Journal of Kerbala University, Vol. 22, Issue 4, December , 2025

IRROI

Academic Scientific Journals

Available at https://www.iasj.net/iasj
Iraqi Academic Scientific Journals

Journal homepage:
https://journals.uokerbala.edu.ig/index.php/UOKIJ

Research Article

YouTube-Based Dataset of User Comments in the Iraqi Dialect

1,Safaa Hameed Kareem 2, Asia Mahdi Naser alzubaidi

Y2college of computer science and information technology university of

kerbala
Kerbala, Iraq

Article Info

Article history:
Received 30 -10-2025
Received in revised
form 23-11-2025
Accepted 28-12-2025
Available online 31 -
12 -2025

Keywords: Hate
Speech detection,
Iraqi dialect,
YouTube, natural
language processing.

Abstract:

Social media's widespread use has significantly improved communication
between people by enabling quick and unrestricted sharing of ideas and
opinions. However, some people have also abused this freedom to
disseminate hate speech. As a result, abusive language has become more
common online, which has a negative impact on society, especially in areas
with an elevated level of dialectal variation. In Iragi society, where almost
every province has its own unique dialect that differ greatly from those in
other places, a significant challenge to the creation of efficient hate speech
detection technologies is this language diversity. A dataset of 548,661
comments in the Iraqi dialect was first gathered from YouTube for this
study. The dataset was condensed to contain 120,000 comments after
extensive preprocessing, including the removal of random and duplicate
comments, etc. The data were then manually classified into four categories:
Abusive, Offensive, Hate speech, and Normal language. For investigations
involving the identification of hate speech and other associated natural
language processing tasks, this augmented dataset provides a fundamental
resource. Without a labeled dataset containing actual instances of
linguistically offensive material, Natural Language Processing (NLP)
algorithms cannot be trained for hate speech identification. Therefore, this
dataset was created to train models on Iragi hate speech.
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1. Introduction
Social media platforms have
revolutionized communication, offering
users the ability to connect with others
across the globe. However, Despite the
benefits of these advances, individuals and
communities became vulnerable to new
forms of harm and verbal aggression that
were not common before [1]. So, hate
speech on social media is a significant and
complex issue [2] that become more
prevalent with the rise of digital
communication platforms [3],[4].
As a result, identifying hate speech
is still difficult. Effectively identifying and
analyzing hate speech is challenging due to
the variety of dialects and languages, word
spelling variations, and inventive sentence
structures.
The following are the
challenge to identifying hate speech:
1.Ambiguity in Definition: "Any kind of
communication in words, or written
actions that attacks or uses derogatory
or discriminatory terms with reference
to a person or group of people on basis
of who they are—in other phrases,
based on their religion, nationality,
ethnicity, color, racial background,
gender, or others identity factors” [5] is
the commonly cited term for hate
speech provided by the United Nations.
There is currently no universally
recognized definition of hate speech
under the framework of international
human rights law [6],[7] , despite the
fact that this description might seem
all-inclusive. The idea is still up for
debate [8], especially when it comes to
equality,  nondiscrimination,  and
freedom of speech.

2.Use of Humor: It can be challenging to
discern among offensive and non-
offensive information when hate
speech is included into sarcastic or
amusing remarks.

3.Freedom of Expression Issues: The
guarantee of freedom of expression
may be at stake if the definition of hate
speech is broadened.

main
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When working with the Arabic
language, these difficulties are exacerbated
[9]. Even though it is the official written
language, Modern Standard Arabic (MSA)
is rarely used in daily conversation. Arabic,
the fastest-growing language on the
internet, is known for its morpho logical
richness, where a single root word can
generate hundreds of variations [10]. It is
distinguished by rigorous  syntactic
principles, intricate  grammar, and
metaphorical language that demands
mutual  comprehension  between the
speaker and the listener. Rather, the
majority of Arabs use regional dialects,
which differ widely in vocabulary and
meaning, including Levantine, Egyptian,
the Gulf, Yemeni, & Iraqi.

Certain words may be entirely
normal in one language but objectionable
in another. The word "&" (to hit on the
head), for instance, is regarded as neutral in
Levantine and Iraqi dialects but highly
abusive in Egyptian a language where it is
used only as a crude insult. ~ This
demonstrates how objectionable language
is defined differently depending on culture,
which makes it more difficult to identify
hate speech consistently.

The difficulty is exacerbated in the
case of Iraqi Arabic because of the
substantial intra-dialectal variance. The
dialects of central and northern Iraq are not
the same as those of southern Irag. In
actuality, every province or even tribe may
have a distinct lexicon that is solely known
within that community. Public Arabic hate
speech corpora can be found but rarely
concentrate on certain Arabic dialects.

Users frequently utilize indirect or
implicit forms of abuse, which makes it
hard to determine intent, according to data
gathered from social media.

We categorized offensive words
into three primary groups based on our
findings and manual analysis [2],[11]:

e Abusive language, such as sex words.
e Offensive Wording (such as disparaging
or animalistic analogies).
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e Hate Speech (e.g., statements that incite
hatred or violence against people or

groups).

The creation of hate speech
detection models specifically suited to the
Iragi dialect was guided by this

classification, which also used to organize
the annotation process.

Because there are so many films on
Iraq that spark debate and generate a lot of
comments in the Iraqgi dialect, YouTube
was chosen as the main social media site
for this study. 35 videos yielded a total of
548,661 comments, which were then
combined into one Excel file. These
remarks were appropriate for creating a
hate speech detection dataset because they
were full of both offensive and non-
offensive language.

Value of The Hate Speech Dataset
Applications in  Natural  Language
Processing (NLP), Machine Learning
(ML), and Deep Learning (DL) depend
heavily on the utilization of high-quality,
well-annotated  datasets [12],[13]. In
natural language processing (NLP),
datasets give models the linguistic context
and real-world variability they need to
comprehend, produce, and evaluate human
discourse. Models are unable to learn
syntactic structures, semantic meanings, or
pragmatic language use in the absence of
representative datasets.

Datasets serve as the basis for both
supervised and unsupervised learning tasks
in machine learning. They make it possible
for models to identify trends, categorize
inputs, and extrapolate to previously
unseen data. The model's performance in
practical applications improves with the
diversity and richness of the dataset [14].

Datasets are much more important
for deep learning, which uses vast volumes
of data to train intricate neural structures.
They enable deep models to learn
contextual relationships, capture
hierarchical language aspects, and adjust to
subtle linguistic variances like sarcasm,
informal speech, and dialects.
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In summary, the accuracy, stock,
and durability of NLP and Al systems are
directly impacted by the quantity and
caliber of datasets [15]. In order to lessen
bias and enable linguistic inclusion in
technology, dataset building is particularly
important for underrepresented languages
or dialects. This dataset can be used as a
benchmark data set to detect hate speech.

Data Analysis
Upon first examination of the
remarks, a number of linguistic and

structural issues were identified:

1. It was challenging to understand many,
if not most, of the remarks because
they were riddled with spelling
mistakes and did not follow the
guidelines of Modern Standard Arabic
(MSA).

2. Some (like "Juintla™) were written in
an entirely arbitrary way.

3. Others were just emoji sequences, like
DEOLINLAER.

4. A lot of them started with usernames,
like "G minl p ) jaalbiduadd®,

5. The Arabic characters "o=" and "L"
were sometimes used interchangeably
(for example, "u=s" rather than "La™).

6. Inconsistency between o= and -+, such

as using "&=s" rather than "Fus"

(dirty).
7. Laughter was expressed in a variety of
ways, such as " " FERAA" "ages

$'eeer"," and so on.
8. There were several different types of
negative particles, including " ", 5> 5« L
g saa" M3 ga sala" M AN M0 50 5a "
9. Words like "now" — "= "aua" ML
""" and"u«"were characterized by
the interchangeability of last letters (s,
, 3, and ).
Inconsistent writing was used for
particles like "L" (e.g., " "o "l b
o).
Instead than following normal spelling,
grammar, or morphological structures,
many users type words as they are
phonetically pronounced. For instance:
There are several orthographic versions

10.

11.
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for the phrase "= 41" (curse on), such
a5 o e o e o ahf o
dheglei e 4ie] or e o=l Likewise,
"ellaa =" (damn your luck) can be

found as ,dlas mila (as glagh dllaajllh
Sllaall dllaanh and more variations.

A summary Table 1 illustrates key
examples of dialectal variation:

Table 1. A sample of different written forms of the same word.

English Mean MSA Iraqgi Dialect Variants

Now oY O — b — At — Ly

Not available Asn e b 25 5050 — 9> gan — I s sale — s 5a e
Please (by God) Ay aly —all, 4l

Dirty G Foa g — g

O people SRS ol — el — b

Laughter daia rrrged — lleged — Ma — ZAAS 4ga
At the university daalall daals — Jo— Aadal - Aadall

Except N FITIEPTIN]]

For him 4 Ay A

Additional observations include:

nmoen

Some dialects replace "¢" with "&" and
vice versa; for example, "4_8" means
"room" instead of "4, and "Jie"
means "murder" instead of "Ji&."

"&" is occasionally used in place of the
letter "&", also "z" instead of "<&,
creating ambiguity that can only be
cleared out by understanding the entire
sentence context. For example, " L <li sl
<IS" may not signify "dog" but rather
"l (heart).

The ending ™" is inconsistently used
following plural verbs (for example,
" S8E" versus " sad'),

In general, lragi Arabic writing is
phonetic,  controlled more by
pronunciation than by formal grammar.
Dropped letters and asymmetrical word
structures result from this. Some people
even try to purposefully obfuscate
information in order to avoid detection,
like:

Dividing words into their constituent
letters such as "d J s w2 z ¢ 1" that mean
“shut up”.

192

2. Writing words that are only partially
complete  but nonetheless have
meaning.

3. Completing the word with pictures or
emojis.

4. Adding symbols, numerals, or English
characters to express meaning.

5. Making derogatory references to
people or social situations without
using direct language.

6. Including unpleasant language in a
lighthearted environment, which makes
it difficult to categorize purpose.

These trends show how difficult it is to
identify hate speech in Iraqi Arabic and
emphasize the need for models that can
deal with noise, dialectal diversity, and
colloquial language.

Hate speech dataset description

Most previous research work has utilized

Twitter, due to the short length of its posts

and data availability [1], while this work

collected YouTube comments—despite
requiring more preprocessing—~because it

IS not investigated in any arranged manner

in the past studies about Iragi dialect.
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Additionally, YouTube comments are long
and can contain many different types of
hate speech in one comment, making them
more valuable for analysis.

The creation of a dataset involved
gathering user feedback from 35 publicly
accessible YouTube videos that addressed
contentious issues pertaining to Iraqi
society. These films were specifically
chosen because of their high levels of
engagement and the fact that they contain

both  offensive and  non-offensive
statements in the dialect of Iraq. 548,661
comments in all were collected and saved
in Excel (.xIsx) format.

The dataset includes the following fields:

e Channel URL

¢ Name

e Comment
e Time

e Like

Table 2. A sample of comments in YouTube in Iraqi dialect.

No Comments

1 @i LK Ll A, wl O0808dasx o Ak A Gl
L patlOOOOOBEEE

2 @ @iopezkamal4869 4ie (s sl daall 138 ks a5l CISE

3 @ @pSsii o885 4y 5 alanl) o s o a9 iy i 135 (IS (laxa 1 (E5 -l

4 e Ll skl <pr>- @ %é%ﬂg@(&eebe)/ OIS 4y 5 Ay IS/ 2y ol Le g

5 | OB s hy a3V 5 phad ¥ o3 o nY s adle ge il (il S (e AN (s

éﬁ\ odie La L‘;\ @.Ld\

6 @@ «JiSSis Jga i e Ll il ¢ 682 ®E)
7 gl el i W Ll adle ) a8 e dap il 4l <proal s dagie dlle
S <br><br>q @ 2 e daa
8 @@ p55 4a ) e amd ) Com Lo (Sl (o 00 ) DA Az ) (e Aapal lal )8 5o ual)
. !.,.”
It is noteworthy, therefore, that no Before any preprocessing procedures are

preliminary classification of whether a

comment is offensive or not was rendered.

The majority of the comments are written

in Iragi Arabic, and they are distinguished

by the following:

« a high frequency of emojis, symbols, and
numerical characters.

o frequent use of Arabic and Latin
characters.

« usage of other regional dialects (such as
Egyptian or Levantine).

« a large number of spelling errors.

« high redundancy and repetition among
the comments.
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applied, Table 2 shows a sample of raw,
unprocessed comments to demonstrate the
linguistic variety and noise within the
dataset.

Data Preprocessing

It is well known the Iraqi language does
not follow Modern Standard Arabic's
(MSA) grammatical standards. As a result,
no model is currently available that can
analyze data in lragi dialect with any
degree of accuracy, not even at a 50%
threshold. In order to manage the linguistic
variety and noise in the gathered
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comments, the preprocessing
necessitated many unique steps:
1.Elimination of non-Arabic characters,
such as emojis, English letters, numbers,
and other symbols frequently seen in user
comments.

2.Reducing unnecessary character repeats
in terms that approximate MSA vocabulary
by using Farasa and CAMeL Tools in
python  environment (for example,

stage

3.Where feasible, combined words were
separated using the same instruments.
4.Words with more than three characters
per word were queried and corrected using
Microsoft Access, which replaced them
with the proper normalized forms.
5.To get rid of bias and unrelated content,
usernames that were listed at the start of
comments were eliminated.
6.Comments in other Arabic dialects, such
as Gulf, Levantine, or Egyptian, were not
included. Prior understanding of Arabic
dialect terms like """ usS" " <l )" and
"All" was necessary for this. Some
examples of comments in Arabic dialects:
“al deay e as 6l el da slad)
CusS?, Cdls )b el Rl )b AUy
& oan sia Sl el VY7,
7.To maintain objectivity and prevent
model bias, comments containing offensive
remarks about explicitly named political or
religious figures have been deleted.
8We found and removed duplicate
comments.
9.If isolated characters were unnecessary
or did not change the semantics of the
comment, they were either eliminated
completely or combined with nearby words
to complete their meaning.
10. Normalization of characters was
used:
e Removing the diacritical markings.
e All forms of "1 <) <" were united as
® “s ,s” was normalized to "".
e "3" was unified with "s" in instances of
synonymous usage.
e Removing the letter hamza (s).
e "3" was changed to " [16].

II\III
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11.  Where feasible, spelling
adjustments were made and consecutively
repeated terms were eliminated.

12. In order to address dialect-specific
irregularities and guarantee high-quality
data, manual inspection and correction
remained essential even with the
employment of all these automated
technologies.

To guarantee the precision and
dependability of the outcomes, a
considerable amount of work was spent on
data preparation at this point. In order to
generate a high-quality dataset that may be
a reliable basis for natural language
processing (NLP) tasks—especially in
dialect-specific ~ contexts like Iraqi
Arabic—this meticulous procedure was
necessary.

Data Classification
Before starting the classification process,
it is crucial to recognize that the
objectionable terms found in the gathered
comments can be divided into three
primary groups:
1.Abusive Language,
2.0Offensive Language, and
3.Hate Speech (incitement to violence).
During the annotation stage, each
category must have a precise definition in
order to be distinguished from the others:
e Abusive Language refers to offensive or
vulgar language that is typically
disapproved of by society and deemed
unsuitable for public conversation. These
include insults that are sexually explicit or
make direct references to delicate parts of
the human body.
e Offensive Language involves any
remarks or derogatory behavior meant to
make fun of or denigrate someone, such as
making animal analogies or employing
harsh yet but not abusive.
e Hate Speech includes expressions that
use intimidation, threats, or identity-based
targeting to hurt people or groups. This
includes insulting remarks made to
underprivileged groups, incitement for
violence, or social isolation.
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Even in international legal situations, as
was previously said, there is no widely
agreed-upon definition of hate speech. This
begs the question: How were the study's
comments categorized?
The classification was determined based on
the perceived social impact of terms or
vocabulary, and their acceptance or
rejection in public discourse. This was
observed through people's reactions and
interactions with the information, reflecting
broader social norms. By searching for
offensive vocabulary used in comments,
the comment was classified based on
whether or not it contained that offensive
word.

It was discovered that some comments
used multiple inappropriate language types.
The comment was categorized in these
situations according to the most serious
infraction that was committed. A comment
was classified as "Abusive" if it contained
both offensive and abusive language, for
instance. It was categorized as "hate
speech™ if it also contained hate speech,
since this is the most serious category.

It's also important to recognize that the
lines separating these groups are not
always clear and may change in the future.
While certain expressions may change in
meaning or intensity, others that are today
deemed extremely unpleasant may
progressively become more commonplace.
As a result, the concept of offensive

language is dynamic and greatly impacted
by contextual, temporal, and cultural
elements.

Microsoft Access was used for the data
categorization process, and update queries
were created to change the classification
field according to whether or not particular
terms or phrases appeared in each
comment. Comments that contained
inappropriate language were flagged as
such (e.g., hate speech, insulting, or
obscene). On the other hand, remarks
devoid of any offensive material were
classified as "normal*”.

Furthermore, as was  previously
mentioned, the classification took into
consideration every spelling variation of
important terms, such as " e 41" and " 7l
<llaa ™ which might occur in a variety of
orthographic forms. A well-structured and
dialect-specific dataset was produced by
this thorough process, which makes it
appropriate for testing and training natural
language processing (NLP) models on Iraqi
Arabic.

Table 3 displays the comments listed in
Table 2 after preprocessing. Following data
normalization and cleaning, the comments
were divided into four groups according to
their semantic cues and linguistic content,
which reflected the distribution of terms
among the groups: normal , hate speech,
abusive , and offensive speech.

Table 3. The comments after preprocessing and annotation.
Comment Classificatio
n
o_malll i LIS Guie) &) ) a2l s g0 g aby b ) ) Normal
4ia () g g aall 13 bada uagl) sl Canl Offensive
S 685 4 5 adaall 0 s (2 ) 5 yhay il D)5 (IS Glanae 530 Hate Speech
Slal o IS 4 b S IS o plai Le 4yl e L sha o 0l Abusive
ki oY My plpads ¥ o8 0 20V 5 4l e e il QIS e A Gl Abusive
@al saie Lo ) 4l
JSE Ja cule BlaWL Offensive
o da e ezl Al e LSS Lol a3le § (a8 (e 45 el 4l Normal
Sl dge dua
Caadily 2 oK ala ) e Al ) Gy le (S5 5d g (0 AT aliz ) (e dapal Hate Speech
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Data Availability

The dataset utilized in this research is
openly accessible on Kaggle. It consists
of YouTube user-generated comments in
the Iragi Arabic dialect with hand
classification labels. Three main columns
are included in the Excel-formatted
dataset:

ID: each record's unigue sequence
identification.

Comment: The YouTube comment's
unformatted content.

Classification: the label that corresponds
to whether the comment is normal, hate
speech, abusive, or offensive.

The dataset, which includes a significant
amount of annotated social media
content, is designed to aid Arabic natural
language processing (NLP) research,
particularly for tasks like dialectal
analysis and hate speech identification.

The following URL allows you to see
and download it without charge:
https://www.kaggle.com/datasets/safaaham

eed1978/iragi-dialect-youtube-
comments-for-hate-speech
Conclusion

Because the Iragi dialect deviates from
Modern Standard Arabic (MSA) and
lacks established grammar or spelling
rules, it poses a substantial linguistic and
technological difficulty for hate speech
detection. It is particularly challenging
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for conventional NLP techniques and
models to attain dependable performance
in lragi Arabic due to its informal,
phonetic, and very diversified nature, as
well as wusers' inventive language
manipulation.

The dataset underwent a thorough, multi-
phase preprocessing procedure to solve
this, combining a great deal of manual
inspection with automated methods using
programs like Farasa, CAMeL Tools, and
MS Access. Character normalization,
dialectal  inconsistency  elimination,
spelling correction, emojis and symbols
filtration, and dialect-specific word
variant management were the goals of
these procedures. Particular attention was
also paid to removing text in non-Iraqi
dialects, noise, and derogatory comments
to specific people.

Even with the advanced Arabic natural
language processing (NLP) methods
available today, human involvement is
still necessary to capture the complex and
wildly fluctuating Iraqi dialect. The
cleaned, normalized, and annotated
dataset that results offers a strong starting
point for further research into dialectal
Arabic classification of texts and hate
speech detection.

The significance of
processing and the demand for
customized options in low-resource,
dialect-rich dialects like Iraqgi Arabic are
emphasized in this work.

dialect-aware
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