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Abstract

Sarcasm is a form of verbal irony that is often used to express ridicule or contempt.
When using sarcasm, a speaker expresses their opinion in an indirect way, where the
literal meaning is different from the intended one. Additionally, sarcasm is a soci-
olinguistic tool that people use to express themselves and it reflects their cultural and
social background. Sarcasm detection refers to the process of automatically and com-
putationally identifying whether a piece of text is sarcastic. This has been well studied
in the context of English, but Arabic lags behind. In this thesis, we try to fill in the
gaps in the research on Arabic sarcasm detection.

First, we start by exploring approaches to create an Arabic sarcasm dataset. We cre-
ate ArSarcasm dataset through the re-annotation of existing sentiment analysis datasets.
These labels represent perceived sarcasm as the labels reflect the annotators’ percep-
tion. The analysis shows that sarcasm is prominent in the used sentiment datasets, with
16% of the sentences being sarcastic. Our experiments show that sarcasm is disrup-
tive for sentiment analysers. Analysis shows that annotating subjective content can be
challenging and prone to biases.

Second, to mitigate the issues and fallbacks of sarcasm data collection approaches,
we propose to collect sarcasm datasets by asking people to label their words, which is
referred to as intended sarcasm. The resulting dataset, which is first-party annotated,
would have more reliable and trustworthy labels and does not have the issues of third-
party annotated data.

Next, we test state-of-the-art machine learning models on the newly created datasets.
Those experiments provide a benchmark for these datasets. The experiments show
that intended sarcasm detection is more challenging than perceived sarcasm detection.
Also, the experiments show that monolingual Arabic language models, which include
dialects in their pre-training data, perform better on the sarcasm detection task. Addi-
tionally, we provide the details of shared tasks that utilise the new datasets.

Finally, we provide an in-depth error analysis comparing humans’ performance in
sarcasm detection against the performance of state-of-the-art models. Our analysis
confirms that sarcasm is challenging for both humans and machines. We also highlight
the features and patterns used to express sarcasm, such as idioms and proverbs. When
extending the analysis to focus on Arabic dialects, we found that dialect familiarity
affects how Arabic speakers understand and interpret sarcasm. Arabic speakers were

better able to detect sarcasm expressed in their dialect or one they were familiar with.
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Chapter 1

Introduction

1.1 Overview

People express themselves through their words, either spoken or written. In the current
era, social media platforms skyrocketed in popularity. People from all over the globe
use social media platforms such as Facebook, Twitter, Reddit, etc., to express their
ideas and opinions. In some cases, these platforms were the main arena to share ideas,
express opinions, raise awareness, and criticise policies.

Social media has the advantage of being personal, free, and spontaneous. The
abundance of online data and how accessible it is, made it the focus of natural lan-
guage processing (NLP) researchers. Researchers started working on different tasks
to provide an understanding of what people are expressing; such tasks include opinion
mining, sentiment analysis, stance detection, and many others. Most of this research
was focused on English, while other languages lagged behind. In the last two decades,
Arabic NLP research started following this trend. Most of the Arabic NLP work fo-
cused on either core NLP tasks such as morphological analysis or applications such as
sentiment analysis. Sentiment Analysis (SA) can be defined as the process of analysing
and identifying the polarity/sentiment expressed in a piece of text, which can be from
different sources such as social media posts or product reviews (Liu, 2012). SA is a
crucial tool in analysing subjective content and helping to understand people’s opin-
ions/attitudes. For example, many companies rely on products’ reviews in order to as-
sess and readjust their marketing and planning strategies; in such a scenario SA would
help save time and effort in analysing these reviews. In the early 2010s, the increase
of Arabic web content, particularly on social media, and the transformative political

developments in the Middle East attracted more interest to Arabic NLP applications,
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2 Chapter 1. Introduction

including SA. However, when using social media, people tend to express their ideas in

informal ways. In some cases, people resort to sarcasm as an indirect expression tool.

Sarcasm is a form of verbal irony that is often used to express ridicule or contempt.
Sarcasm is usually correlated with expressing an opinion in an indirect way where there
would be a discrepancy between the literal and intended meaning of an utterance (Wil-
son, 2006). The sentence “I love being ignored” is an example of sarcasm, where
there is a discrepancy between the positive surface meaning and the negative implied
one. The presence of sarcasm on social media imposes many challenges on computa-
tional systems harnessing this data. Examples of such systems are sentiment analysers,
which are used to analyse how people feel towards a specific topic or event. Modera-
tion and content filtering systems also can be affected. The importance of sarcasm and
its effects attracted the attention of natural language processing (NLP) researchers. In
the context of Arabic and Arabic NLP specifically, the progress is slower than in other
languages, especially English. Arabic NLP researchers started filling the gaps over the

last two decades.

Sarcasm falls under the umbrella of subjective content. The main challenge when
working on such topics is that it is hard to define what is the ground truth. Subjec-
tive content, as the name implies, depends on whom you would ask. Opinions and
beliefs would affect the perception of such content. Sentiment analysis suffers from
this issue as people having different beliefs would have different, sometimes conflict-
ing sentiments/feelings towards a piece of text. Sarcasm adds an additional challenge
for systems utilising subjective content. In a sarcastic utterance, the meaning is con-
voluted and implied, making it challenging to determine the intended meaning. Most
of the previous work on sarcasm detection and analysis focused on English. Other

languages, such as Arabic, lagged behind.

Multi-word expressions (MWESs) such as idioms have been a challenge for machine
translation (Carpuat and Diab, 2010; Zaninello and Birch, 2020; Baziotis et al., 2023).
MWE:s are a group of words whose linguistic behaviour is different from the individ-
ual component words (Van de Cruys and Villada Moirén, 2007). This challenge is also
manifested in the presence of sarcasm, where the intended meaning of a sentence is
different from the literal one. In this case, MT systems would struggle to produce a
translation conveying the intended meaning in the target language.

Additionally, sarcasm has social dimensions that can be important to social and so-
ciolinguistic scientists. Jorgensen (1996) showed that sarcasm is generally used to

express complaints. However, it is usually used in a way that acts as a face-saving
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function, making the speaker appear less rude. Larson et al. (2019) showed that sar-
casm can be used to promote positive relationships. Work on sarcasm detection can
help tackle the aforementioned challenges and provide a tool for computational social
analysis of this linguistic phenomenon.

Consequently, detecting sarcasm and analysing it is of utmost importance. Previ-
ous work on sarcasm detection was mainly in two directions: creating resources and
datasets and building detection models. However, this was mainly on English. Arabic
sarcasm recently started receiving more attention, and the researchers followed a sim-
ilar trajectory to the one that happened in English Sarcasm. However, there is still a

gap in the research on Arabic sarcasm that needs to be filled.
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1.2 Motivation

As mentioned previously, sarcasm can affect various NLP systems, such as sentiment
analysers, machine translation systems, and content moderation systems. Considering
how disruptive sarcasm can be for these systems, it is crucial to better understand
sarcasm and how to detect it. Also, considering the social dimensions of sarcasm,
it is necessary to create tools that can assist the computational analysis of sarcastic
language. In the context of Arabic NLP, up to the start of this work, there were a
few works on Arabic sarcasm. One of the early works is the work of Karoui et al.
(2017), who explored Arabic irony/sarcasm detection. Other works include the shared
task on irony/sarcasm detection (Ghanem et al., 2019) along with the participants’
submissions and a dialectal sarcasm dataset by Abbes et al. (2020). These few works
show that Arabic sarcasm is still under-studied and that a gap needs to be filled. In this

work, we hypothesise the following:
» Sarcasm is omnipresent in Arabic social media across multiple Arabic dialects.

* Arabic sarcasm can be disruptive for sentiment analysis systems and would re-

duce their performance.

 Existing work on Arabic sarcasm is very limited and there should be more effort

to create resources and systems to detect sarcasm.

* Arabic sarcasm on social media usually contains some features that help identify

it.

Based on the previous hypotheses and throughout this thesis, we answer the fol-

lowing research questions:
* RQ1: Is sarcasm used across Arabic social media? If so, how prominent is it?
* RQ2: How does sarcasm affect the performance of sentiment analysers?

* RQ3: How to collect and reliably annotate a dataset for Arabic sarcasm detec-

tion?

* RQ4: What is the performance of the existing NLP approaches on Arabic sar-

casm detection and how to improve it?

* RQS: How do Arabic speakers perform on sarcasm detection and how does

dialectal variation affect that?
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1.3 Thesis statement

This thesis investigates the challenges and approaches to Arabic sarcasm detection. It
provides an overview of Arabic sarcasm and explores how to better define, model, and
collect sarcastic sentences. Through exploring various data collection approaches, it is
found that sarcasm is extremely subjective and what is sarcastic depends on the per-
son’s interpretation. This thesis also shows the disruptive nature of sarcasm on senti-
ment analysis. Empirical analysis highlights the superior performance of monolingual
Arabic language models incorporating dialects in sarcasm detection tasks. Through
a comprehensive analysis of humans’ and machines’ performance, the thesis under-
scores the complexities of sarcasm comprehension in Arabic and sheds light on the

linguistic and cultural influences that affect its perception.

1.4 Contributions

Over the course of this thesis, we answered the previous research questions and achieved

the following contributions:

* Creating the first publicly available Arabic Sarcasm dataset.

Up to the start of this project, none of the previous datasets was publicly avail-
able. In this work, we created the first publicly available Arabic sarcasm dataset
through the re-annotation of previous Arabic sentiment datasets. In addition to
creating a new dataset, the availability of sentiment labels made it possible to
analyse the effect of sarcasm on sentiment analysers. We found that sarcasm
is prevalent in a significant portion of sentiment datasets, and it has a notable
negative effect on the performance of sentiment analysers. This contribution
addresses RQ1 and RQ2.

* Creating and publicly sharing three Arabic sarcasm datasets.

In our effort to answer RQ3, we explored various approaches to creating sar-
casm datasets, aiming to overcome the limitations of previous methods. In our
work, we explored collecting both third-party and first-party annotations. We
found that the main challenge is defining what is sarcastic. Since sarcasm is
extremely subjective, different data collection methods would reflect different
aspects of sarcasm. The resulting datasets enriched the resources available for

Arabic sarcasm detection.
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* Creating and publicly sharing the first first-party annotated sarcasm dataset.

In our effort to answer RQ3, we created an Arabic sarcasm dataset through ask-
ing people to provide sarcastic sentences, i.e. the labels are first-party. Con-
sequently, the resulting dataset represents intended sarcasm as it captures the
author’s/speaker’s intentions. This approach proved to be challenging and ex-
pensive as it requires many measures to maintain high-quality data. The result-
ing dataset is the first of its kind for Arabic and represents an important resource

for sarcasm detection and analysis.

* Bringing the attention of the Arabic NLP community to the sarcasm detec-
tion task. This was done through organising two shared tasks, one of which
is at SemEval 2022'.

Through this PhD, we organised two shared tasks. The first was part of the
Arabic NLP workshop and targeted Arabic sarcasm detection and sentiment

2. The other task was part of SemEval 2022, namely iSarcasmEval>.

analysis
Both shared tasks saw the participation of a large number of participants, which
helped bring the attention of the Arabic NLP community to the sarcasm detection
task. In addition to providing new datasets, the shared tasks provide a plethora
of analysis and experiments of different models through the submissions of par-

ticipating teams, which contribute to the answer of RQ4.

* Benchmarking state-of-the-art models on Arabic sarcasm detection.

To assess the effectiveness of different state-of-the-art models on sarcasm detec-
tion, we conducted comprehensive evaluations using the new datasets. Through
these benchmarking experiments, we gained a deeper understanding of the strengths
and weaknesses of various models, providing valuable insights into effective ap-
proaches for sarcasm detection. Generally, we found that the best models are
monolingual Arabic transformer-based models that included dialectal Arabic in
their pre-training data. These experiments and analyses contribute to the answer
of RQ4.

* An in-depth error analysis of the challenges of sarcasm for humans and

machine models.

"https://semeval.github.io/SemEval2022/tasks.html
2https ://sites.google.com/view/ar-sarcasm-sentiment-detection/
3https ://sites.google.com/view/semeval2022-isarcasmeval
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In addition to the datasets and experiments, we performed a thorough error anal-
ysis, comparing the performance of humans and state-of-the-art machine learn-
ing models in sarcasm detection. We provide both quantitative and qualitative
analysis, which show the limitations of current models and the features that make
sarcasm challenging. The analyses show that sarcasm detection is challenging
for both humans and machines. The lack of contextual information was the main
cause of incorrect predictions. The findings of these analyses contribute to the

answer of RQS through providing directions for future works.

* Analysing the effect of dialectal variation on the process of data annotation.

Dialectal variety is one of the main challenges when working on Arabic NLP. In
our attempt to answer RQS, we analysed how dialectal variation affects the data
annotation process through the lens of sarcasm detection. The analysis shows

that dialect familiarity can affect how people understand sarcasm.

1.5 Thesis Structure

The thesis chapters are organised as follows:

Chapter 2 provides an overview of background information covering Arabic and
the challenges of working on Arabic NLP. It also covers sarcasm from a linguistic
point of view, its types, and the factors that affect it. Additionally, we provide a gen-
eral overview of Arabic NLP, Arabic subjectivity and sentiment analysis, and Arabic
language models. Finally, a summary of related works on Arabic and English sarcasm
detection is included.

Chapter 3 details the effort to create the ArSarcasm dataset. It provides the re-
sources used, the annotation process, and in-depth analyses and discussions. The
chapter provides a discussion of the issues arising when annotating subjective con-
tent. It also includes the details of the shared task on sarcasm and sentiment detection
in Arabic along with the details of the participating submissions.

Chapter 4 discusses the issues of the previous approaches used and discussed in
Chapter 3 and proposes a new approach to create sarcasm datasets. The chapter pro-
vides the process of creating the Arabic iSarcasmEval dataset and the details of the
related shared task. It also provides the details of the top participating submissions.

Chapter S provides a set of experiments and analyses of the performance of state-

of-the-art models on the Arabic sarcasm detection task. The chapter provides a com-
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parison between the performance on perceived sarcasm (ArSarcasm-v2 dataset) and
intended sarcasm (iSarcasmEval dataset).

Chapter 6 provides an in-depth analysis of the performance of state-of-the-art ma-
chine learning models and compares them to human performance on the sarcasm de-
tection task. The chapter provides details of what makes sarcasm challenging for both
humans and machine learning models. It also includes an analysis of how sarcasm is
understood among Arabic speakers speaking different dialects.

Chapter 7 summarises the findings and discussion form previous chapters. It also

provides conclusions and recommendations for future research on Arabic sarcasm.

1.6 Thesis Outcomes

During the PhD, we achieved the following outcomes, which are divided into publica-

tions and released datasets.

1.6.1 List of Publications

» Sarcasm related papers:

1- Ibrahim Abu Farha, Steven Wilson, Silviu Oprea, and Walid Magdy. 2022.
Sarcasm Detection is Way Too Easy! An Empirical Comparison of Hu-
man and Machine Sarcasm Detection. In Findings of the Association for
Computational Linguistics: EMNLP 2022, pages 5284-5295, Abu Dhabi,

United Arab Emirates. Association for Computational Linguistics.

2- Ibrahim Abu Farha and Walid Magdy. 2022. The Effect of Arabic Dialect
Familiarity on Data Annotation. In Proceedings of the The Seventh Arabic
Natural Language Processing Workshop (WANLP), pages 399-408, Abu
Dhabi, United Arab Emirates (Hybrid). Association for Computational

Linguistics.

3- Ibrahim Abu Farha, Silviu Vlad Oprea, Steven Wilson, and Walid Magdy.
2022. SemEval-2022 Task 6: iSarcasmEval, Intended Sarcasm Detection
in English and Arabic. In Proceedings of the 16th International Workshop
on Semantic Evaluation (SemEval-2022), pages 802—-814, Seattle, United

States. Association for Computational Linguistics.
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4- Ibrahim Abu Farha, Wajdi Zaghouani, and Walid Magdy. 2021. Overview
of the WANLP 2021 Shared Task on Sarcasm and Sentiment Detection in
Arabic. In Proceedings of the Sixth Arabic Natural Language Processing
Workshop, pages 296-305, Kyiv, Ukraine (Virtual). Association for Com-

putational Linguistics.

5- Ibrahim Abu Farha and Walid Magdy. 2021. Benchmarking Transformer-
based Language Models for Arabic Sentiment and Sarcasm Detection. In
Proceedings of the Sixth Arabic Natural Language Processing Workshop,
pages 21-31, Kyiv, Ukraine (Virtual). Association for Computational Lin-
guistics.

6- Ibrahim Abu Farha and Walid Magdy. 2021. A Comparative Study of Ef-

fective Approaches for Arabic Sentiment Analysis. Information Processing
& Management, 58(2):102438.

7- Ibrahim Abu Farha and Walid Magdy. 2020. From Arabic Sentiment Anal-
ysis to Sarcasm Detection: The ArSarcasm Dataset. In Proceedings of the
4th Workshop on Open-Source Arabic Corpora and Processing Tools, with
a Shared Task on Offensive Language Detection, pages 32—-39, Marseille,

France. European Language Resource Association.

* Unrelated papers:

1- Ibrahim Abu Farha and Walid Magdy. 2020. Multitask Learning for Arabic
Offensive Language and Hate-Speech Detection. In Proceedings of the 4th
Workshop on Open-Source Arabic Corpora and Processing Tools, with a
Shared Task on Offensive Language Detection, pages 86—90, Marseille,

France. European Language Resource Association.

1.6.2 Released Datasets
¢ ArSarcasm dataset

— The dataset contains 10,547 tweets annotated for sarcasm, sentiment, and
dialect.

— The first publicly available Arabic sarcasm dataset

— Available at: https://github.com/iabufarha/ArSarcasm

¢ ArSarcasm-v2 dataset


https://github.com/iabufarha/ArSarcasm
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— An extension of ArSarcasm dataset. It contains 15,548 tweets annotated

for sarcasm, sentiment, and dialect.

— The dataset was used to organise a shared task on Arabic sarcasm and sen-

timent analysis.

— Available at: https://github.com/iabufarha/ArSarcasm-v2
¢ Arabic iSarcasmEval dataset
— The first Arabic intended sarcasm dataset. It contains 5,503 sentences an-

notated for sarcasm and dialect.

— The dataset was used to organise SemEval 2022 task 6 shared task, iSar-

casmEval.

— Available at: https://github.com/iabufarha/iSarcasmEval


https://github.com/iabufarha/ArSarcasm-v2
https://github.com/iabufarha/iSarcasmEval

Chapter 2
Background

This chapter includes background information that covers various topics. In this
chapter, we provide an overview of Arabic, its variants and the challenges faced when
working with it. We also provide and overview of sarcasm from a linguistic point of
view, its features, and the factors that affect it. A general overview of Arabic NLP is
also included along with an extensive survey of work on sarcasm detection in Arabic
and English.

2.1 Arabic Language

Arabic is the most widely spoken Semitic language and is an official language in 22
countries with around 400 million native speakers (Darwish and Magdy, 2014). Fur-
thermore, Arabic has a particular religious importance since it is the language of the
Quran, the holy book of around 1.6 billion Muslims around the world.

There are three types of Arabic: Classical Arabic, Modern Standard Arabic (MSA)
and Dialectal Arabic (DA). Classical Arabic resembles the language of the Quran,
which is the old Arabic language, with many phrases that are not frequently used these
days. MSA is the current unified form of Arabic which is taught in schools and used
in media and news (Habash, 2010). DA is the colloquial language which is spoken in
everyday life, this language differs from one country to another, and even varies inside
the country itself. DA differs from MSA in many aspects as it sometimes does not
follow a specific grammar and it has many words that are pronounced differently. It
also contains many words that are either borrowed from other languages or specific to
that dialect (Darwish and Magdy, 2014).

Arabic imposes the following challenges for NLP researchers who are willing to

work on it:

11
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* Dialects variety: As mentioned previously, Arabic has many different dialects
that are considered regional and differ from one region to another. According to
(Hamdi et al., 2016; Darwish and Magdy, 2014), Arabic dialects can be put into
five major groups based on the region as follows:

— Gulf: Saudi Arabia, United Arab Emirates, Oman, Kuwait, Qatar, Bahrain

and Yemen.

Iraqi: Iraq.

Levantine: Palestine, Jordan, Syria and Lebanon.

Egyptian: Egypt and Sudan.

Maghribi: Morocco, Libya, Algeria, and Tunisia.

However, it is also worth mentioning that there are some slight differences be-
tween the dialects of countries within the same group (Alhumoud et al., 2015).
For example, the word <=1} “zakr’! meaning “delicious” is used in Jordan
and Palestine; whereas the word <o “tayyib” is used in Lebanon and Syria.
Additionally, sometimes dialects might have different ways of expressing nega-
tion, which might be different from MSA or other dialects. For example, in the
Palestinian dialect, a person would say & ,as “b’rfsh” which means I don’t
know”, while a Lebanese or a Syrian would say <@ ,as Le “ma b’rf”. Negation in
the Palestinian dialect is slightly similar to negation in old English as in saying
(I know not). Generally, the above division is a geographic grouping; however,
Arabic dialects are diverse and vary from one region to another. Figure 2.17
shows the distribution of Arabic dialects.

* Morphological complexity: Arabic is considered one of the morphologically
complex languages. Given a single root, it is possible to derive and inflect many
word forms with different meanings (Habash, 2010).

e Ambiguity: Compared to other languages, Arabic has an additional source of
ambiguity coming from diacritics. The same word with different diacritics might
have a completely different meaning. Since native speakers can easily infer dia-
critics from the context, people usually do not write them. An example of such
ambiguity is the word / uCé “kataba” which means “he wrote” and the word
55}&7 “kutub” which means “books”. However, both words are written as wdis,

without diacritics (Zayyan et al., 2016).

!Arabic transliterations are using the Library of Congress standard (https://www.loc.gov/
catdir/cpso/romanization/arabic.pdf). The tool available on (https://romanize-arabic.
camel-lab.com/) was used.

2Figure retrieved from https://en.wikipedia.org/wiki/Varieties_of_Arabic


https://www.loc.gov/catdir/cpso/romanization/arabic.pdf
https://www.loc.gov/catdir/cpso/romanization/arabic.pdf
https://romanize-arabic.camel-lab.com/
https://romanize-arabic.camel-lab.com/
https://en.wikipedia.org/wiki/Varieties_of_Arabic
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Figure 2.1: The geographic distribution of Arabic dialects.

* Lack of resources: one of the main challenges that researchers face when work-
ing on Arabic is the lack of resources such as corpora and lexicons. This be-
comes more prominent when dialects are to be considered because they differ
from each other, which, in turn, requires specific resources for them in addition
to MSA (El-Beltagy and Ali, 2013; Refaee and Rieser, 2014).

2.2 Sarcasm

2.2.1 Definitions

Sarcasm can be defined as a form of verbal irony that is intended to express contempt
or ridicule (Joshi et al., 2017). Sarcasm is correlated with expressing the opinion in-
directly, where the intended meaning is different from the literal one (Wilson, 2006).
However, researchers and linguists cannot yet agree on a specific definition of what is
considered to be sarcastic. According to Grice et al. (1975), sarcasm is a form of fig-
urative language where the literal meaning of words is not intended, and the opposite
interpretation of the utterance is the intended one.

Gibbs (1994) defines sarcasm as a bitter and caustic form of irony. According
to Merriam Webster’s dictionary 3 sarcasm is “a sharp and often satirical or ironic
utterance designed to cut or give pain”, while irony is defined as “ the use of words to

express something other than and especially the opposite of the literal meaning”. These

3https://www.merriam-webster.com
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definitions are quite close to each other, yet each of them gives a different definition
of sarcasm. While most of the literature assumes that sarcasm is a form of irony, Justo
et al. (2014) argue that it is not necessarily ironic. Thus, sarcasm is always confused
with other forms of figurative language such as metaphor, irony, humour and satire.
There have been many linguistic studies that described the aspects of sarcasm.
Campbell and Katz (2012) studied the dimensions along which sarcasm might oc-
cur, which include failed expectation, pragmatic insincerity, negative tension, and the
presence of a victim. According to Wilson (2006), sarcasm occurs whenever there is
a disagreement between text and contextual information. For example, the sentence
“I love being ignored” is considered sarcastic because of the disagreement between
the contextual information that “being ignored” is an undesirable feeling and that the
speaker claims to love it in the mentioned sentence. Camp (2012) identified four types
of sarcasm: Propositional, where a sentence might appear as a proposition but has an
implicit sentiment. Embedded, where the sentence would have an embedded contrast
in sentiment. Like-prefixed, where a like-phrase would indicate an implied denial such
as “like you care!”. Illocutionary, where non-textual clues would indicate the incon-

gruity, such as rolling the eyes.

2.2.2 Socio-linguistic Variables

Since sarcasm is a very subjective form of expression, many variables can affect how
people use or understand a sarcastic utterance. Such variables include:

* Gender: Gibbs (2000) noticed that men are more likely to speak sarcastically
than women. Rockwell and Theriot (2001) also noticed similar behaviour. They
also noticed that men are more likely to be sarcastic when interacting with men
than when interacting with women. They also found that women are more likely
to be sarcastic when interacting with men than with women.

* Age: Phillips et al. (2015) studied the correlation between age and the ability to
interpret sarcasm expressed verbally and in video form. They found that older
adults were poorer at understanding sarcastic intent compared with younger and
middle-aged participants. A similar pattern was also noticed for the video tasks.

* Country/region: Dress et al. (2008) hypothesised that the regional language vari-
ation would result in variation in the use of verbal irony and sarcasm by Northern
and Southern speakers in the United States. They found that Northern speakers

are more likely to use sarcasm.
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2.2.3 Intended vs Perceived Sarcasm

Most of the previous work on sarcasm detection utilised datasets that were annotated
manually. The data would be collected and provided to third-party annotators to assign
a label indicating whether a text is sarcastic. Dress et al. (2008) noticed that people
from different regions defined sarcasm differently. Thus, and considering the factors
mentioned in the previous section, the provided labels represent the annotators’ per-
ception of the given text, hence perceived sarcasm. Intended sarcasm represents the

actual intentions of the author. Hence, the labels are provided by the text’s author.

2.2.4 Arabic Sarcasm

In contrast to English, historically, Arabic linguists did not use the term 43 yLaot!
“Al-Mufaraqah” (irony). In the last century, Arabic linguists adopted translations of
the definitions from English and inherited the same disagreement regarding how to
define sarcasm and how it differs from irony (Andalib and Fare’ Shirazi, 2019; Dawodi
and Sharif, 2019)*!!?!. In (Andalib and Fare’ Shirazi, 2019)!!), the authors discuss
the various definitions of sarcasm (4 y3di, “Al-Sukhriyah”) and contrast it to irony
(43 yLlaod!, “Al-Mufaraqah”). They show that the issue is the translations of the terms
“irony” and “sarcasm” into Arabic and that irony (43 yLaeJ!) is based on contradiction
and aims for mockery or sarcasm. Hence, irony and sarcasm are intertwined in Arabic
and cannot be separated.

Arabic literature is rich with other linguistic phenomena that are similar to irony.
Those include: (1) 4ay 931 “Al-Tawriyah” (double entendre), where a word/phrase is
used and has a double meaning, and the speaker intends one of them; (2) au yaid!
“Al-Ta’rid”, where a speaker implies things without mentioning them explicitly; (3)
ald m:a Loy ool (praise using slander); (4) el dcda Lea pldl (slander
using praise); (5) 8 ylatiw¥| (metaphor); (6) 4aLis3| (metonymy), where something is
referenced implicitly using its features or descriptions; and others. The shared theme
among these phenomena and irony is that they rely on the duality of meaning (Dawodi
and Sharif, 2019)!).

Apart from the terminology, sarcasm has been present in the Arabic language liter-
ature. Sarcasm has been used as an implicit tool to express humour, mockery, insult,
slander, or criticism of rulers or current events (Al-Mansoori, 2012)B!. One of the

most famous sarcastic works in Arabic prose literature is ¢ M3J (The Book of Mis-

“Numbers in the brackets are used for referencing the Arabic bibliography.
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ers) by dax Lt “Al-Jahiz”, which was written in the 9th century (Ibrahim, 1987)].
In his book, Al-J ﬁhiz deécribes and tells stories about misers from his town, describing
their behaviour and inner thoughts.

Sarcasm was also present in Arabic poetry. An example of that is the rivalry be-
tween the Umayyad® poets s> “Jarir” and @y ,»alt “Al-Farazdaq”, which was
known as »5la3) “Al-Naga’id” (antitheses) (Al-Aboudi and Khalaf, 201451 In
the following example, Jarir im[;lies that Al-Farazdaq is weak and that he will not be

fulfilling his threats to Marba’:

s - - -

E).n\e'i\.n)&w/dg.hfj./ﬁui ..... lay po Siacw OF B2 ) 2l L)

PR PR

(Al-Farazdaq claimed he will kill Marba’.....Oh Marba’, then expect a lengthy life)
Sarcasm is also present in more modern poems. In the following example, Mah-
moud Darwish, who was a prominent Palestinian poet and writer and widely regarded
as one of the most important literary figures in the Arab world, in his poem w3

(Defiance), says the following:

(tighten my cuffs) 8L g | g

(take away my notebooks) ,Slautl e | gaiel g

(and ciggarettes) il g

(and put dirt on my mouth) a2 e il A3 | g 9

(but poetry is the blood for the heart) cdat ay ,addld

(the salt for the bread) jus! plo

(the tears for the eye) (yadl cla

(it is written with nails and stones) yalaallg ;oYL Cisy
(and throats) L1 9

In those verses, the poet asks the Israeli occupation to silence him, but he actually
says that as a sign of defiance and even if they did that, they would not stop him from
defying them (Ragab, 2009)!6].

In modern days, sarcasm is still present and highly used among Arabic speakers.
A major use of sarcasm these days is to criticise authorities and comment on ongoing
events in a sarcastic/satirical way. For example, Al-Hudood® is a website that pro-

vides news written sarcastically. Arabic TV channels have many sarcastic shows that

SRefers to the Umayyad Caliphate period 661750 CE.
®https://alhudood.net/


https://alhudood.net/
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sarcastically comment on cultural or political issues, such as alaludl 3ga’ (Beyond
Authority) and ,3 9 ¢ (s 9 (A Country on A String).

Regarding social media, people also use sarcasm in the content they post and the
discussions they participate in. Sarcastic content on social media can be textual or
multimodal in the form of memes. One of the most common ways to create memes
is to utilise scenes from famous Egyptian movies. Those are usually comedy movies
that are famous in Egypt and other Arab countries. The memes are used with either
the original quote from the scene or with a new quote resembling a similar situation to
the original one. Figure 2.2 shows examples of memes and quotes. Figure 2.2a shows
a meme that is used when the speaker is not satisfied with what someone said or thinks
that it is not useful. Figure 2.2b is used to indicate the fear of the future based on

current events or news.

(a) The person says “Thanks.. Go (b) The person says “Hey guys, we will
back to your mother”, which is used to see black days!”, which means that we
ask the other person to stop talking. are heading to bad times.

Figure 2.2: Snippets from movies containing sentences that are used as sarcastic re-

sponses on Arabic social media.

Sarcastic content on social media is usually dialectal and contains references to
real-life events or people. Table 2.1 shows some sarcastic Arabic sentences. In the
first example, the speaker tells someone that she will not become Justin Beiber, who
is a famous singer. This reference is used to refer to either the singer being famous
or having a good voice and being able to sing. The use of this reference in such a
context is an implied mocking of the other person’s voice or desire to be famous. The
second example references an augmented reality mobile game named Pokemon Go,

where you must search for Pokemons, which are animal-like characters from Anime.

Thttps://wuw.aljazeera.net/program/beyond-authority/


https://www.aljazeera.net/program/beyond-authority/
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In the sentence, the speaker mocks the game and implies that he/she will not play it
because he/she is so lazy to the degree that he/she will not even move to turn the lights

off in the room.

ID Sentence Dialect

1 P O a8 MSA
LT: You won’t become Justin Bieber.
IM: Your voice is bad or you won’t become famous
P93 Juuso Ll os . ale 9ol p g8l I dal O gorss 92
Noas g¥1 593 abol
LT: What Pokemon that I would look for! I am too lazy to

Egypt

turn off my room’s light.

IM: I don’t want to move.

Table 2.1: Examples of some sarcastic sentences in different dialects. LT stands for

literal translation. IM stands for intended meaning.

2.3 Arabic Natural Language Processing

Over the last two decades, Arabic natural language processing (NLP) started to receive
attention from the research community. Work on Arabic NLP focused on two direc-
tions: (1) creating resources such as datasets and corpora; (2) targeting NLP tasks such
as morphological analysis. Early work on Arabic NLP started in the 1980s and focused
on modern standard Arabic (MSA). The first Arabic morphological analyser was built
by Sakhr Software. Sakhr followed that by developing the first Arabic semantic and
syntactic analyser, English to Arabic machine translation, and Arabic text-to-speech.
In early 2000s, Arabic NLP received more attention, especially in the US due to the
events around that time. Work in this period included machine translation (Habash and
Sadat, 2006), text summarisation (Douzidia and Lapalme, 2004), and part-of-speech
(POS) tagging (Beesley, 1998; Habash and Rambow, 2005).

In the 2010s, Arabic NLP research moved to the Arab world. This was also ac-
companied with the widespread of social media platforms which led to an abundance
of user-generated content. However, the content on social media platforms is usu-
ally in dialectal Arabic (DA) and can be mixed with MSA. Thus, Arabic NLP re-
searchers started focusing on DA and the other tasks that can help understand this

content, such as dialect identification (Zaidan and Callison-Burch, 2014; Elfardy et al.,
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2014; Bouamor et al., 2019; Abdul-Mageed et al., 2020, 2021b), sentiment analysis
(Mourad and Darwish, 2013; Abdul-Mageed et al., 2014), emotion detection (Alhuzali
et al., 2018), and offensive language detection (Mubarak et al., 2020). Darwish et al.
(2021) provide a general overview of Arabic NLP.

2.3.1 Arabic Subjectivity and Sentiment Analysis

Early works on opinion mining of Arabic content focused on analysing subjectivity
and sentiment. Subjective content refers to content expressing opinions, feelings, or
speculations. Arabic NLP researchers focused on analysing sentiment in subjective
content, i.e. sentiment analysis. Sentiment analysis (SA) is the process of analysing
and identifying the polarity/sentiment expressed in a text.

Early works on Arabic SA focused on Modern Standard Arabic such (Abbasi et al.,
2008; Abdul-Mageed et al., 2011). In (Abdul-Mageed and Diab, 2012), the authors
proposed a corpus for subjectivity and sentiment analysis. Later, the focus shifted
to analysing social media content and analysing dialectal Arabic (DA). Mourad and
Darwish (2013) introduced a dataset of tweets for subjectivity and sentiment analysis
along with baselines. Abdul-Mageed et al. (2014) proposed an SA system for social
media. In their work, they experimented with a large set of features. Moreover, In
(Abdul-Mageed, 2017, 2019), the authors studied different possible ways of handling
the morphological richness of Arabic for the task of SA.

In (Abdulla et al., 2013), the authors collected their own dataset of 2000 tweets.
They experimented with different sentiment analysis approaches; their best model was
an SVM which achieved an accuracy of 87%. Soliman et al. (2014) targeted social
media where they tried to handle the dialectal variation through building their own
lexicon, namely slang sentimental words and idioms lexicon (SSWIL). They utilised
the lexicon and an SVM classifier, which achieved an accuracy of 87%. In (Al-Ayyoub
et al., 2015), the authors built a lexicon-based sentiment analysis system that utilises
their own lexicon. The model was tested on manually collected and labelled tweets;
they achieved an accuracy of 87%.

Dahou et al. (2016) proposed a set of Arabic word embeddings to be used for
Arabic sentiment analysis. In order to build the embeddings, they used a corpus of
around 3.4 billion words. A CNN-based model, which utilises the newly created em-
beddings, was used to perform sentiment analysis on LABR book reviews dataset (Aly
and Atiya, 2013), Arabic Sentiment Tweets Dataset (ASTD) (Nabil et al., 2015) and
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other datasets. Another word embeddings set was proposed by Altowayan and Tao
(2016). They used the embeddings as features to be fed to the classifier. In their exper-

iments, SVM was the best classifier.

Alayba et al. (2017) proposed a new dataset for opinions on health services, which
was collected from Twitter. They experimented with different sentiment analysis ap-
proaches on the new dataset, their experiments included SVM, Naive Bayes and CNNss.
The best classifier was SVM with an accuracy of 91%. Al Sallab et al. (2015) experi-
mented with various deep learning models such as recursive auto-encoder (RAE), deep
belief networks (DBN) and deep auto-encoder (DAE). In their work, they relied on the

bag of words (BoW) representation of text and some lexical features.

In SemEval 2017, Arabic was added to one of the sentiment analysis tasks (Rosen-
thal et al., 2017). The winner was NileTMRG team (El-Beltagy et al., 2017), where
they used a large set of hand-engineered features that covers a large variety of syn-
tactic, lexical and statistical features. They used a complement Naive Bayes classifier

FPN score® of 0.61 . The runner-up was

which achieved an average recall of 0.583 and
SiTAKA team (Jabreel and Moreno, 2017), they used a combination of features such
as bag-of-words and lexical features. Moreover, they introduced some features that are
based on the word embedding vectors such as sum, min, max and standard deviation.
The classifier of choice was SVM which achieved an average recall of 0.55 and F*N

score of 0.571.
Additionally, Alayba et al. (2018) experimented with deep learning models for

Arabic sentiment analysis. In their work, they built a model that is based on a com-
bination of CNN and LSTM. They tested their model on different datasets such as
Twitter dataset (Ar-Twitter) and Arabic Health services dataset, which they introduced
in a previous work. The final model achieved an accuracy of 88.1% and 94.3% on the

datasets, respectively.

Al-Smadi et al. (2018) compared the performance of SVM against an RNN-based
model in building an aspect-based” sentiment analysis system. They tested the model
on a dataset for Arabic hotels’ reviews, which was part of SemEval 2016 (Pontiki et al.,
2016). In their approach, they used a combination of lexical, syntactic, semantic and
morphological features. Their results showed that SVM, which achieved an accuracy

of 95%, was better than the RNN model, which achieved an accuracy of 87%, for that

8 FPN is the macro average F-score for the positive and negative classes only.
9 Aspect-based sentiment analysis works through identifying the aspects/features of a product/service

and then finding the sentiment related to each of them.
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specific task.

Furthermore, Al-Smadi et al. (2019) proposed an aspect-based sentiment analysis
system, where they created a model based on a character-level BILSTM combined
with conditional random field (CRF) that was responsible for extracting the aspect
opinion target expression. For the sentiment classification, they used an LSTM based
model. They tested their models on the Arabic hotels’ reviews dataset where they had
an improvement of around 39% with an F-score of roughly 70%.

Al-Twairesh and Al-Negheimish (2019) proposed to learn sentiment-specific word
embeddings. They used the new embeddings to test and compare their effectiveness
against generic embeddings. In their experiments, they tested different models includ-
ing deep learning. They found that generic embeddings outperform sentiment-specific
ones. In (Oussous et al., 2020), the authors experimented with different deep learning
approaches on a corpus that they manually collected from multiple resources such as
Twitter, YouTube, and Facebook. They also propose a framework that provides text
preprocessing and sentiment classification capabilities.

Table 2.2 provides a summary of the previous approaches in Arabic SA. There
have been many approaches introduced for Arabic SA. However, as could be noticed,
each of these approaches is tested on a different dataset. This makes it difficult to
identify the best approach among them. In our study (Abu Farha and Magdy, 2021), we
compare most of the approaches discussed in the literature on standardised benchmark
datasets to have a deep comparative analysis of the effectiveness of these approaches

on multiple Arabic datasets.
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2.3.2 Arabic Language Models

The introduction of Bidirectional Encoder Representation from Transformers (BERT)
(Devlin et al., 2019) led to a revolution in the NLP world. Since then, many other
models have been released, such as ELECTRA (Clark et al., 2020), GPT-1/2/3 (Rad-
ford et al., 2019; Brown et al., 2020) and RoBERTa (Liu et al., 2019). Those models
helped achieve state-of-the-art results on different tasks such as sentiment analysis,
named entity recognition (NER), sentence completion and others. However, those
models were trained mostly on English data, while others included data from other lan-
guages such as the multilingual BERT (Devlin et al., 2019). Recently, Arabic NLP re-
searchers started training Arabic variants of these models such as the works of (Antoun
et al., 2020, 2021a; Chowdhury et al., 2020; Abdul-Mageed et al., 2021a). AraBERT
(v0.1/v1) (Antoun et al., 2020) was built using the same architecture as BERT-base
(Devlin et al., 2019). AraBERT was trained using a combination of different Arabic
news corpora. The authors utilised Farasa (Abdelali et al., 2016) for the preprocess-
ing and segmentation, then they trained a SentencePiece tokenizer (Kudo, 2018) on
the segmented text with a vocabulary of 60K subword tokens. The authors also re-
leased AraBERT (v0.2/v2), which was trained on a larger dataset of 77GB of text. The
authors trained two variants of AraBERT based on BERT-base and BERT-large archi-
tectures. AraBERT was evaluated on three tasks: named entity recognition (NER),
question answering and sentiment analysis. In another work, the authors released Ara-
ELECTRA (Antoun et al., 2021a), which is trained using the same architecture and
procedure used to train the original ELECTRA model (Clark et al., 2020). AraELEC-
TRA was trained using the same preprocessing used with AraBERT(v2) and using
the same data. AraELCTRA was tested only for question answering task, where it
achieved state-of-the-art results on multiple datasets. In (Antoun et al., 2021b), the
authors released AraGPT?2, which is based on the original GPT2 (Radford et al., 2019)
architecture, this model was also trained on the same data used for AraELECTRA and
AraBERT(v2). Since GPT?2 is trained using causal language modelling objective, the
authors did not test the model on any datasets and relied on the perplexity reported

during training.

In (Lan et al., 2020a), the authors pre-trained a customised bilingual BERT, Giga-
BERT, that is designed specifically for Arabic NLP and English-to-Arabic zero-shot
transfer learning. The training data was around 13M news articles collected from dif-

ferent sources. They also augmented their data with code-switched samples to improve
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the cross-lingual performance. GigaBERT was evaluated on multiple NLP tasks such
as: NER, part of speech (POS) tagging, relation extraction and argument role labelling.
In (Abdul-Mageed et al., 2021a), the authors proposed two new Arabic-specific BERT
models, ARBERT and MARBERT. For ARBERT, they used BERT-base architecture
and 61GB of text as training data. The training data for ARBERT is mostly in modern
standard Arabic (MSA) with a small portion in Egyptian dialect. For MARBERT, the
authors aimed to improve the model’s ability to handle dialectal Arabic. They used
1B tweets (128GB of text) as training data. Abdul-Mageed et al. (2021a) provide an
extensive evaluation of their models on many tasks such as sentiment analysis, dialect
identification, NER, and others. In (Chowdhury et al., 2020), the authors introduced
a new Arabic BERT (QARIiB). In their work, the authors tried to improve the perfor-
mance of the model through diversifying the training data. In their experiments, they
show that a BERT model trained on a mixture of formal and informal data has much
better generalization power compared to BERT models that are trained on formal text

only. QARIiB was evaluated only on a text categorization task.

2.4 Computational Sarcasm Analysis

2.4.1 English Sarcasm Detection

The literature has a large amount of work on sarcasm and irony detection, which vary
from collecting datasets to building detection systems.

One of the early works on English sarcasm/irony detection is the work of Davidov
et al. (2010), where the authors created a dataset from Twitter using specific hashtags
such as #sarcasm and #not, which indicate sarcasm. This way of data collection is
called distant supervision, where data is collected based on some specific content that
it bears. Distant supervision is the most common approach to collect sarcastic con-
tent from Twitter, where the hashtag #sarcasm and others are used. Some other works
that utilised distant supervision to create Twitter datasets include (Ptacek et al., 2014;
Bamman and Smith, 2015; Bouazizi and Ohtsuki, 2016). Davidov et al. (2010) men-
tion that the use of the #sarcasm hashtag is possible but not reliable, and they used it
as a search anchor. Also, such hashtags can be useful in cases of subtle sarcasm which
might not be easily understood.

Ptacek et al. (2014) targeted both English and Czech in their work. They collected

data for both languages using distant supervision through #sarcasm and its equivalent
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in Czech. They utilised various sets of features that include n-grams and character n-
grams, POS-tags-related features, word patterns, emoticons, word case, punctuation,
etc. They experimented with multiple classifiers such as SVM and Maximum Entropy
(MaxEnt). On Czech, SVM combined with character n-grams and pattern features
achieved a macro-F1 of 0.582. MaxEnt was superior for English achieving a macro-F1
of 0.94.

Justo et al. (2014) worked on sarcasm and nastiness detection. They utilised a set
of statistical cues that were extracted from the data, along with linguistic features such
as POS tags n-grams. They also included LIWC features, length and sentiment. For
the experiments, they utilised the dataset in (Lukin and Walker, 2013), where they
tested the effectiveness of various combinations of the features. They experimented
with Naive Bayes and a rule-based classier. The experiments showed that sarcasm is
more subtle and harder to detect than nastiness.

Bamman and Smith (2015) collected data using a similar approach, where they
utilised #sarcasm and #sarcastic hashtags. In their work, they tried to incorporate con-
textual information in addition to the textual and lexical features. They utilised tweet
features such as n-grams, part of speech (POS) tags, tweet and word sentiment, and
other stylistic features. They also utilised some author-related features such as the
most frequent topics and terms in the author’s history, the author’s historical sentiment
and other profile information. They also included audience features such as the histor-
ical topics of interaction with the author and the historical communication between the
author and the audience. Finally, they also utilised environment-related features such
as the unigram features of the tweet and the pairwise Brown features between the tweet
and the responses. In their work, they used a binary logistic regression which achieved
an accuracy of 79% when used with all the mentioned features.

Rajadesingan et al. (2015) followed a behavioural approach to detect sarcasm.
They introduced a behavioural framework to represent sarcasm. The framework iden-
tifies a set of characteristics for sarcasm generation. In their work, they provide a set
of features for each of these characteristics. Those include contrast in sentiment, read-
ability features, emotions and language features such as grammar skills and structural
variation. They tested their framework on a set of tweets, which were collected us-
ing distant supervision. They experimented with a J48 decision tree, L.1-regularised
logistic regression, and L1-regularised L2-loss SVM, achieving accuracies of 78.06%,

83.46%, and 83.05% respectively.

Joshi et al. (2015) tried to detect sarcasm by utilising context incongruity. They
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considered two cases for identifying sarcasm: The first is explicit incongruity, where
the positive and negative sentiment would appear in the same sentence. The sec-
ond is implicit incongruity, which is expressed through phrases of implied sentiment.
They used the following to represent explicit incongruity: number of sentiment incon-
gruities, largest positive/negative subsequence, number of positive/negative words and
lexical polarity. For implicit incongruity, they used a set of sentiment-bearing verbs
and phrases. They also used n-grams features, capitalisation and punctuation. They
used an SVM classifier on a set of tweets they collected using distant supervision,

which achieved an F1-score of 0.64.

Khattri et al. (2015) proposed a model for sarcasm detection that is based on the
contrast in sentiment, where a piece of text is considered to be sarcastic if the author
expresses opposing sentiments about the same topic. The model utilises the sentiment
expressed in a given tweet and the author’s historical sentiment towards the topic in
the target tweet. In their work, they also consider the contrast in sentiment within the
target tweet itself and they propose various methods to combine the results of both
approaches. They tested their model on a set of tweets collected using distant supervi-

sion, where they achieved an F1-score of 0.88.

Bouazizi and Ohtsuki (2016) proposed a pattern-based approach to detect sarcasm.
Their approach is based on four sets of features: First, sentiment-related features such
as the counts of positive words, negative words and sarcastic emoticons. Second,
punctuation-related features such as the number of exclamation marks, question marks
and dots. Third, syntactic and semantic features, such as the use of uncommon words,
the number of uncommon words, number of laughing expressions. Fourth, pattern-
related features where they look for a set of patterns which they identified. They ex-
perimented with multiple classifiers such as SVM, Random Forest, Maximum Entropy

and KNN. Random Forest was the best model, which achieved an accuracy of 83.1%.

Zhang et al. (2016) used neural networks to detect sarcasm. Their model is based
on bidirectional gated recurrent unit (Bi-GRU). They tested their model on Twitter
data provided by Rajadesingan et al. (2015). Their approach showed a significant im-
provement over the approach provided in the original paper. The model achieved an
F1-score of 0.79 when using only the tweets and an F1-score of 0.91 when combined
with context tweets. Ghosh and Veale (2016) also utilised neural networks in their
work, where they experimented with recursive SVM and a combination of convolu-
tional neural network (CNN) and long short-term memory (LSTM). They tested their

models on a dataset of tweets collected using distant supervision. Their best model
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was a CNN-LSTM model which achieved an Fl-score of 0.92 on their data and an
Fl1-score of 0.88 on the data from (Riloff et al., 2013). Amir et al. (2016) proposed a
model that incorporates context into the detection process, which is done through the
utilisation of user embeddings. Their model is based on a CNN that takes both the tex-
tual information and the user embedding as input. They tested their model on the data
provided by Bamman and Smith (2015), where they achieved an accuracy of 87.2%
compared to 85.1% reported in the original paper.

Joshi et al. (2018) utilised sentence completion to detect sarcasm. The approach is
based on detecting the incongruity between the observed and the expected word. They
experimented with two approaches: The first is considering all words. The second
approach only considers incongruous words. In both approaches, the similarity score
is computed between the observed word and the expected word, if it is below a specific
threshold then the sentence is considered sarcastic. They used Context2vec (Melamud
et al., 2016) to perform the sentence completion. They tested their approach on the
datasets from (Riloff et al., 2013) and (Walker et al., 2012) achieving an F1-score of
0.80 and 0.45 respectively.

Tay et al. (2018) propose Multi-dimensional Intra-Attention Recurrent Network
(MIARN) and Single-dimensional Intra-Attention Recurrent Network (STARN) mod-
els, which are attention-based models for sarcasm detection. The approach they fol-
lowed is based on the concept of contrast or incongruity, where the model utilises the
attention mechanism to look for incongruity between the words. They tested their
model on various datasets, including (Ptacek et al., 2014) and (Riloff et al., 2013). MI-
ARN model achieved F1-scores of 0.86 and 0.70, while SAIRN achieved F1-scores of
0.84 and 0.73.

Hazarika et al. (2018) proposed a contextual sarcasm detection model. The model
takes into consideration both content and context of a relevant piece of text. In their
work, they used a CNN to extract content-based features. Regarding contextual fea-
tures, they utilised user embeddings and discourse features. To create user embeddings,
the authors utilised a set of stylometric and personality features. They tested their
model on a set of sarcastic Reddit posts (Khodak et al., 2018), where they achieved an
F1-score of 0.77.

Oprea and Magdy (2019) explored the effect of contextual information to detect
intended and perceived sarcasm. In their work, they suggest a procedure to improve
the user embeddings in (Hazarika et al., 2018) by giving a higher weight to more recent

tweets. They experimented on the datasets provided by Ptacek et al. (2014) and Riloff
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et al. (2013). In another work, Oprea and Magdy (2020a) proposed a new dataset that
captures intended sarcasm. They collected their data using an online survey, where
they asked the participants to provide sarcastic and non-sarcastic tweets. They also
asked them to provide an explanation for the sarcastic text and how would they convey
the same idea in a direct way. In their work, they experimented with various models
such as attention-LSTM, CNNs and SIARN/MIARN (Tay et al., 2018). They found
that the available models perform poorly on intended sarcasm. Baruah et al. (2020)
experimented with BERT (Devlin et al., 2019) for sarcasm detection. They also exper-
imented with other models such as Bi-LSTM and SVM. They tested these models on
two separate datasets, one from Twitter and the other is from Reddit. BERT was the
best model, where it achieved F1-scores of 0.74 and 0.66 on the Twitter and Reddit

datasets respectively.

2.4.2 Arabic Sarcasm Detection

Work on Arabic sarcasm is scarce and limited to a few attempts. The earliest work
on Arabic sarcasm/irony is (Karoui et al., 2017), where the authors created a corpus
of Arabic tweets, which they collected using a set of political keywords. They filtered
sarcastic content using distant supervision, where they used the Arabic equivalent of
#sarcasm such as #4u y3vw, #3 3w, #0S¢5 and #¢! jgiwl. The result was a set of
5,479 tweets distributed as follows: 1,733 ironic tweets and 3,746 non-ironic. In their
work, the authors utilised various features to experiment with their data. These fea-
tures include punctuation marks, emoticons, quotations, opposition words, sentiment
features, shifters features and contextual clues. They experimented with various clas-
sifiers such as SVM, Naive Bayes, Logistic Regression, Linear Regression. Random
Forest was the best model, where it achieved an F1-score of 0.73.

Ghanem et al. (2019) organised a shared task competition for Arabic irony de-
tection. They collected their data using distant supervision and used similar Arabic
hashtags to the ones in (Karoui et al., 2017). In addition, they manually annotated a
subset of tweets, which were sampled from ironic and non-ironic sets. The first place
were Khalifa and Hussein (2019), who achieved an Fl-score of 0.85. In their work,
they utilised a set of features that include word n-grams, topic modelling features, sen-
timent features, statistical features and word embeddings. They experimented with
multiple classifiers such as Bi-LSTM, Random Forest, XGBoost. Zhang and Abdul-
Mageed (2019) were ranked second, where they achieved an F1-score of 0.82. In their
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work, they experimented with Bi-GRUs and utilised the multilingual BERT (Devlin
et al., 2019) to perform the task.

Ghanem et al. (2020) explored sarcasm in a multilingual context. In their work,
they targeted English, French and Arabic, where they used the datasets provided by
Karoui et al. (2017) (Arabic), Ptacek et al. (2014) (English) and Benamara et al. (2017)
(French). For the Arabic dataset (Karoui et al., 2017), they added more tweets using
distant supervision. In their work, they explored both monolingual and multilingual
sarcasm detection. For the monolingual detection, they utilised a set of features that
include punctuation, negative/positive emotions, quotations, and other language de-
pendent features such as negation. Those features were used to train a Random Forest
classifier. They also used a CNN based model with word embeddings as an input.

Regarding the multilingual models, they used similar features and models.

2.4.3 Sarcasm and Irony Detection in Other Languages

Most of the work on sarcasm detection has been focused on English. In this section,
we go over other attempts to tackle sarcasm detection in other languages, these include
Italian, Greek and others.

Barbieri et al. (2014a) proposed a system to detect sarcasm and irony in Italian
texts. They collected their data from specific Twitter accounts along with some satir-
ical blogs. In their work, they trained a Decision Tree classifier on various sets of
features. Those include bag-of-words, sentiment, POS tags, word frequencies and oth-
ers. del Pilar Salas-Zarate et al. (2017) tried to detect satire in Spanish texts, they
targeted Spanish in Spain and Mexico. In their work, they utilised a set of psycho-
linguistic features that were extracted using LIWC. They tested multiple classifiers
such as Bayesian Networks, SVM and decision trees. Liu et al. (2014) proposed a
feature-based model to detect Chinese sarcasm. Their features included punctuation,
recurring symbols, words’ sentiment and some patterns. In their work, they used an
ensemble of classifiers including SVM, Naive Bayes and Maximum Entropy.

Bharti et al. (2017) proposed a framework to detect Hindi sarcasm. In their work,
they utilised news headlines as the context to identify sarcasm within tweets. They
also utilise key-phrase extraction to retrieve the set of news related to the tweet. Then,
they utilise sentiment information to identify the presence of sarcasm in a tweet, where
a tweet is sarcastic if there is a contradiction between its sentiment and the sentiment

of the related news. Charalampakis et al. (2016) compared the performance of semi-



30 Chapter 2. Background

supervised approaches to supervised ones for detecting irony in Greek political tweets.
In their work, they utilised different kinds of tweets. Those include the use of some
special character, the degree of rarity of a word in the data, WordNet features, emoti-
cons and lexical features. For the classification part, they used collective-tree semi-
supervised classifier. For the supervised ones, they used SVM, J48, Naive Bayes and

Random Forest. Table 5.1 summarises the related works on sarcasm detection.

2.5 Research Gap

Given the survey in the previous section, it is clear that most of the work on sarcasm
detection has been focused on English. The work on Arabic has been limited to a few
attempts, indicating a gap that needs to be filled. More resources and datasets should
be created for Arabic sarcasm. Also, more work targeting building detection models
is needed. In this thesis, we try to fill this gap by creating and sharing new datasets,

experiments, and analyses.
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Chapter 3

Annotating Arabic Sentiment Datasets

for Sarcasm

In Chapter 2, we provided a literature survey that shows the scarcity of works on Arabic
sarcasm detection. This chapter provides an overview of our effort to create an Arabic
sarcasm dataset and answer the following research questions:

* RQ1: Is sarcasm used across Arabic social media? If so, how prominent is it?

* RQ2: How does sarcasm affect the performance of sentiment analysers?

* RQ3: How to collect and reliably annotate a dataset for Arabic sarcasm detec-
tion?

To create an Arabic sarcasm dataset and answer these questions, we re-annotated
available Arabic sentiment datasets for sarcasm. The resulting data show that sarcasm
is quite present in Arabic sentiment datasets and that it can be disruptive for sentiment
analysers. The analysis provided in this chapter discusses some of the issues that
might arise when annotating subjective content, which would affect the reliability of
the resulting datasets. In addition, we provide the details of the shared task on Arabic
sarcasm, which utilises an extended version of the proposed dataset. This chapter is
based on our works (Abu Farha and Magdy, 2020; Abu Farha et al., 2021):

* Ibrahim Abu Farha and Walid Magdy. 2020. From Arabic Sentiment Analysis
to Sarcasm Detection: The ArSarcasm Dataset. In Proceedings of the 4th Work-
shop on Open-Source Arabic Corpora and Processing Tools, with a Shared Task
on Offensive Language Detection, pages 3239, Marseille, France. European
Language Resource Association.

* Ibrahim Abu Farha, Wajdi Zaghouani, and Walid Magdy. 2021. Overview of the
WANLP 2021 Shared Task on Sarcasm and Sentiment Detection in Arabic. In
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Proceedings of the Sixth Arabic Natural Language Processing Workshop, pages
296-305, Kyiv, Ukraine (Virtual). Association for Computational Linguistics.

3.1 Overview

Work on subjective language analysis has been prominent in the literature during the
last two decades. A major theme that dominated the area is the work on sentiment
analysis (SA). According to Liu (2012), SA is a process where we extract and analyse
the emotional polarity in a given piece of text. A large amount of work focused on
classifying the text into its sentiment class, which varies based on the granularity. SA
is one of the research areas within the larger natural language processing (NLP) field.
The interest in SA research was embarked by the advent of user-driven platforms such
as social media websites. Research on SA started with the early work of Pang et al.
(2002), where they analysed the sentiment in movie reviews. Since then, the work has
developed and spanned different topics and fields, such as social media analysis, com-
putational social science and others. Most of the work is focused on English, whereas
Arabic did not receive much attention until after 2010. The work on Arabic SA was
kicked off by Abdul-Mageed et al. (2011), but it still lags behind the progress in En-
glish. This can be attributed to the many challenges of Arabic language; including the
large variety in dialects (Habash, 2010; Darwish and Magdy, 2014) and the complex
morphology of the language (Abdul-Mageed et al., 2011).

As the work on SA systems developed, researchers started analysing the intricacies
of such systems in order to understand their performance and where they fail. There
are many challenges when doing SA, such as negation handling, domain dependence,
lack of world knowledge and sarcasm (Hussein, 2018). Sarcasm can be defined as
a form of verbal irony that is intended to express contempt or ridicule (Joshi et al.,
2017). Sarcasm is correlated with expressing an opinion in an indirect way, where
the intended meaning is different from the literal one (Wilson, 2006). Additionally,
sarcasm is highly context-dependent, as it always takes part between parties where
shared knowledge exists. Usually, a speaker will not use sarcasm unless he/she thinks
that it will be understood as so (Joshi et al., 2017).

Sarcasm detection is a crucial task for SA. The reason for this is that a sarcastic
utterance usually carries a negative implicit sentiment, while it is expressed using pos-
itive expressions. This contradiction between the surface sentiment and the intended

one creates a complex challenge for SA systems (Bouazizi and Ohtsuki, 2016).
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There have been many works on English sarcasm detection, those include datasets
such as (Abercrombie and Hovy, 2016; Barbieri et al., 2014a,b; Filatova, 2012; Ghosh
et al., 2015; Joshi et al., 2016a) and detection systems such as (Rajadesingan et al.,
2015; Joshi et al., 2015; Amir et al., 2016).

Up to the start of this work, work on Arabic sarcasm was limited to the work of
Karoui et al. (2017), a shared task on irony detection (Ghanem et al., 2019) along with
the participants’ submissions and a dialectal sarcasm dataset by Abbes et al. (2020).
Additionally, there were no publicly available datasets for Arabic sarcasm detection.
The data in (Karoui et al., 2017) was not publicly available and most of the tweets

provided in (Ghanem et al., 2019) were deleted.

3.2 ArSarcasm Dataset

In this work, we present ArSarcasm, a new dataset for Arabic sarcasm detection'. The
dataset consists of a combination of Arabic SA datasets, where we re-annotated them

for sarcasm. In addition to that, we also provide labelling for the dialect and sentiment.

3.2.1 Resources

In this work, we relied on a set of well-known Arabic SA datasets. The reason for this
choice is that sarcasm is highly subjective and always mentioned as one of the main
reasons that degrade sentiment analysers’ performance. The datasets we are using
are SemEval’s 2017 (Rosenthal et al., 2017) and ASTD (Nabil et al., 2015) datasets.
ASTD dataset consists of 10,006 tweets labelled as shown in Table 3.1. The dataset
contains tweets that date back to the period between 2013 and 2015. The tweets are
mostly in Egyptian dialect and they were annotated using Amazon’s Mechanical Turk.
In our work, since we are aiming to annotate for sarcasm, we decided to eliminate the

objective class and we took our sample from the other subjective classes.

Class | Positive Negative Neutral Objective Total
Count | 799 1,684 832 6,691 10,006

Table 3.1: ASTD statistics.

! ArSarcasm is available at: https://github.com/iabufarha/ArSarcasn
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The other dataset we are using is the one provided in SemEval’s 2017 task for
Arabic SA (Rosenthal et al., 2017). This dataset consists of 10,126 tweets distributed
over different sets, as shown in Table 3.2. The data was annotated using CrowdFlower?
crowd-sourcing platform. The new dataset contains 10,543 tweets, most of which were

taken from SemEval’s dataset.

Set Positive Negative Neutral Total
Training 743 1,142 1,470 3,355
Validation 222 128 321 671
Testing 1,514 2,222 2,364 6,100
Total 2,479 3,492 4,155 10,126

Table 3.2: SemEval 2017 Task 4-A dataset statistics.

3.2.2 Annotation

For the annotation process, we used Appen crowd-sourcing platform. Our main objec-
tive was to annotate the data for sarcasm detection, but due to the challenges imposed
by dialectal variations, we decided to add the annotation for dialects. We also include
a new annotation for sentiment labels in order to have a glimpse of the variability and
subjectivity between different annotators. Thus, the annotators were asked to provide

three labels for each tweet as the following:
* Sarcasm: sarcastic or non-sarcastic.
* Sentiment: positive, negative or neutral.

* Dialect: Egyptian (Nile Basin), Gulf, Levantine, Maghrebi or Modern Standard
Arabic (MSA).

To keep the sentiment annotation process consistent, we used the same guidelines
that were used to annotate SemEval’s dataset. Regarding sarcasm, we define it as an
utterance that is used to express ridicule, where the intended meaning is different from
the apparent one.

Only annotators who have Arabic language in their profiles and come from an

Arab country were allowed to participate. Each tweet was annotated by at least three

Currently Appen, Figure-Eight before that.
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different annotators. The quality of annotation was monitored using a set of 100 hidden
test questions that appear randomly during the task; each of those questions has the
correct label for sentiment, sarcasm and dialect. If the performance of an annotator in
these test questions drops below 80%, this annotator is eliminated and all the labels
he/she provided are also ignored. In such a case, new annotators will be asked to
provide labels to replace the ignored ones. The final label is based on the majority vote.
Since the sarcasm label is binary and we are collecting an odd number of annotations,
three, we will always have a majority. Agreement® among annotators was 80.7% for
sentiment, 89.3% for sarcasm and 86.7% for dialects. A sample of the guidelines

provided to the annotators is shown in Appendix A.

3.3 Statistics and Analysis

3.3.1 Dataset Statistics

The new dataset contains 10,547 tweets, 8,075 of them were taken from SemEval’s
dataset, while the rest (2,472 tweets) were taken from ASTD. Each tweet has three
labels for sarcasm, sentiment, and dialect. Table 3.3 shows the statistics of the new
dataset, where we can see that 16% of the data is sarcastic (1,682 tweets). The new
annotation shows that most of the data is either in MSA or the Egyptian dialect, while
there are few examples in the Maghrebi dialect. Figure 3.1 shows the ratio of sarcasm
in the tweets belonging to each dialect. Maghrebi dialect has the largest percentage,
but this is an outlier due to the small number of Maghrebi tweets (only 32 tweets).
Thus, sarcasm is more prominent in the Egyptian dialect with 34% of the Egyptian
tweets being sarcastic. Also, from the table, it is noticeable that the Egyptian dialect
comprises most of the sarcastic tweets (799 tweets, 47.5% of the sarcastic tweets).
When looking at Figure 3.1 and Table 3.3, it is noticeable that most of the sarcastic
sentences are in dialectal Arabic, comprising 62.5% compared to 37.5% in MSA. Also,
it is noticeable that MSA has the lowest sarcasm ratio, which indicates that people tend
to use MSA to convey their ideas directly. The reason for having a few examples in the
Maghrebi dialect is due to the original data collection approach. The original authors
used keywords of popular topics at that time (2016), and most of them are related to
the Eastern part of the Arabic world. Table 3.4 provides examples of sarcastic tweets

from different dialects.

3In this case, the agreement represents the average percentage of votes the majority label received.
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MSA, Sarcastic
9%

Levant, Sarcastic
21%

Egypt, Sarcastic
34%

Gulf, Sarcastic
24%

Maghreb,
Sarcastic
38%

Figure 3.1: Ratio of sarcasm over the dialects.

Dialect Non-Sarcastic Sarcastic | Negative Neutral Positive | Total
Egyptian/Nile | 1,584 799 1,179 733 471 2,383
Gulf 397 122 200 218 101 519
Levantine 433 118 239 178 134 551
Maghrebi 20 12 18 10 4 32
MSA 6,431 631 1,893 4,201 968 7,062
Total 8,865 1,682 3,529 5340 1,678 | 10,547
Table 3.3: Dataset statistics for sarcasm and sentiment over the dialects.

3.3.2 Sentiment in Sarcasm

In this section, we analyse the relationship between sarcasm and sentiment. Figure

3.2 shows the

sentiment distribution over the sarcastic tweets. It is clear that most of

the sarcastic tweets have negative sentiment, and this agrees with the definition we

adopted, which implies that sarcasm includes making ridicule of someone or some-

thing. However, there are some neutral and positive sarcastic tweets, which could be

due to the highly subjective nature of sarcasm. In addition, this could be attributed

to the fact that some other metaphoric or figurative expressions might fall under the

sarcasm definition. An example of that is understatement, where a person describes

a good thing using negative terms such as “This was an extremely hard exam”. This
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phenomenon is demonstrated in example 2 in Table 3.4, where the speaker is bragging
about his success in being a presenter, and he mentions that this had happened because
his mother wished him to be embarrassed and looked at as a weird person.

Table 3.4 provides examples of sarcastic tweets from different dialects along with
their sentiment. Those examples show some aspects of the sarcasm nature, such as
referencing real world items or figures. The examples show how challenging sarcasm
can be, as some of them are expressed using positive expressions, yet having negative
sentiment and vice versa. This, in turn, makes it extremely challenging for an SA
system to analyse such examples, which urges the need for sarcasm detection systems.
They also show that sarcasm relies heavily on world knowledge and context; thus

incorporating such information is necessary to correctly identify sarcasm.

Positive, 52, 3%

Neutral, 150, 9%

Negative, 1480,
88%

Figure 3.2: Sentiment distribution over the sarcastic tweets.

3.3.3 Annotation Subjectivity

We also studied the difference between the original and new sentiment labels. Figure
3.3 shows how the new labels are different from the original ones, labels above the
charts are the original ones. It is clear that there is an extreme change in the labels. This
is an empirical proof of the highly subjective nature of sentiment analysis annotation.
We can see that in the case of the positive class, more the 50% of the labels have been
changed, Table 3.5 provides examples of these cases. From the table, it is noticeable
that these cases can be attributed to different reasons. For example, in the second tweet,
the original annotator failed to perceive the sarcasm intended by the author. This can be

due to either a misunderstanding of the intentions or a mismatch between the author’s
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ID Tweet Sentiment Dialect

i S 01 3] i R Ban 3 U258 Raus O wdie] ciss
LT: I was thinking that Google Translate is bad, till I tried Bing.

Negative =~ MSA

Google is Mr. Translation.

IM: Bing Translate is bad, Google’s is better.

é*bcﬁe@)cjjgﬁdléjh@abijlﬁ.\auégﬁig}@b‘j
&Mgﬁ.ﬂ.\bm)ﬁ\é‘gﬁ.\}

LT: it is clear that my mother was mad at me and wished that I get

Positive Egyptian

embarrassed and looked at by people, Now I am a TV presenter.
IM: I am a famous TV presenter.
a2 53 Cdio g Lad QL e A 3 5 iy s 0 slod) Slibally
1958 Y 795 5Sa5 J9a3 al ydeall Cumd o1 yond

LT: when it is summer, no one suggests going to Lebanon. Now, when

Negative Levantine

it is below zero, my mother considers going there. No, thanks.
IM: I don’t want to go to Lebanon in the cold winter.
90 F9 ol Ol pelod 93 p HY OLS omwlly Gude otl ulid
Gy ol
LT: we should have explained for those who believe in magic that

Negative Gulf

Harry Potter is not a documentary.

IM: those who believe in magic, truly think that Harry Potter is real.

Table 3.4: Examples of some sarcastic tweets from different dialects. LT stands for

literal translation. IM stands for intended meaning.

intention and the annotator’s preference. The other reason that might have caused the
labels to change is the different perspectives that a text can be looked at from. For
example, some annotators might annotate news as neutral, considering the view of the
news agency, while others might reflect their own preferences. The same thing occurs
if the text is about two conflicting parties, where the annotators are likely to take one
side. In addition to that, the available Arabic SA datasets are highly political and they
contain different dividing topics. Having all of these factors together would result in
the high presence of the annotator’s biases and personal views.

Moreover, in the case of most sentiment and sarcasm datasets, they were anno-
tated using crowd-sourcing platforms. These platforms provide multiple annotations
for each data point, but they do not ensure having the same annotators to annotate all
the data. This would provide inconsistent labels for the subjective text, where different
conflicting biases are reflected on the assigned label. Thus, having multiple people an-

notating a dataset would probably give conflicting labels for different related instances
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NEUTRAL NEGATIVE
Positive
2%

POSITIVE  \oootive

4%

9% Negative
18%

Positive
49%

Negative
67%

Neutral
73%

Figure 3.3: The change in sentiment labels between the original and new annotation.

The labels above the charts are the original labels.

within the data. These phenomena impose challenges for sentiment analysis systems,

since the boundaries between the labels are not clear.

Based on the previous statistics and examples, we can see that the current annota-
tion schemes and procedures are not robust enough against bias, and they do not ensure
consistency among different annotators. In addition, the current approach of consid-
ering sarcasm as a binary text classification problem is not precise. Sarcasm is highly
related to the context, cultural background, world knowledge and personal traits of its
author. We believe that more sophisticated data collection and annotation approaches

should be used to have a proper computational representation of sarcasm.

ID Tweet Original label New label

1 s il mh guwela g Jof (udlS o g Positive Neutral
Google is competing Apple and Samsung with a new phone

2 UL ggdims Loy w Ve o g Soude & g e Positive Negative
Congratulations on Windows 10, God keeeeep it for you

3 e O Al ladie (il Neutral Negative
Shame, they are playing a Justin Bieber song

4 A b Ol g O8I (B ST uas e 3 plw Neutral Positive
Sir, we will respond to you soon

5 V Ogaal (o2 dudas USde . Sooedl Gle i dacw Negative Neutral
Apple’s reputation is on tI;e line ... A real problem in iPhone 7

6 2>l g 7 sl 9d ghs LB udls Negative Positive
Deceitful weather, they say it will snow and it is warm

Table 3.5: Examples of some tweets that have their labels changed.
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3.4 Effect of Sarcasm on Sentiment Analysis

To better understand how sarcasm can be disruptive for SA systems, we conducted an
experiment on the newly annotated data. This was done through comparing the per-
formance of an available SA system on both sarcastic and non-sarcastic tweets. In this
experiment, we used Mazajak (Abu Farha and Magdy, 2019), an online Arabic senti-
ment analyser. In order to have an informative comparison, we separated the dataset
into two sets, sarcastic (1,682) and non-sarcastic (8,865). The performance was com-
pared using the original and new sentiment labels. Table 3.6 shows the achieved macro
Fl-score. It is clear that there is a gap between the performance on sarcastic and non-
sarcastic tweets. Mazajak achieved F1-scores of 0.43 (new labels) and 0.44 (original
labels) on sarcastic tweets, and F1-scores of 0.64 (new labels) and 0.61 (original labels)
on the non-sarcastic ones.

Although Mazajak was trained on samples from the same dataset, the results on
the sarcastic tweets are much lower than those on the non-sarcastic ones. The low
performance on the sarcastic tweets indicates that SA systems rely mostly on the sur-
face sentiment expressed by the words. This, in turn, means that sarcasm, which is an

indirect implicit expression tool, is a major challenge for SA systems.

Set F-score (new) F-score (original)
Sarcastic 0.43 0.44
Non-Sarcastic 0.64 0.61

Table 3.6: Mazajak’s performance on sarcastic and non-sarcastic tweets. The refer-

ences are the original and the new sentiment labels.

3.5 Arabic Sarcasm Shared Task

In this section, we provide the details of our sarcasm and sentiment detection in Arabic
shared task, which is co-organised with the WANLP 2021 workshop on Arabic NLP.
The goal of the shared task is to provide resources and encourage researchers to work
on Arabic sarcasm detection. The shared task has two subtasks, sarcasm detection
(subtask 1) and sentiment analysis (subtask 2). We provided the participant with a

new dataset (ArSarcasm-v2), which is publicly available*. The dataset is annotated

4 ArSarcasm-v2 is available at: http://github.com/iabufarha/ArSarcasm-v2
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for sarcasm, sentiment and dialect. We received 27 submissions for subtask 1 and 22
submissions for subtask 2. This section provides an overview of the shared task and

the achieved results by the participants along with their approaches.

3.5.1 ArSarcasm-v2 Dataset

The shared task utilises the ArSarcasm-v2 dataset, which is an extension of the original
ArSarcasm dataset proposed in Section 3.2. The main reason to create this dataset and
extend ArSarcasm is that ArSarcasm was publicly available and we needed to prepare

a new test set. Hence, we utilised ArSarcasm to create ArSarcasm-v?2.

Resources

ArSarcasm-v2 uses the whole original ArSarcasm dataset as part of its training data.
The original ArSarcasm consists of 10,547 tweets, 1,682 of which are sarcastic. Addi-
tional sarcastic tweets are added to the ArSarcasm-v2 dataset from the DAICT dataset
(Abbes et al., 2020), which represents a corpus of ironic/sarcastic tweets. DAICT con-
tains 5,358 tweets, 4,809 of which are ironic/sarcastic.

Since the goal is to extend the larger ArSarcasm, and because DAICT is mostly sar-
castic, a new set of random tweets were collected over the period November-December
2020. The tweets were collected using the Twitter streaming API with the language
filter set to Arabic (“lang:ar”). Since sarcasm is usually present in a small percentage,

the new tweets were used to balance out DAICT.

Annotation

For the annotation process, we used Appen® crowd-sourcing platform. ArSarcasm
represents the majority portion of ArSarcasm-v2. Thus, the goal was to annotate the
new portions to have similar labels to ArSarcasm. Additionally, DAICT was only
annotated for sarcasm/irony; thus a new annotation was needed. To ensure consistency
with ArSarcasm, we followed the same procedure and used the same guidelines to
annotate the new portions.

Since DAICT is only annotated for sarcasm/irony, it was used as a pool of sarcastic
examples which were balanced with the set of random Arabic tweets. A new set of
5,000 tweets, 2,500 of which are from DAICT, were annotated. The annotators were

asked to provide three labels for each tweet as the following:

>https://www.appen.com/
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Dialect Sarcastic Non-Sarcastic | Negative Positive Neutral | Total
MSA 1,523 9,362 3,986 1,890 5,009 | 10,885
Egyptian/Nile 1,085 1,896 1,564 524 893 2,981
Gulf 214 752 411 192 363 966
Levantine 152 519 312 143 216 671
Maghrebi 15 30 25 6 14 45
Total 2,989 12,559 6,298 2,755 6,495 | 15,548

Table 3.7: Statistics of ArSarcasm-v2 dataset showing the distribution of sarcasm and

sentiment over the dialects.

e Sarcasm: sarcastic or non-sarcastic.
* Sentiment: positive, negative or neutral.

* Dialect: Egyptian (Nile Basin), Gulf, Levantine, Maghrebi or Modern Standard
Arabic (MSA).

Only annotators of Arab origin were allowed to participate. This was verified
through their profile (usage of the Arabic language). Each tweet was annotated by
at least three different annotators. The quality of annotation was monitored using a
set of 100 hidden test questions that appear randomly during the task, each of those
questions has the correct label for sentiment, sarcasm and dialect. If the performance
of an annotator in these test questions drops below 80%, this annotator is eliminated,
and all the labels he/she provided are also ignored. Agreement among annotators was

78.9% for sentiment, 87.3% for sarcasm and 77.0% for dialects.

Dataset Statistics

The new ArSarcasm-v2 dataset consists of 15,548 tweets, 10,547 of them were taken
from the original ArSarcasm dataset while the rest (5,001 tweets) from DAICT and the
new collection of tweets. These additional 5,001 tweets were split into two parts: 2,001
tweets were added to the original ArSarcasm to form the set of training data of 12,548
tweets, and the remaining 3000 were used as the test set, as shown in Table 3.8. Each
tweet has three labels for sarcasm, sentiment, and dialect. Tables 3.8 and 3.7 show the
statistics of the new dataset, where we can see that 19.2% of the data is sarcastic (2,989
tweets). Also, the annotation shows that most of the data is either in MSA or Egyptian

dialect, while the Maghrebi dialect is under-represented with only 45 tweets.
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Sarcasm Sentiment
Set Total
Sarcastic Non-sarcastic | Positive Negative Neutral
Training 2,168 10,380 2,180 4,621 5,747 | 12,548
Testing 821 2,179 575 1,677 748 3,000
Total 2,989 12,559 2,577 6,298 6,495 | 15,548

Table 3.8: Statistics of training and testing sets, showing the number of examples for

both sarcasm detection and sentiment analysis tasks.

3.5.2 Shared Task Details

This section provides an overview of the shared task, the description of the subtasks

and the evaluation metrics.

3.5.3 Tasks Description

The shared task on sarcasm detection and sentiment analysis in Arabic contains two

subtasks as follows:

* Sarcasm Detection (subtask 1): the goal is to identify whether a tweet is sar-

castic or not.

* Sentiment Analysis (subtask 2): the goal is to classify the tweet to one of the

sentiment classes: positive, negative or neutral.

The data for both subtasks was provided as train/test split without a specific de-
velopment set. Table 3.8 shows the statistics of the two sets. The training set consists
of 12,548 tweets, while the testing set consists of 3,000 tweets. The participants had

access to the tweets’ text and the dialect label during the testing phase of the task.

Evaluation Metrics

The main evaluation metric for subtask 1 (sarcasm detection) is the F1-score of the sar-
castic class only (Flsarcamc), since it is the main class to be detected. Sarcasm is usually
present in small percentages in the data, thus the task is an imbalanced classification

task. Ffarcasric is calculated using the following equation:

i Psarcastic . Rsarcastic
Fsarcastic _ o |

1 - Psarcastic + Rsarcastic ’

(3.1)

Where psarcastic gsarcasiic gre the precision and recall with respect to the sarcastic class.
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Team Affiliation of the first author Subtask(s)
AlMTechnologies A.IM Technologies 1,2
ALI-B2B-AI Alibaba Group, China 1,2
ArabicProcessors (Gaanoun and Benelallam, 2021) INSEA, Morocco 1,2
BhamNLP (Alharbi and Lee, 2021) University of Birmingham, King Abdulaziz University 1,2
CS-UMG6P (El Mahdaouy et al., 2021) Mohammed VI Polytechnic University, Morocco 1,2
DeepBlueAl (Song et al., 2021) DeepBlue Technology (Shanghai) Co., Ltd, China 1,2
DM-JUST(dalya) (Faraj et al., 2021) Jordan University of Science and Technology, Jordan 1
Fatemah (Faraj et al., 2021) Kuwait University, Kuwait 1,2
iCompass (Naski et al., 2021) iCompass, Tunisia 1,2
IDC (Israeli et al., 2021) The Data Science Institute, Interdisciplinary Center, Israel 1,2
ITAM University Mohamed First, Oujda, Morocco 1,2
Juha (Abuzayed and Al-Khalifa, 2021) iWAN research group, Saudi Arabia 1,2
Laila & Daliyah (Laila) (Bashmal and AlZeer, 2021) King Saud University, Saudi Arabia 1
Naglaa Abdelhade (Naglaa) Assiut university, Egypt 2
NAYEL (Nayel et al., 2021) Benha University, Egypt 1,2
Phonemer (Wadhawan, 2021) Flipkart Private Limited 1,2
rematchka (Abdel-Salam, 2021) Computer Engineering, Cairo University, Egypt 1,2
SalamBERT (Husain and Uzuner, 2021) Kuwait University, Kuwait 1,2
Serpente (Ghoul and Lejeune, 2021) Sorbonne University, France 1,2
SpeechTrans (Lichouri et al., 2021) CRSTDLA Research Center, Algeria 1,2
SPPU_AASM (Hengle et al., 2021) Pune University, India 1,2
ZTeam (Elgabry et al., 2021) Helwan University, Egypt 1,2

Table 3.9: The list of participating teams who provided their affiliation details.

For the sentiment analysis, the macro Fl-score over the positive and negative
classes was used (FIP N). Tt is worth noting that the neutral class is excluded from
the metric calculation and not the whole task. Thus misclassified neutral tweets will
lead to the increase of false positives for the positive or negative class, and thus should
lead to the reduction of the F1P N value. This metric is the main adopted measure in mul-
tiple sentiment analysis shared tasks in different languages (Kiritchenko et al., 2016;
Rosenthal et al., 2017). FIP N is calculated using the following equation:

1
F™ =S (R + ), (3.2)

Where F' | F, IN are the F7 with respect to the positive and negative classes respectively,

while the neutral class is ignored.

Participating Teams

The shared task saw the participation of 30 unique teams. The sarcasm detection task
(subtask 1) received 27 submissions, while the sentiment analysis task (subtask 2)
received 22 submissions. Table 3.9 shows the list of the participating teams and their

affiliations
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Shared Task Results

Tables 3.10 and 3.11 show the results of both subtask 1 and subtask 2 respectively. The
results are sorted in descending order based on the official metric of the corresponding
subtask, where F farcamc and F lP N are the official metrics for subtask 1 and subtask 2
respectively. For each team, only the last submission was considered for the leader-
board. For subtask 1 (sarcasm detection), BhamNLP (Alharbi and Lee, 2021) achieved
first place with an FlsamIStiC of 0.6225. For subtask 2 (sentiment analysis), CS-UM6P
(El Mahdaouy et al., 2021) team achieved first place with an F{"™ of 0.748.

Approaches by Top Submissions

The participating teams used a variety of approaches for both subtasks. Most of the
teams used pre-trained language models such as AraBERT (Antoun et al., 2020) and
MARBERT (Abdul-Mageed et al., 2021a). A few of the participants used deep learn-
ing and conventional machine learning approaches. All the teams, that are participating

in the two subtasks, used the same architecture for both tasks.

For the sarcasm detection task, BhamNLP (Alharbi and Lee, 2021) team was ranked
first with an Ffarca“ic of 0.6225. In their approach, they used a multi-task learning
architecture that is trained for sarcasm and sentiment classification. The model is
based on both MARBERT and a CNN-LSTM model, where the output of each of
these models is concatenated and fed to the final output layer. The CNN-LSTM used
both word and character embeddings. The second place (SPPU-AASM) (Hengle et al.,
2021) used an ensemble of AraBERT and CNN-BiLSTM model, which achieved an
FlsarcaStiC of 0.614. The third place (DeepBlueAT) (Song et al., 2021) used an ensemble
of AraBERT and XLLM-R, which achieved an FfarcaSﬁC of 0.6127.

For the sentiment analysis task, CS-UM6P team (El Mahdaouy et al., 2021) was
ranked first with an Flp N of 0.748. Their model is based on MARBERT-based Multi-
Task Learning with task attention interaction layer for sarcasm and sentiment detec-
tion. The model used MARBERT as an encoder to produce sentence embeddings.
Those embeddings are fed into separate attention and output layers specific to each
task. The second place was DeepBlueAI (Song et al., 2021) with an F{V of 0.7392.
They used a similar architecture to the one used for sarcasm detection. The third place
was rematchka (Abdel-Salam, 2021), who fine-tuned MARBERT for sentiment clas-

sification and achieved an F{"™ of 0.7321.
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Rank Team Fls"‘m‘Stic Accuracy Macro-F1 Precision Recall
1 BhamNLP 0.6225 0.7700 0.7286 0.7193  0.7460
2 SPPU-AASM 0.6140 0.7410 0.7096 0.7031  0.7447
3 DeepBlueAl 0.6127 0.7830 0.7310 0.7279  0.7345
4 CS-UM6P 0.6000 0.7680 0.7183 0.7122  0.7268
5 dalya 0.5989 0.7830 0.7251 0.7268  0.7235
6 Laila 0.5968 0.7063 0.6829 0.6874  0.7337
7 Phonemer 0.5872 0.7830 0.7200 0.7264  0.7147
8 AlMTechnolgies  0.5852 0.7467 0.7014 0.6934  0.7174
9 IDC 0.5677 0.7670 0.7041 0.7062  0.7022
10 rematchka 0.5662 0.7803 0.7095 0.7231  0.7004
11 UBC 0.5468 0.7723 0.6974 0.7119  0.6880
12 SalamBERT 0.5348 0.7727 0.6922 0.7128  0.6807
13 Juha 0.5191 0.6980 0.6495 0.6443  0.6661
14  ZTeam 0.5189 0.7533 0.6765 0.6858  0.6700
15  ALI-B2B-Al 0.5139 0.7617 0.6780 0.6965  0.6678
16  ArabicProcessors  0.5086 0.7797 0.6833 0.7296  0.6665
17 MMFOUAD 0.5056 0.6917 0.6408 0.6360  0.6557
18  Fatemah 0.5041 0.7607 0.6732 0.6950  0.6622
19  Kalawy 0.4870 0.7247 0.6494 0.6514  0.6476

20  rehab88 0.4870 0.7247 0.6494 0.6514  0.6476
21 iCompass 0.4860 0.7730 0.6702 0.7195  0.6543
22 Serpente 0.4109 0.7630 0.6313 0.7116  0.6194
23 SpeechTrans 0.3371 0.7287 0.5833 0.6359  0.5802
24 AhmedAbdou 0.2542 0.7340 0.5462 0.6486  0.5569
25 ITAM 0.2509 0.7253 0.5414 0.6218  0.5517
26 NAYEL 0.2440 0.7460 0.5457 0.7048  0.5602
27  rematchka 0.1657 0.7047 0.4932 0.5497  0.5185

Table 3.10: Results achieved by participants in subtask 1 (sarcasm detection). The

main metric is the F1-score of the sarcastic class (FSaastc),
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Rank Team FPN' Accuracy Macro-F1 Precision Recall
1 CS-UM6P 0.7480  0.7107 0.6625 0.6660  0.6713
2 DeepBlueAl 0.7392  0.7037 0.6570 0.6591 0.6714
3 rematchka 0.7321 0.6957 0.6587 0.6498  0.6748
4 Phonemer 0.7255 0.6983 0.6531 0.6515 0.6623
5 IDC 0.7190  0.6923 0.6446 0.6429  0.6582
6 ArabicProcessors 0.7145  0.6817 0.6439 0.6362  0.6693
7 Juha 0.7139  0.6853 0.6297 0.6362  0.6513
8 iCompass 0.7085  0.6743 0.6423 0.6393  0.6488
9 UBC 0.7081 0.6760 0.6346 0.6274  0.6452
10 SPPU-AASM 0.7073 0.6840 0.6232 0.6421 0.6388
11 BhamNLP 0.7014  0.6753 0.6296 0.6287  0.6570
12 Fatemah 0.6877 0.6630 0.6210 0.6136  0.6318
13 AlMTechnolgies 0.6850  0.6677 0.6236 0.6213  0.6263
14  ALI-B2B-Al 0.6556  0.6333 0.5955 0.5873  0.6159
15 Serpente 0.6506  0.6473 0.5784 0.5899  0.5710
16 SalamBERT 0.6259  0.6073 0.5635 0.5580 0.5813
17 ZTeam 0.6241 0.6053 0.5545 0.5578  0.5786
18 NAYEL 0.5936  0.5980 0.5291 0.5434  0.5207
19 SpeechTrans 0.5787 0.5923 0.5222 0.5321 0.5161
20  Naglaa 0.5638 0.5793 0.5158 0.5646  0.5068
21 GOF 0.4288 0.5147 0.4275 0.5764  0.4546
22  ITAM 0.3845  0.5293 0.3768 0.4054  0.3983

Table 3.11: Results achieved by participants in subtask 2 (sentiment analysis). The
main metric is the macro average of the F1-scores of the positive and negative classes
(F™).
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Other Interesting Approaches

Husain and Uzuner (2021) built their model on the hypothesis that tweets with negative
sentiment and tweets with sarcasm content are more likely to have offensive content.
Thus, they pre-trained AraBERT (Antoun et al., 2020) on offensive language data then
fine-tuned it for the target task. Israeli et al. (2021) filtered the data through down-
sampling the non-sarcastic class. Their hypothesis is that the test set would be similar
to the extra portions added to the original ArSarcasm. Thus, for both ArSarcasm and
the added tweets, they built a topic model for each dialect and removed irrelevant
topics from ArSarcasm. Additionally, they utilised a language model to augment the
data with new sarcastic examples. The augmentation was done through replacing and
adding new words. Finally, they fine-tuned MARBERT model (Abdul-Mageed et al.,
2021a) for each dialect. Other participants used BERT models in different ways. The
majority of the participants used ensemble methods, where they combined BERT-based
models with other models. While most participants used the same architecture for both
tasks, some participants relied on multi-task learning to train the model on both tasks
simultaneously, such as in (Alharbi and Lee, 2021; El Mahdaouy et al., 2021).

3.5.4 Discussion

The shared task results presented in this section show that the performance on sarcasm
detection is relatively low. This shows that the sarcasm detection task is challenging
and that further work needs to be done. A general theme that can be observed is
that transformer-based models achieved the highest results, especially Arabic-specific
ones. This can be attributed to their ability to better represent and capture the meaning
of words within a specific context. Conventional machine learning models with hand-
engineered features achieved extremely low results. This matches the intuition that

sarcasm is mostly about the meaning, which cannot be captured by surface features.

3.6 Summary

This chapter provides an overview of our effort to create an Arabic sarcasm dataset and
answer the question “RQ3: How to collect and reliably annotate a dataset for Arabic
sarcasm detection?”. We presented ArSarcasm, the first publicly available Arabic
sarcasm dataset, which was created through the re-annotation of available Arabic sen-

timent datasets. The new dataset contains sarcasm, sentiment and dialect labels. The
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analysis shows that sarcasm is highly prominent in sentiment datasets, with 16% of
them being sarcastic which answers “RQ1: Is sarcasm used across Arabic social me-
dia? If so, how prominent is it?”. We also show the highly subjective nature of such
datasets, which was demonstrated by the change in sentiment labels in the new anno-
tation. To answer “RQ2: How does sarcasm affect the performance of sentiment anal-
ysers?”, we tested an off-the-shelf sentiment analyser on sarcastic and non-sarcastic
tweets. The results on the sarcastic tweets were lower than those on non-sarcastic ones,
which shows that sarcasm is disruptive for sentiment analysers. Additionally, we pro-
vided an overview of the shared task on sarcasm and sentiment detection in Arabic.
The shared task utilised ArSarcasm-v2 dataset, which is an extension of ArSarcasm.
The next chapter discusses our effort to create another type of sarcasm dataset,
intended sarcasm. It provides the details of the dataset and the shared task it accompa-

nied.






Chapter 4
Intended Sarcasm Dataset

In Chapter 3, we provided the details of how we created an Arabic sarcasm dataset
through manual labelling and we showed that sarcasm is present in sentiment datasets
and that it can be disruptive for sentiment analysers. This chapter continues our effort
in the preceding chapter to answer the third research question “RQ3: How to collect
and reliably annotate a dataset for Arabic sarcasm detection?”. In this chapter, we
provide an overview of approaches used to create sarcasm datasets, such as distant
supervision and manual labelling. We highlight the issues with these approaches and
how they only capture perceived sarcasm. We propose a new data collection method
to create datasets for intended sarcasm. We also organise a shared task on intended
sarcasm detection that utilises the new data. The shared task saw the participation
of many teams, which enriches the literature with various intended sarcasm detection
models and approaches. This chapter is based on our work (Abu Farha et al., 2022a):

* Ibrahim Abu Farha, Silviu Vlad Oprea, Steven Wilson, and Walid Magdy. 2022.

SemEval-2022 Task 6: iSarcasmEval, Intended Sarcasm Detection in English
and Arabic. In Proceedings of the 16th International Workshop on Semantic
Evaluation (SemEval-2022), pages 802-814, Seattle, United States. Association

for Computational Linguistics.

4.1 Overview

Most previous textual sarcasm detection datasets have been annotated using a distant
supervision method. In this approach, texts are considered sarcastic if they meet pre-
defined criteria, such as including specific tags (e.g. #sarcasm, #irony) (Ptacek et al.,

2014; Khodak et al., 2018), or being generated by specific accounts (Barbieri et al.,

53
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2014a). However, this can lead to noisy labels for several reasons. First, the tags may
not mark sarcasm, but may constitute the subject or object of conversation, e.g. “there
is so much #sarcasm around!”. Second, the assumption that certain tags always appear
in conjunction with sarcasm, or that certain accounts always generate sarcasm (Barbi-
eri et al., 2014a), could lead to further false positives. Third, considering those texts
that do not meet the criteria as non-sarcastic is a strong assumption that can lead to

false negatives.

Due to the issues outlined above, other work has relied on manual labelling, where
sarcasm labels are provided by human annotators (Filatova, 2012; Riloff et al., 2013;
Abercrombie and Hovy, 2016). As such, the labels represent annotator perception,
which may actually differ from author intention. Annotators might lack awareness
of the contextual devices that, as linguistic studies suggest (Grice, 1975; Sperber and
Wilson, 1981; Utsumi, 2000), could be essential for clarifying the sarcastic intention

of the authors.

Previous work on sarcasm detection (Van Hee et al., 2018; Ghanem et al., 2019;
Ghosh et al., 2020) present datasets annotated via the two methods discussed above.
The potential noisy labels that these methods can produce give us reason to be con-
cerned about the effectiveness of models that were trained on such datasets. Recently,
Shmueli et al. (2020) proposed a third method, reactive supervision, which aims to
collect sarcastic examples based on the conversation dynamics, addressing some of
these issues by using statements such as “I was being sarcastic” to automatically label
texts. However, this method relies on specific cues of sarcasm which may lead to a

sample that is biased toward more confusing examples that required clarification.

Further, the vast majority of sarcasm detection work (Campbell and Katz, 2012;
Riloff et al., 2013; Wallace et al., 2015; Rajadesingan et al., 2015; Bamman and Smith,
2015; Joshi et al., 2016b; Amir et al., 2016; Hazarika et al., 2018; Oprea and Magdy,
2019) has focused exclusively on the English language and, due to the sociocultural
aspects of sarcastic communication (Oprea and Magdy, 2020b), it is unclear if models
trained on English could generalise to other languages. To our knowledge, the small
amount of work on other languages such as Arabic (Karoui et al., 2017; Ghanem et al.,
2019; Abbes et al., 2020) relies on either manual labelling or distant supervision. Rep-
resentative of distant supervision is the work of Karoui et al. (2017), who consider
Arabic equivalents of #sarcasm, such as #4a y3ww, #5 y3nws, and #z| jgiwl, to collect
sarcastic tweets. Other work, (Abbes et al., 2020; Ghanem et al., 2019), used either

manual labelling, or a mix between manual labelling and distant supervision. When
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working with Arabic data, these two labelling methods are even more problematic con-
sidering the large number of dialects of the language that vary both across and within
countries. Relying on predefined tags in modern standard Arabic (MSA), such as those
specified above, can thus lead to a plethora of false negatives. Similarly, the third-party
annotators might be unfamiliar with the dialect of the texts they are annotating, result-

ing in erroneous manual labels.

4.2 Dataset

4.2.1 Overview

In light of the issues raised in the previous section and the analysis provided in (Oprea
and Magdy, 2020a), we propose iSarcasmEval shared task for sarcasm detection. We
introduce a new data collection method where the sarcasm labels for texts are provided
by the authors themselves, thus eliminating labelling proxies (in the form of prede-
fined tags or third-party annotators). For each sarcastic text, we also ask its author to
rephrase the text to convey the same intended message without using sarcasm. We also

include the dialect label of the text.

4.2.2 Data Collection

To collect sarcastic texts, we used the Appen crowdsourcing platform' to recruit na-
tive Arabic speakers, and we asked the participants to write a short sarcastic text on the
spot. Through a pilot study, we found this on-the-spot generation approach to result in
high-quality data. Figure 4.1 shows the form we used for data collection. Appendix B
includes the instructions and examples used. We asked the participants to provide the
following fields:
* Sarcastic text: text provided by the participant using sarcastic phrasing of the
sentence.
* Non-sarcastic (direct) rephrase: text provided by the participant using explicit
phrases.
 Sarcastic phrase: the portion of text where sarcasm is mainly expressed.

» Explanation: an explanation of why the author considers the text to be sarcastic.

Uhttps://appen.com
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Sarcastic text ol
Direct text 3 yiilao 48y oy aul
Sarcastic phrase(s) Al syl
Explanation s gill
Sentiment sine i @ wilss wala el gLkl
Topic A @ TG o Al Foreflover £ 9598
saadll aaglll
Q & s
Dialect et
@oall Ll
JJM):\EO
Country @ sume,e Ugall
Gender @ dame e | uiadl
Age u Jdxa yub saxdl

Figure 4.1: A screenshot of the data collection form.

* Sentiment: sentiment expressed in the original sarcastic text (Positive, Negative,
Neutral).

* Topic: nature of the topic discussed in the text (Politics, Sports, Celebrities,
Joke).

* Dialect: dialect used to express the previous phrases. We used the following cat-
egories: Levant (Palestine, Syria, Lebanon, Jordan), Gulf (Saudi Arabia, Yemen,
UAE, Kuwait, Iraq, Bahrain, Qatar), Nile Basin (Egypt and Sudan), Maghreb
(Libya, Tunisia, Algeria, Morocco).

We also gave the option to provide age and gender, which might help in conducting
more detailed studies on sarcasm and its use among different age groups and genders.
In order to allow for variations, each participant was asked to provide five sentences
along with the other details. Also, each participant was allowed twice in each data
collection round. All the measurements were taken to eliminate any self-identifying
information about the participants. Table 4.1 shows examples of sarcastic sentences,
their non-sarcastic rephrase, and an explanation of the expressed sarcasm. The pro-
vided explanation field helped us understand the author’s intentions as it explains why

the author assumes the sentence to be sarcastic. This was crucial when checking the
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quality of the collected data and helped filter out noisy examples.

However, this methodology only provided us with sarcastic examples. As non-
sarcastic examples, we used a subset of the ArSarcasm-v2 dataset, mainly those tweets
that were annotated as non-sarcastic with 100% confidence, i.e. labelled non-sarcastic

by all annotators.

Sarcastic text Non-sarcastic rephrase Explanation

e G pasdd) (o A3y
S 98 dwdy ,ald e by Ao pou0) 2as g 593t
(He thinks he is strong) Ola Sl

Leud ol g dwid Lnals
ola Sl

(He is pretending to be Jacki Chan)
(sarcasm of the person who

pretends to be strong like Jacki

Chan)
Mp%ﬁ&»!jj.\&e) . » R 9B d>ue 9 spw Houd g pllad
Lowls s‘;“d._éadu'albajj.\.‘:ﬁﬁ = 5 s \
N * (Windows is a bad OS)
1ndows 1S the best on eart 1NAdows 18 a ba and praising
(Wind is the best OS h) (Wind: is a bad OS and praisi

it is sarcasm)

Table 4.1: Examples of sarcastic sentences from our dataset along with the rephrase
that authors gave that convey the same meaning non-sarcastically and their explanation

of why their sentence is sarcastic.

4.2.3 Quality Control

The data collection was run multiple times during a period of 8 months. In this stage,
we managed to collect around 2,000 sarcastic sentences. During the data collection, to
minimise the probability of receiving random data, we conducted the following:

* Checking that the provided text in all the fields is in Arabic.

* Checking for redundancy and overlap with already-available entries.

* Checking that none of the fields is repeated.

» Checking if the entered text contains correct Arabic words, this is done through
matching with a dictionary of the most common 1M words extracted from 250M
tweets.

* Checking if the sarcastic phrase is a part of the original text.

* Checking for a minimum similarity between the original sarcastic text and its
non-sarcastic (direct) counterpart.

* Checking for a minimum length for the text fields.

» Each participant is allowed to provide a maximum of 2 short sentences (less than
6 words).
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After manual inspection of the collected texts, we noticed that a large portion of
them was not truly sarcastic, or that the non-sarcastic phrasing was not informative.
In order to filter out such examples and guarantee the data quality, we hired a native
speaker for each of the available dialects. Each annotator was tasked to utilise the

available explanation to conduct the following :

Filtering out sentences that are clearly non-sarcastic or uninformative.

Identifying nonidentical rephrases and duplicates.

Minimally correcting misspellings. This applies to similarly shaped letters that
are adjacent in keyboard layouts, such as (<@, 3) and (——, —).
* Improving or providing the non-sarcastic rephrase. This is because some partic-

ipants provided single-word rephrases for their sentences.

After this filtration process, we ended up with around 1,300 sarcastic sentences.
Since the data was used for a shared task and to maintain consistency with the size
of the English dataset, we did not publish the complete dataset. The statistics in the

following sections represent the portion of the data used for iSarcasmEval shared task.

4.2.4 Limitations

Since sarcasm is used in a conversational setting, asking participants to provide text
on-the-spot eliminates the conversational aspect. Thus, the collected data are sen-
tences that are sarcastic in a scenario assumed/imagined by the participant. Hence,
the definition of sarcasm is fluid and depends on the participant’s point of view and
assumed scenario. Due to the lack of a conversational aspect and since the author is
the only person participating in the assumed scenario, this would make the provided
sentences more personal and require more context to understand them. While sarcasm
used on social media or in a conversation is meant to be understood by others, which
would make its nature different from the on-the-spot (first-party) one. Additionally, in
the case of third-party annotated data, the annotation process, in a way, asks the anno-
tator whether they can imagine a scenario where the sentence is sarcastic. In the case
of first-party annotation, the annotator would probably imagine the scenario and then
provide the sentence. This distinction leads to slight differences in what the sarcasm

label means, which should be investigated in future work.
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4.3 iSarcasmEval Details

The new dataset was used to organise a SemEval shared task on intended sarcasm
detection, namely iSarcasmEval (Abu Farha et al., 2022a). The shared task targeted
both Arabic and English. In the following sections, we only focus on the Arabic part

of the task.

4.3.1 Task Description

The shared task contains the following subtasks:

¢ Subtask A - Sarcasm Detection: Given a text, determine whether it is sarcastic
or non-sarcastic;

* Subtask B (English only) - Sarcasm Category Classification: Given a text,
determine which ironic speech categories it belongs to, if any;

* Subtask C - Pairwise Sarcasm Identification: Given a sarcastic text and its
non-sarcastic rephrase, i.e. two texts that convey the same meaning, determine
which is the sarcastic one.

Subtasks A and C are suggested for both languages. Subtask B is only suggested for

English, as we only have ironic speech category labels for English texts.

4.3.2 iSarcasmEval Arabic Dataset

For the shared task, we only use sarcastic and non-sarcastic rephrases. The dataset is
provided as a list of texts. Each text is accompanied by a sarcasm label, indicating
whether or not it is sarcastic. For sarcastic texts, there is a rephrase that conveys
the same message non-sarcastically. We also include a label specifying the dialect.
As mentioned previously, our data collection method only provided us with sarcastic
examples. As non-sarcastic examples, we used a subset of the ArSarcasm-v2 dataset,
mainly those tweets that were annotated as non-sarcastic with 100% confidence, i.e.
labelled non-sarcastic by all annotators.

The training set contains 3,103 texts, 745 of which are sarcastic. The sarcastic text
have their non-sarcastic phrasing too. The test sets are the same size as the English test
sets for both subtasks A and C. Table 4.2 provides a summary of the Arabic dataset
splits. Table 6.7 provides the distribution of the whole dataset over the available di-
alects. It is noticeable that the majority of the sarcastic examples are in the Egyptian
dialect (Nile Basin).
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split total sarcastic non-sarcastic
train 3,103 745 2,358

test (subtask A) | 1,400 200 1,200

test (subtask C) | 400 200 200

Table 4.2: Statistics for the Arabic training set, and test sets for subtasks A and C, as

discussed in Section 4.3.2.

dialect total sarcastic non-sarcastic
MSA 2,035 82 1,953
Egyptian/Nile 2,072 827 1,245
Levantine 322 76 246

Gulf 278 36 242
Maghrebi (North Africa) | 195 124 71

Table 4.3: Distribution of the Arabic dataset over the dialects.

4.3.3 Evaluation Metrics

The main evaluation metric for subtask A is the F1-score of the sarcastic class, referred

to as Flsarca“ic. It is computed as follows:

Psarcastic . Rsarcastic

Flsarcaslic _ ( 4. 1)

Psarcastic + Rsarcastic )

Where psarcastic gsarcastic gre the precision and recall with respect to the sarcastic class,

respectively.

For subtask C, the main evaluation metric is accuracy. This is appropriate since we
have an equal number of sarcastic and non-sarcastic examples.

C
Accuracy = N 4.2)

Where C is the total number of correct predictions and N is the total number of pairs

of text.
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4.4 Participating Teams

4.4.1 Overview

The shared task saw the participation of 60 unique teams. The most popular task
was subtask A (sarcasm detection) with 43 participants for English and 32 for Arabic.
Subtask C received 16 submissions for English and 13 for Arabic. The following

sections provide an overview of the top teams’ approaches for the Arabic subtasks.

4.4.2 Subtask A (Sarcasm Detection) - Arabic

As mentioned previously, the main metric for subtask A is the F-score of the sarcastic
class. Table 4.4 shows the results for Arabic. The participating teams made extensive
use of Arabic pre-trained language models such as MARBERT (Abdul-Mageed et al.,
2021a).

As shown in the Table 4.4, the top team CS-UM6P (El Mahdaouy et al., 2022)
achieved an Ffarca“ic of 0.563. This team utilised a transformer encoder (MARBERT),
attention layer, and a classifier. They applied the attention to the contextualised embed-
dings. The classifier, which is composed of one hidden layer, is fed the concatenation
of the pooled output of the encoder and the attention’s output. The official submis-
sion was an ensemble of two variants of this model that are trained with and without
the non-sarcastic rephrasing. AlexU-AL (Lotfy et al., 2022) achieved the second place
with an Ffarca“ic of 0.508. Their model is based on fine-tuning MARBERT for text
classification.

The third team, remarchka (Abdel-Salam, 2022), also used MARBERT in a sim-
ilar way to AlexU-AL team. Their results are quite close to the other two models with
FlSalrcaStiC of 0.477. The other teams followed a similar approach where they utilise one
of the many flavours of Arabic-specific models or the multilingual ones. A few of
the participants relied on hand-engineered features along with conventional classifiers

such as SVM and Decision Trees.

4.4.3 Subtask C (Pairwise Sarcasm Identification) - Arabic

Table 4.5 shows the results of this task. The top team, Naive, achieved an accuracy
of 0.930. They utilised the model created for subtask A, where they would compare

the probabilities for each sentence and choose the one with a higher probability. Their
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r Team Name Affiliation [roarcastic
1 CS-UM6P Mohammed VI Polytechnic University, Morocco 0.563
2 AlexU-AL Alexandria University, Alexandria, Egypt 0.508
3 rematchka Cairo University, Egypt 0.477
4  HIGH-TECH Team High Technology School, Morcco 0.468
5 Naive Dalian University of Technology, China 0.461
6  akaBERT Helwan University, Egypt 0.444
7 SarcasmDet Jordan University of Science and Technology 0.431
8  Alexa Open-Insights, Tarjamah 0.420
9  X-PuDu Baidu & Shanghai Pudong Development Bank, China 0.419
10  Plumeria Indian Institute of Technology Kanpur, India 0.407
11  niksss - 0.400
12 MaChAmp IT University of Copenhagen, Denmark 0.396
13 underfined Ping An Life Insurance Company of China, China 0.378
14 BFCAI Benha University 0.375
15 AM Alexandria University,Egypt 0.369
16 cnxup University of Chinese Academy of Sciences, China 0.367
17 stce PALI Inc., China 0.367
18 NULL Auburn University, USA 0.358
19 Dartmouth Dartmouth College, USA 0.350
20 Amrita-CEN Amrita Vishwa Vidyapeetham, India 0.349
21 YNU-HPCC Yunnan University, China 0.323
22 UMUTeam Universidad de Murcia, Spain 0.318
23 connotation_clashers University of Tiibingen, Germany 0.301
24 LEV Jerusalem College of Technology, Israel 0.295
25 NARD@KGP IIT Kharagpur, India 0.281
26 JCT Jerusalem College of Technology, Israel 0.257
27 MACHON Jerusalem College of Technology, Israel 0.256
28 iaf7 - 0.229
29 TechSSN Sri Sivasubramaniya Nadar College of Engineering, India  0.229
30 Sarcastic weeps FAST NUCES LHR, Pakistan 0.192
31 MarSan_Al Part Al Research Center, Iran 0.188
32 UoR-NCL University of Reading, UK 0.115

Table 4.4: Subtask A (Arabic) results in descending order according to the main metric

(Flsa“’as‘ic). The table shows the teams’ names, rank, affiliation, and score.



4.4. Participating Teams

r Team Name Affiliation Accuracy
1 Naive Dalian University of Technology, China 0.930
2 HIGH-TECH Team High Technology School, Morocco 0.885
3 MarSan_Al Part AI Research Center, Iran 0.875
4 Plumeria Indian Institute of Technology Kanpur, India 0.870
5 X-PuDu Baidu & Shanghai Pudong Development Bank, China 0.840
6  rematchka Cairo University, Egypt 0.800
7  CS-UM6P Mohammed VI Polytechnic University, Morocco 0.780
8 YNU-HPCC Yunnan University, China 0.755
9 AlexU-AL Alexandria University, Alexandria, Egypt 0.745
10 Dartmouth Dartmouth College, USA 0.680
11 NARD@KGP IIT Kharagpur, India 0.665
12 Sarcastic weeps FAST NUCES LHR, Pakistan 0.465
13 MaChAmp IT University of Copenhagen, Denmark 0.200
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Table 4.5: Subtask C (Arabic) results in descending order according to the main metric
(accuracy). The table shows the teams’ names, ranks, affiliations, and scores.

model in subtask A relied on the voting of a 5 folds cross-validation of a BERT-based
model. High-Tech team (Alami et al., 2022) achieved the second place with an ac-
curacy of 0.885. They fine-tuned AraBERT (Antoun et al., 2020) on the concatenation
of the sarcastic sentence and its non-sarcastic phrasing. The third team, MarSan_AT
(Najafi and Tavan, 2022), achieved an accuracy of 0.875. Their model consisted of a
TS5 encoder (Raffel et al., 2020a) followed by a transformer and Bi-LSTM, the out-
put of the Bi-LSTM is fed to an attention layer followed by a fully connected layer.
The final prediction is the softmax of the output from the fully connected layer. The
other teams followed the same trend where they utilised the models from subtask A for
this task. Most of these models are transformer-based models such as MARBERT and
AraBERT.

4.4.4 Discussion

The sarcasm detection results (subtasks A) match those in Section 3.5, where the top
models were transformer-based ones. However, the performance is still relatively low,
which confirms the challenging nature of the sarcasm detection task. The fact the
Arabic-specific models were better than multilingual ones indicates their better ability
to represent the meaning of sentences. Models that incorporated dialectal data, such as
AraBERT and MARBERT, achieved higher performance which can be due to the fact
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that most of the dataset is dialectal Arabic, and seeing such data during pre-training
would provide better meaning representation.

For the sarcasm identification task (subtask C), the performance is relatively higher
than the performance on sarcasm detection. The gap in performance between the two
tasks suggests that sarcasm identification (subtask C) is easier than sarcasm detection
(subtask A). This could be due to the availability of the sarcastic and non-sarcastic pairs
in subtask C, which could have provided additional signals that the models utilised to

achieve better performance.

4.5 Summary

This chapter provides an overview of our effort to create a dataset for intended sar-
casm. It adds to our effort to answer “RQ3: How to collect and reliably annotate a
dataset for Arabic sarcasm detection?”. The data was collected by asking people to
provide and label their own words as sarcastic or not, hence intended sarcasm. This
approach mitigates the issues when using other approaches. This data was used to or-
ganise SemEval-2022 task 6, iSarcasmEval. In the shared task, we introduce two new
datasets for sarcasm detection in English and Arabic. iSarcasmEval contains three
subtasks: sarcasm detection, sarcasm category classification, and pairwise sarcasm
identification. The task was quite popular with the participation of around 60 teams.
Finally, we provide a high-level overview of the approaches of top teams in each of the
subtasks.

In the next chapter, we explore the performance of state-of-the-art models on both
intended and perceived sarcasm detection tasks, using iSarcasmEval and ArSarcasm-v2

datasets respectively.



Chapter 5

Arabic Sarcasm Detection, Modelling

and Experiments

So far, in the previous chapters, we explored various approaches to create sarcasm
datasets. Some of the proposed datasets were used to organise shared tasks, which
helped bring attention to the Arabic sarcasm detection task and enrich the literature
with various detection models and analyses. In this chapter, we extend the work dis-
cussed in previous chapters and add a large set of experiments using state-of-the-art
models. We evaluate the performance of 24 models on the ArSarcasm-v2 and iSar-
casmEval datasets, thus benchmarking the models for both perceived and intended
sarcasm. In this chapter, we try to answer the fourth research question:

* RQ4: What is the performance of the existing NLP approaches on Arabic sar-

casm detection and how to improve it?

Which includes the following questions:

* RQ4.1: How do current state-of-the-art models perform on the Arabic sarcasm
detection task?

* RQ4.2: Is there a difference between the performance on perceived sarcasm
(ArSarcasm-v2) compared to intended sarcasm (iSarcasmEval)?

* RQ4.3: How can we improve the performance of sarcasm detection models?

Our results show that sarcasm detection is a challenging task, which manifested
in the low scores. However, intended sarcasm is yet more challenging with even
lower scores. Our analysis shows that models achieving the best performance are those

trained only on Arabic data that include dialectal Arabic and use a larger number of
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parameters. This chapter answers RQ4.1, RQ4.2, and partially RQ4.3. Chapter 6 in-

cludes more analyses and adds to the answer to RQ4.3. This chapter is based on our
work (Abu Farha and Magdy, 2021):

* Ibrahim Abu Farha and Walid Magdy. 2021. Benchmarking Transformer-based

Language Models for Arabic Sentiment and Sarcasm Detection. In Proceedings

of the Sixth Arabic Natural Language Processing Workshop, pages 21-31, Kyiv,

Ukraine (Virtual). Association for Computational Linguistics.

5.1 Overview

In recent years, the development of contextualised language representations led to a
revolution in the natural language process (NLP) field. Early work on representing
language started with pre-trained word representations such as Word2Vec (Mikolov
et al., 2013), GloVe (Pennington et al., 2014) and fastText (Bojanowski et al., 2017).
However, these word representations were static and did not rely on the context in
which they appear. Other works tried to address this issue with contextualised word
representations such as ELMo (Peters et al., 2018). Howard and Ruder (2018) pro-
posed ULMFiT, which is a method for transfer-learning that can be applied to any task
in NLP. The introduction of BERT (Devlin et al., 2019) revolutionised the research
on NLP. BERT is based on complicated neural network models, namely transform-
ers. The utilisation of BERT led to achieving state-of-the-art results on many NLP
tasks such as sentence completion, question answering and sentiment analysis. The
advantage of BERT and similar models is that they are pre-trained on large amounts
of data, which the model utilises to learn a representation of the language. Following
BERT, many other transformer-based language models were released such as ELEC-
TRA (Clark et al., 2020), GPT-1/2/3 (Radford et al., 2019; Brown et al., 2020) and T5
(Raffel et al., 2020b). In the context of Arabic, AraBERT (Antoun et al., 2020) was the
first Arabic-specific transformer-based language model. The introduction of AraBERT
helped improve the performance in many Arabic NLP tasks. A large set of transformer-
based Arabic language models has been released. These include BERT based models
such as the new large version of AraBERT (Antoun et al., 2020), QARiB (Chowd-
hury et al., 2020), ARBERT/MARBERT (Abdul-Mageed et al., 2021a). Also, Arabic
variants of other models were released, such as AraGPT2 (Antoun et al., 2021b), Ara-
ELECTRA (Antoun et al., 2021a) and Arabic ALBERT (KUIS-AI-Lab). These models

vary in their architectures, sizes and the nature of their training data. While most of
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these models were trained on modern standard Arabic (MSA) data; some of them, such
as MARBERT, included dialectal Arabic in their training data.

In this chapter, we thoroughly compare the effectiveness of 24 Arabic language
models for the Arabic sarcasm detection tasks, perceived and intended sarcasm. We
test these models on ArSarcasm-v2 dataset, which includes perceived sarcasm and

sentiment labels, and iSarcasmEval, which represents the intended sarcasm.

5.2 Experimental Setup

5.2.1 Datasets

In the experiments, we use ArSarcasm-v2 dataset, which was proposed in Chapter 3.
ArSarcasm-v2 contains the labels for sarcasm, sentiment, and dialect. Since the sar-
casm labels were collected from third-party annotators, the labels represent perceived
sarcasm. In the experiments, we benchmark the models for both sarcasm and sen-
timent tasks. We also use the Arabic iSarcasmEval dataset, proposed in Chapter 4.
1SarcasmEval’s labels were provided by the texts’ authors, thus representing intended

sarcasm.

5.2.2 Models

This section provides the details of the models used in the experiments. Each of these
models has been fine-tuned for sentiment classification and sarcasm detection. Fine-
tuning is done through adding a fully connected layer on top of the pre-trained model.
After that, each model is fine-tuned for the specific task. In this work, we compare the
following models:

* Bi-LSTM: a baseline model based on a BILSTM combined with Mazajak word
embeddings (Abu Farha and Magdy, 2019).

* mBERT: multilingual BERT provided by (Devlin et al., 2019). This model is
based on BERT-base architecture and was trained on data from the Wikipedia
dumps of 104 languages.

* GigaBERT: provided by (Lan et al., 2020a). The model was trained on a large
set of Arabic news articles. The training data was augmented with English trans-
lations to improve cross lingual performance.

* XLM-RoBERTa (XLM-R): multilingual extension of the original ROBERTa
model (Liu et al., 2019) provided by (Conneau et al., 2020). We use two variants
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of this model, XLM-R-base and XLM-R-large.

AraBERT: Arabic-specific BERT provided by (Antoun et al., 2020). We use all
the versions of AraBERT (v0.1/1/0.2/2). AraBERT (v0.2/2) models are trained
on more data compared to AraBERT (v0.1/1). We experiment with all the vari-
ants of these models (base and large) and the models with and without Farasa
(Abdelali et al., 2016) pre-segmentation. AraBERT (v0.1/1) was trained on
23GB of text while AraBERT (v0.2/2) was trained on 77GB of text.
AraELECTRA: Arabic-specific ELECTRA provided by (Antoun et al., 2021a).
ELECTRA contains two modules, a generator and a discriminator. Usually, the
discriminator is taken and fine-tuned for downstream tasks. In this work, we
experiment with both the generator and the discriminator. AraELECTRA was
trained on the same 77GB of text used for AraBERT.

Arabic BERT: provided by (Safaya et al., 2020). The model was trained on
95GB of text from the Arabic version of the unshuffled OSCAR corpus (Or-
tiz Sudrez et al., 2020) and the Arabic Wikipedia. The model is available in two
variants based on the number of parameters (base and large).

Arabic ALBERT: provided by (KUIS-AI-Lab). An Arabic version of ALBERT
(Lan et al., 2020b). This model was trained on data from the Arabic version
of the unshuffled OSCAR corpus (Ortiz Sudrez et al., 2020) and the Arabic
Wikipedia. There are three variants of this model based on the number of pa-
rameters (base, large, xlarge).

ARBERT/MARBERT: provided by (Abdul-Mageed et al., 2021a). These mod-
els are based on the BERT-base and trained on a set of books and news articles.
ARBERT was trained on 66GB of text only from news articles. MARBERT was
trained on a larger dataset (128GB), which consists of tweets. The variation in
MARBERT’s training data gives it the ability to better handle the variations in
dialectal Arabic, which is very useful to the tasks in this paper.

QARIB: provided by (Chowdhury et al., 2020). This model was trained on var-
ious sources of data including news articles and tweets.

AraGPT2: Arabic-specific GPT2 provided by (Antoun et al., 2021b). AraGPT2
is a stacked transformer-decoder model trained using the causal language mod-
elling objective. The model was trained on 77GB of Arabic text (same as Ara-
ELECTRA and AraBERT). AraGPT2 comes in four variants: AraGPT2-base,
AraGPT2-medium, AraGPT2-large and AraGPT2-mega. We experiment with

the base, medium and large variants.
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A summary of details about these models and their variants is shown in Table 5.1.

Model Text nature Lang Text Variant Number of
size parameters
mBERT W multi N/A - 110M
GigaBERT W,N,OC,CS Ar-En N/A - 125M
base 270M
XLM-R CC multi N/A
large 550M
base (v01) 136M
AraBERT-v1 W, N, OC Ar 23GB
base (v1)* 136M
base (v02) 136M
base (v2)* 136M
AraBERT-v2 W, N, OC Ar 77GB
large (v02) 371M
large (v2)* 371M
discriminator 135M
AraELECTRA W, N, OC Ar 77GB
generator 60M
base 110M
Arabic BERT W, OC Ar 95GB
large 340M
base
Arabic ALBERT W, OC Ar N/A large N/A
xlarge
MARBERT T 128GB - 163M
ARBERT W, N, OC,B Ar 61GB - 163M
QARiB N, T, S N/A - N/A
base 135M
AraGPT?2 W, N, OC Ar 77GB medium 370M
large 792M

Table 5.1: Summary of the details of each model. The table includes details about the

model variant, architecture, training data size, training data nature, number of parame-

ters. In text nature types are: tweets (T), Wikipedia (W), news (N), OSCAR corpus (OC),
Common Crawl (CC), subtitles (S), and books (B). (CS) stands for code-switching, and
(*) indicates that Farasa segmentation is applied to the text. Finally, (N/A) indicates that

information is not available.
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5.2.3 Hyper-parameters and evaluation

In the experiments!, we relied on the implementation provided by HuggingFace’s
Transformers library (Wolf et al., 2019). We used the provided AutoModelForSe-
quenceClassification which matches each model to the proper implementation. We
trained the models for 5 epochs with a learning rate of Se—6. The maximum se-
quence length was set to 128 tokens. For AraBERT experiments, we used the provided
pipeline, which uses Farasa (Abdelali et al., 2016) segmentation for some models. For
the BiLSTM model, we used 128 hidden units, Rectified Linear Unit (ReLU), and
Adam (Kingma and Ba, 2015) optimiser with a learning rate of 0.0001.

For evaluation, we used the official metrics used in the WANLP 2021 shared task
on sarcasm and sentiment detection in Arabic. For the sarcasm detection task, F1-score
of the sarcastic class is the main metric. For sentiment analysis, the macro average of
the F1-scores of the positive and negative classes (/) is the main metric. This metric,
FIP N has been adopted as the standard metric for sentiment classification in SemEval
tasks (Rosenthal et al., 2017).

5.3 Results

Table 5.2 shows the results achieved by all the models on iSarcasmEval and ArSarcasm-
v2 dataset. The results on the sentiment analysis task for ArSarcasm-v2 are available
in Appendix C. The first five rows include the BILSTM baseline along with the mul-
tilingual BERT models. The rest of the table contains the results achieved by Arabic-
specific language models. As can be seen in Table 5.2, the results are relatively low.
The low results show that sarcasm detection is a challenging task. When consider-
ing ArSarcasm-v2 dataset, the overall best model is MARBERT, which achieved an
Fls"jlrcaStiC of 0.584. The second best models is AraBERT-large (v02), which achieved
an FlSalrcaStiC of 0.579. The results on iSarcasmEval’s dataset are lower than those on
ArSarcasm-v2 dataset, which suggests that detecting intended sarcasm is more chal-
lenging. The best model was QARiB, which achieved an F; fama“ic of 0.540. The second
best model is MARBERT, with an F*3¢ of 0.500.

From Table 5.2, it is noticeable that the use of Arabic-specific language models pro-
vides a large boost in performance. Also, larger models tend to achieve higher results

due to their larger representational power. Additionally, the nature of the training data

' All the experiments in this work were conducted on a server machine with a 32 core CPU, 512GB
RAM and a Quadro RTX 6000 GPU (24GB GPU Memory).



5.4. Discussion 71

has a significant effect on performance. Models such as MARBERT and QARiB were
trained on a mixture of MSA and dialectal Arabic. It is noticeable that these models’
performance is better than similar or even larger models such as Arabic BERT-large
and Arabic ALBERT-large. Finally, it is clear that monolingual models achieve higher
scores than multilingual ones such as mBERT, XLM-R, and GigaBERT.

Model ArSarcasm-v2 ' iSarcasmEval .
Precision Recall F5arastic | Precision Recall —fFrareastic
BiLSTM 0.728 0.653 0.483 0.615 0.732  0.407
mBERT 0.683 0.622  0.425 0.562 0.625  0.321
GigaBERT 0.717 0.676  0.527 0.594 0.687  0.375
XLM-R-base 0.700 0.670  0.518 0.562 0.625  0.319
XLM-R-large 0.709 0.691 0.551 0.591 0.679  0.370
AraBERT-base (vO1) | 0723 0699 0565 | 059 0695 0376
AraBERT-base (v1) 0.723 0.679  0.532 0.584 0.671 0.355
AraBERT-base (v02) 0.723 0.694  0.556 0.606 0.710  0.396
AraBERT-base (v2) 0.732 0.676  0.525 0.615 0.733 0410
AraBERT-large (v02) 0.728 0.709  0.579 0.599 0.695  0.385
AraBERT-large (v2) 0.713 0.707  0.575 0.623 0.744 0427
AraELECTRA (discriminator) 0.731 0.708  0.578 0.616 0.722 0417
AraELECTRA (generator) 0.675 0.691 0.527 0.566 0.635 0.324
Arabic BERT-base 0.724 0.670  0.516 0.587 0.676  0.360
Arabic BERT-large 0.720 0.694  0.556 0.599 0.701 0.382
Arabic ALBERT-base 0.706 0.693 0.555 0.559 0.621 0.316
Arabic ALBERT-large 0.701 0.674  0.523 0.565 0.632 0.324
Arabic ALBERT-xlarge 0.705 0.678  0.530 0.585 0.674  0.357
MARBERT 0.714 0.714  0.584 0.661 0.806  0.500
ARBERT 0.729 0.709  0.578 0.595 0.692  0.377
QARIiB 0.734 0.690  0.551 0.683 0.807  0.540
AraGPT2-base 0.717 0.673 0.522 0.540 0.569  0.277
AraGPT2-medium 0.697 0.673 0.522 0.580 0.662  0.348
AraGPT2-large 0.681 0.671 0.521 0.576 0.655  0.343

Table 5.2: Results achieved by all models on ArSarcasm-v2 and iSarcasmEval

datasets. The table includes precision, recall, and F$@s gcores.

5.4 Discussion

In the previous section, we provided the results of the models on both perceived and

intended sarcasm tasks. It is worth mentioning that we tested SVM, which achieved an
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extremely low F; farcamc of 0.139 on iSarcasmEval dataset. This poor performance sug-
gests that traditional classifiers are not effective for the sarcasm detection task. Hence
we did not include it in the results or discussion. When comparing the results shown
in Table 5.2, it is noticeable that the performance on intended sarcasm (iSarcasmEval)
is lower than that on perceived sarcasm (ArSarcasm-v2). The best-performing model
on iSarcasmEval is QARiB which achieved an Ffarca“ic of 0.54. The best model on
ArSarcasm-v2 is MARBERT which achieved an F{38¢ of 0.584. The mean Farcastic
for all the models on iSarcasmEval is 0.375, while on ArSarcasm-v2 is 0.537. When
using a two-tailed ¢-test with p < 0.05, we found that the difference in performance on
the two datasets is statistically significant (p — value = 2.090 - 10~'%). This gap sug-
gests that the task of intended sarcasm detection is more challenging. This could be
because, in perceived sarcasm, the labels are provided by third-party annotators who
might have provided their labels based on some cues present in the text, which the
model could utilise. In the case of intended sarcasm, the authors provided sarcastic
sentences, which can be personal and lack contextual cues. This can also be because
the author provided the texts assuming a common context without it being directed to

a specific audience, unlike texts in ArSarcasm-v2, which are public tweets.

The results presented in this chapter aim to provide a benchmark on both datasets
and capture insights into the differences between perceived and intended sarcasm.
Hence, the results mentioned in previous chapters might be higher as the aim of the

experiments in this chapter was not to achieve state-of-the-art performance.

For perceived sarcasm (ArSarcasm-v2), when considering the results from the
shared task in Section 3.5.3, the top team (Alharbi and Lee, 2021) achieved an Ffarca“ic
of 0.6225. Their model was based on MARBERT and CNN-LSTM and trained in a
multitask setup for sarcasm and sentiment. The second (Hengle et al., 2021) and third
(Song et al., 2021) teams also used an ensemble of more than one large language model
with scores of 0.614 and 0.6127, respectively. The top model in our experiments was
MARBERT, with an FfareaSﬁC of 0.580. The utilisation of more than one model seems
to have provided additional information to the models, enabling them to achieve higher

results than only fine-tuning a language model.

When considering iSarcasmEval results presented in Section 4.4.2, the top team
(El Mahdaouy et al., 2022) achieved an FlSalrcaStiC of 0.563. Their model was an ensem-
ble of two MARBERT-based models. The second and third teams fine-tuned MAR-
BERT for classification and achieved F]S"jlrcaStiC of 0.508 and 0.447, respectively. These

results are quite close to the results MARBERT achieved in our experiment of FlSarCZlStic
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0.500. This difference could be due to different initialisation.

In both tasks, monolingual Arabic models trained on corpora containing dialectal
Arabic, such as MARBERT and QARIiB, achieved the highest results. This shows
that the proximity between the task data and the models’ pre-training data can affect
performance, which was also demonstrated by Inoue et al. (2021). Models trained
with masked language modelling (MLM), BERT variants, or replaced token detection
(RTD), ELECTRA, achieved higher scores. AraGPT?2 is trained using causal language
modelling objective, which is useful for sentence completion and language generation

tasks, but it did not perform well on the sarcasm detection task.

5.4.1 Computational Cost

The development of transformer-based language models embarked the war to develop
larger and larger models with billions of parameters. This raised the question of the
computational cost, the accessibility of such models and the time needed to train and
fine-tune them. The largest model we experimented with is AraGPT2-Mega, which
we were not able to fine-tune on the aforementioned machine due to lack of memory.
Figure 5.1 shows the time needed to fine-tune each of the models for one epoch with
the same batch size. From the figure, it is noticeable that the time is monotonically
increasing with the number of parameters within the model. AraGPT2-large (792M
parameters) is the slowest, while the fastest is Arabic ALBERT-base.

When considering both the time and performance, AraELECTRA is one of the
fastest and lightest models to fine-tune, yet it achieves results closer to other larger
models. Thus, it could be the choice when dealing with limited resources. In our
experiments, AraELECTRA achieved results closer to larger models (AraBERT-large),

while it consumes half the space in the memory and can be fine-tuned much faster.

5.5 Summary

This chapter provides a set of benchmarking experiments for state-of-the-art models
on both perceived and intended sarcasm detection tasks. To answer the fourth re-
search question, “RQ4:What is the performance of the existing NLP approaches on
Arabic sarcasm detection and how to improve it?”, we evaluate 24 state-of-the-art
models on both ArSarcasm-v2 and iSarcasmEval datasets, which represent perceived

and intended sarcasm respectively. The results on both datasets are relatively low.
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Figure 5.1: Time (in seconds) needed to fine-tune each model for one epoch for the

sarcasm detection task (ArSarcasm-v2 dataset).

The best-performing model on ArSarcasm-v2 achieved an F; farcam" of 0.584, while the
best model on iSarcasmEval achieved an FfarcaSﬁC of 0.540. This answers the question
“RQ4.1: How do current state-of-the-art models perform on the Arabic sarcasm de-
tection task?”. When comparing the results of all models on both datasets, the results
on iSarcasmEval are lower than those on ArSarcasm-v2, which suggests that intended
sarcasm is more challenging, which answers the question “RQ4.2: Is there a difference
between the performance on perceived sarcasm compared to intended sarcasm?”. This
chapter provides a partial answer for “RQ4.3: How can we improve the performance
of sarcasm detection models?”. The experiments show that including social media
data in pre-training would improve the performance on the tasks under study. Also,
language-specific models tend to perform better than multilingual ones.

The next chapter includes an extensive error analysis of humans’ performance on
sarcasm detection. We compare humans’ performance against state-of-the-art machine
learning models. We provide a thorough analysis highlighting the features that make
sarcasm challenging and suggesting directions for improvement, which would add to
the answer of RQ4.3. We also extend the analysis to understand how Arabic dialect

familiarity affects someone’s ability to understand sarcasm.



Chapter 6
Humans and Sarcasm Detection

In previous chapters, we provided a set of datasets and experiments using machine
learning models. This chapter provides an in-depth analysis of the works discussed in
the preceding chapters. In this chapter, we try to answer the question “RQ5: How do
Arabic speakers perform on sarcasm detection and how does dialectal variation affect

that?”, which can be divided into the following:

* RQS5.1: How do humans perform on sarcasm detection?

* RQ5.2: How does dialectal variation affect sarcasm detection?

We first start by comparing human sarcasm detection performance against machine
learning models. We follow this by an in-depth error analysis highlighting the cases
that were challenging for humans and/or machine. We extend this by focusing on
the Arabic dialects. We analysed how dialect familiarity can affect people’s ability
to understand sarcasm. Our analysis also highlights the issues that might arise when
annotating dialectal Arabic data. This chapter is based on our works (Abu Farha et al.,
2022b; Abu Farha and Magdy, 2022):

* Ibrahim Abu Farha, Steven Wilson, Silviu Oprea, and Walid Magdy. 2022. Sar-
casm Detection is Way Too Easy! An Empirical Comparison of Human and
Machine Sarcasm Detection. In Findings of the Association for Computational
Linguistics: EMNLP 2022, pages 5284-5295, Abu Dhabi, United Arab Emi-
rates. Association for Computational Linguistics.

* Ibrahim Abu Farha and Walid Magdy. 2022. The Effect of Arabic Dialect Fa-
miliarity on Data Annotation. In Proceedings of The Seventh Arabic Natural
Language Processing Workshop (WANLP), pages 399—-408, Abu Dhabi, United

Arab Emirates (Hybrid). Association for Computational Linguistics.
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6.1 Human vs Machine

So far, we have shown that sarcasm can be disruptive for sentiment, which makes it
imperative to create sarcasm detection models to mitigate for that. Doing this, how-
ever, requires reliable evaluation datasets and a further understanding of where cur-
rent models (and even humans) fail on these datasets. Most of the previous sarcasm
datasets have been created using either distant supervision or manual labelling. Those
approaches produce unreliable labels since rule-based systems can suffer from sam-
pling bias, and third-party annotators do not know whether the intention of the author
was to truly be sarcastic. Recently, new datasets that contain first-party labels have
been released. One method to collect such data is reactive supervision, where conver-
sational cues such as “I was being sarcastic” are used as labels of previous comments
(Shmueli et al., 2020). This increases reliability by identifying texts in which the au-
thors do claim to be sarcastic, but since texts are sampled according to predefined

patterns, the data may be biased toward cases that required clarification.

Yet another method for collecting first-party labels even more directly is to ask
authors to provide explicit annotations of their own texts (Oprea and Magdy, 2020a).
This approach eliminates annotation proxies, further reduces sampling and annotator
bias, and allows for the collection of additional data about each sarcastic text, such as

explanations and rephrases.

Although more difficult than earlier sarcasm detection tasks, classification models
have shown promising performance on first-party annotated datasets, as evidenced in
Chapter 4. However, there is currently no analysis of how humans would perform
on these datasets. This kind of analysis can provide a range of benefits, including
empirical insights into the difference in quality between third-party and first-party an-
notations. Additionally, most of previous works focused on building resources and
detection models, without as much attention being paid to error analysis. These analy-
ses are necessary to give insights about the limitations of the current best models, and
pave the way to mitigate these limitations in the future. In this work, we aim to fill this

gap and answer the following research questions:

* RQS5.1.1: How do humans perform on author-annotated sarcasm detection tasks?

* RQS5.1.2: How does human performance on these tasks compare with state-of-
the-art text classifiers?

* RQS5.1.3: What makes sarcasm challenging for both humans and classification

models?
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In this work, we answer these questions by measuring both human and machine
performance on iSarcasmEval’s Arabic dataset, which has first-party sarcasm labels.
We make the following contributions: (1) we collect new human annotations for the iS-
arcasmEval dataset; (2) We analyse both humans’ and state-of-the-art (SOTA) models’
performance on Arabic sarcasm detection task, identifying cases where each succeeds
and fails; (3) We analyse the error cases in order to determine the current limitations
of sarcasm detection methods; and (4) we provide recommendations, based on our

empirical evidence, for improving sarcasm detection models in the future.

Our analysis shows that sarcasm detection is challenging for humans, who perform
nearly as well as state-of-the-art models on their own, and even better when their an-
notations are combined through majority voting. However, human performance using
third-party labels is still imperfect and casts doubt on its utility as a source of ground
truth for this task. We find that context and world knowledge are necessary to under-
stand sarcasm in many cases. Thus, future works on sarcasm should focus on including

this kind of information into datasets and leveraging it in detection models.

6.1.1 Analysis of Sarcasm Detection

It is clear that most of the work in this area has focused on how to improve data qual-
ity and how to mitigate the issues that would arise when using a specific approach.
However, the literature lacks extensive analysis of which types of examples are eas-
iest and most difficult to make accurate predictions about, yet there is some work in
this direction. Some work has focused on analysing the effect of including context in
sarcasm detection models (Wallace et al., 2014; Abercrombie and Hovy, 2016; Oprea
and Magdy, 2019). Wallace et al. (2014) showed that annotators tend to need context
to provide judgements about ironic content. They showed that there is a correlation
between that and the misclassified cases. Oprea and Magdy (2019) explored the effect
of contextual information to detect sarcasm, and Oprea and Magdy (2020b) analysed
the effect of cultural background and age on sarcasm understanding. Their analysis in-
dicates that age, English language nativeness, and country are significantly influential
on sarcasm understanding and should be considered in the design of sarcasm detec-
tion systems. Similar results were confirmed in the case of spoken sarcasm, where
Puhacheuskaya and Jarvikivi (2022) found that having a foreign accent had a negative

impact on irony understanding.
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6.1.2 Methodology
Dataset

In this work, we use SemEval-2022 Task 6, iSarcasmEval dataset, introduced in Chap-
ter 4. The shared task includes three subtasks: (1) sarcasm detection (subtask A): given
a text, determine whether it is sarcastic or non-sarcastic; (2) sarcasm category classi-
fication (subtask B): given a piece of text, determine which ironic speech categories it
belongs to; and (3) pairwise sarcasm identification (subtask C): given a sarcastic text
and its non-sarcastic rephrase, determine which is the sarcastic one. Subtasks A and C
cover both English and Arabic, while subtask B is English only. In this work, as we
aim to analyse the performance on Arabic, we use the test sets of subtasks A and C.
The test set for Task A consists of 1400 examples, while the set for task C consists of
200 pairs, each containing a sarcastic text and its non-sarcastic rephrase, written by the

same author.

Human Annotation

To analyse human performance, we decided to measure how humans would perform
on the test sets and compare that to the performance of computational models that
participated in the shared task. To this end, we collected human annotations for the
test sets using Appen! crowdsourcing platform, which is the same platform used to

create the iSarcasmEval dataset.

We collected 5 annotations for each item 2. We allowed only native Arabic speak-
ers to participate. Before starting the annotation process, each annotator is presented
with test questions and only those who answer all the questions correctly would be
allowed to participate in the annotation process. The test questions were sampled from
a set of sentences that are clearly sarcastic/non-sarcastic. We used this approach to
make sure that the annotators are not giving random answers and to avoid introducing
any bias before the annotation. The average percentage of votes that the majority label

received for tasks A and C are 88% and 94%, respectively.

"https://appen.com
The data is available at: https://github.com/iabufarha/iSarcasmEval
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6.1.3 Results and Analysis

In this subsection, we compare the performance of humans against state-of-the-art
models. We consider comparing the human predictions with the top-performing sys-
tem for each subtask, as well as with a combination of the top five performing systems
using majority voting. However, in all cases, we find that using the output from the
single top team for the subtask outperformed the combination of the top five. There-
fore, we only compare the human predictions with the single’ best performing model
in each subtask.

For subtask A (Arabic), El Mahdaouy et al. (2022) were ranked first with an
FlSarcaStiC of 0.563. They used an ensemble of models based on MARBERT (Abdul-
Mageed et al., 2021a). For subtask C, the top team achieved an accuracy of 0.930.
Their model is based on Arabic BERT (Safaya et al., 2020).

General performance

Table 6.1 shows the general performance on both tasks. From the table, it is noticeable
that when taking the majority vote from the human annotators, the performance on
both tasks is better than the models submitted by the top team who participated in the
respective shared task.

The scores achieved by humans when considering individual annotations, rather
than majority vote, would have achieved second place in both tasks, indicating how
challenging the tasks are, even for humans. When conducting McNemar’s test (Mc-
Nemar, 1947), the results show that the error distributions of humans and the machine
model are different except for the Arabic subtask C (pairwise sarcasm identification).

A deeper look into the nature of these errors is in the following subsection.

Annotation Task A (Ffarasticy  Task C (Acc)
Human (majority vote) 0.665 0.935
Human (individual-level) 0.525 0.909
Machine (SOTA) 0.563 0.930

Table 6.1: Results for humans with majority voting, humans individually, and the top
performing system for both the sarcasm detection (task A) and pairwise identification
(task C). Flsa"’as“" is the F'1 score for the sarcastic class, the official metric used in the
shared task.

3Although these are already, in some cases, ensembles of several other models.
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Performance analysis

Table 6.2 shows the annotation agreement (Cohen’s Kappa) between humans’ majority
label and the top team in the respective task. These results demonstrate that although
both human majority voting and the state-of-the-art machine-based methods achieved
similar performance, they only have moderate agreement with one another for task A.
On the other hand, there was substantial agreement between the human and machine
annotations for task C. Based on these preliminary results, in this subsection, we exam-
ine cases where sarcasm was detected by humans and/or machines in order to further
investigate both the differences and similarities between the sets of annotations. For

the analysis, as mentioned previously, we consider humans’ majority vote vs top team.

Task Arabic

Task A | 0.49
Task C | 0.77

Table 6.2: Cohen’s kappa agreement between the human (majority vote) annotations

and the predictions from the top performing system in the respective task.

Figure 6.1 shows the quantitative difference between human and machine gener-
ated labels for task A. We can observe that most of the generated labels are correct.
The machine model was better than humans at identifying sarcastic text, while humans

were better at identifying non-sarcastic text.

k3] k3]
% 36 Ii750 g . -100
28 26
§ » -500 _::% _
[&] [&]
=90 =9 -
5 184 65 -250 5 11 13 50
o [&]
£ =
Correcct Incorrect Correcct Incorrect
Human Human
(a) Non-sarcastic (b) Sarcastic

Figure 6.1: Prediction distribution for task A (Arabic).

Non-sarcastic

Table 6.3 shows some non-sarcastic examples for all the possible scenarios. When

looking at the examples that were detected by both humans and machine, i.e. easy
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Human
Correct Incorrect
1. i S L padd oS audl 3. Gl daball sl e jusily Gend JS) sacls
I wish | was a person who doesn't think a | am eating snacks and bemoaning lost
- lot days
E 2. Jealill JS e Jlail W sl 4. v“:: Jo AU iy o Ll (et len
S I like when | am asked about all the details Would it be possible when someone
g annoys me that | get annoyed and not
5 them?
s 5. ooadbz el 7. S Gpa Sl dla e cnaad
My head will explode | moved from someone who stay at
E 6. e e Lunall ppadl 1Y home to someone who stays in the
S No! it seems that | will have a high blood room
< pressure today 8. AwiSall 4y 5 im0zl
His is hair is bad and looks like a broom

Table 6.3: Arabic non-sarcastic examples.

cases, we noticed direct sentences with common words that are used frequently (Table
6.3, items 1 and 2). Also, given that Arabic has free word-order syntax, the structure
of these sentences is also clear and direct, without any changes to the traditional word-
order of an Arabic sentence. These examples are also quite close to modern standard
Arabic (MSA), without many dialectal words or spelling variations. The examples that
neither humans nor the model detected were sentences that included wordplay or some
changes to the spelling of the word, an example of this is item 7 (Table 6.3). The author
changed the structure of the words 4a ,& “ghurfah” (room) and cea “bayt” (house) to
2 98 & “gharfufl” and 5 giw “baytutl” (dialectal derivation to mean someone who
love being in the room/house). This example is humorous but not sarcastic, according
to the definition we adopted. The speaker is expressing that they are not outdoorsy
and that they moved from walking in their house to walking in their room. Also, sen-
tences that included sarcasm along with the non-sarcastic rephrase, were misclassified
(Table 6.3, item 8). The annotators considered such cases to be sarcastic despite the
annotation instructions asking them to consider sentences with indirect expressions
to be sarcastic. Humans were better at detecting non-sarcastic sentences that contain
descriptions that appear metaphorical, and in some cases they are, but are so com-
monly used that humans consider them direct descriptions (Table 6.3, items 5 and 6).
The model performed better than humans for sentences that contain exaggerated com-
plaints or descriptions. Humans assumed these cases to be sarcastic, but in reality,
the meaning is expressed directly (Table 6.3, items 3 and 4). In item 3, the speaker
is sad about her wasted life. However, the used way of expression implies that she is

watching the sad/wasted moments of her life as someone watches a movie.
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Sarcastic

Table 6.4 shows some sarcastic examples for the possible scenarios. The most com-
monly used and easily detected sarcastic sentences were those that contained the usage
of words in uncommon contexts like item 1 (Table 6.4). In this example, the author
used the word , ¢d< (chlorine) in the context of addiction, which does not match
the reality as humans cannot consume chlorine or be addicted to it. Proverbs and id-
ioms (Table 6.4, items 2 and 4) were common among this set and it seems that Arabic
speakers tend to rely on these meaning-dense phrases to express their feelings towards
something or reply to someone. Another common pattern to express sarcasm is to use
animals or objects or their attributes as adjectives to describe someone or something,
e.g., item 3 (Table 6.4). On the other hand, the most challenging sarcastic examples
were those that require specific context, either culturally or based on the sociocultural
background and personality of the speaker (Table 6.4, items 8 and 9). Also, under-
standing of the dialect plays an important role here. Humans were better at detecting
sarcasm that is expressed using complex metaphors that require specific world knowl-
edge (Table 6.4, items 6 and 7). The model was better at detecting sarcasm that is

expressed using dialect-specific words (Table 6.4 item 5).

Human
Correct Incorrect
Ol hlxiy s Juea 2 W Jsha
LT: a population addicted to chlorine LT: patience destroys mountains
IM: they are stupid (Egyptian proverb)
. e sk e Y IM: patience and perseverance pay off
o LT: this who doesn't know says lentil @b oAl s sy # g e il gy
g (proverb) LT: too early! why are you here, stay a
© IM: you/they don’t know the whole story little bit more (uses specific terms from
5 a8 0s some regions in Palestine)
LT: he is the size of a mouse IM: you stayed for too long, you should
° IM: He is tiny/short leave
c
£ G e pedi Gl Shial lialy aa G alati Ly le e s
g LT: they want us to learn remotely while LT: I am looking for a serious
we don't understand in person relationship
IM: we don’t understand what we IM: | want to talk to you, but | am not
- learn/bad education system serious (depends on the context)
Q
g 828 L atlivea (ga VAT 0,Y) ol sl g me g el oLd o Lao¥) sda Jlg) e
§ Lyal) AShaall g ) o5 4S5 4 5l Gl 4 e 1 8l s ga alac |
= LT: the Jordanian citizen loses 79% of his LT: After this struggle, Egypt will see
good deeds while driving in the beloved the largest weddings season
Kingdom streets IM: depends on a specific context for
IM: the streets in Jordan are bad/ it is the speaker.
irritating to drive in Jordan

Table 6.4: Arabic sarcastic examples. LT stands for literal translation. IM stands for

intended meaning.
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Pairwise Sarcasm Ildentification

Generally, pairwise sarcasm identification was easier than sarcasm detection. Figure
6.2 shows the quantitative difference in performance between humans and machines.
There were only two sentences that neither humans nor the model detected, the first one
is a Maghrebi dialect sentence (Table 6.5, item 7) and it seems that the annotators are
not familiar with this dialect. For the model, the reason for this is probably the fact that
Maghrebi dialect is the one with the fewest examples in iSarcasmEval’s training data.
The other sentence (Table 6.5, item 8) included extremely implicit sarcasm, which can
be considered present in both the sarcastic and non-sarcastic rephrases. It seems that
this case caused confusion for both humans and the model. For the other cases, no

clear pattern was observed.

Human
Correct Incorrect
1. S:dsh daen 2805 4S8 (hnrias 3. S:daal) pdlilly mall laaky
Don’t you have change so you take on May you go for pilgrimage while people
barrel of oil are coming back
5 NS: (5 sien (Y Joay S sil) s NS: s & Cunal Sl
qt’ Oil prices reach all time low You just knew! (it is too late)
S| 2. Sl ) 4, S:lll a3 5 g
Your beloved one has arrived Aboutrika is the prince of hearts
NS: 48 S5 ) sl ol NS: 4y bl JSA 55
The one you hate has arrived Everybody loves Aboutrika
5. S:osSl S e bl ) 7. Siadhs &y &l oa sl
E Oh, center of the universe, excuse us! If he was a good farmer, he would
S NS: Sl @l s Lua Lo farmed his land
§ We didn’t even mention you! NS: Jia i 5 B el hals
6. S: 88 maazladl ey You think you are string (or good), but
- He slept in a hen house and woke up you are a zero
] clucking 8. S: Ala e b gl lgle Juany aysie Jf
§ NS: & lusd eleti galuall e s Jall dilay 345 m ¢ 0
£ You left your principles quickly The first punishment a Saudi gets when
becoming an adult is his ID photo
NS: & sl die (g3 snnll Lo Juany 458 )
Al 3 dadl) 45 ) g
The first punishment a Saudi gets when
becoming an adult is his ugly ID photo

Table 6.5: Arabic pairs of sarcastic texts and their non-sarcastic rephrases.
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Figure 6.2: Performance of human vs machine on task C.
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Thematic Error Analysis

The previous subsection provided a general overview and discussion of the nature of
errors made by both humans and the machine model. To better categorise and quantify
these errors, we annotated the sarcastic sentences in the test set of subtask A (sarcasm
detection) according to the set of themes that we discovered in our initial error analysis.

Table 6.6 provide detailed statistics of the available themes for Arabic.

Theme N Hg, Mg,
Idioms 58 13 7
Proverbs 45 10 0
Referencing specific context, world knowledge | 45 15 12
Complex metaphors, world knowledge 45 11 8
Dialect specific words 21 1
Referencing animals or objects 11 0
Words in uncommon context 8 0

Table 6.6: Sarcasm themes among sarcastic Arabic sentences. N: number of exam-

ples, Hg,: human error, and Mg,:machine error

Humans misclassified 50 sarcastic texts while the machine model misclassified 24
sarcastic texts. Most of the human errors are due to a lack of world knowledge (52%),
idioms (26%) and proverbs (20%). The machine model was mostly affected by a lack

of world knowledge which caused 83% of the errors.

6.1.4 Discussion

Here we revisit and answer our research questions and provide some additional discus-
sion.

RQ5.1.1: How do humans perform on author-annotated sarcasm detection tasks?
Human annotations from non-authors of the text are vastly different from the labels
provided by the authors themselves. This suggests that there is an important difference
between intended and perceived sarcasm, as suggested by Oprea and Magdy (2020a),
who also argue that first-party annotations are more reliable as being sarcastic is an
intentional act. Not only for sarcasm, but also for which intention and perception may
not be consistent, the use of third-party annotations has serious implications for the

reliability of our datasets’ ground truth. As shown in our results, there are cases where
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these annotations do not align with the labels provided by the texts’ authors themselves.

RQ5.1.2: How does human performance on these tasks compare with state-of-the-
art text classifiers? We found that on their own, humans performed almost as well
as the state-of-the-art sarcasm detection systems, but when working together using
majority voting, humans achieve the best results. On the other hand, using majority
voting for the systems led to worse performance. This suggests that humans provide
complementary knowledge when it comes to the task of sarcasm detection, while the
text classification models’ predictions typically have high overlap with one another.

RQS5.1.3: What makes sarcasm challenging for both humans and classification
models? We observed that idioms and proverbs were quite common (around 23%
of sarcastic sentences in the test set) and detected easily by humans and the models.
It seems that Arabic speakers rely heavily on proverbs and the dense meaning they
contain, while having a shared cultural context. The other common Arabic sarcasm
pattern is to say ‘““You look/act like animal/object”, which is often used for derogatory
remarks.

However, the most challenging cases were the sentences that require additional
context. This can be in the form of conversational context, information about the
author of the text, world knowledge, and dialectal awareness. For example, the model
was better than humans in detecting sarcasm in sentences that used local words which
some of the humans may be unfamiliar with. Given that MARBERT (Abdul-Mageed
et al., 2021a) was trained on 1B tweets, it seems that it had better coverage of some
specific dialects than the annotators. Interestingly, this model was able to classify
Levantine examples better than the Maghrebi ones, which could be attributed to a
possible bias in the training data.

The fact that missing context led to a large number of error cases implies that it
is necessary for detection systems to have representations for world knowledge and
cultural background, and be aware of the language/dialect of the sarcastic utterance.
Progress in this direction is possible: for example, dialectal awareness can be addressed

by using language models that are trained on a large dialectal variety.

6.1.5 Recommendations

Based on analyses and discussions in the previous subsections, we make the following

recommendations:

* Avoid 3rd-party annotations. We should re-evaluate third-party annotation,
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used to create ArSarcasm, as a method to create datasets of subjective content,
particularly when author intention is important. The analysis of the performance
of human annotators shows that their performance is comparable to state-of-the-
art models. However, the performance of both the models and humans still has
much room for improvement.

* Develop models that incorporate context. In order to improve the performance
of detection models, we need to better incorporate contextual information such
as cultural references, author tendencies, world knowledge, and dialect aware-
ness. The need for this has been demonstrated through the fact that both humans
and models failed to detect sarcasm that relied on such information.

¢ Include contextual features in shared datasets. Further, in order to train these
models, sarcasm detection datasets that contain a wealth of contextual informa-
tion should be created and released, especially conversational and author-level
information which cannot be obtained from external knowledge bases. However,
releasing this type of data brings new challenges in the space of privacy, as con-
versations contain texts written by other authors who may not have consented to
sharing their content, and including more author-level information may lead to
deanonymization and loss of privacy.

* Build accurate representations of idioms and proverbs. More focus should
be put into building accurate representations of idioms and proverbs, which are

extensively used in sarcastic communication.

6.2 Sarcasm and Arabic Dialects

In the previous section, we provided an in-depth discussion of humans’ performance
on sarcasm detection and we compared it against the performance of state-of-the-art
machine learning models. In our analysis, we showed that one of the challenges for
sarcasm detection is dialect awareness and familiarity. In this section, we extend our
analysis to focus on how dialects can affect Arabic speakers’ ability to understand
and identify sarcastic content. Sarcasm understanding across dialects falls under the
umbrella of dialect intelligibility among different dialects speakers. In the context of
Arabic NLP, there is a lack of in-depth analyses on how Arabic dialects are understood
across various regions or among speakers of different dialects. Nevertheless, how this
can affect people’s ability to understand sarcasm. In this section, we aim to answer the

following questions:
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* RQS5.2.1: How do speakers of different dialects perform on the sarcasm detec-

tion task?

* RQS5.2.2: How do speakers of different dialects understand text written in other

dialects?

We answer these questions through collecting third-party annotations for SemEval’s
2022 task 6 (iSarcasmEval) dataset. We collect both sarcasm and dialect labels from
third-party annotators, and we analyse the variation of performance based on annota-
tors’ mother dialect, familiarity with other dialects, and gender. Our analysis shows
that: (1) sarcasm annotations are more trustworthy if they are provided by native di-
alect speakers; (2) females tend to perform better than males on the sarcasm detection
task; (3) annotators tend to better understand and identify their own dialect; (4) anno-
tators are prone to confuse dialects with each other; and (5) Egyptian dialect and MSA
are the easiest to identify in written text.

We also argue that our analysis, apart from showing the variation of sarcasm un-
derstanding among different Arabic dialects speakers, also shows that dialect familiar-
ity and awareness can be detrimental to any data annotation task and that researchers
should choose annotators carefully. The data used for this work with all labels are

made publicly available®.

6.2.1 Related Work
Data Annotation and Subjectivity

Most NLP applications rely on manually annotated data. These annotations are col-
lected from annotators from different cultures and backgrounds. Previous works ac-
knowledged the effects of subjectivity on the quality of datasets. However, the litera-
ture lacks in-depth analyses or attempts to mitigate this issue. Rottger et al. (2022) tried
to approach this issue through suggesting new paradigms for data annotation. They
suggest that dataset creators follow either the descriptive or the prescriptive paradigm.
The descriptive paradigm encourages annotator subjectivity, whereas the prescriptive
paradigm discourages it. They also argue that dataset creators should explicitly aim for
one or the other. For Arabic, dialect intelligibility and understanding can be one of the
subjective factors affecting the data annotation process. The literature of Arabic NLP
lacks in-depth analyses on the effects of dialect familiarity on the quality of data anno-

tations or how people understand different dialects. Habash et al. (2008) approached

*nttps://github.com/iabufarha/arabic-dialect-familiarity
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the dialectal variety focusing on creating standard annotation guidelines identifying
dialect switching between MSA and at least one dialect. Zaidan and Callison-Burch
(2014) mentioned that annotators tend to over-identify their dialect. We add to this line
of work by exploring how annotators understand different dialects. We also analyse the

quality of their labels on one of the most subjective tasks, sarcasm detection.

6.2.2 Methodology

In this section, we describe our methodology for the analysis of dialects comprehension
during data annotation tasks, using sarcasm detection as a case study. We initially
discuss the dataset we used and its ground-truth labels. Then we explain collecting
third-party labels from annotators of different dialects, which will be compared later

to the ground-truth labels for the analysis process.

Dataset

Similar to the analysis presented in Section 6.1, we use SemEval-2022 Task 6, iSar-
casmEval, datasets. For this work, we use the test set of Arabic subtask A (sarcasm
detection). The test set consists of 1400 sentences, 200 of which are sarcastic and
1200 non-sarcastic. Each of the sentences has two labels provided by the author of the
sentence: the dialect of the sentence (out of five dialects) and whether the sentence is

meant to be sarcastic or not. Table 6.7 shows the statistics over the available dialects.

Dialect Total Sarcastic Non-sarcastic
Egyptian/Nile | 520 131 389
MSA 482 16 466
Gulf 176 10 166
Levantine 168 22 146
Maghrebi 54 21 33

Table 6.7: Distribution of the Arabic iSarcasmEval test set over the dialects.

Third-party Annotations

To analyse the performance of speakers of different dialects, we collected third-party

annotations using Appen’ platform. For each sentence, we collected five annotations.

Shttps://appen.com
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We allowed only native Arabic speakers to participate. Before starting the annotation
process, each annotator is presented with test questions and only those who answer
all the questions correctly would be allowed to participate in the annotation process.
The test questions were sampled from a set of sentences that are clearly sarcastic/non-
sarcastic. We used this approach to make sure that the annotators are not giving random
answers and to avoid introducing any bias before the annotation. For each sentence,
we asked annotators to provide the following:
» Sarcasm label indicating whether the text is sarcastic or not.

* Dialect label out of five: MSA, Egyptian (Nile), Gulf, Levantine, and Maghrebi.

Mother dialect, which is the dialect the annotator grew up speaking.

* Known dialects, which are the dialects the annotator is familiar with.

¢ Gender of the annotator (either male or female).
A total of 22 annotators participated in our survey, 15 males and 7 females. Table 6.8
provides the distribution of the annotators according to their mother dialect and the

dialects they are familiar with.

Dialect Mother dialect Known by
Egyptian/Nile 11 21
Levantine 6 10
Gulf 1 7
Maghrebi 4 5
MSA - 16

Table 6.8: Annotators’ details. The table shows the number of annotators who speak a
specific dialect as a mother tongue and the number of annotators who mentioned that
they know a specific dialect.

6.2.3 Results and Analysis
Sarcasm Detection

We examined the annotators’ performance on the subjective task of sarcasm detection,
which requires annotators to be able to understand the text to provide correct labels and
is found to be a highly challenging task for annotators in different languages. Table 6.9
shows the annotators’ performance on sarcasm detection. From the table, Levantine

speakers seem to perform better on this task, followed by Gulf speakers. In order to
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have a better understanding, we analyse the performance over each dialect. Figure 6.3
shows the performance of speakers of a specific dialect on all the dialects. The figure
shows F1%47¢astic score and the number of annotations for the respective dialect. The
results show that speakers of the Egyptian (Nile) dialect struggle to detect sarcasm
written in MSA. Also, speakers of Maghrebi and Egyptian dialects struggle to identify
sarcasm expressed using the Gulf’s dialect. The results show that Levantine and Gulf
speakers perform relatively well on all the dialects. Generally, the annotators achieved

the highest score when the text was in Egyptian or their mother dialect.

Speaker’s dialect Flsal‘castic

Egyptian/Nile 0.50
Gulf 0.53
Levantine 0.58
Maghrebi 0.48

Table 6.9: Sarcasm detection performance (Ffa“’aS“C) of speakers of different dialects.
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Figure 6.3: Sarcasm detection performance (FfarcaS“C) of different dialects speakers
on each dialect. Original dialect labels were used. Annotation counts are indicated in
brackets.

Sarcasm Detection - Dialect Familiarity

Figures 6.4 and 6.5 show the performance of annotators in two cases: when the text’s
dialect is one that they are familiar with and when it is not. When considering the case

when the text’s dialect is one that the annotators are familiar with (Figure 6.4), the



6.2. Sarcasm and Arabic Dialects 91

annotators have the highest performance on the Egyptian (Nile) dialect. These scores
indicate that the annotators are truly familiar with the Egyptian (Nile) dialect. When
looking at the cases where people are unfamiliar with the dialect, the performance is
inconsistent. For example, the performance of Maghrebi speakers on texts in Levan-
tine is higher for annotators who indicated that they are not familiar with the Levantine
dialect. Another example is Levantine speakers’ performance on Maghrebi texts. Such
inconsistencies indicate that some annotators might have provided a guess regarding

the sarcasm label or that they underestimated their familiarity with the respective di-

) 0.22 0.00 0.15 07
(1040) (74) ) (359) 06

alect.

Nile

Il o064 0.41 0.44 0.00 0.31 0.5
ol (904) (280) (117) (0) (844)
x - 0.4
o
el 061 0.41 0.40 0.42 03
Sl (172) (76) (62) (153)
-0.2
Qo
[N 058 0.46 0.31 0.4
=l (225) (43) (449) :
= -0.0
Nile Levant Gulf Maghreb
Dialect

Figure 6.4: Annotators’ sarcasm detection performance (FlsarcaS“C) when the dialect is

known to them. Annotation counts are indicated in brackets.
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Figure 6.5: Annotators’ sarcasm detection performance (FlsarcaS“C) when the dialect is

unknown to them. Annotation counts are indicated in brackets.



92 Chapter 6. Humans and Sarcasm Detection

Figures 6.6 and 6.7 show the performance when the annotators identified the di-
alects either correctly or incorrectly. The figures show that the performance is gen-
erally higher when the annotators identify the dialect correctly. This goes along with
the previous observation that the annotators performed better on dialects they are fa-
miliar with. The exceptions are the performance of Levantine speakers on Maghrebi
dialect, Maghrebi speakers on Levantine, and Nile speakers on Gulf dialect. Levan-
tine speakers performed slightly better on MSA when they incorrectly identified the
dialect. This goes along with the previous observation that, indeed, some annotators

might be guessing the labels.
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Figure 6.6: Annotators’ sarcasm detection performance (FlsarcaS“C) when they correctly

identified the dialect. Annotation counts are indicated in brackets
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Figure 6.7: Annotators’ sarcasm detection performance (FfarcaS“C) when they incor-
rectly identified the dialect. Annotation counts are indicated in brackets.
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Sarcasm and Gender

We further analysed the performance of annotators based on their gender. Figure 6.8
shows the performance over dialects based on the annotators’ gender. From the figure,
it is noticeable that females perform better than males at detecting sarcasm. Females
performed better than males on all dialects except MSA where the performance is quite

comparable. This observation matches the one found by Oprea and Magdy (2020b).
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Figure 6.8: Sarcasm detection performance (Flsa“’aS“") based on the annotators’ gen-

der. Annotation counts are indicated in brackets.

Dialect Identification

Figure 6.9 shows the accuracy of annotators in identifying the dialects. From the fig-
ure, it is clear the annotators, except Egyptian speakers, were able to identify MSA.
Egyptian and Gulf speakers performed best on their dialect. Levantine and Magrhebi
speakers performed better on dialects other than their own. Figure 6.10 shows the dis-
tribution of assigned dialect labels compared to the original ones. The results show that
Egyptian and MSA are the easiest to identify. However, the annotators seem to con-
fuse other dialects, especially Levantine and Maghrebi. Figures 6.11, 6.12, 6.13, and
6.14 provide a clearer picture of how speakers of one dialect identified other dialects.
As shown in Figures 6.11 and 6.13, Egyptian and Gulf speakers excel at identifying
texts in their dialect. Figure 6.14 shows that Maghrebi speakers seem to confuse their
dialect with MSA. Levantine speakers (Figure 6.12) seem to confuse their dialect with
the Gulf dialect. Similar to Figure 6.10, most annotators tend to easily identify MSA,
except for Egyptian speakers who confuse it for Egyptian dialect. Gulf speakers seem

to confuse Levantine and Maghrebi for the Gulf dialect.
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Figure 6.9: Dialect identification accuracy of annotators speaking different dialects. An-

notation counts are indicated in brackets.
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Figure 6.10: Assigned dialect labels vs the original ones. Annotation counts are indi-

cated in brackets.
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Figure 6.11: Egyptian (Nile) speakers’ dialect identification performance.
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Figure 6.12: Levantine speakers’ dialect identification performance.
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Figure 6.13: Gulf speakers’ dialect identification performance.
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Figure 6.14: Maghrebi speakers’ dialect identification performance.
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6.2.4 Discussion

In this section, we provide a discussion of the results mentioned in Section 6.2.3. We

also revisit and answer our research questions as follows:

RQ5.2.1: How do speakers of different dialects perform on the sarcasm detection
task? As discussed in Section 6.2.3, annotators tend to better understand sarcasm ex-
pressed in their dialect. This is due to the fact that annotators unfamiliar with a dialect
would struggle to grasp the complete meaning of a sentence. Also, the fact that sar-
casm usually relies on cultural references that can be specific to a region/dialect means
that people unfamiliar with the dialect would not be able to understand such references.
This observation aligns with the findings in (Oprea and Magdy, 2020b), where the au-
thors found that English language nativeness and country are significantly influential
on sarcasm understanding. Indeed, these factors should be considered when collecting
third-party annotations for Arabic data. Although there are many shared linguistic and
cultural aspects among Arabic speakers, there are still some local differences. Those
are embodied in culture, traditions, and dialects. Thus, it is necessary to have native
speakers who are aware and familiar with these differences, annotating subjective and

linguistically complex data like sarcasm.

RQ5.2.2: How do speakers of different dialects understand other dialects? There
are some similarities between dialects and, to some extent, people speaking different
dialects can understand each other. However, as shown in Section 6.2.3, annotators
tend to confuse some dialects for different ones. For example, Egyptian speakers tend
to over-identify their own dialect, assuming that more than 50% of other dialects to
be Egyptian. This observation is similar to the behaviour observed in (Zaidan and
Callison-Burch, 2014). Similar behaviour is observed with Gulf speakers towards Lev-
antine. Such over-identification behaviour, and given the large number of Egyptian
annotators, might introduce bias into datasets. Egyptian, Gulf, and Maghrebi speakers
tend to perform better on their dialect. Levantine speakers’ performance was inconsis-
tent and they seemed to confuse Levantine for Gulf. This could be due to the spectrum
of variation within the Levant countries from north to south, where the southern Lev-

antine dialect is closer to the Gulf dialect.

The confusion between the dialects might be due to the fact that these dialects
share many words or the differences are mostly phonological. Also, due to the slight
differences between dialects’ orthography, annotators might confuse sentences in di-

alects they are unfamiliar with and assign them to a different one. This phenomenon is
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clear in Section 6.2.3, where Levantine speakers had better performance on MSA for
sarcasm detection, but they assigned an incorrect dialect label.

In our analysis, we also included the performance of annotators based on gender.
Based on the results in Section 6.2.3, female annotators seem to detect sarcasm better
than male annotators. With the small number of annotators and the available data,
we cannot provide an explanation for this observation. Future works should consider
studying this in a better-designed setup that considers other factors such as educational

background and personality traits.

6.3 Summary

This chapter provides an in-depth analysis of sarcasm detection on the proposed iSar-
casmEval dataset. To answer the research question “RQ5: How do Arabic speakers
perform on sarcasm detection and how does dialectal variation affect that?”, we col-
lected third-party labels from annotators and analysed their performance on sarcasm
detection and compared it to state-of-the-art detection models. Our analyses show
that sarcasm detection is challenging for humans. We also include a thorough error
analysis, revealing that the most challenging sarcastic sentences are those that require
additional contextual information to resolve accurately, suggesting that future work fo-
cuses on creating context-rich datasets and models with the ability to adequately lever-
age contextual information. Our analyses show that idioms and proverbs are common
linguistic tools used to express Arabic sarcasm, yet trained models often struggle with
examples that contain them. We also analyse humans’ performance on sarcasm detec-
tion on the dialect level. Our analysis shows that the performance of annotators varies
based on the annotators’ familiarity with the text’s dialect. Generally, the performance
was higher when annotators were familiar with the dialect. Based on the analysis, it is

clear that dialect familiarity affects how humans understand sarcasm.






Chapter 7
Conclusions & Future Work

7.1 Conclusions

In this thesis, we focused on Arabic sarcasm detection. The literature survey in Chapter
2, showed that there is a gap that needs to be filled in the research on Arabic sarcasm
detection. There are a few works on the topic and at the time of starting this work,
there were no publicly available datasets. In our work, we tried to fill in the research
gaps from different angles. First, due to a lack of publicly available datasets, we tried
to create our own Arabic sarcasm dataset. Over the course of this thesis, we explored
various methods to collect sarcasm datasets, the best of which is to ask people to label
their words, i.e. intended sarcasm. Second, we explored and benchmarked the per-
formance of state-of-the-art models, which showed a low performance, emphasising
the challenging nature of sarcasm. Finally, we conducted a thorough analysis compar-
ing humans’ against machine learning models’ performance on the sarcasm detection
task. We followed this with an analysis showing that Arabic dialect familiarity has a
detrimental impact on how people understand sarcasm or any other dialectal text.

In Chapter 3, to answer RQ3, we discussed our effort to create an Arabic sar-
casm dataset. We started with the re-annotation of existing Arabic sentiment analysis
datasets. The annotation included sarcasm, sentiment and dialect labels. The analysis
showed that sarcasm is present in Arabic sentiment analysis datasets, with around 16%
of the texts in the used datasets being sarcastic, which answers RQ1. Also, our analy-
sis shows the highly subjective nature of such datasets, which was demonstrated by the
major change in sentiment labels. The experiments show the gap between sentiment
analysis systems’ performance on non-sarcastic tweets compared to sarcastic tweets,
which answers RQ2.

In Chapter 4, in our effort to create an Arabic sarcasm dataset that has trustworthy
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labels, we decided to create a first-party annotated dataset. We created our new dataset
through asking people to provide sarcastic sentences on the fly. We believe that this
approach mitigates the fallbacks of other approaches and provides the most reliable
labels, which answers RQ3.

In Chapters 3 and 4, we provided the details of the shared tasks that we organ-
ised. These shared tasks helped bring attention to the Arabic sarcasm detection task.
Also, they helped enrich the literature with a plethora of models for sarcasm detection
through the submissions of the participating teams. The analysis of the submissions
along with the experiments in Chapter 5 provides the answer to RQ4.

Finally, in Chapter 6, to answer RQS, we provide our in-depth analyses of sar-
casm detection. We compare humans’ performance against state-of-the-art models.
Our analyses show that sarcasm detection is challenging for humans with performance
only slightly better than trained models, and only when using majority voting between
the human predictions. The low human performance emphasises the subjective nature
of sarcasm and indicates that third-party labels for subjective tasks are noisy. Conse-
quently, we urge the community to re-evaluate third-party annotations for extremely
subjective tasks, such as sarcasm, and use first-party labels. We extend the analysis to
focus on Arabic dialects, where we compared the performance on sarcasm detection
in cases when the annotators were familiar or unfamiliar with the text’s dialect. The
analysis shows that dialect familiarity affects how annotators understand a given text
and, consequently, their understanding of the expressed sarcasm.

To summarise, we achieved the following contributions:

* Creating and sharing the first publicly available Arabic sarcasm dataset, ArSar-

casm. The details of ArSarcasm are provided in Chapter 3.

* Creating and publicly sharing three datasets. In our effort to find the best way
to create an Arabic sarcasm dataset, we created three datasets: ArSarcasm,
ArSarcasm-v2, and iSarcasmEval. The details of these datasets are provided
in Chapters 3 and 4.

* Bringing attention to the Arabic sarcasm detection task. This was achieved
through the organisation of two shared tasks, which also helped enrich the liter-
ature with various models and approaches for sarcasm detection.

* Benchmarking state-of-the-art models on sarcasm detection. This was achieved
through the experiments in Chapter 5 and the details of the teams participating
in the shared tasks.

* Providing an in-depth error analysis of humans’ performance on sarcasm detec-
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tion. This analysis highlights the challenging cases in sarcasm detection and
provides an anchor for future research to improve sarcasm detection models.

* Analysing the effect of dialectal variation on the process of data annotation,
where we show that dialect familiarity affects how annotators understand texts

in a specific dialect, hence their labels when annotating data.

7.2 Implications

We believe that our effort in this work has helped in enriching the Arabic NLP litera-
ture. However, we barely scratched the surface, and there are still many open questions.
First of all, sarcasm detection is still a challenging task, and it would require more work
to improve performance. In our work, we showed some of the patterns and features
that make sarcasm challenging, such as idioms and proverbs. The main challenge in
sarcastic language and figurative language, in general, is the subtle implicitness. In the
context of Arabic, this is magnified due to the large dialectal variation. Those dialects
do not just represent differences in the language but also include cultural and histor-
ical differences. Modelling these variations is challenging, even for most advanced
models such as ChatGPT'. Appendix D provides examples of our experiments on us-
ing ChatGPT for sarcasm detection using some examples from iSarcasmEval dataset.
The answers provided by the model show that sarcasm is challenging and that it is
extremely challenging to resolve cultural references. We believe that future research
should focus more on representing proverbs and idioms, which would help compu-
tational models understand their meaning. Also, these efforts need to consider the
dialectal variation of these proverbs across countries. Additionally, more work should
focus on sarcasm detection and explanation as the detection itself might be grounded

in inaccurate/incorrect explanations.

7.3 Limitations & Future Directions

Up to the start of this work, there were a few works on Arabic sarcasm detection.
In our work, we tried to fill the research gap through creating resources, organising
shared tasks, and providing in-depth analyses. In our work, we created three datasets
that were used to organise two shared tasks, which helped bring attention to the Arabic
sarcasm detection task. We also provided experiments and analyses using state-of-
the-art models. Finally, we provided error analyses discussing what makes sarcasm

challenging for humans and machine models. In our work, a major limitation was

"https://openai.com/blog/chatgpt
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access to Arabic content and Arabic annotators. This has limited our work in terms of
dataset creation and in terms of the analyses we provide focusing on Arabic dialects.
Additionally, although we tried to provide extensive experiments on detection models,
our experiments were limited to large language models, without an extensive deliberate
effort to improve their performance. Finally, our analyses were limited by the available
data and the access to annotators, which might have introduced some biases, especially
when analysing the effect of dialect familiarity on sarcasm detection. Future research

directions include:

* Creating new larger datasets, with better dialectal coverage: In our work, we
created three datasets, but those were limited by the access to the data and annotators.
In our work, we argue that first-party sarcasm labels are more reliable than third-
party ones. However, this data collection approach is cost and time expensive. The
collected data was relatively small and lacked a balanced dialectal variation. Future
research should consider creating larger datasets, with better dialectal coverage.

* Creating context-rich datasets: Our analysis in Chapter 6 shows that one of the
major challenges to detecting sarcasm is the lack of contextual information. Future
research should explore how to enrich sarcasm datasets with such information.

* Exploring and improving sarcasm detection models: Future research should try
to explore and improve sarcasm detection models. Such research can benefit from
the datasets and analyses provided in this thesis. A starting point can be the findings
and discussions provided in Chapter 6 on what makes sarcasm challenging. For
example, researchers can explore how to embed contextual information and world
knowledge into models. Additionally, newer, more advanced models can be used.

* More analytical studies: In our analyses in Chapter 6, we only compared humans’
performance against the top teams in iSarcasmEval shared task. Future research can
consider comparing the performance against more advanced models. Also, when
analysing the effect of dialect familiarity, a major limitation was the dialect distribu-
tion of third-party annotators. Future work can consider a larger pool of annotators
with better dialectal coverage. Future studies can also consider more sociocultural
variables for the analysis.

¢ Sarcasm detection for downstream tasks: In this work, we showed that sarcasm
can be disruptive for sentiment analysers. Future research can explore how to utilise
sarcasm detection models to improve the performance on sentiment analysis. Since
sarcastic language can be used to express hate-speech, racism, or bullying, researchers

can explore how to utilise sarcasm to improve models targetting these tasks.
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* Sarcasm and speech: In this work, we only considered sarcasm in written text.
Future research can focus on detecting sarcasm in speech and utilise the additional
speech information. Also, work on sarcasm detection can benefit text-to-speech sys-
tems, which would enable such systems to identify sarcasm and produce proper sar-
castic intonation.

* Multimodal sarcasm detection: In this work, we only considered sarcasm in textual
form. Future research can focus on multimodal sarcasm detection and analysis. For
example, research can focus on analysing memes and the accompanying quotes.
Also, a mixture of speech and visual signals can be used to identify sarcasm in
videos.

* Sarcasm and language choice: In Chapter 3, we noticed that most of the sarcastic
sentences are in dialectal Arabic (DA) and that MSA had the lowest sarcasm ratio.
Hence, the sarcasm detection task also includes a latent dialect identification task.
Future works can explore how people choose between DA and MSA to express sar-

casm and what factors affect this choice.

7.4 Impact

At the start of this work, there were a few works on Arabic sarcasm detection. There
were no publicly available datasets, models, or analyses. Over the course of this
project, we tried to fill the research gaps and bring more attention to the Arabic sar-
casm detection task. We organised two shared tasks, one of them is part of SemEval.
The datasets and analyses we provided are the basis for the current research on Arabic
sarcasm. The success of our effort is manifested in a large number of participants in
our shared tasks. In SemEval, our task was the second largest shared task, with partici-
pation from 60 unique teams. Also, this was manifested by the relatively large number

2 our work received, which is shown below:

of citations
» ArSarcasm dataset (Abu Farha and Magdy, 2020), which contains 10,547 tweets,
received 82 citations.
¢ ArSarcasm-v2 dataset (Abu Farha et al., 2021), which contains 15,548 tweets ,
received 48 citations.
¢ iSarcasmEval datsets (Abu Farha et al., 2022a), which contains 5,503 sentences
, received 50 citations.
» Sarcasm detection benchmarking paper (Abu Farha and Magdy, 2021) received

43 citations.

2 As reported on Google Scholar in August 2023.
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Figure 1.1: A sample of the guidelines provided to the annotators.
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Appendix C

Results on Sentiment Analysis Task

Model Recall Accuracy Fpy

BiLSTM 0.623 0.671 0.691
mBERT 0.570 0.624 0.625
GigaBERT 0.625 0.662 0.673
XLM-R-base 0.605 0.643 0.661
XLM-R-large 0.641 0.678 0.699

AraBERT-base v01) | 0630 0670  0.691

AraBERT-base (v1) 0.638 0.677 0.696
AraBERT-base (v02) 0.654 0.686 0.709
AraBERT-base (v2) 0.651 0.690 0.711
AraBERT-large (v02) 0.659 0.695 0.718
AraBERT-large (v2) 0.660 0.700 0.724
AraELECTRA (discriminator) | 0.649 0.687 0.709
AraELECTRA (generator) 0.604 0.648 0.663
Arabic BERT-base 0.627 0.668 0.687
Arabic BERT-large 0.648 0.678 0.699
Arabic ALBERT-base 0.600 0.653 0.663
Arabic ALBERT-large 0.603 0.657 0.669
Arabic ALBERT-xlarge 0.623 0.674 0.691
MARBERT 0.664 0.693 0.724
ARBERT 0.642 0.673 0.695
QARIB 0.661 0.688 0.720
AraGPT2-base 0.594 0.647 0.662
AraGPT2-medium 0.602 0.649 0.666
AraGPT2-large 0.562 0.612 0.629

Table 3.1: Results achieved by all models described in Chapter 5 on the sentiment

analysis task in ArSarcasm-v2 dataset.

133






Appendix D

ChatGPT Experiments

To analyse the performance of advanced models on the sarcasm detection task, we
tested ChatGPT on some of the examples provided in Section 6.1.3. We asked the
model to identify whether a text is sarcastic and justify the answer. We started with the
following prompt:

You are a smart assistant who understands Arabic. You are an expert
in Arabic sarcasm. When provided an Arabic sentence, please answer
whether it is sarcastic and explain why. Your answer should be in Arabic
and English using the following format:

O: original sentence

S: sarcastic or not

E: explanation

O _en: English translation of the original sentence

S_en: sarcastic or not (in English)

E_en: Explanation in English

Figure 4.1 shows ChatGPT’s answer when prompted with a sarcastic example. The
answer is incorrect as the sentence is sarcastic and used to express being annoyed by
the community and the irrational behaviour of some people. Figure 4.2 shows a correct
answer from ChatGPT. However, this is limited to the answer of whether the text is
sarcastic. The translation and the explanation are incorrect. The accurate translation is
“those who don’t know, say lentil”. The Arabic sentence is a reference to a proverb to

express disappointment in people who are fast to judge without knowing the details.
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0: )slS Gbleiy canids
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doludl g duiluanS]l.

O_en: People always consume chlorine

S_en: Not sarcastic

E_en: The sentence is claiming that people constantly
consume chlorine in large amounts, which is an
exaggeration intended to emphasize the danger of
consuming chemicals and toxins.

Figure 4.1: Incorrect ChatGPT answer for a sarcastic example.

0: pwae Jo&y pidymuo I
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O_en: Someone who doesn't know claims to be an expert
on lentils

S_en: Sarcastic

E_en: The sentence is sarcastic and is commonly used to

express that a person who knows nothing about a certain

topic pretends to be an expert and talks about it in a

random and illogical way. The sarcastic tone is used to

express ridicule and mockery towards this person.

Figure 4.2: Correct ChatGPT answer for a sarcastic example. Incorrect explanation.

Figure 4.3 shows a correct answer from ChatGPT regarding whether the sentence
is sarcastic. However, the provided translation and explanation are incorrect. The
accurate translation is “He is the size of a mouse”. This sentence is used to ridicule
someone’s size or height.

Figure 4.4 shows an incorrect answer from the model. The model incorrectly as-
sumed the sentence to be sarcastic. The sentence expresses disappointment from a
person who is overthinking and wishes to think less. In the explanation, the model
suggests another implied understanding of the sentences, which is the same as the

original one.
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O_en: He's as brave as a mouse

S_en: Sarcastic

E_en: The sentence is sarcastic and is used to describe
someone who pretends to be strong and brave, despite
being weak and cowardly. The sarcastic tone is used to
express ridicule and mockery towards this person who

pretends to be strong and brave, but in reality is not.

Figure 4.3: Correct ChatGPT answer for a sarcastic example. Incorrect explanation.
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O_en: | wish | was a person who doesn't think too much
S_en: Sarcastic

E_en: The sentence is sarcastic and is used to express
frustration and dissatisfaction with oneself. It can be
understood as "l wish | wasn't someone who thinks too
much", thus implying that thinking is a good and
necessary thing and one should not succumb to
ignorance and isolation. The sarcastic tone is used to

express the contradiction between what the person

wishes for and what is actually important and necessary.

Figure 4.4: Inorrect ChatGPT answer for a non-sarcastic example.

Figure 4.5 shows that the model correctly identified that the sentence is non-sarcastic.
However, the model’s translation is inaccurate, and the more accurate one is “I love to
be asked about all the details”. The inaccurate translation could be the reason for the
incorrect explanation. Figure 4.6, shows that the model incorrectly predicted the sen-
tence to be sarcastic. The sentence is indeed used to express surprise at such behaviour,

but it is not sarcastic.
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O_en: | love asking about all the details

S_en: Not sarcastic

E_en: The sentence is not sarcastic and expresses a
person's love for knowing all the details and information
related to a certain topic. This may be due to curiosity,
the need for knowledge, or reassurance. This sentence
expresses the desire to obtain more information and

avoid leaving any unknown or mysterious details.

Figure 4.5: Correct ChatGPT answer for a non-sarcastic example. Incorrect explanation

and translation.
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O_en: Is it possible that when someone annoys me, it's
actually me who gets upset, not them?

S_en: Sarcastic

E_en: The sentence is sarcastic and expresses surprise
and incredulity at a person who shows annoyance and
anger when they are bothered by someone else, but in
reality, it reflects their inability to control their emotions
and deal with them properly. The sarcastic tone is used

to express ridicule towards this behavior, which appears

weak and disrespectful to the true feelings of the person

causing the annoyance.

Figure 4.6: Incorrect ChatGPT answer for a non-sarcastic example.
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