task.






Chapter 6

Redesigning Arabic Dialect
Identification (NADI 2024)

I concluded the previous chapter| by proposing to model ADI as a multi-label clas-

sification task. This proposal was based on analyzing the errors of a single-label
state-of-the-art ADI model, finding that ~ 66% of the model’s predictions for these
samples are also valid. In this chapter, I put this proposal into practice to build the first
multi-label ADI dataset. This was done in collaboration with the organization team of
the Fifth Nuanced Arabic Dialect ldentification Shared Task (NADI 2024).

We sampled 80 tweets—75 in DA and 5 in MSA—from the 14 most populated
Arab countries (excluding Somalia, for which available data was not sufficient), for a
total of 1,120 tweets. Instead of only annotating the errors of an ADI model, the whole
dataset is labeled by speakers of 9 different country-level dialects. We also asked the
annotators to label the level of dialectness of the tweets that they deemed valid in their
country-level dialect, according to new annotation guidelines.

I was the main member responsible for designing the different aspects and moni-
toring the annotation of this dataset, which served as the evaluation set for the shared
task’s first two subtasks: (1) multi-label ADI, and (2) ALDi estimation. I also used
the newly created dataset to further investigate the following questions: (RQI)) How
can the concept of Dialect Levels be operationalized in a way that can be effectively
estimated? and How prevalent are the sentences valid in multiple dialects, on
the country and macro-regional levels?

Previous runs of the NADI shared tasks played a vital role in advancing our under-
standing of the country-level ADI task. Throughout the yearly runs of the shared task
between 2020 and 2023, the NADI organizers have been improving the quality of the

103
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training data used for the task as summarized in For the fifth run of the
NADI shared task, and given the limitations of the single-label framing of the task listed
in we (I, in collaboration with the NADI 2024 organizers from CMU Qatar,
Edinburgh, MBZUAI, NYU-AD, and UBC) decided to frame the ADI subtask as a
multi-label classification one. Additionally, ALDi estimation was introduced as another
subtask for the first time.

The work presented herein was reported in the following paper:

* Muhammad Abdul-Mageed, Amr Keleg, AbdelRahim Elmadany, Chiyu Zhang,
Injy Hamed, Walid Magdy, Houda Bouamor, and Nizar Habash. 2024. NADI
2024: The Fifth Nuanced Arabic Dialect Identification Shared Task. In Pro-
ceedings of the Second Arabic Natural Language Processing Conference, pages
709-728, Bangkok, Thailand.

6.1 Dataset Creation

6.1.1 Samples Curation

In order to curate dialectal data with more accurate geolocations, Abdul-Mageed et al.
(2020a) collected tweets from 21 Arab countries for 10 months (between January 2010
and October 2019). They then identified the users who had exclusively tweeted from a
single province for the whole 10-month period. Lastly, they selected samples of these
users’ tweets to form the training and evaluation datasets of the NADI 2020 dataset,
with the country-level dialect labels of the samples automatically set by mapping the
geolocated province/city labels to their respective country labels. Different samples
from the same collection of tweets were used in the subsequent runs of the NADI shared
task (Abdul-Mageed et al., 2021b, 2022, 2023).

For the NADI 2024 evaluation dataset, UBC members randomly sampled 80 data
points from the 14 most populous Arab countries (excluding Somalia, for which suf-
ficient data was not available), using the same source collection of tweets used in
the previous NADI datasets. I managed to recruit annotators from the following 10
countries: Algeria, Egypt, Iraq, Jordan, Morocco, Palestine, Sudan, Syria, Tunisia, and
Yemen. However, one of the Jordanian annotators was unable to complete the annotation
process in time, so the test set samples have labels for only nine country-level dialects.
The remaining four countries—represented in the dataset—from which I could not

recruit annotators at the time of organizing the shared task are: Lebanon, Libya, Saudi



6.1. Dataset Creation 105

Arabia, UAEEIA significant proportion of the samples geolocated to these four countries
are intuitively expected to be labeled as invalid in the dialects of the ten countries from
which we recruited the annotators. Yet, including them ensures the dataset’s samples
cover a wider range of dialects, allowing for the evaluation of the models’ ability to
correctly identify that most of these samples are not valid in the dialects for which we
have validity labels. The UBC members utilized their in-house MSA/DA classification
model (acc=89.1%, F} score=88.6) introduced in Abdul-Mageed et al.|(2021a)) to ensure
that for each country’s 80 geolocated samples, five are in MSA, and 75 are in DA. The
overall dataset size for the shared task is 1,120 samples. Each annotator labeled the
whole dataset.

The UBC members applied a preprocessing step that normalizes user mentions,
URLS, emojis, and numbers, replacing them with the following respective special tokens:
USER, URL, EMOJI, NUM. 1 removed these special tokens from the data to prevent
confusion for the annotators, but retained the hashtags before labeling the samples. In
hindsight, I would rather not normalize the numbers and the emojis, keeping them as
they are represented in the original tweet, as I realized that specifically removing the
NUM tokens made some of the sentences ungrammatical. I recruited the annotators on

Upwork, and the annotation process incurred a total cost of $1,700.

6.1.2 Annotation Guidelines

This subsection explains the rationale behind the annotation guidelines we used for the
Validity and ALDi labels of our dataset.

(1) Validity Labels There have been multiple attempts asking annotators to check if
sentences are written in their native dialect of Arabic. This was done mainly to validate
the dialect labels that are automatically assigned using geolocating methods/distinctive
dialectal cues (Alsarsour et al., 2018; |Abdelali et al., 2021} |Althobaiti, 2022)) or to
perform error analysis for the predictions of DI systems (chapter 5.

Arabic speakers could have different perceptions of their country-level dialects,
depending on their background and exposure to the different speaking communities in
their countries. Such differences could impact their understanding of the validity of
sentences in their country-level dialects. Previous wordings (shown in did

not instruct the annotators to consider the different dialects spoken in their countries.

'T will introduce MLADI in|chapter 7, an extended version of the dataset with completed annotations
from Jordan, and new annotations from Saudi Arabia.
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Wording

(Alsarsour et al., 2018)
Asked annotators to label each tweet as either in:

(their native dialect, MSA, or other).

(Abdelali et al., 2021)

Is this tweet consistent with the dialect spoken in your country? (Yes, No).

(Althobaiti, [2022)
Is this sentence written in Dialect dialect? (Yes, No);

Dialect is the demonymic form of the annotator’s country (e.g., Egyptian, Moroccan).

Wording used in the error analysis experiment (chapter 5

Is this sentence valid in your dialect? (Yes, Not Sure, No).

Current wording used in NADI 2024
Is it possible that the tweet is authored by someone who speaks one of your country’s
dialects? (Yes, Not Sure/Maybe, No)

Table 6.1: The different wordings used for checking the validity of sentences in an Arabic

dialect.

Current Wording For our dataset, we tried to overcome these limitations by explicitly
asking the annotators to consider the different dialects spoken in their respective coun-
tries: Q1) Is it possible that the tweet is authored by someone who speaks one of your

country’s dialects? Options: (a) Yes, (b) Not Sure/Maybe, or (c) No.

Lastly, we provided some examples of tweets not valid in the country-level dialects
of Syria, Saudi Arabia, Egypt, Lebanon, and Algeria, highlighting the spans of the
tweets that made them invalid in each respective dialect, as demonstrated in



6.1. Dataset Creation 107

ﬁu}ﬂ\m;xdﬁ@bﬂahﬂé&dﬂ\cﬂ\bg\)ﬂ@j
Gl aSiael Gaantie J e ol yal) 2SSl () g
R (e de sena oSl kil @
gyl Sy Caaate Al 53 53 a8 IS ALK (Saall (e (1S 1Y) Las (Binll oSio allal @
Al
AShe e L S aSingd sy padl daa e KU aae Wla 5 @

Singd e 5 52 Sl dgaial) il 5 paal gl e el i e

(ol LY
5l aSiine agd ¢ aSingls CpalCiall o Laghadd 5l aadll o Aalalls 45 Alanll) p2i @
(<3
xlia 8 @
(1388 iS5 5 AT claghy Sl ol (50 e padi sl nn V)Y @
e iy e g ] 38 e sl Jeall axd dpspin i AL
L) Y sl ] ] Al
(=
e AS i Gl g Lo Jladile 1 Gall iadle | 45

L) s (o8 Aadiione

Ml a2 | Ol o 4l il ey, Sl e el 3 U 2 ped
Ladiie e LS Lo aladf aadil) Vg cla e 28V o 8 all Slgkn g Hlind
FRY Vs SSY) gl Gl s due o

" slend Lo 1€ T U shea o€ 3o oo s ) ol oal

g

(s g8 SE et Sl Ssiass S e flelaa Ly la z A ol
clhias 2 "l

Ol A aadis

"l S s o3l A5 s Sl K ol Llla o a0 ja lie Calall] i) el
o Glalhias
a0 b asting

Figure 6.1: The guidelines used for annotating the validity of the sentences. Refer to

in the Appendix for English translation.
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(2) ALDi Labels We follow Zaidan and Callison-Burch (2011)’s setup in which they
asked the annotators to assign a discrete ALDi level to each sentence, along a four-level
ordinal scale (Refer to §3.2]for further details). For their guidelines, I noticed multiple
limitations. First, Level 3 (Mostly Dialectal iwle Lgatass) could not fully separate
between sentences having a word perceived as highly colloquial, and sentences having
a majority of dialectal words that are not perceived as highly colloquial on the word
level. Moreover, they provided minimal guidelines to the annotators, which might have

impacted the interannotator agreement.

Current Guidelines We decided to use the same operationalization of ALDi, while
providing more elaborate guidelines to reduce the variability of the assigned ALDi levels
for the same sentences. To this end, we provided descriptive labels for the four levels
and short descriptions of the sentences expected to belong to each label. Moreover, we
included two examples to further explain the concept of ALDi, one on the word level
and another on the sentence level, as per[Figure 6.2] This would potentially allow for
better separation between the different ALDi levels, hence higher IAA scores.

Q2) What is the Arabic Level of Dialectness (ALDi) of the tweet? We define the

following levels:

0. Sound MSA: Tweets written in fluent MSA.

1. Formal Colloquial or Colloquial-influenced MSA: Tweets written in a language
close to MSA but using some colloquial expressions (lexemes/ morphemes).

2. Natural/Ordinary Colloquial: Tweets written in a colloquial language that is
accepted and understood by all members of society, of all ages and social/educa-
tional levels.

3. Informal (or Vulgar) Colloquial: Tweets written in a colloquial language having
expressions that are not accepted or understood by all members of society. It does

not have to be vulgar or weak.

ALDi Annotation Condition I thought that speakers of a dialect might perceive
sentences in other dialects to be highly colloquial, especially if the sentences are not
fully intelligible to them. For this reason, an annotator was asked to assign an ALDi
rating only if their answer to the first question (validity of a tweet in one of their

country-level dialects) is either Yes or Not Sure/Maybe.
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(a) The guidelines for the ALDi Estimation subtask. Refer to in the
Appendix for English translation.
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(b) An example of different-ALDi variants of a sentence. Refer to

in the Appendix for English translation.

Figure 6.2: Screenshots of the guidelines that were provided to the annotators for the

ALDi level estimation.
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6.1.3 Annotation Process

As previously mentioned, I used Upwork to recruit three native speakers from each of
the ten pre-specified countries to annotate the selected 1,120 tweets. For this dataset,
I was unable to ensure that each country’s annotators represented different provinces
or cities, due to the difficulty of doing so on Upwork. Based on the city/province
locations of the annotators’ native dialects in[Figure 6.3] we can see that some countries’
annotators are geographically distributed (e.g., Morocco and Algeria), while others

share the same city/province dialect (e.g., Egypt).

. Maghreb (MG) |:| Gulf (GL)
- Nile Basin (NL) |:| Gulf of Aden (AD)

[] Levant (Lv)

Figure 6.3: The city/province locations of the annotators’ native dialects, for the 10
considered country-level dialects. The regional dialects (Maghreb, Nile Basin, Levant,
Gulf, and Gulf of Aden) are encoded in different colors according to the groupings
presented in |Baimukan et al.| qmp

Before inviting the annotators to the main task, I asked them to complete an on-
boarding task to get them acquainted with our objectives and clarify any potential
misunderstandings. Afterward, the main task annotation process was split into five
batches, each containing 224 samples, where feedback was provided to the annotators
after each batch to ensure high annotation quality. Annotators were paid $8 after suc-
cessfully completing each of the six tasks, in addition to a bonus value between $8
and $12 after completing the whole process. After accounting for the platform fees,
annotating the dataset cost about $1,700. I was the primary member responsible for
planning the dataset creation, setting up the annotation platform, and generating batches.
The annotation process quality assurance and monitoring were done in collaboration

with Injy Hamed, another member of the shared task organization team.
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Onboarding Tasks QADTI’s test set (Abdelali et al., 2021) has 3,303 tweets geolocated
to 18 different Arab countries (including the 14 countries represented in the samples of
our dataset). The geolocated label for each tweet was then validated by a native speaker
from that country, who checked if the “tweet is consistent with the dialect spoken in
their country". Additionally, the test set has 200 tweets automatically classified as
written in MSA.

In order to get the annotators acquainted with our annotation guidelines shown in
IFigure 6.1] and [Figure 6.2} I asked them to label 35 tweets from QADI as an initial

onboarding task. Each country’s onboarding task had 10 tweets labeled as consistent
with the dialect(s) spoken in the country according to QADI’s annotations and 5 MSA
samplesE] I included MSA samples to ensure that the onboarding tasks contain tweets
of potentially different levels of dialectness. Additionally, I had 2 DA samples from
10 other country-level dialects, which would act as negatives for the first subtask (i.e.,
some of these samples are expected not to be valid in the considered country of the
onboarding task). For each country’s onboarding task, the composing samples were
randomly shuffled. The annotators were not provided with information about the

samples’ geolocated labels or their distribution across the different country labels.

Quality Assurance and Feedback For each country’s onboarding task, and thanks to
the labels from QADI, we could perform two automatic checks for assessing the quality

of the annotations:

* Check (1) The 10 samples geolocated to an annotator’s country are expected to
(a) be labeled as valid, and (b) have an ALDi level > 0.

* Check (2) The 5 MSA samples are expected to be marked as valid by all the
annotators, with Level (0) Sound MSA as their ALDi.

’I noticed that some of QADI’s non-MSA samples were classified as being in MSA by the UBC
team’s closed-source MSA/DA model, so I relied on the model’s predictions for considering a sample as
MSA.



Sample Geolocated Label

Annotator # | Algeria  Egypt Iraq Jordan  Lebanon Libya Morocco  Palestine  Saudi Arabia  Sudan Syria Tunisia UAE Yemen MSA
(yymm) (y/m/m) (ymm) (y/m/m) (y/m/m) (y/m/n) (y/m/n) (y/m/n) (y/m/n) (yymm) (y/m/m) (y/m/m) (y/m/m) (y/m/m) (y/m/n)
Algeria (A) 6/0/4 * 1/0/1 0/0/2 0/0/2 0/0/2 - 0/0/2 0/0/2 0/0/2 0/0/2 1/0/1 1/1/0 - - 5/0/0
Algeria (B) 7/0/3 * 1/0/1 0/0/2 0/0/2 0/0/2 - 1/0/1 0/0/2 0/0/2 1/0/1 1/0/1 2/0/0 - - 5/0/0
Algeria (C) 5/0/5 * 0/0/2 0/0/2 0/0/2 0/0/2 - 0/0/2 0/0/2 0/0/2 0/0/2 1/0/1 1/0/1 - - 0/0/5 *
Egypt (A) 0/0/2 8/0/2 0/0/2 0/0/2 0/0/2 - 0/0/2 0/0/2 0/0/2 1/0/1 0/0/2 0/0/2 - - 5/0/0
Egypt (B) 0/1/1 10/0/0 1/0/1 0/0/2 0/0/2 - 0/0/2 0/0/2 0/0/2 0/0/2 0/0/2 0/0/2 - - 5/0/0
Egypt (C) 0/0/2 10/0/0 0/0/2 0/0/2 0/0/2 - 0/0/2 0/1/1 0/0/2 1/0/1 0/0/2 0/0/2 - - 4/0/1
Iraq (A) 1/1/0 1/0/1 6/1/3 0/0/2 0/0/2 - 0/0/2 0/0/2 0/0/2 0/0/2 0/0/2 0/0/2 - - 5/0/0
Iraq (B) 0/2/0 0/1/1 7/3/0 0/0/2 0/0/2 - 0/0/2 0/0/2 0/0/2 0/0/2 0/0/2 0/0/2 - - 3/2/0
Iraq (C) 2/0/0 1/0/1 10/0/0 0/0/2 0/0/2 - 0/0/2 0/0/2 0/0/2 0/0/2 0/0/2 0/1/1 - - 5/0/0
Morocco (A) 2/0/0 2/0/0 1/0/1 2/0/0 2/0/0 - 10/0/0 1/1/0 1/1/0 2/0/0 2/0/0 2/0/0 - - 5/0/0
Morocco (B) 2/0/0 2/0/0 2/0/0 2/0/0 2/0/0 - 10/0/0 2/0/0 2/0/0 1/1/0 2/0/0 2/0/0 - - 5/0/0
Morocco (C) 1/0/1 0/0/2 0/0/2 0/0/2 0/0/2 - 8/0/2 0/0/2 0/0/2 0/0/2 1/0/1 1/0/1 - - 4/0/1
Palestine (A) 1/0/1 1/0/1 0/0/2 1/0/1 1/0/1 - 0/0/2 8/0/2 0/0/2 0/0/2 1/0/1 1/0/1 - - 4/0/1
Palestine (B) 2/0/0 2/0/0 1/0/1 2/0/0 2/0/0 - 1/0/1 7/0/3 0/0/2 0/0/2 2/0/0 1/0/1 - - 4/0/1
Palestine (C) 1/0/1 1/1/0 0/0/2 1/0/11 2/0/0 - 0/0/2 9/1/0 0/0/2 1/0/1 1/0/1 1/0/1 - - 5/0/0
Sudan (A) 0/1/1 1/0/1 0/0/2 0/0/2 0/0/2 - 0/0/2 0/0/2 0/0/2 9/1/0 0/0/2 0/0/2 - - 4/0/1
Sudan (B) 2/0/0 0/0/2 0/0/2 0/0/2 0/0/2 - 0/0/2 0/0/2 0/0/2 9/0/1 0/0/2 0/0/2 - - 5/0/0
Sudan (C) 2/0/0 0/0/2 0/1/1 0/0/2 0/0/2 - 0/0/2 0/0/2 0/0/2 9/1/0 1/0/1 1/0/1 - - 5/0/0
Syria (A) 0/0/2 1/0/1 0/0/2 1/0/1 2/0/0 - 0/0/2 0/0/2 0/0/2 0/0/2 9/0/1 0/0/2 - - 5/0/0
Syria (B) 2/0/0 1/0/1 1/0/1 1/0/1 1/1/0 - 0/1/1 0/0/2 0/0/2 0/0/2 9/1/0 1/1/0 - - 5/0/0
Syria (C) 0/1/1 1/0/1 0/0/2 0/0/2 1/0/1 - 0/0/2 0/0/2 0/0/2 0/0/2 9/1/0 0/0/2 - - 1/4/0 *
Tunisia (A) 1/0/1 0/0/2 0/0/2 0/0/2 0/0/2 - 0/0/2 1/011 0/0/2 0/0/2 1/0/1 9/0/1 - - 2/0/3 *
Tunisia (B) 1/0/1 1/0/1 0/0/2 0/0/2 0/0/2 - 0/0/2 0/0/2 0/0/2 0/0/2 0/0/2 9/0/1 - - 5/0/0
Tunisia (C) 1/0/1 0/0/2 0/0/2 0/0/2 0/0/2 - 0/0/2 0/0/2 0/0/2 0/0/2 1/0/1 8/1/1 - - 4/1/0
Yemen (A) 1/1/0 0/0/2 0/0/2 0/0/2 0/0/2 - 0/0/2 0/1/1 0/0/2 0/0/2 1/0/1 1/0/1 - 8/1/1 5/0/0
Yemen (B) 2/0/0 1/0/1 0/0/2 0/0/2 0/0/2 - 0/0/2 0/0/2 1/0/1 0/0/2 1/0/1 1/0/1 - 10/0/0 4/0/1
Yemen (C) 2/0/0 1/0/1 0/0/2 0/0/2 1/0/1 - 0/0/2 0/0/2 0/1/1 0/0/2 1/0/1 0/1/1 - 8/1/1 5/0/0

Table 6.2: The distribution of the validity labels for the samples of the onboarding tasks presented as the number of each of the following
decisions (Yes/Maybe/No), split into columns according to QADI’s geolocated label of the samples. Note #1: The bolded value in each column
represents the expected decision. Note #2: We initially discarded Libya, UAE, and Yemen from our dataset, and thus the onboarding datasets of

the other countries do not have samples from these three countries. Note #3: | marked the unexpected patterns with *.
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Samples from Algeria’s Onboarding Task
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Table 6.3: Three samples categorically annotated as invalid by the three Algerian

annotators, yet are geolocated to Algeria according to QADI’s test set.

On inspecting the annotators’ performance on the onboarding task, I found that
these automated checks are generally satisfied by the annotators, as per[Table 6.2] The
checks also helped us identify any misinterpretation of the guidelines, and provide
feedback to our annotators before labeling the samples of the main task. For instance,
one of the Algerian annotators Algeria (C) interpreted question (1) as identifying if the
tweet matches how an Algerian typically writes, and consequently marked all the MSA
samples as not valid in Algerian Arabic. For these sentences, he provided an alternative
translation that sounds more natural to him (e.g., for the sample ,suay .. ol csl sl g
Soladomy ) sl S jUad g, he provided the following alternative . 3 e csnt o
Soladomy oy So B el g ¢ 933). Another Syrian annotator Syria (C) chose Maybe/
Not Sure for 4 out of the 5 MSA samples, as she understood the first question as if the
sentence could have only been written by a speaker of Syrian Arabic. Her explanation
for her choice is: For the MSA sentences, it is hard to accurately identify the speaker’s
dialect, so I chose unsure.

Moreover, I noticed that for the onboarding task of Algeria, three samples geolocated
to Algeria (Table 6.3)) are labeled as not valid in Algerian Arabic by the three Algerian
annotators. Given that (a) the members of the team (I and Injy) responsible for the
annotation process are native speakers of Egyptian Arabic only, and (b) the labels for
the main task are not validated (i.e., assigned based on geolocation only), we could not
judge whether these are errors in the labels provided by our annotators or if QADI’s
validated labels for these samples were incorrect. Therefore, we decided not to use
these checks as automatic measures for accepting or rejecting the labels provided by the
annotators for the main task batches and resorted to manually inspecting the annotations

by the end of each annotation batch, as elaborated next.
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Main Task Batches Following the onboarding task, I invited the annotators to label
the task’s data, split into 5 batches of 224 samples each. I ran the annotation batches
over 5 weeks (1 batch per week) to ensure a higher annotation quality.

By the end of each batch, and as done for the onboarding task, we used the two
aforementioned checks to inspect the quality of the annotations. Moreover, we compared
the labels provided by the annotators of each country against each other. We also kept
track of the quality using automatic IAA metrics, namely Fleiss’ Kappa (k) for the
Validity label, and Krippendorft’s alpha () for the ALDi label. For the first batch, we
flagged all the instances of disagreement, asked the annotators to relabel them, and
wrote comments in case these flagged instances were deemed invalid. This allowed us
to have a better assessment of the reasons for disagreement and provide the annotators
with tailored feedback accordingly.

For the following three batches, we tried to categorize clear patterns of disagreement
between the annotators (e.g., an annotator systematically disagreeing with the other
annotators) and discussed them individually with the annotators to rectify them in future
batches. We have only asked them to relabel the samples of high disagreement in case
we could not determine a pattern for the disagreement. For the last batch, we resorted
to asking the annotators to relabel the samples of disagreement, to get an approximate

evaluation of the impact of this process on the aggregated labels.

Analysis of the IAA Scores demonstrates how the IAA scores (Fleiss’
Kappa for the Validity label, and Krippendorff’s Alpha for the Validity label) changed
as the annotation process progressed. First, the values hint at acceptable levels of
agreement between the annotators for both subtasks. However, we notice that the range
of the IAA scores differs from one country to another, especially for the Validity label.
The variation in the ranges of the IAA scores could be attributed to (a) the level of
homogeneity between the dialects spoken in each country, and (b) the annotators’ repre-
sentativeness/knowledge of the different dialects spoken in their countries. Recruiting
annotators from different regions within the same country (e.g., the case of the Algerian
annotators) could increase the possibility of disagreement compared to when they all
came from the same region (e.g., the case of the Egyptian annotators, where all are from
Cairo).

Regarding the annotators’ performance, I noticed that the agreement between the
annotators categorically increased by asking them to reannotate the high-disagreement

sentences for their validity in their country-level dialects. That said, the impact of
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Countr Fleiss’ Kappa (x) Krippendorff’s Alpha (o)
" Batch1 Batch2 Batch3 Batch4 Batch5  Batch1  Batch2 Batch3  Batchd  Batch5
Alseri 49(59)  49(80) .54(65)  .51(67) 48(59)  745(59)  .615(80) .708(65)  .S13(67)  .715(59)
eria
g 58 (59) - 61(70)  59(59) 663 (59) . 536 (70)  .666 (59)
" 62(34)  42(28) 27(49) 36(41)  48(43)  823(34) .691(28) .767(49) 768 (41)  .687 (43)
orocco
81(53) .5(50) .53(46)  .62(47) 76(53)  .742(50) 811 (46)  .742(47)
Tuni 43(28)  67(47) .64(33) 53(31) .46(32)  .798(28) .738(47)  .8(33) 131 .664(32)
unisia
56 (41) - J1@40) 73D 7130) 787 (41) 808 (40) 722 (31)  .698 (30)
Eevot 58(62) .63(69) .56(68)  .64(81)  .69(74)  .845(62)  .828(69) .791(68) .791 (81)  .862 (74)
&P 7(61) - J4@81) 7974 796 (61) - 788 (81)  .82(74)
Suda 57(68) 53(76) .58(84)  .56(81)  .67(77)  .765(68)  .537(76) .657(84)  .696 (81)  .624 (77)
udan
72 (74) . JA@B1)  79(78) 746 (74) - 727 (81) 643 (78)
palestine T4 ALY 52072 SLED  S4TD T3A4) T52(59)  673(72) 63361 55970
alesty
58(111) . 69(67)  74(66)  .645(111) - 739(67) 573 (66)
Suria 39(83)  .49(92) 49(87) .59(109) .53(90)  .845(83)  .709(92) .866(87) .751(109)  .774 (90)
Y 56 (89) - 57(98)  .829(89) - 796 (98)
- 59(58) 5244  .59(50)  .61(51)  .59(53)  .677(58)  .684(44) 724(50) 733 (51)  .795(53)
q . 69 (62) .64 (57) . 776(62) 816 (57)
Vemen 46 (101)  .57(99) .52(81)  .45(76)  .45(94) 561 (101) .495(99) .457(81)  .568(76)  .397 (94)
.55 (104) - 5(94) 498 (104) . 433 (94)

(a) Validity Labels

(b) ALDi Labels

Table 6.4: The detailed IAA scores for each of the 5 main annotation tasks, computed

independently for each country’s 3 annotators. The second line for each country rep-

resents the IAA scores after providing feedback to the annotators and asking them to

reannotate the samples of high disagreement. The number of sentences valid in each

country-level dialect after applying majority voting is shown (in brackets).

this relabeling process on the number of valid sentences according to the majority

voting is minimal for the last annotation batches. This increase in the agreement scores

post-relabeling was not as consistent for the ALDi levels, in which we sometimes

noticed insignificant decreases. This could be attributed to the subjectivity of the ALDi

Estimation task, compared to the Validity task. Lastly, the annotators’ performance,

measured by the IAA scores, was consistent across the different annotation batches,

showcasing the effectiveness of our process.
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Validity Labels ALDi Labels
Country

Fleiss kx Nvalid N -wvalid Krip. o

Algeria  0.56  333(205) 787 (666) 0.66
Morocco ~ 0.62 230 (152) 890 (784) 0.74
Tunisia  0.67 189 (129) 931 (879) 0.75
Egypt 0.69  353(257) 767 (682) 0.82
Sudan 0.67 393 (283) 727 (619) 0.66
Palestine  0.59  375(245) 745 (587) 0.68
Syria 0.54  475(305) 645 (543) 0.79
Iraq 0.61 271 (171) 849 (738) 0.73
Yemen  0.52  454(291) 666 (477) 0.50

Table 6.5: Interannotator agreement scores — Fleiss’ Kappa (k) for Subtask 1 and
Krippendorff’s Alpha-interval method (o) for Subtask 2 — for the full dataset. | also report
the number of valid, not valid sentences out of the 1,120 according to majority voting,
while showing the number of sentences with complete agreement (in brackets). Note:
The country-level Krippendorff’s Alpha scores are computed for their respective valid

samples, for which ALDi ratings of this country exist.

Overall Interannotator Agreement (IAA) Scores The country-level Fleiss’ Kappa (k)
(Fleiss, [1971), and Krippendorft’s Alpha (o) (Krippendortt, |2004) scores for the whole
dataset in indicate moderate to substantial agreement between the annotators
for both subtasks. Moreover, there is no noticeable variation among the scores across
the countries, except for the o score for the Yemen annotators, which is slightly lower
than those of the other countries. More specifically, I noticed that some sentences rated
as Sound MSA (Level 0) by some Yemeni annotators are annotated as Natural/Ordinary
Colloquial (Level 2) by others.

6.1.4 Label Aggregation Techniques

Validity A sentence is considered valid in a country-level dialect if among the three
annotators from the respective countries: a) one of them answered Yes, and b) another
answered Yes or Maybe. On average, the same-country annotators fully agreed on the

validity of more than 66% of the valid samples, and the invalidity of more than 85% of

the invalid samples, as per [Table 6.5
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ALDi For each sentence, the ordinal ALDi levels assigned by the annotators from

the different countries are aggregated into a single numeric value € [0, 1]. Discrete

12 )
139394/
The algebraic mean of these numeric values is used as the overall ALDi score for the

ALDi levels (0, 1, 2, 3) are transformed into the following numeric values (0

sentence.

As mentioned in annotators only assigned ALDi levels to sentences they rated
as valid in their country-level dialect. Consequently, the number of ALDi annotations
per sentence can range from O to 3*N, where N is the number of countries from which
annotators are recruited. If a sentence is deemed invalid according to the majority vote
label (Subtask 1) for a country-level dialect, we discard the respective ALDi annotations

(if any) assigned by annotators from this country.

6.1.5 Formation of Development/Test Sets

I used 120 samples from the first batch as the development sets shared with the partici-
pating teams. The first batch’s remaining samples and the samples of the 4 succeeding
batches form the test sets. For the ALDi label, samples that are not valid in the consid-
ered dialects of the corresponding set have no assigned ALDi ratings and thus are not

released as part of the ALDi estimation development/test sets.

6.2 Shared Task Description

6.2.1 Subtask 1 — Multi-Label Dialect Identification

In this subtask, we proposed multi-label dialect identification at the country level. The
objective is to evaluate the feasibility of using single-label Arabic dialect identification
datasets to train a multi-label system that can predict all dialects in which a given

sentence is valid.

Training Data We provided participants with the training splits of following datasets:
NADI-2020-TWT, NADI-2021-TWT, and NADI-2023-TWT /Abdul-Mageed et al. (2020a,
2021b},2023).

Dev and Test Data We provided the new multi-label development set, as explained in
§6.1.5] This dataset has 120 samples with manually assigned validity labels of eight
different Arab countries: Algeria, Egypt, Jordan, Palestine, Sudan, Syria, Tunisia, and
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Sentence GEO Valid in ALDi

Puge Ao Ll g e Bl g Lhals col ¥ al ¥ o, <ol gt SA DZ, EG, JO, PS, 0.00
Caduo Lo pd (g Son dgel Cakaliuwl Lo SSue g9 SD, SY, TN, YE
sluedl_ g zluall sl

adlactl e ) guiattf 18 13le dals @llall_ i b asy i# EG DZ, EG, JO, PS, 0.15

@Al s b una pe ciall 4S5 )5 gl 9 o SD, SY, TN, YE
Al s St Ju,5 slesdl 53 SD PS, SD, YE 0.58
aiad e 1as cals o9 AE DZ, PS, YE 0.64
ASa J 9831 gaie ] 931 15318 Ly Slea¥l 3y gt all west! LY DZ 0.83

pled 4l (1 48 (o

e 2 A Gidn U Olcadl i abe ) by hle J5s (it YE  YE 1.00

Table 6.6: Sample sentences from the development dataset with their geolocated country
(GEO), valid dialect labels (Subtask 1), and ALDi scores (Subtask 2). DZ: Algeria, EG:
Egypt, JO: Jordan, LY: Libya, PS: Palestine, SA: Saudi Arabia, SD: Sudan, SY: Syria,
TN: Tunisia, AE: UAE, YE: Yemen.

Yemen. Examples of those sentences are provided in We do not restrict
systems to these eight dialects. Hence, we include two undisclosed dialects in our test
data and ask participants to develop their models such that they can predict all valid
dialects out of the 18 country-level ones from NADI 2023. The undisclosed dialects

are Iraq and Morocco. Accordingly, the test set contains 1,000 samples covering nine
dialects [l

Restrictions Subtask 1 operated under a closed-track policy where participants are

allowed to only use the datasets we provide for system training.

6.2.2 Subtask 2 — ALDi Estimation

This subtask assesses the ability to estimate aggregated ALDi scores of tweets, a genre
different from the online comments in the AOC dataset used in

31 also note that one of the Jordanian annotators did not complete the labeling process on time, and so
I did not include the labels from Jordanian annotators in the test sets.
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Training Data We provided the teams with the AOC-ALDi dataset’s training split
(chapter 3).

Dev and Test Data A second layer of annotation for manual ALDi levels was used

for the same samples of Subtask 1.

Restrictions Subtask 2 operated under an open-track policy, allowing participants to
train their systems on any additional datasets of their choice, provided that they explain
the sources of the data and how it is used, and that these additional training datasets are

public at the time of submission.

6.2.3 Evaluation Metrics

The official evaluation metric for Subtask 1 is the macro-averaged F; score. More
specifically, we compute the F; score independently for each country in the evaluation
dataset (eight for the development set and nine for the test set), then compute the average
of these individual-country F4 scoresf_r] Additionally, we report system performance in
terms of Precision, Recall, and Accuracy for submissions to Subtask 1. The metric

for Subtask 2 is the Root Mean Square Error (RMSE).

6.2.4 Submission Rules

Participating teams were allowed to submit up to five runs for each subtask. For each
team, only the submission with the highest score was retained. While the official
results were exclusively based on a blind test set, we requested participants to include
their results on the development splits in their papers. To facilitate the evaluation of
participant systems, we established a CodalLab competition for scoring each subtaskE]
Since subtasks 1 and 2 are proposing new tasks, the organization team is happy to share
the individual labels of the development/test sets for these two subtasks with researchers

interested in analyzing themE]

“Participating teams submitted validity predictions for the 18 countries of the training sets. I plan to
rerun the evaluation upon collecting labels for more country-level dialects.

5The Codalabs for the first two subtasks are available at: Subtask 1, and Subtask 2.

®Interest could be expressed through the following form: https://forms.gle/gdgTToxG2tH5xT27A


https://codalab.lisn.upsaclay.fr/competitions/18130
https://codalab.lisn.upsaclay.fr/competitions/18135
https://forms.gle/gdgTToxG2tH5xT27A
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Team Affiliation Task
dzNLP (Lichouri et al., [2024) USTHB, Algeria 1
Elyadata (Karoui et al., [2024) Elyadata, Tunisia 1
NLP_DI (Kanjirangat et al., 2024) Dalle Molle Ins. of A.IL., Switzerland 1
AlexUNLP-STM (Sakr et al.,[2024) Alexandria University, Egypt 2
ASOS (Nacar et al., [2024) Prince Sultan University, KSA 2
CUFE Cairo University, Egypt

Table 6.7: List of teams that participated in NADI-2024 shared task. Teams with accepted

papers are cited.

6.2.5 Participating Teams

At the testing phase, a total of 17 valid entries were submitted by six unique teams. The
breakdown across the subtasks is as follows: fen submissions for Subtask 1 from three
teams, and seven submissions for Subtask 2 from three teams. Five out of the six teams

that participated in either of the first two subtasks submitted system description papers,

as indicated in

6.3 Shared Task Baselines and Results

6.3.1 Baselines

I developed baseline (BL) models for the first two subtasks for comparison against the
teams’ systems, as described below. These models were not shared with participating

teams during the competition.

Subtask 1 Baselines [ used a fine-tuned single-label ADI system with a softmax
activation function to develop two baselines[] The first predicts the most probable labels
such that their cumulative probability is > 90%. The second assumes the sentence is
only valid in the most probable prediction. Lastly, I implemented a Random baseline that
generates random binary predictions for the validity of the sentences in the considered

dialects.

"The fine-tuned baseline model can be accessed through https://huggingface.co/AMR-KELEG/
NADI2024-baseline.


https://huggingface.co/AMR-KELEG/NADI2024-baseline
https://huggingface.co/AMR-KELEG/NADI2024-baseline
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Subtask 2 Baselines I first used the Sentence ALDi model, introduced in §3.3.1] as
the supervised baseline. The second baseline is based on the distribution of the ALDi
scores for the development set (Figure 6.6), where I implement a model that generates a
constant score of 0.67 for all the sentences. In the third baseline, I use a Random ALDi

generator (€ [0, 1]).

6.3.2 Shared Task Results

Subtask 1 Elyadata came first with a macro-averaged F1 score of 50.57%, being the
only team to beat the Top 90% baseline model as per[Table 6.8]

Subtask 2 ASOS, the top-performing team, achieved the lowest RMSE of 0.1403,
while AlexUNLP-STM achieved a similar RMSE of 0.1406, coming second. As shown
in all the teams managed to improve over the baselines.

Macro-average

Rank System
Accuracy (1) Precision (1) Recall (1) F; score (1)

1 Elyadata 67.50.37  46.48.101 57.09.51 50.57.74
BLI Top90% 734061  60.67:145 39.224146 45.09.113
2 NLP.DI 71.88i56  53.64s102 37424110 43.27:04
BLII Random  50.14s16  30.43.55 50.15., 37.15.7»
BL III Top 1 7342.76  76.82:106 17.77:108 27.30:126
3 dzZNLP 713847, 63224107 1287438 20.98.55

Table 6.8: Systems’ performance on the test set of Subtask 1. The standard errors of

these macro-averaged metrics are also reported.

Rank System RMSE (})
1 ASOS 0.1403
2 AlexUNLP-STM 0.1406
3 CUFE 0.2001

BL1 Sentence ALDi 0.2178
BL II Constant (0.67) 0.2361
BL IIT Random 0.3521

Table 6.9: Systems performance on Subtask 2 test set.



122 Chapter 6. Redesigning Arabic Dialect Identification (NADI 2024)

6.3.3 General Description of Submitted Systems

A summary of approaches employed by the various teams is provided in I

briefly describe the teams’ systems for each subtask.

A< Features Techniques
é Team Metric
N-gram TFIDF C-ML NNs PLM Ensemble Post-Poc. Cont. L. D-Aug.
Elyadata 50.57 v v v’
— NLP_DI 43.27 v v v’ v’
dzNLP 20.98 v’ v’ v’ v’
ASOS 0.1403 v Vv v’ v’
S
AlexUNLP-STM 0.1406 v Vv v’ v’

Table 6.10: Summary of approaches used by participating teams NADI 2024 shared
task. Teams are sorted by their performance on the official metric of each subtask.
C-ML (Classifcal ML) indicates any non-neural machine learning methods such as naive
Bayes and support vector machines. The term NNs refers to any model based on
neural networks (e.g. RNN, CNN, and Transformer) trained from scratch. PLM refers
to neural networks pretrained with unlabeled data such as MARBERT and has less
than 1B parameters. Approaches also included contrastive loss (Cont. L.) and data

augmentation (D-Aug.)

Subtask 1 The winning team, Elyadata, extracted dialectal vocabularies from the
training data, and used them to augment the labels of the single-label training dataset.
They then used a max pooling layer to merge the predictions of a MARBERT-based
ensemble model, forming an array of logit predictions. Lastly, they optimized a thresh-
old using the development set to convert the logits into multi-label predictions. NLPpy
used a sentence embedding model to encode the datasets of the training set. For each
sentence Sy Of the test dataset, it is embedded into the same space, and then a classifier
is used to identify the nearest 10 sentences to its embedding. These 10 sentences’
labels are used as the predictions for sentence S;.s;. dZNLP trained a support-vector
machine (SVM) on top of word-level and character-level ngram features. Their system
description paper does not explicitly mention whether their system predicts a single

label or multiple labels for an input sentence. The low recall scores they achieve hint

that their system generates a single label (see [Table 6.8)).
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Subtask 2 ASOS added a regression head on top of MARBERT’s [CLS] embedding.
More specifically, they had three hidden layers with non-linear activation functions
on top of the [CLS] embedding, with a final linear output layer that predicts a scalar
ALD:i estimation. They then fine-tuned the whole model using the provided training
dataset. AlexUNLP-STM used the median of an ensemble of regression heads with
sigmoid activation on top of AraBERT, trained to minimize contrastive and RMSE
losses. Noticeably, their model’s performance dropped when non-Arabic letters were
discarded. We observed that code-switching affected the annotators’ ALDi judgments
differently, which is in line with the team’s justification for the performance drop.

CUFE did not submit their system details.

6.3.4 Detailed Analysis of Subtask 1 Results

As described in 70 out of the 1,120 samples used to form the development and
test sets for Subtasks 1 and 2 are automatically identified as being in MSA. For Subtask
1, these MSA samples are expected to be labeled as valid in all the considered dialects.
On checking the validity labels for these samples, we indeed found that they are mostly
deemed valid in all the considered country-level dialects. The developed systems are
expected to predict that these sentences are valid in all the considered dialects.
Consequently, I report their performance on the automatically identified DA and
MSA samples, respectively, in Since the MSA samples represent a small
proportion of the development and test sets, I find that the models’ performance on the

DA samples is not different from their overall performance reported in [Table 6.8

Macro-average Macro-average
Rank System
Acc. (1) Prec. (1) Recall (1) Fq score (1) Acc. (1) Prec. (1) Recall () Fq score (1)
1 Elyadata 69.27.43 43.07.1110 62.17.56 49.85.53 40.68.94 9592434 39.021106 54.5819
BLI Top90% 7599462 57.084154 41.924149 45211103 34.23,153 96.43.42 30.754162 44.65.173
2  NLP_DI 74.41462 49.564110 39.705114 43.02193 33.514152 9740431 30.561156 44481161
BLII Random 50.06418 26.09.93 49.92,33 33.31.84 5143.56 94.36145 51.34.60 66.30.55
BL III Top 1 7740180 75201113 20.524117 30.3741238 13.26477 100.00490 7.81i74 13.714113
3 dzNlp 7542477 61214117 1517453 23.61467 1022453 85.19:319 5.22u44  9.49.77
(a) DA samples (b) MSA samples

Table 6.11: The performance of the systems submitted to Subtask 1 on the DA and MSA
samples of the test set. The systems are ordered according to their macro-averaged
F1 scores on the whole test set as indicated in[Table 6.8l Note: The standard errors of

these macro-averaged metrics are also reported.
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For the MSA samples, I notice that the macro-average Recall needs to be improved.
A two-stage solution could be proposed in which a classifier first identifies if a sentence
is in MSA or DA. MSA sentences can be predicted to be valid in all the considered
dialects with high accuracy. Conversely, the validity labels for the DA samples could be

identified using another multi-label dialect identification system.

Regional Level Performance The results in Tables [6.8] [6.11] indicate that there is
room for improvement for the multi-label ADI systems to be reliably able to accurately
operate on the country-level. To further analyze the results, I group the nine country
labels of the test set into macro-regional dialects according to Baimukan et al. (2022)
as follows: Maghreb (Algeria, Tunisia, Morocco), Nile Basin (Egypt, Sudan), Levant
(Palestine, Syria), Gulf (Iraq), and Gulf of Aden (Yemen). For each region, a sample is
considered valid in the region if it is valid in any of the region’s countries for which
we have validity labels. For example, a sample annotated as valid in Algeria, Tunisia,
and Sudan will be considered valid in Maghreb and Nile Basin. 1 similarly consider the
systems’ predictions for the same nine countries and aggregate them into macro-regional
dialects.

The models’ performance predicting the macro-regional dialects is higher than that
for country-level ones as per However, the improvement is not as great
as might have been expected, indicating that even multi-label macro-regional dialect
identification is a challenging task. In I will explain how I extended the labels

in our test set to cover more countries, especially from the Gulf region.

Macro-average Individual Region F; score (1)
Rank System
Acc. (1) Prec. (1) Recall (1) Fq score (1) Maghreb; Nile; Levant; Gulf; Gulf of Aden;

1 Elyadata 68.02.4; 52.25.120 67.16154 58.18.39 5542 6854 67.81 4521 53.89
BLI Top90% 73.07.47 62.541140 54.28.1148 56.161123 61.08 69.58 6420 51.17 34.76

2  NLP_DI 71.73146 57.504122 49.65:1133 53.094127 5471 6797 65.65 36.69 40.43
BLII Random 46.91.sg 35.52.98 69.01:153 46.19.109 4559 5640 58.06 27091 43.00
BLIII Top 1 72.52475 77.744136 28.87+125 40.254148 50.59 60.45 31.84 40.55 17.80

3 dzNlp  69.94.76 68.39:100 21.85s01 32424115 44.14 4427 3409 2555 14.03

Table 6.12: The performance of the systems submitted to Subtask 1, in predicting
multi-label macro-regional dialects for the DA samples of the test set. In addition to the
Macro-average F1 score, the individual F1 score for each region is reported. Note: the
countries representing the regions are: Maghreb (Algeria, Tunisia, Morocco), Nile (Egypt,
Sudan), Levant (Palestine, Syria), Gulf (Iraq), and Gulf of Aden (Yemen).
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6.3.5 Performance of Baselines Based on Models Released after
the Shared Task

Given the rapid improvement in the field, one might wonder how recent models would

fare on both subtasks. To this end, I tested two new sets of baselines:

Fine-tuning Multilingual Embedding Models In this setup, I replicate the baseline
(BL 1) of both tasks, with the only difference of replacing the underlying BERT-
based model with the Embedding-Gemma (300M) model (Schechter Vera et al., 2025).
[Table 6.13]|and [Table 6.14] show that changing the backbone from an Arabic-specific

model to a more powerful multilingual model hurts the performance in both MLADI

and ALDi estimation, as indicated by the decrease in the performance of the BL I’
models in comparison to the BL I models. Adaptors have been used as a more efficient
way to fine-tune models; however, full fine-tuning remains to be the best-performing
method in medium and high-resource settings (i.e., ALDi Estimation) (Chen et al.,
2022).

Prompting Instruction-tuned Large Language Models (LLMs) Instead of fine-
tuning task-specific models, prompting has been proposed as a more generic paradigm.
Aya Expanse (32B) is a powerful open-source multilingual model, supporting 8 lan-
guages, including Arabic (Dang et al., 2024). The model was instructed to assess
the possibility that a sentence is acceptable in one of the dialects used in each of the
nine considered dialects of Subtask 1 independently, in a zero-shot and a few-shot
setup, as shown in For the few-shot setup, two exemplar samples from the

development set (one positive and one negative) were added to the prompt.

The prompting method in the zero-shot setup (LLM I) achieved the highest F1-score
of 51.85, thanks to a higher macro-averaged recall of 65.06 compared to only 57.09
for the top-ranked team (Elyadata). Moreover, the few-shot setup achieved a much
higher recall of 92.89, but at the expense of precision, yielding a lower macro-averaged
F1-score of 46.82. While prompting provides a competitive baseline, further efforts are
still needed to solve the MLADI task.
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Macro-average

Rank System
Accuracy (1) Precision (1) Recall (1) F; score (1)

LLM1 Aya-expanse (32B) zero  64.9.437 44.61+109 65.06.56 51.85.73

I Elyadata 6750137 46484101 57.09:5; 50.57.7,
LLM II Aya-expanse (32B) r,  38.07:65  31.83.55 92895 46.82.04
CBLI Top90% 734041 60.67s45 3922:146 450913

BLI' Top90% (Gemma)  70.17s55 49861126 34621153 3891410

Table 6.13: Systems’ performance on the test set of Subtask 1. The standard errors
of these macro-averaged metrics are also reported. The three newly tested baselines

(LLM I, LLM I, BL ') are shown in bold.

Rank System RMSE (])
1 ASOS 0.1403
BLI Sentence ALDi 0.2178

BLTI’ Sentence ALDi (Gemma) 0.2241

Table 6.14: Systems performance of different models on Substask 2’s test set, compared

to the performance of the newly tested Sentence ALDi (Gemma) baseline.
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n,on

"role": "user",
"content":
O el Ko A g B Aoniwell Olmglll usi 8 W gdie LAY Alesdl OIS 13 sis
Jadd ¥ i LEX]
LPTPER RS TP {]

{

"role": "user",

"content":

Specify if the following sentence is acceptable in one of the dialects used in <Coun-
try X>. Answer with yes or no only.

The sentence: <sentence>

}

Figure 6.4: The prompt used to test the Aya-exanse model’s ability to determine if
a sentence is acceptable in each of the 9 country-level dialects of Subtask 1 in the

zero-shot setup, with its English translation.
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6.4 Discussion

Analysis of the Labels Distribution shows that 153 samples are labeled
as invalid in all of the nine considered countries, and 310 samples are valid in only
one dialect. I also report that 657 samples are valid in 2 or more country-level dialects
(i.e., 58.7% of the samples). This percentage is only expected to increase when validity
annotations from other country-level Arabic dialects are collected.

The aggregated ALDi scores have a multimodal distribution as per [Figure 6.6] The
first mode is related to the automatically identified MSA samples in the dataset (70 in
total). All of these samples are assigned ALDI1 scores <0.2, and are judged as valid in
all or almost all of the considered country-level dialects. Conversely, the ALDi scores
for the automatically identified DA samples are distributed around a score of 0.66 (the

numeric value corresponding to Level 2 (Natural/Ordinary Colloquial).

310
(28%) 243

153 @2%) 15, "
-(14%> . . 5 68 35 27 36
(9%)  (7%)  (6%) (3%) 1% (3%) 6%

0 1 2 3 4 5 6 7 8 9
No. valid country-level dialects

No. sentences

Figure 6.5: The distribution of the number of valid country-level dialects out of 9 countries

for the full dataset.

(%]
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Figure 6.6: The distribution of the ALDi scores for the samples of the full dataset.

Precision of Geolocated Labels Although geolocation can alleviate the need for man-
ually annotating the samples (Abdul-Mageed et al., 2021b), it can be error-prone (Abdul+
Mageed et al., 2020a; Abdelali et al., 2021)). For the 1,050 DA samples of the develop-
ment and test sets, we can estimate the precision of the geolocated labels by comparing
them to the manual validity labels as demonstrated in
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Geolocated Label
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Figure 6.7: The number of DA samples valid in the annotators’ country-level dialects
(rows) across the 14 countries to which the samples are geolocated (columns). Each
row represents the distribution of the geolocated labels for the sentences valid in the

row’s country-level dialect. _ indicate the countries not represented by
the annotators. The max cell value is 75.

Based on this method, I find that the precision of the geolocated labels could be as
high as 94.6% (71 of 75 samples) for Egypt, and as low as 49.3% (37 of 75 samples)

for Tunisia.

Impact of Named Entities ADI models, trained on single-label data, can make
spurious connections between named entities (e.g., specific locations) and country-level
labels (Abdul-Mageed et al.,2020b)). In NADI-2021-TWT, for example, 52 samples out

of the 66 mentioning yLww (Lebanon) are geolocated to and labeled as Lebanon. Such

spurious connections might be the reason why the following n-grams @i ,e, old, (o o3,

o= are among the most discriminative for the dialects of Iraq, Lebanon, Tunisia, and

Yemen, respectively (AAlAbdulsalam, |[2022). The manual annotation process used for

this dataset greatly alleviates this limitation.
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6.5 Lessons Learned

I share my reflections on the creation of evaluation datasets for Subtasks 1 and 2.

Subtask 1 Complexity Previous research asking Arabic speakers to check the validity
of sentences in their native dialects (See reported moderate to high agreement
between the annotators (only two per country) for most of the considered regional-level
and country-level dialects. Unlike previous works, we asked the annotators to judge
all samples, rather than those geolocated to their own respective countries. Therefore,
our annotation task is possibly harder than previous ones, which is reflected in the I[AA
scores in

Subtask 1 Labels’ Set From a task design perspective, I observed that the frequency
of usage of the Maybe (Not sure) label varies across annotators. For this reason,
including this particular label (rather than using a binary Valid/Not Valid setup), needs

to be further investigated to understand its implications on the aggregated validity labels.

Annotation Quality Monitoring Two authors—I and Injy Hamed—who are speakers
of Egyptian Arabic were responsible for monitoring the quality of the annotations,
providing feedback, and marking the samples with high disagreement for reannotation.
I'believe that having dialect leads who are native speakers of the different Arabic dialects
would allow for better monitoring of the annotation process. I hope that our shared task
will inspire future collaborative research to extend the labels of our evaluation dataset

to include more country-level dialects.

Subtask 2 Guidelines The Krippendorft’s alpha (o) scores in are higher
than the corresponding alpha score of 0.63 for the AOC-ALDi dataset (see §3.2.2). Two
potential reasons could explain this improvement in agreement. First, the alpha scores
for the new dataset are computed independently for each country’s three annotators.
Annotators from the same country are more likely to provide similar ALDi ratings than
annotators from different countries (the latter was the case for the AOC-ALDi dataset).
Having a more specified description of each dialect level in the new guidelines might

have also contributed to this.
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Figure 6.8: The distribution of the ALDi scores assigned to the NADI 2024 samples:
(1) aggregated from the manual annotations according to the newly proposed guidelines,
and (2) automatically estimated by the Sentence-ALDi model, based on |[Zaidan and
|Ca||ison—Burch[s q201 1P guidelines.

To further investigate the differences between the newly proposed guidelines and
AOC’s guidelines, I employ a similar setup to the one in §3.4] For each sentence of
the NADI 2024 dataset, I automatically estimate an ALDi score using the Sentence
ALDi model, which would be a proxy for the ratings provided according to the AOC-
ALDi guidelines. Afterward, I contrast these automatically estimated scores to their
corresponding ALDi scores, aggregated from the individual ratings according to the
new guidelines. shows the histograms of the ALDi scores according to both
guidelines. The bins corresponding to low ALDi scores seem to be similar for both
guidelines. However, a notably large number of sentences have ALDi scores in [0.6, 0.7]
according to the new guidelines compared to a much smaller number of sentences having
scores in this range according to the Sentence ALDi guidelines. This indicates that many
sentences ended up rated as (L2) Natural/Ordinary Colloguial, which corresponds to
a numeric value of % ~ 0.67. Conversely, the Mixed level according to
(Callison-Burch’s (2011) guidelines would be mapped to this numeric value. Potentially,

sentences rated as Natural/Ordinary Colloguial could be rated as Mixed or Mostly
Dialectal according to the proportion of the colloquial terms in these sentences that are
shared with MSA. This could explain the noticed difference in the number of sentences
within the [0.6, 0.7] range. Moreover, this is a limitation of the new guidelines that
future work should try to solve, to better distinguish between colloquial sentences that

share a lot of terms with MSA and others that do not share as many terms with MSA.
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Another limitation of the new guidelines is that they rely on sociolinguistic factors
to distinguish between the last two dialect levels (L2) Natural/Ordinary Colloguial.
This could potentially introduce biases where dialects linked to less prestige are rated as
more colloquial than others linked to higher prestige. However, qualitatively inspecting
the sentences with high ALDi scores ([0.8, 1]) according to the new guidelines reveals
that the vast majority of them are vulgar. In our dataset, there are no clear cases of
sentences with high ALDi scores that are in dialects generally associated with lower
prestige. One potential reason is that speakers of these dialects might refrain from using
them online, as indicated by Mohamed Eida et al.| (2024) for Sa’idi Arabic—an Arabic
variety used in upper Egypt.

6.6 Summary

In this chapter, I described the process of creating the first multi-label ADI dataset in
collaboration with the NADI shared task’s organizers, following the proposal provided
in the previous chapter. The dataset comprises 1,120 geolocated samples, uniformly
distributed across 14 different Arab countries, with manually assigned validity labels and
dialectness ratings by 27 annotators from 9 countries (3 annotators each). The dataset
was used as the evaluation set of the first two subtasks of the NADI 2024 shared task:
multi-label dialect identification and Arabic level of dialectness (ALDi) estimation. For
the former, the top-performing team was the only one that beat the baseline, achieving a
macro-averaged F1 score of 50.57. This indicates a clear gap in building effective multi-
label ADI models. For ALDi estimation, the three participating teams outperformed the
Sentence-ALDi baseline model, with the first-place team achieving an RMSE of 0.1403
on the newly introduced evaluation dataset. This once again shows that ALDi could
be effectively estimated using NLP models addressing (RQ1) How can the concept of
Dialect Levels be operationalized in a way that can be effectively estimated?

In addition to serving as an evaluation set for the shared task, the new dataset allowed
for further investigation of different questions related to ADI. For How prevalent
are the sentences valid in multiple dialects, on the country and macro-regional levels?
it shows that a large proportion (58.7% of the dataset) is valid in multiple dialects.
The next chapter will further investigate widely held assumptions about Arabic and its
dialects, using an extended version of the dataset. It will also analyze the impact of the

annotators’ native dialects on their corresponding ALDi ratings.



Chapter 7

Revisiting Common Assumptions
about the Arabic Dialects in NLP

Successful Arabic NLP systems need to handle both the interspeaker and intraspeaker
variations, yet some literature rests on certain assumptions about Arabic dialect variation.
In this chapter, I identify three common assumptions that were progressively adopted by
the Arabic NLP community, in addition to a fourth one that was recently introducedE]
The assumptions impact different aspects such as distinguishing between the varieties of
DA (Asm. 1} [Asm. 2] and[Asm. 4), and dialectal samples curation (Asm. 3). However,

their validity is neither backed by enough linguistic studies nor quantitatively assessed,

making them anecdotal. While they were useful in achieving progress in tasks like
Arabic Dialect Identification (ADIﬂ inaccuracies in these assumptions might hinder
further progress. My analysis focuses on the text modality, but the findings could apply
to the speech modality. It could also benefit linguists studying the Arabic varieties. |

systematically examine the assumptions below, with the RQs relevant to each of them:

Asm. 1 A DA sentence is usually valid in only one regional dialect.

— (RO4) How prevalent are the sentences valid in multiple dialects, on the country

and macro-regional levels?

Asm. 2 Only short sentences can be valid in multiple dialects.

— (RQ4.1) Do most sentences valid in multiple dialects have a short length?

Limitations of the 4 assumptions are discussed qualitatively in the literature, but are ignored or
perceived as minor.

2As of the 15™ of December 2024, 618 papers on Semantic Scholar (Jones, [2015) match “Dialect
Identification", out of which 173 (~28%) match “Arabic Dialect Identification". However, ADI is still

unsolved, as shown in[chapter 6

133
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Asm. 3 Distinctive dialectal words (e.g., aa ,» brsh for Tunisian Arabic) can be cu-

rated to infer the dialect of sentences containing any of them.

— (RQ4.2) Are current ad-hoc lists of dialectal lexical terms distinctive enough to
ensure that a sentence is valid in a dialect and not valid in other dialects if it contains a

term of this dialect’s list of lexical terms?

Asm. 4 For a sentence valid in multiple dialects, speakers of these dialects consistently

provide similar ratings of the sentence’s level of dialectness.

— (RQ3) Do speakers of different dialects (varieties) share similar perceptions of a

sentence’s Dialect Level?

The work presented herein was reported in the following paper:
* Amr Keleg, Sharon Goldwater, and Walid Magdy. 2025. Revisiting Common
Assumptions about Arabic Dialects in NLP. In Proceedings of the 63rd Annual

Meeting of the Association for Computational Linguistics, Vienna, Austria.

7.1 Background

In this section, I describe how the four assumptions were progressively adopted.

7.1.1 The Groupings of Arabic Dialects

Along the vast geographical area over which Arabic speakers are distributed, different
varieties of DA are spoken. Varieties spoken within geographically proximate areas are
commonly grouped into regional dialects. An example of such groupings is: the Levant
(Lebanon, Jordan, Palestine, Syria), Nile Basin (Egypt, Sudan), Gulf (Saudi Arabia,
Oman, Qatar, Bahrain, United Arab Emirates, Iraq), Gulf of Aden (Yemen, Djibouti,
Somalia), and Maghreb (Morocco, Tunisia, Algeria, Mauritania, Libya)E] Regional
groupings recognize the within-region similarities while assuming minimal overlap
between the regional varieties.

The last two chapters quantitatively showed that country-level ADI should be
modeled as a multi-label classification task. However, they did not investigate how
the task should be framed at the regional level. Early efforts in ADI used single-label
classification to distinguish between a subset of the regional varieties, including MSA

as an independent variety/class (Biadsy et al., 2009; Zaidan and Callison-Burch, 2011}).

3A canonical grouping of the Arabic dialects does not exist (Habash, |2010; |Abdul-Mageed et al.,
2018).
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This adoption of single-label classification implicitly accepts [Asm. 1] at the regional
level; i.e., that sentences are usually only valid in one regional dialect. (confer §2.5.1]
for more details). Although current ADI models are generally built at the country level,
any overlap that exists at the regional level will still persist when these regions are
divided into countries. Consider a sentence valid in two regions Regs and Regp. The

same sentence should be valid in at least one country of Reg4 and one country of Regp.

Sentence Length and ADI Most ADI datasets use sentence-like units (e.g., tweets).
Sentence-level classification models would usually struggle with short sentences. More-
over, it is commonly believed (Asm. 2)) that most multi-label samples are very short.
These two reasons might explain why ADI has continued to be modeled as a single-label

classification task.

7.1.2 Dialectal Lexical Cues

Although dialects differ at many linguistic levels (phonological, lexical, syntactic), one
of the easiest types of cues to identify in text is lexical cues (Kaye and Rosenhousel,
1997). These cues are distinctive of a particular dialect if they are not shared with other
dialects. Some papers provide qualitative examples of these cues like  iakas thsﬂ -
eleven) for Yemeni (Al-Shargi et al., 2016) and aa , (brsh - a lot) for Tunisian (McNeil,
2018} |Abdelali et al., 2021).

Distinctive cues have been widely used to build DA datasets. To this end, ad-hoc
lists of lexical cues were compiled to collect dialectal samples from websites or social
media platforms. These lists were either directly used (Al-Sabbagh and Girjul [2012;
Alshutayri, 2017} |Alshargi et al., 2019), or first validated by speakers of different
dialects to ensure their distinctiveness (Almeman and Lee, 2013} [Zaghouani and Charfi,
2018; |Alsarsour et al., 2018 Mubarak, |2018]).

It is acknowledged that the diversity of the curated samples is limited by the lists of
cues (Abdul-Mageed et al.,|2020b). However, the precision and distinctiveness of these
cues are assumed to be high without quantitatively measuring them (Asm. 3)), which I

revisit in this chapter.

4Transliteration follows HSB scheme (Habash et al., 2007).
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7.1.3 Differences in ALDi Perceptions

In chapter 3|and [chapter 6] a sentence’s ALDi ratings provided by annotators speaking

different dialects are averaged together to compute a gold-standard score for this
sentence. AOC-ALD:i relied on randomly routing each sentence to speakers of different
dialects. The guidelines used in §6.1.1] tried to mitigate the expected variation by
ensuring the annotators provide ALDi ratings to sentences only if they are valid in
their country-level dialects. However, this still assumes that sentences valid in multiple
dialects are rated similarly by speakers of these different dialects, overlooking the
impact of the annotator’s native dialect on the provided ALDi ratings

7.2 Data

For my analysis, I release an extended version of the NADI 2024 dataset (cf. [chapter 6)),
that I call the MLADI (Multi-label ADI) datasetE] The original dataset has 1,120 tweets,
of which only 70 were automatically identified as MSA and 1,050 as DA. The DA
samples’ geolocations are uniformly distributed across the 14 most populated Arab
countries, excluding Somalia, for which data is not sufficiently abundant. 27 annotators
were recruited from 9 Arab countries (3 each): Algeria, Morocco, Tunisia, Egypt,
Sudan, Palestine, Syria, Iraq, and Yemen. For each sample in the dataset, the annotators
(a) identified if a speaker of one of their country-level dialects could have authored
the tweet. If an annotator answered (a) as yes, then the sentence is also (b) rated for
its ALDi1 as MSA (L0), Colloquial-influenced MSA (L1), Normal Colloquial (L2), or
Informal (or Vulgar) Colloquial (L3).

To extend the dataset’s labels, I recruited three annotators from Saudi Arabia, using
the same annotation guidelines introduced in This enhances the dataset’s
coverage of the various Arab dialects, particularly Gulf Arabic. I also completed
the annotation collection from the three Jordanian annotators. shows the
cities/provinces from which the annotators originate.

The Interannotator Agreement scores for the two new dialects (Jordanian and Saudi)
are reported in For the validity labels of each country, I compute the chance-
corrected Fleiss’ Kappa (k) score, finding adequate agreement between the annotators
of both countries. For the ALDI ratings, I use Krippendorff’s Alpha interval method

(o) to compare the numeric values of the ratings for each country’s valid samples,

> An accompanying ADI leaderboard is released at: https://huggingface.co/spaces/AMR-KELEG/
MLADI


https://huggingface.co/spaces/AMR-KELEG/MLADI
https://huggingface.co/spaces/AMR-KELEG/MLADI
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. Maghreb (MG) |:| Gulf (GL)
. Nile Basin (NL) |:| Gulf of Aden (AD)
|:| Levant (LV)

Figure 7.1: A map of the Arab world. The black dots indicate the provinces/cities from
which the annotators originate. Regional dialects (Maghreb, Nile Basin, Levant, Gulf,
Gulf of Aden) are encoded as different colors according to the groupings of Baimukan|

eral] pu22)

penalizing disagreements differently according to their assigned values. The range of
the al pha scores is -1 to 1, with zero indicating chance agreement. Hence, 0.62 and 0.65
signify that the annotators’ agreement is substantially better than random, despite the
subjectivity of the task. These IAA scores are similar to the ones reported in [Table 6.5]
for the other dialects of the NADI 2024 dataset.

Validity labels ALD:i ratings
Country
Fleiss k N valid N -wvalid Krip. o
Jordan 0.56 617 (455) 503 (367) 0.62
Saudi Arabia  0.62 476 (328) 644 (490) 0.65

Table 7.1: The Interannotator agreement scores for the validity labels and ALDi ratings,
Fleiss’ Kappa (k) for Validity labels and Krippendorff’s Alpha - interval method (o) for
ALDi ratings. N valid and N -walid represent the number of samples whose majority vote
labels are valid and not valid, respectively, with the number of sentences with complete

agreement reported (between brackets).
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Following the same aggregation methods in §6.1.4] I use majority voting to identify
the validity of each tweet in each of the 11 country-level dialects, and for ALDi, I
transform the ratings from discrete levels (L0, L1, L2, L3) into numeric values (0, %, %, 1).
A sentence’s ratings, for the dialects in which the sentence is valid (according to the

majority voting), are averaged to estimate a dialect-agnostic ALDi score.

7.3 Analysis

In this section, I investigate each of the four aforementioned assumptions, using 978
out of the 1,050 DA samples, after discarding 72 samples that are not labeled as valid in

any of the 11 considered country-level dialectsﬁ

7.3.1 Challenging[Asm. 1|- Arabic Dialects Rarely Overlap

At least 28 different ADI datasets assign a single regional/country-level dialect to each
sentence (cf. [Table 5.2] in [chapter 5)). Single-label classification was shown not to
be suitable for country-level ADI both qualitatively (Kchaou et al., 2019; [Touileb,
2020; Bayrak and Issiful 2022 [Khered et al., 2022) and quantitatively (chapter 5}
[chapter 6}/Olsen et al.| 2023)). However, single-label classification might still be thought

of as suitable for ADI on the level of regional dialects, under the assumption that they

rarely overlap.

Method Using the regional grouping proposed in (Baimukan et al., [2022), I form
5 regional-level validity labels from the 11 country-level labels as follows: 1) Nile
Basin (NL): Egypt, Sudan, 2) Gulf (GL): Iraq, Saudi Arabia, 3) Gulf of Aden (AD):
Yemen, 4) Maghreb (MG): Tunisia, Algeria, Morocco, and 5) Levant (LV): Jordan,
Palestine, Syria. A sentence is valid in a regional dialect if it is valid in at least one of
the considered region’s countries. Afterward, I count the number of regional dialects in

which each sentence is valid.

Results A majority 56% of sentences (544 in total) are valid in multiple regional
dialects, as shown in This large cross-regional overlap exists despite the
fact that the MSA samples were discarded[] Notably, 116 of these DA samples (a

non-negligible ~ 12%) are valid in all regional dialects.

The code is released at: https://github.com/AMR-KELEG/MLADI-assumptions-revisiting
"Refer to §F|of the Appendix for a similar analysis on the country-level.


https://github.com/AMR-KELEG/MLADI-assumptions-revisiting
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Figure 7.2: The histogram of the number of valid dialects on the regional level. Only 44%
of the DA samples are confined to single-region dialects.

Further Analysis Unlike the other dialects, the Gulf of Aden (represented by Yemen)
has only 11 single-region samples as per Hence, it might not be promi-
nently different from some of the subdialects spoken in other regions, challenging the
recognition of Gulf of Aden as a regional dialect (Habash, [2010; Abdul-Mageed et al.,
2018).

The Levant, Gulf, and Gulf of Aden have a substantial number of samples shared
with other regional dialects, with the Levantine dialect sharing more than the other
two dialects. Looking at the distribution of the multi-region samples in a
large number of the 2-region samples are between pairs of these three regions (e.g.,
46 valid in GL and LV, 20 valid in AD and GL) and a majority of 61 samples of the
3-region ones are valid in these regions. Additionally, LV has a substantial number of
38 samples shared with NL, 15 shared with MG, and 18 shared with both NL and MG.
This explains how LV shares more samples with other dialects than GF and AD.

For the remaining two dialects (NL and MG), both share fewer samples with other
dialects, with NL sharing more samples than MG. 62 samples (a majority of the 4-region
samples) are valid in all regions but MG. This is a sign of the dichotomy between the
Eastern dialects of Arabic spoken in the Maghreb and the other dialects spoken in the
West of the Arab world (Kaye and Rosenhouse, |1997). Still, MG shares more with

other dialects than previously assumed.
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Figure 7.3: The total number of valid regional dialects for each region’s valid samples.
Note: The regions’ samples are not mutually exclusive (e.g., the same 116 samples

valid in the five regions are in all distributions).

Estimating the Maximal Accuracy for MLADI’s regional labels When framing a
multi-label task as a single-label one, there is an expected maximal accuracy that an
oracle model can achieve (check §5.3)). For a sample with multiple valid labels, the gold-
standard label and the prediction of the oracle model will both be randomly selected
from the sample’s set of valid labels. For the model’s prediction to be considered correct,

both the randomly sampled gold standard label and the model’s prediction must match.

I introduced [Equation 5.2|in [chapter 5|for estimating the expected maximal accuracy

given the distribution of the number of labels in which a sentence is valid. Applying
the formula to the regional-level labels of the 978 DA samples I used for our analysis,
we get an expected maximal accuracy of 63.06% as per Such a low
accuracy upper bound provides more evidence for modeling the task as a multi-label

classification one.

n=Ngialects P 18 14 12 12
ercy _ 44+7+?+Z+?z63.06%
n
(7.1)

E[Accuracymax(MLADI gional)] = Perci +
n=2
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Figure 7.4: The distribution of the 2-region, 3-region, and 4-region samples across the
different combinations. Each combination has its regions indicated in its respective cell.

Note: GL/~GL means valid/not valid in Gulf.

Implications Substantial overlap exists between the regional dialects, which contra-
dicts the general perception that they are distinguishable from each other. As previously
mentioned, this overlap will still exist when the regions are split into countries. Hence,

ADI is a multi-label task on the regional and country levels.

Classifying Gulf of Aden as a distinct regional variety requires reevaluation, given the
limited number of samples only valid in this region. To this end, dialectal categorizations

that are not based on the spurious country borders could be consideredﬂ

8Glottolog (glottolog.org / resource / languoid / id / arab1395) and Ethnologue
(ethnologue.com/language/ara/) recognize 37 and 28 Arabic dialects, respectively. Some of
these dialects are not confined by the borders between the countries.


glottolog.org/resource/languoid/id/arab1395
ethnologue.com/language/ara/
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7.3.2 Challenging - Only Short Sentences’ Dialects are Am-

biguous

In the context of ADI, sentence length is discussed from two points of view (POVs).
POV #1 explicitly mentions that the dialect of extremely short speech segments/text
sentences can be ambiguous. Hence, it is infeasible for humans, and consequently
machines, to assign a single dialect to these segments (Alorifi, |2008)) and sentences (El-
Haj et al., 2018; Alsarsour et al., 2018; Abu Kwaik and Saad, 2019; Althobaiti, [2022]).
POV #2 empirically finds that the longer the segment/sentence gets, the higher the
performance of a single-label ADI system is, for speech (Biadsy et al.,|2009; Shon et al.,
2020) and text (Zaidan and Callison-Burch, [2014; Salameh et al., 2018; /AlIKhamissi
et al., 2021; Abdelali et al., 2021} |Bayrak and Issifu, [2022). This can be attributed to a

decline in dialect ambiguity as sentences get longer.

Method I examine the assumption by computing Spearman’s correlation between
the sentence length (as the number of tokens) and the number of valid dialects on the
country level. Additionally, I study the histograms of the number of valid dialects for

five different ranges of sentence lengths.

Results According to the majority of trivially short sentences are valid
in multiple dialects as per POV #1. However, POV #1 overlooks the large number
of moderately long sentences (16-25 tokens) that are also valid in multiple dialects.
Additionally, despite long sentences being valid in a smaller number of dialects, con-
firming POV #2, there is only a weak negative Spearman’s correlation coefficient (-0.28)

between the sentence length and its number of valid dialects.

Further Analysis On replicating the analysis by replacing the sentence length with
the ALDi score, a stronger negative correlation (-0.52) is realizedﬂ also
indicates that sentences of ALDi scores < 0.2 are generally valid in most of the dialects.
Samples with ALDi scores € [0.2,0.4] seem to be evenly probable across the different
number of validity labels. The distribution then shifts to be more and more right-skewed

for the subsequent ranges of ALDi scores.

A coefficient of -0.45 is realized when replacing the aggregated manually-assigned ALDi scores
with ones automatically estimated using the Sentence-ALDi model (chapter 3.
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(b) ALDi scores (averaged across all ratings). Note: p(ALDi,# valid dialects) = —0.52

Figure 7.5: The distribution of the sentences (log scale) and the number of valid country-
level dialects according to different ranges of sentence length (a) and ALDi scores (b).
Note: Since the MSA samples were automatically discarded from my analysis dataset,
there are very few samples with low ALDi scores (€ [0,0.2]). However, the histogram of
this bin is expected to be left-skewed (i.e., MSA samples are expected to be valid in all

dialects).

Implications Previous assumptions about sentence length are either incomplete (POV
#1) or not sufficiently accurate (POV #2). Moreover, a sentence’s ALDi score correlates
moderately with the number of dialects in which it is valid, making it a better predictor
than sentence length. As a proxy of a sentence’s number of valid dialects, ALDi could

guide the predictions of a multi-label ADI system.

7.3.3 Challenging[Asm. 3|- Dialects’ Distinctive Lexical Cues

Method For each of DART’s (Alsarsour et al., [2018]) and DIAL2MSA’s (Mubarak|
2018) lists of regional-level distinctive cues, I identify sentences of my dataset that
match at least one of the lexical cues[%] I normalize the sentences and lists of cues to
handle common typos of the same characters (e.g.,  is normalized to - and i, 7, | are
normalized to 1) (Kholy and Habash, 2012; Darwish and Magdy, 2014). Exact matching

is then used between the lexical cues and the whitespace tokenized sentences’ tokens.

107 could not get access to the lists of Almeman and Lee|(2013); Zaghouani and Charfi| (2018); Alshargi
et al.|(2019).
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For each dialect, I report the number of samples matching at least one of its distinc-
tive cues (M). Then, I count the number of matching samples manually annotated as
valid in this dialect (My;;), and the number of matching samples that are only (i.e., ex-

clusively) valid in this dialect (ME,.). Precision (P), Distinctiveness (D), and Recall (R)

of each list are computed as P = MA}’al, D= M}f,[xc, and R = %; where (Ny) is the
Val
total number of samples valid in the considered dialect.
Adhering to the regional groupings used in both lists, I aggregate the 11 country-
level validity labels into the following regions: 1) Egypt, 2) Iraq, 3) Gulf: Saudi
Arabia, 4) Maghreb: Algeria, Morocco, Tunisia, 5) Levant: Jordan, Palestine, Syria.

Sudan and Yemen were ignored in both lists, so I considered them as 6) Others.

Results [Table 7.2 shows the results. The extremely low range of recall values for
both manually validated lists confirms that relying on these lists of cues limits the
number of matching samples. Conversely, the range of the precision scores is generally
high (yet not perfect), except for the cues of Gulf Arabic. The Egyptian Arabic cues
have a low precision score (0.6) for DART and extremely low distinctiveness values
(0.35 and 0.38) for both lists. The samples’ validity in the Maghreb, Levant, and Gulf
regions is only defined by the subset of the region’s countries from which I could recruit
annotators. Hence, the precision scores for these regions might improve after collecting
annotations for more country-level dialects. However, the non-perfect Distinctiveness
scores indicate that some cues of these regions are used in other regional dialects, even

when the cues were manually validated for their distinctiveness by the lists’ creators.

Qualitative Analysis On manually inspecting the matching samples, I found that
DART’s three matching cues of Gulf Arabic ( gz Shw, sweMe clAmk, yuel g0 mwACyn)
are indeed dialectal terms that are valid in other regional dialects, hence are not indicative
of Gulf Arabic. Additionally, other terms are false friends, having different meanings in
MSA and DA varieties, and are not distinctive of a specific dialect in the absence of
context. For instance, the terms (als mASy and .~ Hd) have the meanings okay and
someone in Egyptian Arabic. However, they have different meanings in MSA (walking
and limit). The MSA sense of these terms could be used in the context of other dialects,
as demonstrated in the examples below, which both use the term .~ Hd (underlined in

the examples).
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Region M MVal MExc NVal P D R C CMat

EGY |60 36 21 287 | .60 35 .13 |271 28
IRQ 7 6 6 204 | 86 .86 .03 | 120 7

MGH |21 16 14 325 | .76 .67 .05 | 273 13
LEV |32 29 25 629 | 91 78 .05 |240 11
GLF 9 0 0 407 | .00 .00 .00 | 200 3

(a) DART’s five regional lists.
Region M MVal MExc NVal P D R C CMat

EGY |53 43 20 287 | .81 38 15|28 19

MGH | 45 36 31 325 | .80 .69 .11 | 60 26
LEV |38 34 34 629 | .89 .89 .05 | 31 11
GLF 0 - - 407 | - - .00 9 0

(b) DIAL2MSA’s four regional lists.

Table 7.2: The Precision (P), Distinctiveness (D), and Recall (R) of each region’s cues.
Note: For each region’s list, | report the number of samples of my dataset matching any
of the cues (M) of which valid (M) and of which exclusively valid (Mg), in addition to
the total number of valid samples (Nyz). The last two columns represent the total number

of regional cues (C) and the number of cues that match any of the samples (Cmat)-

Example (1) uses the term 4~ with its Egyptian meaning (someone) and is labeled as
valid in Egyptian, whereas (2) uses the term with its MSA meaning (limit) and is labeled
as valid in Algerian and Tunisian. Therefore, the term .~ Hd can not be considered a

valid cue to Egyptian Arabic, as assumed in DART.
(1) A ) ad yhadie O A 9 093 3 193 e Al A G B AI1 1S

“This is the difference between a well-mannered and a bad-mannered person.’

(2) LS 3 Al gl 5 s o jls yud 95 db glas J1 ke OWI as I
‘So far, Tunisia still has great chances, this is how big teams are.’
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Impact of Using a Geolocation-based Filtration Step The TWTI15DA is an ADI
dataset built by iteratively augmenting lists of lexical cues of 15 country-level dialects
using geolocated tweets having any of these cues, then streaming more geolocated
tweets using the augmented lists (Althobaiti, [2022). For each country, the new cues to
be added are non-MSA unigrams (a) in the tweets geolocated to this country, that (b)

have high PMI values based on the following equation: PMI(Unigram, Country) =

i ( P(Unigram, Country)
o8 P(Unigram)*P(Country)

lihood estimation. Therefore, the same unigram could have PMI scores for multiple

); where the probabilities are computed using maximum like-

countries (e.g., itass kyfAs in Algerian, Moroccan, and Tunisian Arabic lists with
PMI scores of 2.07, 1.55, 1.19). Hence, these cues are not necessarily distinctive of a
single country-level dialect. However, the author defines the cues as “words used in one
or more Arabic dialects but never used in MSA, thereby distinguishing Arabic dialects
from MSA”.

Countr Y M MVal MExc N Val P D R C CMat

Morocco | 52 22 5 163 | 42 .10 .13 | 410 45
Algeria | 41 23 2 265 | .56 .05 .09 | 421 38
Tunisia | 62 19 1 123 | 31 .02 .15 | 407 48
Egypt | 33 23 18 287 |70 .55 .08 | 172 35
Jordan | 51 30 1 547 159 .02 05| 180 37
Syria 50 28 9 406 | .56 .18 .07 | 94 28
Iraq 21 13 12 204 | .62 57 .06 | 179 18
Yemen 8 5 2 388 | .62 .25 .01 | 137 8
Saudi | 43 20 6 407 | 47 .14 05| 145 26

Table 7.3: Lexical cues of the TWTDA15 datasets. Note (1) : For each region’s list,
| report the number of samples of my dataset matching any of the cues (M) of which
valid (Myg) and of which exclusively valid (Mgxc), in addition to the total number of valid
samples (Nyg). The last two columns represent the total number of regional cues (C)
and the number of cues that match any of the samples (Cmat). Note (2): The table lists
the nine countries that are common between the labels of my dataset, and the lists of
TWT15DA, which did not include Palestine and Yemen.

I replicate the analysis for the TWT15DA dataset, and report the precision, recall,
and distinctiveness scores in Notably, the lists have a low range of precision

scores [0.31,0.70], and an even lower range of distinctiveness scores [0.02,0.57].
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For the TWTI15DA dataset, each sample should have at least a cue for one of the
dialects. However, the assigned label is based on the sample’s geolocation, rather than
the dialects associated with the cues. Hence, to assign a sample to a country-level dialect,
the sample should (a) have a lexical cue of this dialect and (b) be geolocated to this
country. To simulate this two-step method for each country’s/region’s list, I replicate the
same method above, but then only consider the matching samples that are geolocated to
the considered country/region. The results of applying this post-processing step for the
three lists of cues (DART, DIAL2MSA, and TWT15DA) are reported in The
effectiveness of this step is better understood by contrasting the results in and
to those in

The range of the precision significantly improves to values > 0.9 for the three lists,
except for the lists of Tunisia and Jordan in TWT15DA. The distinctiveness scores also
improve, yet to much lower ranges compared to the precision. This hints that filtering
out the samples that match any of a region’s cues, yet are not geolocated to this region,
minimizes the impact of matching false friends of these cues, which are intuitively
expected to be in samples geolocated to other regions.

Unsurprisingly, limiting the samples to ones geolocated to each list’s region causes a
decrease in the recall values, as all the samples valid in this region’s dialect that are not
geolocated to the region are pre-filtered. Another drawback of this geolocation-based

step is that the samples’ geolocations are not always available.

Implications More rigor is needed in building lists of distinctive dialectal words,
especially when the curated sentences need to be surely valid in a specific dialect and/or
exclusively valid in this dialect. Using a second validation step (e.g., information
about the geolocation of the sentence’s author) could increase the precision of the
dialects assigned based on the cues’ associated dialects. However, this does not ensure

distinctiveness and further decreases the recall.

7.3.4 Challenging [Asm. 4]- ALDi Perceptions across Dialects

Inspired by earlier work (Zaidan and Callison-Burch, 2011)), I introduced the idea of
ALDi estimation as an essential task. To this end, I employed two datasets provid-
ing pairs of sentences with their corresponding aggregated ALDi scores: AOC-ALDi
and the newly introduced MLADI dataset. For the former, three annotations

per sentence were sought by randomly assigning the sentences to speakers of different
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Region M MVal MExc NVal P D R C CMat
EGY |20 20 13 287 | 1.0 .65 .07 | 271 10
IRQ 6 6 6 204 | 1.0 1.0 .03 | 120 7

MGH | 15 15 14 325 | 1.0 93 .05 | 273 11
LEV 24 22 20 629 | .92 .83 .03 | 240
GLF 0 0 0 407 - - .00 | 200 0

(a) DART’s 5 regional lists.

Region M MVal MExc N Val P D R C CMat
EGY | 25 25 15 287 | 1.0 6 .09 | 28 10
MGH | 34 32 29 325 | .94 85 .10 |60 22
LEV 36 33 33 629 | .92 92 .05 | 31 11
GLF 0 0 0 407 - - .00 9 0

(b) DIAL2MSA’s 4 regional lists.
Country M MVal MExc NVal P D R C CMat
Morocco | 15 14 5 163 | .93 .33 .09 | 410 22
Algeria | 13 13 2 265 | 1.0 .15 .05 | 421 18
Tunisia | 12 9 123 | .75 .08 .07 | 407 15

Egypt 13 13 11 287 | 1.0 .85 .05 | 172 14

Jordan 15 12 1 547 | .80 .07 .02 | 180 14

Syria 12 11 5 406 | 92 42 03| 94 12
Iraq 11 11 11 204 | 1.0 1.0 .05 | 179 13

Yemen 4 4 388 | 1.0 .50 .01 | 137

Saudi 407 | 1.0 44 .02 | 145

(c) TWT15DA’s 9 country-level lists.

Table 7.4: The Precision (P), Distinctiveness (D), and Recall (R) of each re-

gion’s/country’s cues, when only the matching samples that are geolocated to the

region/country are considered. Note: For each region’s list, | report the number of

samples geolocated to this region, matching any of its cues (M) of which valid (Myz))

and of which exclusively valid (Mgyc). The total number of samples valid in this region

(Nva) is reported irrespective of their geolocations. The last two columns represent the

total number of regional cues (C) and the number of cues that match any of the samples

(cMat)-
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dialects (Zaidan and Callison-Burch, 2011)). For the latter, 33 annotators rated the ALDi
of each sentence only when it was valid in their country-level dialect. Both datasets used
the mean of a sentence’s ALDi ratings as its gold-standard ALDi score. The implicit
assumption is that ALDi scores do not depend on the annotator’s native dialect; however,
this has not been empirically validated. I have shown (§7.3.2)) that even sentences with
moderate ALDi scores can be valid in multiple dialects. For these sentences, systematic
differences in the ALDi ratings could exist around each sentence’s mean ALDi score

for annotators speaking different dialects.

Method I compute the Mean Difference (MD) of country-level ALDi scores for each
pair of countries. MD is computed for a pair of countries r and ¢, with N,. sentences

valid in both, as
N, rc

1
MD(r,c) = — Y (ALDi,[i] — ALDic[i]),
N” ¢ =1
where ALDi,[i] and ALDi,[i] are the averages of sentence i’s ALDi ratings provided by

the annotators of r and ¢ respectively.

Results summarizes the results. The top three (orangish) rows indicate
that when sentences are valid in one of the Maghreb’s countries and another non-
Maghrebi country, the annotators from the Maghrebi country rate these sentences to
be less colloquial than the non-Maghrebi ones. The difference (e.g., MD(Morocco,
Saudi) = -0.29) can be close to % which is the difference between two consecutive levels
of ordinal ALDi ratings, which are mapped to the following respective numeric values
O, é, %, 1). A similar pattern holds true for Iraq to a lesser extent. Conversely, Saudi
annotators assign higher ALDi scores to sentences common with other dialects. Many
of the country-level differences are statistically significant, with Standard Errors < 0.035.
However, these differences could arise simply because the annotators differ randomly
in their mean scores, independent of dialect. So we might see an apparent difference
between country groups if I happened to get annotators with higher means in some
countries than in other countries. Due to having only three annotators per country, it
is not possible to conclusively test for an effect of dialect (separate from annotator)
at the country level, although the consistent trends in the visualization are suggestive.
Instead, I test for regional-level differences between annotators, as described below. If

additional annotations from each country are obtained in the future, a similar test could

be used at the country level.
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i=Nr
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Figure 7.6: (Left) The number of valid samples per country (with countries ordered such
that same-region ones are consecutive). (Right) Mean difference (MD) of row country’s
(r) and column country’s (c) ALDi scores, for the N,. sentences valid in both (N, is
shown as the bottom number in each cell).

Statistical Analysis I use a one-sided permutation test to assess whether the differ-
ences between two groups of annotators (Gp, Gg)—of sizes |Gl and IGgl respectively—
can be attributed to the groups’ dialects. First, I compute the MD score between the
observed groups’ mean ALDi scores (MDyys), for the Nap sentences valid in both
groups. The null hypothesis stipulates that the observed mean difference is attributed
to annotator variation, independent of their native dialects. A large number of pairs
of groups {(A’, B')} with sizes IGl, IGgl are sampled (50k in our case). The pairs of
groups (A’, B') are formed by random shuffling and distributing all the annotators into
two groups. MD scores for each pair are computed for the same Nap sentencesE The
p-value is the percentage of the shufflings with MDs < the observed grouping’s mean dif-
ference (MDgpy).

"'Tn some permutations, I discard the small proportion of sentences that have no ALDi ratings for one
of the groups.
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I consider the annotators of each region as a group, merging Gulf and Gulf of
Aden into one region based on the findings of Accordingly, I find significant
MDs of -0.09, -0.13, -0.14 between the ALDi scores averaged across the annotators
of Maghreb against those of Nile Basin, Levant, and Gulf/Gulf of Aden, with p-
values of 0.007, 0.00002, and 0.0002, respectively. Similarly, Nile Basin’s annotators
provide significantly lower ALDi scores than Levantine annotators, with MD of -0.05

(p-value = 0.04). Differences between other pairs are not statistically significant.

Discussion There is a general impression that the Arabic dialects are not equally
distant from MSA, with some researchers claiming certain dialects—e.g., Gulf Arabic
(Zaidan and Callison-Burch, [2014)) and Palestinian Arabic (Kwaik et al., 2018)—are
closer to MSA than others, which could explain the MDs I found for samples shared

between different countries/regions.

Implications Further analysis is required before taking these MDs as an objective
measure of a variety’s divergence from MSA. indicates that all regions—
except Gulf of Aden—have many samples not shared with other regions. Single-region
samples could still be highly divergent from MSA. Moreover, people’s perception of
dialectness is influenced by how they use MSA terms colloquially. For example, both
s> xmr and s yo3 xmrh are valid MSA terms for wine. The Holy Qur’an mentions the
former, while the latter is more colloquially used in Egypt. Hence, Egyptians might link
the first to CA/MSA, and the latter to DA. Consider some MSA lexical items that are
shared with dialect D4 but not with dialect Dg. Sentences with these items could be
rated as more colloquial by speakers of D4 than Dp. Lastly, sentences valid in multiple

varieties could share the same surface form but have different semantics in each variety.
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7.4 Further Implications in NLP

The recent improvements to how the varieties of Arabic are computationally modeled—

introduced in [chapter 3| [chapter 5| and [chapter 6(—are being used in multiple applica-

tions, such as better routing of samples to annotators (as shown inchapter 4), evaluating
the LLMs’ dialectal capabilities (Robinson et al., 2025), and building better recommen-
dation systems (Alshabanah and Annavaram, 2025). Hence, validating widely held
assumptions about Arabic could lead to further progress in automatic ADI and many

other tasks/applications.

For example, Arabic NLP researchers used manually curated lists of words/phrases
in various applications like compiling dialect-specific pretraining data (Gaanoun et al.,
2024), creating datasets for sentiment analysis (Refaee and Rieser, 2014), and offensive
text classification (Chowdhury et al., 2020). Therefore, my finding—that some terms
share the same orthographic form but have different semantic meanings/senses in
various varieties of Arabic—has implications for building datasets for tasks beyond
ADI.

Moreover, parallels of the first three assumptions exist beyond Arabic. For example,
the overlap between different dialects of the same language has already been noted for
other languages such as English, French, and Spanish (Bernier-Colborne et al., [2023;
Zampieri et al., 2024; Lopetegui et al., [2025). Our findings argue for modeling dialect
identification as a multi-label classification task, even on macro-regional levels. In
addition, sentence length has been discussed as an important predictor of language
identification models’ performance (Baldwin and Lui, 2010), especially for closely-
related languages and dialects (Tiedemann and Ljubesic, 2012; Blodgett and O’ Connor,
2017; |Kanjirangat et al., 2022). I show that the conscious Dialect Level choice that
Arabic speakers make—operationalized as ALDi—is a better predictor of the number of
dialects in which a sentence is valid than its length. Speakers of other languages make
similar conscious decisions about how much they adhere or diverge from the standard
variety of their language (e.g., Shoemark et al., 2017). For these languages, modeling
the sentences’ divergence from the language’s standard variety, as ordinal/quantitative
variables, could also provide better predictors of a sentence’s validity in multiple dialects

than the sentence’s length.



7.5. Summary and Moving Forward 153

7.5 Summary and Moving Forward

I identified four common assumptions regarding Arabic dialects, and systematically
studied them by extending the annotations of a previous dataset to cover more country-
level dialects. My analysis shows that these assumptions oversimplify some details that,
in turn, impact how tasks are framed, datasets are created, and models are trained.

In particular, my main findings and recommendations address different research
questions of this thesis, and can be summarized as follows:

[RO4 How prevalent are the sentences valid in multiple dialects, on the country
and macro-regional levels? Arabic dialects overlap considerably at both the country
and regional levels, so ADI should be modeled as a multi-label task at both levels.

[RO4.1| Do most sentences valid in multiple dialects have a short length? ALDi
scores (but not sentence length) provide a good proxy of a sentence’s validity in
multiple dialects, which could be used to inform annotation and modeling decisions.
Nevertheless, researchers should be aware that speakers of different dialects may
systematically differ in their ALDi annotations of the same sentences.

[RO4.2| Are current ad-hoc lists of dialectal lexical terms distinctive enough to
ensure that a sentence is valid in a dialect and not valid in other dialects if it contains
a term of this dialect’s list of lexical terms? Existing lists of supposedly distinctive
lexical cues are less distinctive than previously thought. More rigorous validation is
needed for such lists in the future.

[RO3| Do speakers of different dialects (varieties) share similar perceptions of a
sentence’s Dialect Level? Future work should study whether sentences with diverging
ratings by speakers of different dialects have different semantic meanings in these

dialects.






Chapter 8
Conclusion and Future Work

This thesis investigated two main hypotheses—forming two complementary themes—
that would enable the improvement of the representation of Arabic varieties in NLP
models. I will summarize the thesis’s contributions according to these two themes,

related to intraspeaker variation and interspeaker variation, respectively.

8.1 Summary of Contributions

states that ‘Written Arabic sentences of a specific dialect exist over a
spectrum of Dialect Levels, with pure Standard Arabic and highly Colloquial Arabic as
its extremes.’

I proposed a new quantitative variable, the Arabic Level of Dialectness (ALDi), to
represent this spectrum on the sentence level. ALDi is defined as the extent by which
the sentence diverges from standard language, and is operationalized as a continuous
variable in [0, 1]. To assign an ALDi score for a sentence, manually provided ratings on
an ordinal scale are mapped to numeric values. To aggregate a sentence’s ALDi ratings
into a single ALDi score, the algebraic mean of the ratings’ corresponding numeric
values is used, which better represents the interannotator variation than using majority
voting to aggregate the ratings. After analyzing the ratings of dialectness of a large
existing dataset of 127,835 online comments, I found adequate interannotator agreement
(Krippendorft’s o of 0.63).

To automatically estimate ALDi, I proposed fine-tuning a regression head on top
of an Arabic BERT model, which proved to provide an effective method that can even
generalize to different dialects. For intrinsic evaluation, the model achieved an RMSE

of 0.18, demonstrating its ability to distinguish between the varying levels of the two
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extreme values: 0 for Standard Arabic and 1 for highly colloquial Arabic. For extrinsic
evaluation, the model generates an intuitive distribution of ALDi scores for two parallel
corpora, comprising sentences in Standard Arabic and their counterparts in dialects,
such as Moroccan and Tunisian, which are not well-represented in the model’s training
dataset.

Automatic ALDi estimation models are a powerful tool that could be of great use
in many applications. Sociolinguistic studies could rely on using ALDi as a linguistic
variable. I demonstrate its effectiveness in identifying the different styles that Arab
presidents use in their speeches. This analysis could have only been done qualitatively
before. Moreover, I refine previously proposed guidelines for annotating Arabic datasets,
which recommended routing the samples to speakers of the samples’ dialects. While
appealing, this recommendation does not address the current lack of robust ADI systems
that can automatically identify the dialects of each sample, and ignores the inability
to extensively recruit speakers of some Arabic dialects. After analyzing the impact of
ALDi on IAA for 15 different datasets, I conclude that high-ALDi samples should have
a higher priority of being routed to speakers of these samples than low-ALDi samples.
states that ‘A substantial number of written sentences are valid in more
than one variety of Arabic, especially when fine-grained geographical taxonomies of
these varieties are used (e.g., country level or city/province level).’

Despite expecting that some sentences would be valid in multiple dialects, the preva-
lence of these sentences in reality is substantially higher than expected. A preliminary
investigation revealed that for about 66% of the errors of a SOTA single-label Arabic Di-
alect Identification model, the predictions are also valid, indicating the invalidity of the
Disjointedness assumption, where a sentence is considered only valid in a single dialect.
To investigate this further, I built the first multi-label ADI dataset called MLADI, with
validity and ALDi labels assigned by 33 annotators from 11 Arab countries (chapter 7).
Among the 978 dialectal sentences of the MLADI dataset that are valid in one of the 11
countries, only 25% are valid in a single country (out of 11 countries), and only 44% are
valid in the dialects of a single region (out of 5 macro-regions). Hence, Arabic Dialect
Identification should be modeled as a multi-label task, even on the macro-regional level.
In collaboration with the NADI 2024 organizers, we presented the first attempt to model
Arabic Dialect Identification as a multi-label task. The extended version of the shared
task’s dataset (the MLADI dataset) is hosted as a leaderboard to support further research

in this direction.


https://huggingface.co/spaces/AMR-KELEG/MLADI
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Unlike the common conception that only short sentences could be valid in multiple
dialects, I show that the conscious Dialect Level choice that Arabic speakers make—
operationalized as ALDi—is a better predictor of the number of dialects in which a
sentence is valid than its length. I also demonstrate that existing lists of supposedly
distinctive lexical cues are less distinctive than previously thought. More rigorous
validation is needed for such lists in the future, so that one can assume that a sentence is

valid in a single dialect if it contains a lexical cue of this dialect.

8.2 Limitations and Going Forward

The contributions above have only opened the door for further investigations related
to building a better representation of the different dialect levels and improving the
performance of ADI systems. In this section, I outline some limitations of the current

framing and propose potential future directions to mitigate them.

8.2.1 Going Beyond Written Arabic

All the contributions of this thesis are based on studying textual data (either written
text or transcribed speech). It is conceivable that similar findings could be achieved
for speech. However, incorporating the speech signal might require changes to how
the different varieties of Arabic are represented and distinguished from each other. A
major aspect would be related to the differentiation between dialects and accents. For
speech inputs, Bafna and Wiesner] (2025) recently showed that language identification
systems tend to wrongly correlate accent with language (e.g., wrongly identifying Dutch-
accented English as Dutch). |Abdullah et al.| (2025) reached a similar finding when
investigating the manual annotations of a regional-level speech ADI dataset. While
the two annotators they recruited achieved perfect agreement in categorizing dialectal
speech, they disagreed on the classification of 2.3% of radio broadcast segments as
being in MSA or being in a dialect. In this case, one annotator might have classified
these segments as MSA irrespective of any cues of an accent. Conversely, the other
annotator might have relied on the speaker’s accent to identify their dialect, even if the
speaker intended to produce MSA. Hence, speech ADI systems need to reconsider how
to differentiate between accents and dialects. Building an ALDi estimation model for
speech inputs would also necessitate defining how the different accents should impact
the ALD:i scores.
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Moreover, parallels of some findings could exist for other languages. For instance,
there is growing proof that Dialect Identification should be framed as a multi-label task
for different languages such as English, French, and Spanish (Bernier-Colborne et al.,
2023; Zampieri et al., [2024; Lopetegui et al., 2025). It would also be interesting to
apply the concept of Dialect Levels to other languages, such as Swiss German, where a

Standard variety coexists with non-standardized ones.

8.2.2 Reevaluating the Groupings of the Arabic Varieties

The varieties of Arabic are generally taxonomized into groups according to geographical
factors, which are mostly constrained by the borders between the different Arab coun-
tries. Throughout this thesis, limitations of the adopted geography-based taxonomies
arose. For instance, I found that a small proportion of MLADI’s samples (only 11 sam-
ples to be specific) are exclusively valid in Gulf of Aden (represented by Yemen), unlike
the other regions, which had at least 82 samples exclusively valid in their dialects. This
provides preliminary evidence that the Gulf of Aden might not stand out as a separate
regional variety of Arabic. Moreover, defining Arabic varieties on the country level,
according to these countries’ borders, does not acknowledge that speaking communities
near the borders of two countries might be speaking the same variety of Arabic. This
was clearly the case for the Algerian annotators recruited to annotate MLADI, where
one of them lived in the east of Algeria, and hence spoke a variety (dialect) of Algerian
Arabic that is closer to those spoken in Tunisia than the other two Algerian annotators.
Hence, she labeled some sentences as valid in Algerian Arabic, which the other two
Algerian annotators deemed as not valid, given their lack of knowledge of dialects

spoken in the east of Algeria.

Therefore, there is a necessity to adopt new taxonomies that are linguistically
grounded and not merely based on superficial borders between countries. Instead of
only considering 22 varieties of Arabic on the country level, Glottolog and Ethnologue
recognize 37 and 28 Arabic dialects, respectively. Moreover, the varieties of both
taxonomies are not restricted by the geographical borders. Further investigations are
needed to assess the effectiveness of incorporating these taxonomies into NLP models
and whether there is a need for adopting more fine-grained taxonomies than the macro-

regional/country-level ones.


https://glottolog.org/resource/languoid/id/arab1395
https://www.ethnologue.com/language/ara/
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8.2.3 ALDi is not a Completely Objective Distance Metric

ALDi is a variable that I newly introduced and defined as the the extent by which the
sentence diverges from the standard language. By definition, ALDi is a distance
metric. However, we saw multiple signs that it is not an entirely objective metric in this
thesis. For instance, significant differences exist in the ALDi ratings provided by anno-
tators from the Maghreb compared to annotators from the Gulf and the Gulf of Aden.
Significant differences also exist between Maghreb’s annotators and annotators from
the Levant and the Nile Basin, yet with a smaller effect size. Hence, ALDi annotations
are influenced by the native dialect of each annotator, and further refinements of the
annotation guidelines could attempt to mitigate this.

Moreover, MLADI’s annotators were only asked to provide ALDi ratings to sen-
tences that they deemed as valid in their country-level dialects. My intuition was that a
speaker of one dialect might perceive sentences in other dialects as more colloquial than
sentences in their dialect. However, if we assume that some dialects are indeed closer to
MSA than the others, then sentences in these MSA-proximate dialects could conversely
be rated as more dialectal by speakers of these dialects than speakers of other dialects,
as the former group of speakers could be using these sentences colloquially. Future
work should investigate whether averaging a sentence’s ALDi ratings, provided by all
annotators, would be more accurate as a distance metric than averaging those provided

only by annotators who perceived the sentence as valid in their country-level dialect.

8.2.4 Handling Code-switching to Other Languages

This thesis focused on studying online comments and tweets written in Arabic. While
these samples would have diglossic code-switching, I found that the AOC-ALDi dataset
is nearly free of samples code-switched between Arabic and other languages. Prelimi-
nary investigations indicate that the Sentence-ALDI model, fine-tuned on the AOC-ALDi
dataset, might not be providing a consistently interpretable estimation of code-switched
samples (check [Table 8.1). That said, it is not easy to define how the model should
handle code-switching to other languages, including the extreme cases of having whole

sentences in languages other than Arabic.



160 Chapter 8. Conclusion and Future Work

Sentence ALDi
Original Sentence related to research ¢ j» actually 5 ols 0.332
Comdl A833e 4d ¢ o actually 2 Ol 0.577
Single Latin Span :
related to research ¢ j> da a=Ila &P ol 0.236
MSA Translation Gl Glatio s 3 Li> atlia Ol 0
EGY Translation Comdly A8Me ad ¢ ja> Addsly A olss 0413

English Translation There was actually a part related to research  0.026

Table 8.1: A codeswitched sentence from the ZAEBUC corpus (Hamed et al., 2022),
with multiple corresponding translations. The sentences’ ALDi scores are automatically
estimated using the Sentence-ALDi model.

The MLADI dataset has a few code-switched samples. During the annotation
process, I noticed that the annotators rated these differently. Code-switching to English
for Named Entities did not generally affect the ALDi ratings. Other cases of code-
switching had some impact on the ratings. More specifically, some annotators rated the
sentences as Level 2 (Normal Colloquial). In contrast, another group of annotators rated
them as Level 3 (Informal Colloquial). When asked, the annotators referred to the levels’
descriptions in the guidelines, where Level 3 sentences are described as Tweets written
in a colloquial language having expressions that are not accepted or understood by
all members of society. Some annotators considered English/French spans as normal
colloquial ones that are accepted and understood by the whole community, hence chose
Level 2. Conversely, the other group of annotators found code-switching to other

languages unacceptable and rated these code-switched sentences as Level 3.

8.2.5 ALDi and Mutual Intelligibility

In §4.2] I showed that on randomly routing samples to random Arabic speakers, the
interannotator agreement (IAA) between them decreases as the ALDi score of the
samples increases. It is conceivable that high-ALDi samples in one dialect are less
intelligible to speakers of other dialects than low-ALDi samples. However, relying on
IAA is not enough to draw a causal relation between a sentence’s ALDi score and its
intelligibility to speakers of dialects other than the sentence’s dialect.

In reality, testing mutual intelligibility between different languages—such as Dutch,

English, and German—is a complex task for many reasons, one of which is the difficulty
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of finding participants of one language with minimal or no exposure to the other
languages (Nieder and List, 2024)). This is even more difficult for the dialects of Arabic,
as speakers of these dialects are more likely to be exposed to other dialects than speakers
of different languages. For example, Egyptian Arabic is widely understood across the
Arab world, as a vast majority of series, films, and songs consumed by the whole Arab
world were produced in Egyptian Arabic. More broadly, S hiri| (2013)) mentioned that
the exposure to the Maghrebi varieties is insignificant compared with the Maghrebi
exposure to the other dialects.

Consequently, the relationship between ALDi scores of sentences in a dialect and
their intelligibility to speakers of other dialects is expected to be influenced by exposure

to different dialects.

8.2.6 Investigating the Differences Between MSA and CA

Another potential direction to extend this thesis is to study the differences between
MSA and CA. ALDi aims at studying how a sentence diverges from Standard Arabic.
Given this definition, it is worth checking how it treats CA text. The Holy Qur’an is
considered the most prominent book written in CA. To get some understanding of how
CA 1is currently represented, I used the Sentence-ALDi model to automatically estimate
the ALDi scores of the Qur’an’s verses, after removing any diacritics. The distribution
of ALDi scores in |Figure 8.1|shows that the vast majority of the sentences are assigned
low scores. Out of 6,256 considered verses, only 263 had ALDi scores > 0.11 (=~ 4.2%),
and only 5 had ALDi scores > 0.66. This suggests that the model cannot distinguish
between the stylistic differences between MSA and CA, treating CA as equivalent to
MSA.

5000

2500

No. of Verses

0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
ALDi Score

Figure 8.1: A histogram of the ALDi scores for the verses of the holy Qur'an, a book that

is generally perceived as an example of Classical Arabic (CA).






Appendices

163






A. Discarded Samples from AOC-ALDi 165

A Discarded Samples from AOC-ALDi

As mentioned in I discarded 2,038 comments that have the majority of their
ALDi annotations either set to Not Arabic or are missing. Five different categories of
such comments were identified as per[Table Al] These categories include sentences that
have only punctuation marks, are written in English or Arabizi (Romanized Arabic),

are just links to sites or emails, or have HTML encoded characters or formatting tags.



Reason for Sentence Source ALDi Ratings
Discarding
5555 Cmnt (Y7) — Arabic (x13),
Symbols .
Missing (x2)
ok Cmnt (Ri) — Arabic (x3)
sudi (Sesgloves to protect the baby from infection ! Cmnt (Ri) — Arabic (x2), MSA
English (x1)
I agree with you that racism exists in the United States; I also know it exists in Arab countries as well. Cmnt (Gh) — Arabic (x3)
Just remember that America elected a black president with 360 electoral college votes. In terms of
numbers, that means a sweeping majority. Lets learn to be better than the Americans by developing
our own democratic systems for a change...ccc
very nice... Cmnt (Ri) — Arabic (x3)
ya zamalek ya 7arameyaaaa Cmnt (Y7) — Arabic (x2), Most
Arabizi
(x1)
ma howeh el blogs m3abbiyeh el denya ? ya3ni law doctor el jam3a bedo yet3ab shway w yekteb Cmnt (Gh) - Arabic (x2), Most
articles, ma kan 3emel blog men zaman. x1)
http://elbeet-elmuslim.ace.st/forum.htm Cmnt (Y7) — Arabic (x3)
URLs and Emails
Ahmad.altamimi@alghad.jo Cntrl (Gh) — Arabic (x3)
&#9608;&#9608; &#9608;&#9608;&#9608; 5000 &#8730;DONE Cmnt (Y7) — Arabic (x3)
Presence of HTML <a href="EditorOpinions.asp?EditorID=404"> s~ & i 2</a> Cntrl (Y7) — Arabic (x3)
e (e (§ 93 L ,8 Algin &#H1633;&#1641;&4#1640;&#1633; Cmnt (Y7) = Arabic (x2) Most
(x1)

Table A1: Examples of the discarded AOC comments with majority labels set to Not Arabic or missing. Note: Cmnt stands for comment, Cntrl

stands for control sentence, Y7: Youm7, Ri: AlRiyadh, Gh: AlGhad.
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http://elbeet-elmuslim.ace.st/forum.htm
Ahmad.altamimi@alghad.jo
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B Detailed Description of the Datasets Used in

I noticed some discrepancies between the number of samples reported in the papers
and the number of samples in the corresponding raw datasets. Despite following the
filtration steps described in the papers, some of the datasets had more samples than
the ones in the publicly released version, as indicated in Additionally, the
ArSarcasm-vl, Mawqif (Stance Task), Mawqif (Sentiment/Sarcasm Tasks), and ASAD
had 516, 170, 151, and 191 samples with less than three annotations, respectively, that I
decided to discard from my analysis.

Additionally, I did not include the MLMA dataset (Ousidhoum et al.,[2019) in my
analysis. The number of samples in the raw annotation files that MLMA’s creators
shared was too small compared to the number of samples in the public dataset with
majority-vote labels. I also discarded another dataset, for which there was a significant

discrepancy between the released dataset and its description in the respective paper.



Table B2: A detailed description of the distribution of the majority-vote labels and the data/paper discrepancies in the datasets with individual

annotator labels included in my study. Note 1: No Majority means that multiple labels have the same majority number of votes for Individual/Pro-

portion labels, and Confidence < 0.5 otherwise. Note 2: Some of the samples of the ASAD, ArSarcasm-v1, Mawgif datasets have more than

three annotations, despite the fact that the former two are supposed to have only three annotations per sample.

Dataset Task (# labels) Labels Distribution of Majority- Dataset/Paper Discrepancy

vote Labels

Deleted Comments Dataset Offensive (3) Confidence Offensive (80.31%) -

(DCD) (Mubarak et al.|2017) Clean (17.76%) Ob-
scene (1.58%) No Ma-
jority (0.35%)

MPOLD Offensive (2) Individual Non-Offensive (83.12%) Of- -

(Chowdhury et al.|2020) fensive (16.88%)

YouTube Cyberbullying (YTCB) Offensive (2) Individual Not (61.38%) Hate- -

(Alakrot et al.|[2018) Speech (38.62%)

ASAD (Alharbi et al.| 2021) Sentiment (3) Individual Neutral (67.83%) Neg- The authors shared with us the raw annotation
ative (15.33%) Posi- file of which I analyze 100,484 samples with

tive (15.19%) No Major-
ity (1.65%)

three annotations or more, as opposed to the

95,000 in the released dataset.
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ArSAS (Elmadany et al.|[2018)

Sentiment (4)

Speech Act (6)

Confidence

Confidence

Negative (35.38%) Neu-
tral (33.45%)
tive (20.51%) No Major-
ity (6.07%) Mixed (4.59%)

Expression (55.07%) As-
(38.63%) Ques-
tion (3.32%) No Major-
ity (1.81%) Request (0.67%)
Recommendation (0.31%)

Miscellaneous (0.18%)

Posi-

sertion

ArSarcasm-v1
(Abu Farha and Magdy![2020)

Dialect (5)

Sarcasm (2)

Sentiment (3)

Individual

Individual

Individual

MSA (67.56%)
Egypt (19.37%) No Major-
ity (5.83%) Gulf (3.61%) Lev-
ant (3.46%) Maghreb (0.18%)
False (84.24%) True (15.7%)
No Majority (0.06%)
(49.45%)
ative (32.57%)
tive (14.58%) No Major-
ity (3.4%)

neutral neg-

posi-

The samples in the raw annotation artifact shared
by the authors has 10,641 samples, as opposed to
the 10,547 samples in the released dataset.

E#8 ul pasn sieseleqg ayj jo uonduosaq pajieleg g
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Mawqif (Alturayeif et al.|[2022)  Sarcasm (2) Individual No (95.97%) Yes (3.78%) No The authors annotated the same samples for
Majority (0.25%) sentiment/sarcasm and stance separately. This
was done across eight different annotation jobs (4
each), for which the authors shared the raw
Sentiment (3) Individual Positive  (41.15%) Neg- annotation files with us. The number of samples
ative (31.46%) Neu- in these files is 4,093 for sentiment/sarcasm and
tral (22.68%) No Major- 4,079 for stance, of which 3,942 and 3,909 have
ity (4.72%) three or more annotations. The released dataset is
reported to have 4,100 samples.
Stance (3) Individual Favor (60.5%)
Against (27.65%)
None (7.7%) No Major-
ity (4.14%)
iSarcasm’s test set Dialect (5) Individual MSA (32.29%) Nile (31.36%) . S
\ _ The dataset having the individual annotator labels
(Abu Farha et al.}2022) Gulf (16.5%) No Major- ] ]
) is released as an artifact accompanying the
ity (15.79%) Levant (2.21%) ) ‘
following paper (Abu Farha and Magdy| [2022).
Maghreb (1.86%)
Sarcasm (2) Individual 0 (82.07%) 1 (17.93%)

0L}



DART (Alsarsour et al.|[2018)

Dialect (5)

Proportion

GLF
(21.69%)
LEV
(16.18%)

(24.27%)
IRQ
(16.22%)

EGY
(21.64%)
MGH

Ev8 ul pesn siesereq ey jo uonduosaeqg pajieleg g

LLE
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C Ethical Considerations of the Annotation Processes

Error Analysis Experiment (chapter 5

The study was approved by the research ethics committee of the University of Edinburgh

School of Informatics, with reference number 207712.

MLADI Dataset (chapter 6, chapter 7)

The dataset has a few samples with offensive language. The annotators were asked to

provide consent confirming their agreement to annotate these samples at the start of
the annotation process. The annotation process I followed for creating the evaluation
dataset of the first two subtasks was approved by the research ethics committee of the
University of Edinburgh, School of Informatics, with reference number 839548.

Despite having three annotators per country, my crowdsourced annotators are
skewed toward younger age groups and have/are pursuing higher education degrees.
Therefore, I acknowledge that my results could be representative of the perceptions of
specific demographics within each country.

The analyzed tweets’ geolocations are uniformly balanced across 14 different Arab
countries, covering a wide range of Arabic dialects. However, I acknowledge that
some sub-dialects are not well represented online, as shown by (Mohamed Eida et al.,
2024) for the Sa’idi Arabic variety of Egypt. Moreover, the data does not have Arabic
sentences written in Latin script (known as Arabizi). Arabizi is prominently used in the
Maghreb region (Younes et al., 2015), and to a lesser extent in other countries such as

Lebanon and Egypt (Tobaili, [2016).
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D The Annotation Guidelines Used in

[Figure DI| [Figure D2, [Figure D3| and [Figure D4| show screenshots of the Qualtrics
survey I created to analyze the errors of the country-level ADI model presented in §5.4.2]

of Chapter 3}

Instructions

¢ You will be shown a set of sentences. You are asked to check if the sentences are
valid/natural in your native Arabic dialect Yes, or not No.
¢ In case you can not decide:
o use the Maybe / Not sure option.
o If you choose the Maybe / Not sure or the No options:
o Copy the span (a set of consecutive words) that made you choose this
option.
o In case multiple spans exist, you can add all of them separated by commas.
o Please do not overthink the span selection question.

Powered by Qualtrics (3

Figure D1: Screenshot of the instruction provided to the participants of the error analysis

survey.
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The following screenshot is an example of a judgment made by an Egyptian Arabic
speaker.
Please check the three examples to understand how the interface works.

Example #1:

Is this sentence valid in your dialect?

[ A8 ey e |

‘

Maybe / Not sure (M)

No (N)

In case you select Maybe / Not sure (M) or No (N), please copy the span that made you
choose this option.

« Span: A set of consecutive words.
+ In case multiple spans exist, copy all of them separated by commas ,
* Please do not spend too much time identifying the spans.

Any comments you want to add?

- -

Powered by Qualtrics 3

Figure D2: Screenshot of the first example shown to the participants of the error analysis

survey.
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The following screenshot is an example of a judgment made by an Egyptian Arabic

speaker.

Please check the three examples to understand how the interface works.

Example #3:

Is this sentence valid in your dialect?

| Tl o s s gy 3 i gl 4y

Yes (Y)

Maybe / Not sure (M)

choose this option.

* Span: A set of consecutive words.

CE

In case you select Maybe / Not sure (M) or No (N), please copy the span that made you

« In case multiple spans exist, copy all of them separated by commas ,
+ Please do not spend too much time identifying the spans.

s i

Any comments you want to add?

-

-

Powered by Qualtrics 3
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Figure D3: Screenshot of the third example shown to the participants of the error analysis

survey.
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10f 93

Is this sentence valid in your dialect?

Gisat 2 Sl g e (e L

O Yes (Y)
O Maybe / Not sure (M)
O No(N

In case you select Maybe / Not sure (M) or No (N), please copy the span that made
you choose this option.

e Span: A set of consecutive words.
¢ In case multiple spans exist, copy all of them separated by commas ,
¢ Please do not spend too much time identifying the spans.

Any comments you want to add?

- -

Powered by Qualtrics 3

Figure D4: Screenshot demonstrating how the sentences were shown to the participants
in the error analysis survey.
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E English Translation of the Annotation Guidelines Used

in chapter 6| and [chapter 7|

Please see the following instructions if you need to remember the labeling rules.

Q1) The possibility that the tweets were written by a speaker in your native dialect

« Agroup of tweets will appear.
« You are asked to check whether each Tweet can be written by a speaker in your native Arabic dialect.
« If you are not sure whether the tweet is correct in your dialect, select Not Sure .

Note: Please consider the dialects of cities and regions of your country as part of your dialect.

Choices:
« Yes (the sentence is written in colloquial or formal Arabic or a mixture of both, spoken by speakers of your dialect, the dialect of your city or country)
« Not sure
« No (there is no one from my country who has not been influenced by other dialects and writes like this)
Illustrative les of some that are not in the dialects of different Arab countries:
Explanation of
Country Tweet choosing No (just for

clarification)
"Uils is a word that is
not used in Syria.

Syria GRS gy L Jadile A Gl iisadle )
S siadl anyy sl e el 36l Uy
Saudi w8V a8 aill ik s Flae dlea gl
Arabia il Jue Lo 4lati il Vg s jha
Vlaa ISV 4 gnd) it

"la s 33V ¢k are
words that are not used
in Saudi Arabia.

"l slaxs i€ is @ not an

Egypt ¢! slent Cans san e sy oy Il Gl 2a0 | expression used in

Egypt.

g pisila g 58 e
G liag sl flela bz ol a4 GsMisan
ezl expression that is not
used in Lebanon
"illa ke (S o3e” are
terms not used in
Algeria.

Lebanon

s Mo S o3le Lglla Cais 33 i ke Calally

Ay

Algeria

Figure E5: English translation of the first page of annotation guidelines of chapter 6

Q2) Determining the level of colloquial/dialectal language

For tweets that could have been written by a speaker in your native dialect, please rate the level of dialectness of each tweet.

Explanation of some of the characteristics of the different levels

Sound MSA: Tweets written in fluent MSA.

Formal Colloquial or Colloquial-influenced MSA: Tweets written in a language close to MSA but using some colloquial expressions (lexemes/
morphemes).

Natural/Ordinary Colloquial: Tweets written in a colloquial language that is accepted and understood by all members of society of all ages and
social/educational levels.

Informal (or Vulgar) Colloquial: Tweets written in a colloquial language having expressions that are not accepted or understood by all members of
society. It does not have to be vulgar or weak.

As an Arabic speaker on X (formerly Twitter), | might use standard Arabic to talk to an official account of an Arab embassy, semi-standard colloquial Arabic to
offer condolences to a friend, normal (casual) Arabic to express an opinion on a societal issue, and informal Arabic to joke with a close friend.

An illustrative example only at the single word level:
The following verbs are used to express feelings of happiness and pleasure.

Figure E6: English translation of the second page of annotation guidelines of chapter 6
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Sentence level illustrative example:
The level of dialectness in a sentence depends on the relationship of the words to each other and the social context in which the sentence is used.

Lansy Sl ‘ ‘ )
S ety o By Sl

138 (g guai Lidansy Uil

<l Jazi Bareey | asl (A (5 gt o) Ldesyy )

Lty @i Uia) 00 L3L |

A g of dpany pb dpale v

Figure E7: English translation of the third page of annotation guidelines of |chapter 6

F MLAD/I’s Country-level Overlap

I compute the percentage of samples within our dataset that are manually labeled as
valid in multiple country-level dialects by annotators from these countries, thereby
extending the analysis in [chapter 6 by covering two additional country-level dialects.
Only 249 sentences (=~ 25%) are single-label as per [Figure F8| compared to the ~ 30%
reported for 9 country-level dialects on NADI 2024’s development set (see [chapter 6)).
This indicated that incorporating more country-level dialects would still increase the
already high percentage of multi-label samples.

I also show the cross-country overlap in While it is clear that countries
within the same region overlap more with each other, a substantial overlap also exists
with countries from other regions. However, I showed in §7.3.4] of [chapter 7| that

sentences valid in two country-level dialects can still be perceived differently by speakers

of these dialects. Hence, relying solely on the number of sentences shared between two

country-level dialects is insufficient to identify the proximity between these dialects.
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(25%) (239) 147 o
(15%) 81
(8%) (9%) 46 500
(5%) (5%)

34 22 26 18
(3%) (2%) (3%) (2%)

No. sentences

1 2 3 4 5 6 7 8 9 10 11
No. valid country-level dialects

Figure F8: The histogram of the number of dialects in which a sentence is valid on the

country-level dialects.

Theoretically, the dataset is uniformly representative of the 14 different countries to
which the samples were geolocated. However, it was found that the precision of their
geolocation methodology varies for the different countries, and is the lowest for the
countries of the Maghreb region (49.3% for Tunisia, 57.3% tor Morocco, and 65.3%
for Algeria). Hence, we think that further investigations are required before using these

percentages as proxies for proximity between dialects.
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Morocco 122 GE] 65 81 87 55 79 50 85 80
(163) VYl 39% 40% 50% =V 34% 48%  31% | o 49%
Algeria | 122 98 105 124 mvim © 136 mE:Zam 152 | 138
(265) @ 46% 37% 40%  47% REFCM 36% | SHEAH 32% RSEALM EVA)
Tunisia 63 98 55 68 80 52 70 49 75 68
(123) 51% RIS 45% | 55% BGEFAN 42% | 57% 40% | G4 55%
Egypt 65 | 105 55 179 180 FI31% 147 pwy 148 | 130
(287) 23% 37% 19% 62% 63% [46%  51% WAV M 52% [ 45%

Sudan 81 124 68 [NE) 226 | 153 188 pmcLEM 202 192
(326) 25% 38% 21% [SEEA 69% [47%  58% WANM 62% 59%

283 346 gty 316 295
52% 63% WA 58% 54%

Jordan 87 176 80 | 180 | 75
(547) 16% 32% 15% 33% | ‘i

219 puiview 195 @ 171
70% QEPAM 62% | 54%

Palestine 55 96 52 131 153 pPAE
(314) 18% 31% 17% 42% 49% RElFS

Syria 79 136 70 147 188 EerE “ilc) INWAN 232 218
(406) 19% 33% 17% 36% 46% [RBRCM -1 29% EEYACIETY
Iraq 50 84 49 72 95 142 B10TS 117 137 148
(204) 25% 41% 24% 35% | i EAZE 10 BEVA 67% 73%
Yemen 85 152 75 148 | il ECH{GE °l) BN 137 276
(388) 22% 39% 19% 38% | =77 ARZE 1000 BGIEZE 35% 71%
Saudi 80 138 68 130 | ikl Elel) ZARE 148 mwyf)
(407) 20% 34% 17% 32% | 00 WPAS 54% REIFN 68%
S ¢ ¢ &£ 5 & £ £ E § 3
°c 5 5 § 3 5§ § & - § &
s T PR w2 9 ¢
= £

Figure F9: The percentage and number of each row country’s valid samples that are
also valid in the column country. The total number of samples labeled as valid in each
country is presented below each country’s row label. Note: Each row’s colormap range
is independent from the other rows.
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