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Abstract: The rise in social media has improved communication but also amplified the
spread of hate speech, creating serious societal risks. Automated detection remains diffi-
cult due to subjectivity, linguistic diversity, and implicit language. While prior research
focuses on high-resource languages, this study addresses the underexplored multilingual
challenges of Arabic and Urdu hate speech through a comprehensive approach. To achieve
this objective, this study makes four different key contributions. First, we have created
a unique multi-lingual, manually annotated binary and multi-class dataset (UA-HSD-2025)
sourced from X, which contains the five most important multi-class categories of hate
speech. Secondly, we created detailed annotation guidelines to make a robust and perfect
hate speech dataset. Third, we explore two strategies to address the challenges of multi-
lingual data: a joint multilingual and translation-based approach. The translation-based
approach involves converting all input text into a single target language before applying
a classifier. In contrast, the joint multilingual approach employs a unified model trained
to handle multiple languages simultaneously, enabling it to classify text across different
languages without translation. Finally, we have employed state-of-the-art 54 different
experiments using different machine learning using TF-IDF, deep learning using advanced
pre-trained word embeddings such as FastText and Glove, and pre-trained language-based
models using advanced contextual embeddings. Based on the analysis of the results, our
language-based model (XLM-R) outperformed traditional supervised learning approaches,
achieving 0.99 accuracy in binary classification for Arabic, Urdu, and joint-multilingual
datasets, and 0.95, 0.94, and 0.94 accuracy in multi-class classification for joint-multilingual,
Arabic, and Urdu datasets, respectively.

Keywords: social media; deep learning; machine learning; transfer learning; data mining;
SVM; BERT; RoBERTa; hate speech; Urdu hate speech; Arabic hate speech

1. Introduction

In the era of digital communication, online social media platforms such as Facebook,
Instagram, X (formerly Twitter), and YouTube have become vital channels for interaction,
idea sharing, and self-expression in ways that were previously unimaginable. The rapid
increase in user-generated textual, audio, and video content has fundamentally transformed
how people connect, communicate, and engage with global communities. These platforms
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also serve as important sources of data for various natural language processing (NLP) tasks,
including hope speech detection [1-3], and other text classification problems [4,5]. However,
this exponential growth has also facilitated the spread of harmful content, including hate
speech [6-8], cyberbullying [9-15], misinformation [16-21], and offensive language [22-26],
which pose significant challenges for maintaining safe and supportive online environments.

Hate speech is a form of communication that expresses hatred, discrimination, or
incites violence against individuals or groups based on attributes such as race, ethnicity,
religion, gender, sexual orientation, or disability. Due to the rise in textual data, hate speech
has become a serious issue, spreading negativity [27] and promoting division [28]. Many
victims of hate speech experience deep emotional distress, and in some cases, the online
hostility translates into real-world violence, social unrest, and even hate crimes. As a result,
hate speech detection and mitigation have become a growing concern for researchers,
policymakers, and technology companies to create safer digital spaces.

Hate speech detection is a crucial task, due to the subjective nature of what constitutes
“hate speech” and the linguistic diversity in online discussions. Many different cultures,
communities, and legal frameworks have changing definitions of hate speech, making
it exciting to establish universal criteria for identification and regulation. Furthermore,
hate speech is often discussed in subtle, implicit, or coded forms, including sarcasm [29],
humor [30], or euphemisms, which traditional keyword-based detection methods struggle
to identify. Additionally, many social media users use some slang [31,32], abbreviations,
misspellings, or word play to avoid automated moderation systems, which makes further
complications in the detection of hate speech. Due to these challenges, an automated hate
speech detection model must incorporate sophisticated natural language processing (NLP)
techniques to effectively analyze and classify harmful content on social media platforms.

The rapid growth of artificial intelligence (AI) has transformed hate speech detec-
tion, enabling researchers to develop more accurate and scalable solutions. Traditional
approaches often misclassified social media content, but transfer learning models with
advanced pre-trained embeddings now offer better contextual understanding. These
embedding-based models analyze vast amounts of textual data to identify subtle linguistic
patterns. However, challenges persist as social media data evolves with new slang and
coded expressions. Ethical concerns such as censorship, bias, and freedom of speech also
complicate moderation. Al models can be biased if they learn from a biased dataset. It
is essential to remove harmful data while still allowing free speech. To make the model
unbiased and perfect, we need more ideas from language experts, psychologists, and legal
experts. By working together, we can create better and more responsible hate speech
detection systems.

Detection of hateful content in both Arabic and Urdu is crucial due to the rapid growth
of these languages on social media platforms. Arabic, one of the top five most spoken
languages globally, has around 450 million speakers [33]. As of April 2024, Twitter has about
16.28 million active Arabic-speaking users [34]. However, hate speech detection in Arabic
is challenging due to its diverse dialects, complex morphology, and the lack of annotated
datasets. Similarly, Urdu, spoken by around 230 million people worldwide [35], is among
the top 20 most spoken languages [36]. With about 3.5 million active Urdu-speaking users
on Twitter in April 2024, hate speech detection in Urdu faces its own set of challenges,
including its complex syntax, regional variations, and a shortage of annotated datasets.

Traditional approaches for the detection of hate speech content using social media
data have failed owing to their inability to tackle the difficulty in grammar, various dialects,
and regional differences in both languages. Additionally, the lack of annotated datasets for
Arabic and Urdu further complicates manual detection efforts. As social media data grows
rapidly, there is an urgent need for automated, real-time detection systems [37] based on
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deep learning and transformer models that can effectively handle linguistic diversity and
complexity. As a result, these traditional methods cannot effectively find and stop harmful
content. Given the rapid increase in Arabic and Urdu data on social media platforms, there
is an urgent need for automated detection of hate speech content, ensuring a safer and
more inclusive digital space for speakers of these languages.

To achieve this objective, we constructed two novel, manually annotated hate speech
datasets in Arabic and Urdu, ensuring high-quality labels for both binary and multi-class
classification tasks. We collected a diverse range of tweets from Twitter, applied prepro-
cessing techniques, and developed comprehensive data annotation guidelines. Following
annotation, we employed various machine learning models using TF-IDF features, deep
learning models with pre-trained word embeddings such as FastText and GloVe, and
advanced language models utilizing contextual embeddings to enhance classification per-
formance. Our goal was to identify the most effective model for detecting harmful content
on social media platforms. The resulting datasets serve as a valuable resource for advancing
hate speech detection in Arabic and Urdu.

This study makes the following key contribution:

v' To the best of our knowledge, joint multi-lingual and joint-translated approaches
were not explored earlier for multi-lingual hate speech detection in Urdu and
Arabic Languages.

v" We created a comprehensive Arabic and Urdu hate speech dataset named UA-HSD-
2025, manually annotated for both binary (hate, not hate) and multi-class such as
direct hate speech, disguised hate speech, sarcastic hate speech, and exclusionary hate
speech, to enhance annotation and classification.

v" We developed annotation guidelines to ensure consistent and accurate labeling for
binary and multi-class classification. These guidelines reduce ambiguity, enhance
dataset reliability, and improve inter-annotator agreement, making the data more
suitable for robust machine learning models.

v" We presented a comprehensive and reproducible pseudocode framework that system-
atically integrates translation, manual refinement, dataset merging, preprocessing,
and fine-tuned multilingual classification, facilitating transparent replication and
extension of hate speech detection across Arabic and Urdu languages.

v" We conducted 54 experiments to evaluate and compare the performance of machine
learning, deep learning, and transfer learning models on both binary and multi-class
classification tasks, with the aim of identifying the most suitable model for our hate
speech detection task.

The rest of the paper is organized as follows. Section 2 provides an overview of the
related work. Section 3 describes the dataset construction process in detail. Section 4
presents the methodology. Section 5 discusses the results and analysis. Section discusses
the limitations of our proposed solution, and finally, Section 6 concludes the paper and
suggests future directions.

2. Literature Review

Recent research on hate speech detection spans various methodologies, datasets,
and languages, reflecting the field’s rapid evolution and persistent challenges. To better
understand these developments, this section reviews key studies focusing on different
aspects such as dataset creation, modeling techniques, and multilingual approaches.

A broad overview of the landscape is provided by Alkomah et al. [38], who reviewed
138 studies focusing on datasets, features, and machine learning models. They observed
significant variation in approaches, with many studies combining multiple deep learning
models to enhance performance. However, they also pointed out that the small size and



Computers 2025, 14, 239

40f24

low reliability of many datasets limit model effectiveness, offering guidance for future
research directions.

The integration of large language models (LLMs) into hate speech detection has re-
ceived increasing attention. Albladi et al. [39] explored how models like GPT-3 and BERT
are applied in this domain, analyzing their strengths and limitations. Their review empha-
sizes the ongoing challenges of maintaining fairness and accuracy in LLM-based systems
while offering insights into potential future improvements to enhance their reliability
and equity.

Addressing the growing need for inclusive solutions, several studies have focused
on low-resource languages. Hashmi et al. [40] tackled hate speech detection in Norwe-
gian using the Barlow Twins Method (BTM). By combining text augmentation and self-
training, they developed Nor-BERT—a semi-supervised model that outperformed existing
approaches, despite limited annotated data.

Similarly, Chavinda et al. [41] addressed hate speech detection in under-resourced
languages like Sinhala and Tamil. Their approach combined Multilingual Large Language
Models (MLLMs) with Dual Contrastive Learning (DCL), using both self-supervised and
supervised learning techniques. Fine-tuning the Twitter/twhin-bert-base model on domain-
specific data led to superior performance over traditional models like CNN and LSTM.

Work on Devanagari-script languages such as Hindi and Nepali has also gained
traction. Thapa et al. [42] organized a shared task targeting language identification, hate
speech detection, and target classification. Using curated datasets and transformer models,
113 participants developed multilingual approaches that advanced NLP solutions for these
languages. In a complementary effort, Khadka et al. [43] evaluated both machine learning
and transformer-based models. Their use of a multilingual RoBERTa model, pre-trained on
social media data, yielded impressive results: 99.5% accuracy in language identification,
88.3% Fl-score in hate speech detection, and 68.6% in target classification.

Unlike previous studies that explore hate speech detection using techniques such
as Dual Contrastive Learning [41], the Barlow Twins Method [40], or transformer-based
models like RoBERTa [41], our work introduces a novel multilingual approach focused
specifically on the underrepresented Arabic and Urdu scripts. While earlier research
addresses low-resource languages generally, none offer a comprehensive framework tai-
lored to Arabic and Urdu. In contrast, our study contributes a new manually annotated
dataset (UA-HSD-2025) with binary and multi-class labels, applies both joint multilingual
and translation-based classification strategies, and evaluates performance using 54 exper-
iments across traditional machine learning, deep learning, and state-of-the-art transfer
learning models.

3. Methodology
3.1. Construction of the Dataset

For the data collection, we compiled a dataset related to hate speech in the
Arabic and Urdu languages, sourced from Twitter using the Tweepy API, a Python
(https:/ /www.python.org/) library that enables developers to extract and analyze Twitter
data, including collecting tweets. Our objective was to gather a diverse set of tweets con-
taining hateful content. To do this, we first created a dictionary of commonly used hate
speech keywords in Arabic, including ubf” (hatred), “&_sais” (racism), “&lal” (insult),
“ & &£ (incitement), “ 1. (discrimination), “8s4 )" (genocide), “ ™ (infidels), “() yo £
(criminals), “ ﬁs_.ﬂ” (slaughter them), and “(3 ki” (extremism). To enhance diversity, we
used logical combinations such as “& s AND 4l 5”7, “&WJOR w” (insult OR curse),

and “ a1 £NOT &.l.” (incitement NOT politics). We further extended our approach
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by incorporating hate speech keywords in the Urdu language, including “» 25" (hatred),
”ul?” (abuse), “ Or'::” (enemy), “ (lU'a” (oppressor), “cial” and “Sl> e f'\.ﬁ” (curse, go to

hell), “ }K” (infidel), “» J<~..~:: z k" (Baloch terrorist), “&, ¢¢ d( § 33‘” (a derogatory
term for women), and “ J\,\i-” (traitor). This multilingual keyword-based search enabled
us to capture a more comprehensive set of hate speech instances across different linguistic
communities. After filtering out irrelevant tweets, we finalized a dataset of 30,000 tweets,
each manually reviewed for relevance to hate speech detection. The dataset was saved
in a CSV (Comma Separated Values) format for structured storage and further analysis.
Consisting entirely of Arabic and Urdu text, this dataset serves as a valuable resource for
studying hate speech in both Arabic-speaking and Urdu-speaking communities. Figure 1
shows the proposed architecture of our methodology.
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Figure 1. Proposed methodology and design.

3.2. Pre-Processing

Social media posts often contain noisy and unstructured content, including spelling
errors, emojis, and special characters. Such elements introduce challenges for automated
processing and make the data difficult for machine learning models to interpret. Therefore,
it is essential to clean and preprocess the data to enhance its quality and suitability for
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downstream machine learning tasks. This process is called preprocessing. We conducted
multiple pre-processing steps to clean our dataset:

(1) Uppercase Text is transformed to lowercase.

(2) Removal of irrelevant tweets which does not show the hateful content.

(3) Removal of special characters and punctuation from the text.

(4) Convergence of digits to text.

(5) Removal of stop words from the text for better understanding of machine learning.
(6) Normalize elongated words from the tweets.

(7) Removal of hashtags and mentions from the tweets.

(8) Remove duplicates and tweets with less than 20-character tweets.

(9) Decodes all the short text, such as thnx to Thanks, plz to please, etc.

After the pre-processing of 30,000 tweets, only 5240 original tweets remained to create
a multi-lingual hate speech detection dataset.

3.3. Annotation Process
3.3.1. Annotation Guidelines

Hate speech detection in our dataset is complex because it adds another layer of
complexity to distinguishing between hate and non-hate before classifying the specific type
of hate speech. Some posts comprise explicit hate speech with direct insults or threats,
making them easy to classify. However, many posts use disguised hate speech, where
the hateful intent is hidden through indirect or coded language. Sarcastic hate speech is
another challenge, as it may appear harmless at first but carries an offensive meaning when
read in context. Exclusionary hate speech is subtler, as it suggests that a group should be
removed or denied rights without using direct insults. Additionally, tweets may contain
ambiguous or mixed sentiments, making it harder to decide if they should be classified as
hate speech. Given these complexities, a structured approach is necessary in the first level,
where we categorize posts into binary classes such as hate speech and non-hate speech. In
the second level, we additionally classify hateful posts into four fine-grained categories of
hate speech based on their characteristics, as shown in Figure 2, while Table 1 shows some
sample tweets from the dataset. These categories include:

1.  Direct Hate Speech: In this type of hate speech, someone uses openly offensive or
abusive language targeting an individual or group of people or communities.

2. Disguised Hate Speech: In this type of hate speech, someone uses indirect hateful
language that may use sarcasm, coded words, or humor to mask their intent.

3. Sarcastic Hate Speech: In this type of hate speech, someone uses Hate speech that
appears neutral or positive but, in context, conveys hostility or mockery.

4. Exclusionary Hate Speech: In this type of hate speech, someone uses Speech that
suggests a group should be excluded, dehumanized, or denied rights.

5. Not Hate: The tweet does not indicate any offensive, discriminatory, or exclusionary
language or a post that will indicate respect, unity, and inclusivity, without targeting
or discriminating against any group.

Since hate speech can be highly context-dependent, a structured annotation process is
needed to differentiate between these categories accurately.
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Figure 2. Annotation Procedure of Hate Speech Detection.

Table 1. Sample Tweets from the Dataset.

Language

Tweet

English Translation Class

Arabic

These insects should be

#USER 15 45 o ol c sl ed) Y eliminated immediately. Direct Hate Speech

Strange how some

NJ S N § Gsix O edla WU jaw (j oAl people demand rightsin ~ Disguised Hate Speech
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< R T Sarcastic Hate Speech
Mad o (ond s C"V"L"(‘bw‘ JO infailure,asusual
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La B RN j LolEs e oSS (j ok culture or religion, you Exclusionary Hate Speech

don’t belong here.

Urdu

These piles of trash

#USER d_.‘«\o (9N f [PV ST ARV J &5; ol should be sent straight Direct Hate Speech

to hell.

_..quo or e S (o ;;J{d:vi{;_}jh‘“ ?<> o5 o s &5\4‘ fjj 4___§#USER Some people create

#USER

problems everywhere Disguised Hate Speech
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S e ot e o Ll g Jae (50l e0L 3#USER#USER

Ohyes, even NASA
won't find their level of Sarcastic Hate Speech
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9—*7[’, ds u\?- el jd‘p Ut}’ ol ~.§ Je “’Hf. Gollas u}/“"“\f 6JL°7 5>#USER Those who can’t adapt to

#USER

our values shouldn’t be Exclusionary Hate Speech
allowed to stay here.

We should treat every

ol Gl gl d/“’f' Sel sl o ol _» e HUSER#USER person with equality Not Hate

and respect.

3.3.2. Annotation Selection

Since distinguishing between different types of hate speech was a major challenge
during dataset annotation, a rigorous process was implemented to carefully select qualified
annotators for this task. Initially, we created an account on Freelancer.com, which is one of
the most well-known freelancing platforms, with over 60 million active users (accessed on
10 January 2025). We posted a project with detailed annotation guidelines to find qualified
annotators. The project cost was 30 USD to 500 USD. After posting the project, there were
several data annotators who reached out to us and bid on the project. After reviewing
applications, we carefully selected eight data annotators from the UAE and Saudi Arabia for
the Arabic annotation task and six data annotators from Pakistan for the Urdu annotation
task. All annotators held at least a Master’s degree in Computer Science. To evaluate their
annotation skills, we provided each group with an initial set of 300 Twitter posts in their
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respective languages. Upon reviewing their annotations, we found that three annotators
from the Arabic group and two from the Urdu group had incorrectly labeled several
samples. The remaining five Arabic annotators and four Urdu annotators demonstrated
a satisfactory level of consistency in their labeling.

To further validate their annotation quality, we assigned a second set of 300 posts to
these selected annotators. After reviewing their work in the second round, we observed
that two of the five remaining Arabic annotators and one of the four remaining Urdu
annotators produced inconsistent or irrelevant annotations. As a result, we finalized three
annotators from each group—Arabic and Urdu—who consistently demonstrated high-
quality annotations across both rounds. These six annotators were selected to label the
entire dataset and finalize the annotations. We created individual Google Forms for each
annotator to classify the sample independently. Each annotator was paid 0.03 USD per
sample to ensure fair compensation for their efforts. If any confusion or disagreement arose
during the annotation process, we arranged a meeting with the annotators to discuss and
resolve the issue. This collaborative approach helped us reach a final agreed-upon label for
ambiguous cases, ensuring consistency and accuracy in the dataset.

3.4. Inter-Annotator Agreement

Inter-Annotator Agreement (IAA) evaluates the consistency among annotators by
accounting for the likelihood of agreement by chance. For the binary hate speech dataset,
a Cohen’s Kappa Coefficient [44] of 85% was achieved for Arabic, while the annotators
working on the Urdu dataset achieved a Cohen’s Kappa of 83% for binary classification.
For the multiclass hate speech dataset, a Fleiss” Kappa Score [45] of 82% was obtained in
Arabic, while the Urdu annotators achieved an even higher Fleiss” Kappa of 85%. These
high agreement scores reflect the robustness of the datasets, which were developed through
a rigorous and meticulous annotation process.

To ensure consistent interpretation of guidelines over time, we conducted periodic
calibration sessions where annotators discussed ambiguous and difficult cases. When
disagreements arose during annotation, they were resolved through group discussions
using a majority voting approach. This collaborative approach helped maintain annotation
quality and consistency throughout the project.

3.5. Dataset Statistics

Figure 3 presents detailed statistics for an Arabic and Urdu hate speech dataset,
showcasing key metrics for each language. Starting with the number of tweets, Arabic
has a slightly higher count (3072) than Urdu (2167), suggesting a broader collection for
Arabic. Interestingly, despite Urdu having fewer tweets, it has more total words (23,479)
than Arabic (22,031), resulting in a significantly higher average word count per tweet
(10.35 for Urdu vs. 6.35 for Arabic). This implies that Urdu tweets are generally more
verbose. However, when looking at the average number of sentences per tweet, Urdu
tweets tend to be shorter and more concise in structure, with only one sentence per tweet,
while Arabic tweets average about 1.12 sentences. In terms of vocabulary richness, Arabic
has a more diverse vocabulary (2269 unique words) compared to Urdu (1772). Finally,
the total sentence count is also higher in Arabic (3466) than in Urdu (2267), reinforcing
that Arabic tweets tend to be more segmented and possibly more expressive. Overall,
this comparison provides valuable insight into the structural and linguistic differences in
hate speech expression between the two languages. Figure 4 presents the word cloud of
hate speech-related keywords in the dataset, highlighting the most frequent words and
revealing common patterns across different hate speech categories. Figure 5 shows the
Label distribution in the binary and multi-class hate speech detection in both Arabic and
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Urdu datasets. We ensured a balanced multi-class dataset to enhance model performance,
improve generalization, and prevent bias toward any specific category. This balance helps
achieve better accuracy, F1-score, and robustness in classification.

Arabicand Urdu hate speech dataset statistics

100000
23,479 22,031
10000
4
2,167 1,772 2,267 ik Zzea >
1000
100
1035
. 6.35
. . . -
1 i
Urdu Arabic

mTweets mWords mAvg.words = Avg.Sentence mVocab mTotal sentences

Figure 3. Statistics of the dataset.

Figure 4. Word cloud of hate speech-related keywords in the dataset (a) Urdu and (b) Arabic.

Arabicdataset in binary class Arabic dataset in multi class
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m Direct Hate  m Disguised Hate  m Exclusionary Hate NotHate  m Sarcastic Hate

Figure 5. Label distribution for binary and multi-class hate speech detection in Arabic and Urdu:
(a) Arabic binary, (b) Arabic multi-class, (¢) Urdu binary, and (d) Urdu multi-class.

3.6. Translation and Joint Multi-Lingual Steps

The objective of the translation and joint multi-lingual process is to transform multi-
lingual Twitter posts into a single universal language. Three datasets, such as Arabic,
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Urdu, and joint multi-lingual, are constructed as detailed below. The pseudo-code of both
approaches is presented in Table 2.

1.  Initially, we employed Google Translate API to convert Arabic Twitter posts into Urdu.
Following the translation, we manually refined the text to correct any inconsistencies
or translation errors. The finalized Urdu translations were then merged with the
original Urdu dataset for subsequent processing.

2. For the second dataset, Urdu comments were translated into Arabic using the
same process. After manually refining the translated text to address any inaccu-
racies, the cleaned translations were integrated with the original Arabic dataset for
further analysis.

3. For the third dataset, we combined the original Urdu and original Arabic datasets to
create a unified joint multi-lingual dataset.

Table 2. Pseudo-code outlining the multilingual hate speech classification process for Arabic and

Urdu datasets.

Step Procedure/Operation

Description

Procedure for multilingual hate speech

1 Multilingual-hate-speech-classification () classification (Arabic-Urdu dataset)
D1 < Arabic-Dataset (3073) Load the original Arabic dataset
D2 < Urdu-Dataset (2167) Load the original Urdu dataset
. Translate the Urdu dataset into Arabic

4 Urdu-Translated < Translate-To-Arabic(D2) using the Google Translate APT

5 Arabic-Translated <— Translate-To-Urdu(D1) Tr;fmSlate the Arabic dataset into Urdu
using Google Translate API

6 Review-Translations (Urdu-Translated, Arabic-Translated) Manual.ly review a}nd correct .
translations (especially for slang, idioms)

. . Merge the Arabic original with the
7 Combined-Arabic < Merge (D1, Urdu-Translated) translated Urdu (in Arabic)
. . Merge the Urdu original with the

8 Combined-Urdu <— Merge (D2, Arabic-Translated) translated Arabic (in Urdu)

9 Combined-Multilingual <— Merge (D1, D2) Mgrge the orgl nal Arabic and Urdu into
a single multilingual dataset

10 Pre-Processed-Arabic <— Pre-Processing(Combined-Arabic) Clean and normalize the Arabic dataset

11 Pre-Processed-Urdu <— Pre-Processing(Combined-Urdu) Clean and normalize the Urdu dataset

12 Pre-Processed-Multi <— Pre-Processing(Combined-Multilingual) Cleap a nd normalize the original
multilingual dataset

13 Tokenized-Arabic +— XLMR-Tokenizer(Pre-Processed-Arabic) Tokenize the Arabic dataset using
xIm-roberta-base

14 Tokenized-Urdu < XLMR-Tokenizer(Pre-Processed-Urdu) Tokenize Urdu dataset using

xlm-roberta-base
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Table 2. Cont.

Step Procedure/Operation

Description

Tokenize the joint Arabic-Urdu dataset

15 Tokenized-Multi <— XLMR-Tokenizer(Pre-Processed-Multi) .
using xIm-roberta-base

16 Classification(Tokenized-Arabic, 1) Classification using fme—tgned
xlm-roberta-base on Arabic

17 Classification(Tokenized-Urdu, 2) Classification using fine-tuned
xlm-roberta-base on Urdu

18 Classification(Tokenized-Multi, 3) Classification using fine-tuned

! xIm-roberta-base on joint Arabic-Urdu

19 Pre-Processing(D) Procedure to clean and normalize text

20 D1 « Cleaning(D) Rem(?ve HTML, has.htags, URLs,
mentions, punctuation, etc.

21 D2 + Lower-Case(D1) Convert text to lowercase

22 D3+ Replace-Emoji(D2) Replace emojis with
corresponding words

23 Classification(D, mode) Fine-tune and classify using
xIm-roberta-base

24 Model < fine-tuning(D, ‘xIm-roberta-base’, 80-20) Tram/test. SPht (80/20) and
model training

25 Confusion-matrix <— generate-results(Model) Generate a confusion matrix

26 Accuracy < compute-accuracy(confusion-matrix) Compute accuracy

27  Precision <- compute-precision(confusion-matrix) Compute precision

28 Recall <— compute-recall(confusion-matrix) Compute recall

29 Fl-score < compute-F1(confusion-matrix) Compute Fl-score

3.7. Application of Models

In this section, we will explore the structured approach to pre-processing and apply-
ing various machine learning techniques such as Support Vector Machine (SVM), Deci-
sion Tree (DT), K-Nearest Neighbors (KNN), and Multinomial Naive Bayes (MNB) us-
ing TF-IDF, deep learning such as BiLSTM and CNN using advanced pre-trained word
embeddings such as FastText, and three advanced language-based models such as bert-
base-multilingual-cased, Robert-base, xIm-roberta-base to identify hate speech detection
in more accurate way and find the best model for hate speech detection. We chose these
models based on their higher performance. The process begins by splitting the dataset into
training (20%) and testing sets (80%). The training data is used to train the model, while the
testing data is used to evaluate the performance of the trained model, as shown in Figure 6.
After the training and testing cycle, the model’s accuracy is calculated using four different
metrics, such as precision, recall, F1-score, and Accuracy. These metrics provide a detailed
understanding of how well the model is performing, not just in terms of accuracy but
also in terms of its ability to correctly identify positive cases and avoid false positives
and negatives.
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Figure 6. Application of machine learning and deep learning.

4. Results and Analysis

This study employs a range of machine learning, deep learning, and transformer-
based models to evaluate their effectiveness in hate speech detection across Arabic, Urdu,
and multilingual datasets. Traditional ML models such as SVM, KNN, DT, and MNB are
used with TF-IDF feature representations. These models are known for their simplicity,
interpretability, and strong performance on structured text features. For DL approaches,
we utilize neural network architectures such as CNN and BiLSTM networks, which are
enhanced by pre-trained word embeddings like FastText and GloVe. These models are
capable of capturing local patterns (CNN) and long-range dependencies (BiLSTM) in text.
The core focus of this study lies in transformer-based models, which leverage self-attention
mechanisms to process input sequences more effectively. Specifically, we use Multilin-
gual BERT, XLM-RoBERTa, and Multilingual RoBERTa—pre-trained models that support
cross-lingual understanding. Multilingual BERT is trained on 104 languages and provides
a shared representation space. XLM-RoBERTa enhances this with improved training on
a larger multilingual corpus, leading to better contextual understanding. Multilingual
RoBERTa adapts the RoBERTa architecture for multiple languages, offering competitive
performance in multilingual tasks. All transformer models utilize their respective tokeniz-
ers and process input sequences with a maximum length of 512 tokens. By comparing
these three modeling paradigms, we highlight the advantages and limitations of each in
detecting hate speech in low-resource, multilingual contexts.

4.1. Results for Machine Learning

Table 3 outlines the key hyperparameters used for tuning traditional machine learning
models in the hate speech detection experiments. For K-Nearest Neighbors (KNN), the
number of neighbors was set to 2, allowing the model to make predictions based on the
closest two data points. Multinomial Naive Bayes (MNB) used a smoothing parameter
(alpha) of 1.0, which helps manage zero probabilities in text classification. The Decision
Tree (DT) was configured with a maximum depth of 20, and a fixed random state of 42 to
ensure reproducibility. Lastly, the Support Vector Machine (SVM) model was trained using
a polynomial kernel of degree 2, a regularization parameter (C) of 0.1, and the same random
state of 42, enabling consistent model behavior across runs. These hyperparameter choices
were tailored to balance complexity, overfitting, and generalization across the multilingual
hate speech dataset.

Table 4 shows the results on hate speech detection across multilingual contexts, specif-
ically evaluating the performance of various traditional machine learning models—KNN,
Multinomial Naive Bayes (MNB), Decision Tree (DT), and Support Vector Machine (SVM)
on binary classification tasks in Arabic, Urdu, and combined multilingual settings. The
results show that the Decision Tree consistently performs well, particularly in Urdu, where



Computers 2025, 14, 239

13 of 24

it achieves the highest precision, recall, F1-score, and accuracy (0.95). In the multilingual
and Arabic settings, performance is slightly more varied, with all models performing
competitively. Notably, translations between Arabic and Urdu did not significantly impact
model effectiveness, suggesting that hate speech patterns are robustly captured across both
languages. Overall, these findings highlight the importance of considering both linguistic
diversity and model selection in building effective hate speech detection systems.

Table 3. Best hyperparameter values for machine learning models.

Model Hyperparameter Value
K-Nearest Neighbors (KNN) n_neighbors 2
Multinomial Naive Bayes (MNB)  alpha 1.0
o max_depth 20
Decision Tree (DT)
random_state 42
kernel poly
, degree 2
Support Vector Machine (SVM) o1
random_state 42

In the multi-class hate speech detection task, this study extends its evaluation of ma-
chine learning models—KNN, MNB, DT, and SVM—across multilingual, Arabic, and Urdu
datasets. Performance trends reveal that classification is more challenging in multilingual
and Arabic contexts, where precision, recall, and F1-scores hover around the mid-50s to low
60s. Among the models, Decision Tree and SVM tend to perform more consistently across
languages, with DT slightly outperforming others in the multilingual setting (F1-score:
0.62) and SVM leading in Arabic (precision: 0.65). However, in the Urdu dataset, all models
perform significantly better, especially KNN and DT, both achieving high F1-scores of 0.77,
indicating that hate speech in Urdu is more distinctly classifiable in multi-class scenarios.
These results emphasize the increased complexity of multi-class hate speech detection
in diverse linguistic settings and highlight Urdu as a language with clearer hate speech
patterns for machine learning models to detect.

Table 4. Results for machine learning models.

Class Language Models Precision Recall F1-Score Accuracy
KNN 0.86 0.86 0.84 0.86
. MNB 0.81 0.83 0.81 0.83
Multi-lingual
DT 0.86 0.87 0.85 0.87
SVM 0.85 0.86 0.84 0.86
KNN 0.87 0.87 0.83 0.87
i MNB 0.86 0.87 0.86 0.87
Binary Arabic
DT 0.88 0.86 0.87 0.86
SVM 0.87 0.87 0.84 0.87
KNN 0.93 0.93 0.93 0.93
MNB 0.88 0.88 0.86 0.88
Urdu
DT 0.95 0.95 0.95 0.95

SVM 0.93 0.93 0.93 0.93
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Table 4. Cont.
Class Language Models Precision Recall F1-Score Accuracy
KNN 0.63 0.57 0.58 0.57
MNB 0.51 0.5 0.48 0.5
Multi-lingual
DT 0.62 0.62 0.62 0.62
SVM 0.62 0.58 0.59 0.58
KNN 0.56 0.51 0.52 0.51
MNB 0.57 0.56 0.55 0.56
Multi class Arabic
DT 0.63 0.6 0.6 0.6
SVM 0.65 0.59 0.59 0.59
KNN 0.78 0.77 0.77 0.77
MNB 0.63 0.63 0.63 0.63
Urdu
DT 0.78 0.77 0.77 0.77
SVM 0.75 0.74 0.74 0.74

4.2. Results for Deep Learning

Two deep learning models, such as Convolutional Neural Network (CNN) and Bidi-
rectional Long Short-Term Memory (BiLSTM), are individually trained using FastText
embeddings on Arabic, Urdu, and joint multi-lingual hate speech detection datasets.

Table 5 outlines the parameters used for training deep learning models for our hate
speech detection task. Both models were trained for five epochs, using the Adam optimizer
and categorical cross-entropy as the loss function, which is suitable for multi-class classifi-
cation tasks. The embedding size for both models is set to 300, and they share a learning
rate (Ir) of 0.001 and a dropout rate of 0.1 to prevent overfitting. The activation function
for the output layer is softmax, which is ideal for multi-class classification as its output
probability distributions across classes. The CNN model has additional parameters, such as
filters = 128, which are used to extract features from the input text at different granularities.

Table 5. Parameters for deep learning models.

Parameter CNN BiLSTM

Epochs 5 per fold 5 per fold

Optimizer Adam Adam

Loss Categorical Crossentropy  Categorical Crossentropy
Number of Filters 128 -

Embedding Size 300 300

Learning Rate (Ir) 0.001 0.001

Dropout 0.1 0.1

Activation Softmax Softmax

Table 6 shows the performance of two different deep learning models using pretrained
word embeddings, such as FastText, for binary and multi-classification tasks. In the binary
hate speech detection task using FastText word embeddings, both CNN and BiLSTM
models demonstrate strong and consistent performance across multilingual, Arabic, and
Urdu datasets. Notably, BILSTM slightly outperforms CNN overall, achieving the highest
scores in the Arabic dataset with near-perfect precision, recall, F1-score, and accuracy at
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0.99. In both multilingual and Urdu contexts, the models maintain high effectiveness with
F1-scores ranging from 0.96 to 0.98, underscoring their capability to capture contextual
meaning even across diverse linguistic structures. These results highlight the strength of
combining FastText’s subword-level embeddings with deep learning models—especially
BiLSTM—for accurately identifying hate speech in binary classification settings.

Table 6. Results for deep learning models.

Class Language Models Precision Recall F1-Score Accuracy
L CNN 0.96 0.96 0.96 0.96
Multi-lingual
BiLSTM 0.98 0.98 0.98 0.98
. CNN 0.98 0.98 0.98 0.98
Binary Arabic
BiLSTM 0.99 0.99 0.99 0.99
CNN 0.98 0.98 0.98 0.98
Urdu
BiLSTM 0.98 0.98 0.98 0.98
L CNN 0.81 0.8 0.8 0.8
Multi-lingual
BiLSTM 0.81 0.78 0.78 0.78
CNN 0.86 0.86 0.86 0.86
Multi class Arabic -
BiLSTM 0.87 0.87 0.87 0.87
CNN 0.86 0.86 0.86 0.86
Urdu
BiLSTM 0.86 0.86 0.86 0.86

In the multi-class hate speech detection task using FastText word embeddings, both
CNN and BiLSTM models perform effectively across multilingual, Arabic, and Urdu
datasets, though with slightly lower scores than in binary classification—reflecting the
added complexity of distinguishing between multiple hate speech categories. BiLSTM
edges out CNN in the Arabic dataset with an F1-score of 0.87, while both models perform
equally well in Urdu with consistent metrics of 0.86. In the multilingual setting, CNN
shows a slight advantage with an Fl-score of 0.80 compared to BiLSTM’s 0.78. These
results suggest that while FastText-enhanced models remain strong in multilingual and
morphologically rich environments, their performance slightly varies depending on the
language and task complexity. Overall, the models show promising capability for multi-
class hate speech detection, with Arabic and Urdu yielding the most balanced and high-
performing outcomes.

4.3. Transformer Results

Table 7 outlines the training setup used for multilingual transformer models—specifically
Multilingual BERT, XLM-RoBERTa, and multilingual RoBERTa—for hate speech detection.
These models utilize their respective tokenizers (e.g., bert-base-multilingual-uncased, XLM-
RoBERTa and roberta-base) to process input text, with a maximum sequence length capped
at 512 tokens. The training is performed in small batches of 16 samples, using the AdamW
optimizer with a learning rate of 3 x 10>, which helps balance training speed and stability.
The model is trained over 3 epochs, with 80% of the data used for training and 20% for
testing. To ensure fair evaluation and avoid class imbalance issues, CrossEntropyLoss is
employed as the loss function, and the data is shuffled during training. The model runs
on either CUDA. For evaluation, accuracy, Fl1-score, and the confusion matrix are used to
assess performance. Additionally, padding and truncation are enabled during tokenization
to ensure all input sequences are uniform in length, which is critical for transformer models
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to function properly. Overall, the setup reflects a standard yet effective configuration for
fine-tuning multilingual language models on classification tasks.

Table 7. Fine-tuning parameters for transformer-based models.

Model Name Hyperparameter Value
BERT Tokenizer
Tokenizer (bert-base-multilingual-uncased),
RoBERTa Tokenizer (roberta-base),
Max Sequence Length 512
Batch Size 16
Learning Rate 3x107°
Optimizer AdamW
Multilingual BERT, XLM-RoBERTa, Epochs 3
multi-lingual RoBERTa Train,/ Test Split 80%/20%
Loss Function CrossEntropyLoss
Shuffle True
Device CUDA
Evaluation Metrics Accuracy, F1-score, Confusion Matrix
Tokenization: Padding True
Tokenization: Truncation True

Table 8 shows the performance of language-based transformer models using advanced
contextual embeddings in both binary and multi-class settings. In the binary hate speech
detection task, the results demonstrate exceptional performance across all language settings,
such as joint multi-lingual, Arabic translation, and Urdu translation. Among the models
evaluated, XLM-RoBERTa-base consistently achieves near-perfect scores with a precision,
recall, F1-score, and accuracy of 0.99 across all languages, highlighting its robustness and
generalizability. BERT-base-multilingual-cased also performs comparably well, particularly
in multilingual and Arabic contexts, while RoBERTa-base slightly trails with metrics in
the 0.97-0.98 range. These findings underscore the effectiveness of multilingual trans-
former models in capturing nuanced hate speech patterns and suggest that deep learning
approaches significantly outperform traditional machine learning models, especially when
handling complex and diverse linguistic data.

In the multi-class hate speech detection task, transformer-based models again show
strong performance, with XLM-RoBERTa-base leading across all three language settings—
multilingual, Arabic, and Urdu—achieving F1-scores of 0.95. BERT-base-multilingual-
cased also delivers high accuracy and balanced scores, particularly in Urdu (0.94 F1-
score), indicating its effectiveness in capturing nuanced hate speech categories. However,
RoBERTa-base shows slightly lower performance, especially in Urdu (F1-score: 0.72),
suggesting a limitation in adapting to low-resource or morphologically rich languages.
Overall, these results reaffirm the superior capability of multilingual transformer models—
especially XLM-RoBERTa—in handling complex, multi-class hate speech detection tasks
across diverse languages, reinforcing their value in cross-lingual and translation-based
moderation systems.
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Table 8. Results for language-based transformer models.

Class Language Models Precision = Recall = F1-Score Accuracy
bert-base-multilingual-cased 0.99 0.99 0.99 0.99
Multi-lingual Robert-base 0.97 0.97 0.97 0.97
xlm-roberta-base 0.99 0.99 0.99 0.99
bert-base-multilingual-cased 0.99 0.99 0.99 0.99
Binary Arabic Robert-base 0.98 0.98 0.98 0.98
xlm-roberta-base 0.99 0.99 0.99 0.99
bert-base-multilingual-cased 0.98 0.98 0.98 0.98
Urdu Robert-base 0.97 0.97 0.97 0.97
xlm-roberta-base 0.99 0.99 0.99 0.99
bert-base-multilingual-cased 0.91 0.9 0.9 0.9
Multi-lingual Robert-base 0.86 0.86 0.86 0.86
xlm-roberta-base 0.95 0.95 0.95 0.95
bert-base-multilingual-cased 0.91 091 0.91 091
Multi class Arabic Robert-base 0.87 0.86 0.86 0.86
xlm-roberta-base 0.95 0.94 0.94 0.94
bert-base-multilingual-cased 0.94 0.94 0.94 0.94
Urdu Robert-base 0.74 0.72 0.72 0.72
xIm-roberta-base 0.94 0.93 0.93 0.93

4.4. Error Analysis

Table 9 presents a comprehensive comparison of the top-performing models for hate
speech detection across three different learning approaches—machine learning, deep learn-
ing, and transfer learning—applied to datasets in three languages: multi-lingual (combined),
Arabic, and Urdu. Each model is evaluated on both binary (hate vs. non-hate) and multi-
class classification tasks using key metrics: precision, recall, F1-score, and accuracy. While
Figures 7-9 show the confusion matrix of our proposed methodology, xIm-roberta-base in
multi-lingual, Urdu translation, and Arabic translations.

Multi-lingual Binary class Multi-lingual Multi class
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Figure 7. Confusion matrix for binary and multi-class hate speech detection in a multilingual setting:
(a) joint multilingual binary classification, and (b) joint multilingual multi-class classification.
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Table 9. Top-performing models in each learning approach employed in this study.

Class Model Language Precision Recall F1-Score Accuracy

Machine learning

DT Multi-lingual 0.86 0.87 0.85 0.87
Binary SVM Arabic 0.87 0.87 0.84 0.87
DT Urdu 0.95 0.95 0.95 0.95

DT Multi-lingual 0.62 0.62 0.62 0.62

Multi-class SVM Arabic 0.63 0.6 0.6 0.6
KNN Urdu 0.78 0.77 0.77 0.77

Deep Learning

BiLSTM Multi-lingual 0.98 0.98 0.98 0.98
Binary BiLSTM Arabic 0.99 0.99 0.99 0.99
BiLSTM Urdu 0.98 0.98 0.98 0.98

CNN Multi-lingual 0.81 0.8 0.8 0.8
Multi-class BiLSTM Arabic 0.87 0.87 0.87 0.87
CNN Urdu 0.86 0.86 0.86 0.86

Transfer Learning
Multi-lingual 0.99 0.99 0.99 0.99
Binary XLM-R Arabic 0.99 0.99 0.99 0.99
Urdu 0.99 0.99 0.99 0.99
Multi-lingual 0.95 0.95 0.95 0.95
Multi-class XLM-R Arabic 0.95 0.94 0.94 0.94
Urdu 0.94 0.93 0.93 0.93
Arabic Translation Binary class Arabic Translation Multi class
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Figure 8. Confusion matrix for binary and multi-class hate speech detection in the Arabic
translation setting: (a) Arabic translation (binary classification), and (b) Arabic translation
(multi-class classification).
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Figure 9. Confusion matrix for binary and multi-class hate speech detection in the Urdu translation set-
ting: (a) Urdu translation (binary classification), and (b) Urdu translation (multi-class classification).

In the machine learning category, Decision Trees (DT) and Support Vector Machines
(SVM) are used. For binary classification, the best results are seen in Urdu using DT, with
perfect or near-perfect scores across all metrics (95%). SVM also performs decently on
Arabic with an Fl-score of 0.84. However, performance drops in the multi-class setup,
where DT and KNN yield modest results, particularly in multi-lingual and Arabic datasets,
reflecting the challenge of distinguishing between multiple hate speech categories using
traditional ML models.

Deep learning methods show a significant performance boost. In binary classification,
BiLSTM models excel across all three datasets, achieving near-perfect scores (98-99%),
highlighting their strength in capturing sequence patterns in text. Even in the more
complex multi-class setting, models like CNN and BiLSTM maintain strong performance,
particularly for Urdu and Arabic, with F1-scores consistently above 0.86.

Transfer learning outperforms both traditional and deep learning methods. Models
like XLM-RoBERTa (XLM-R) achieve exceptional results in both binary and multi-class
settings, with F1-scores and accuracy as high as 0.99 in binary classification and around
0.95 in multi-class tasks. These results affirm the superior ability of pre-trained multilingual
transformer models to generalize across languages and nuanced hate speech categories.

Overall, the table demonstrates that while traditional models can be effective for sim-
pler binary classification—especially in high-resource languages like Urdu—deep learning
and transfer learning approaches dominate in both binary and multi-class tasks, particularly
when working with multilingual datasets.

5. Discussions

The results of this study present a comparative evaluation of traditional machine
learning, deep learning, and transformer-based models for hate speech detection across
multilingual, Arabic, and Urdu datasets under both binary and multi-class classification
tasks. Traditional machine learning models such as Decision Trees and SVMs show compet-
itive performance in binary classification, particularly in Urdu, where the Decision Tree
achieves the highest F1-score (0.95). However, their effectiveness declines in multi-class
tasks, especially in multilingual and Arabic datasets, highlighting the limitations of these
models in capturing complex semantic distinctions across languages. Deep learning models
like CNN and BiLSTM, trained with FastText embeddings, offer notable improvements
over traditional models by leveraging subword information to capture nuanced linguis-
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tic patterns. BILSTM consistently outperforms CNN, particularly in binary classification
(e.g., F1-score of 0.99 for Arabic), and performs competitively in multi-class settings with an
F1-score of 0.87 for Arabic, demonstrating its strength in modeling sequential dependencies
in language. The transformer-based models, especially XLM-RoBERTa, exhibit superior
performance across both binary and multi-class tasks and all language settings, achieving
near-perfect scores (0.99 F1) in binary classification and maintaining high performance
(0.95 F1) in the more complex multi-class scenario. These results collectively underscore
the robustness and scalability of transformer models for hate speech detection in morpho-
logically rich and low-resource languages, while also revealing the relative strengths of
deep learning over traditional machine learning in handling multilingual text. Overall, the
findings affirm that as model complexity and contextual understanding increase—from
traditional ML to deep learning to transformers—so does the accuracy and reliability of
hate speech detection across diverse linguistic contexts.

6. Limitations

Despite the robustness of our dataset and methodology, several limitations exist
in the process of annotating and detecting hate speech. First, the annotation of hate
speech is inherently subjective, especially for ambiguous cases like sarcasm and hidden
hate. For example, the Arabic post “1ls & is o2 JK.’;‘ Lels call cls W ©” (“MashaAl-

lah, their ideas are always so brilliant! ©”) could be interpreted as sarcasm or a gen-
uine compliment, leading to inconsistencies in labeling. Similarly, in Urdu, a phrase
like “Uu 35 sde (5 ler pdan (b x| SO 1 (“How great they are, always helping
us! @”) could be a sincere compliment or sarcastic, making it difficult to determine the
true intent.

Second, the reliance on textual data without contextual information, such as user
intent or historical interactions, can significantly affect classification accuracy. A tweet like
“oalay FVRRN <J.J=§;\H el e2!” (“They are always the best, no one can match them!”)
might be positive in one context but sarcastic in another. Similarly, an Urdu post like

”gJ jdgﬁ 5L e J; r( A pided” (“Always doing the best work, just to

17

show the world!”) might be interpreted as either genuine praise or a sarcastic remark
depending on the context in which it is used.

Third, the role of emojis and figurative language adds further complexity. Emojis,
such as the & emoji, can signal humor or mockery, altering the meaning of a sentence.
For example, in the Arabic phrase N & g o2 JKéi el call e W ©7 (“MashaAllah,

their ideas are always so brilliant! ©&”), the inclusion of the laughing emoji could turn
a seemingly positive statement into a sarcastic one. Similarly, in Urdu, a statement like
‘ol cw 4; ! ©@” (“Everything is great! ©") could either indicate genuine praise
or mockery‘, depending on the tone conveyed by the emoji.

Fourth, our initial tweet collection relied heavily on keyword-based filtering, which
may introduce sampling bias. While we attempted to create a broad keyword list across
both Arabic and Urdu, implicit or context-dependent expressions of hate speech that do
not contain explicit keywords might have been missed.

Fifth, our dataset is solely sourced from Twitter. Although Twitter provides a rich
and publicly accessible stream of sociopolitical discourse, the style and frequency of hate
speech may vary significantly across platforms such as Facebook, Reddit, or YouTube. As
such, our findings may not generalize well to other platforms or media.

Sixth, during the manual annotation process, we applied strict inclusion criteria to
ensure high-quality data. Only tweets that explicitly or implicitly exhibited hate speech
were retained, resulting in a reduction from 30,000 initially collected tweets to 5240 final
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samples. This high discard rate (>80%) reflects the importance we placed on annotation
precision, but also raises concerns about potential over-filtering or an over-inclusive initial
keyword list.

Finally, deep learning models require substantial computational resources, making
real-time deployment challenging in resource-limited environments. The complexity of
sarcasm, hidden hate, and figurative language means that real-time processing becomes
even more demanding. This is particularly true for resource-limited platforms like mobile
applications, where the computational cost could be prohibitive.

7. Conclusions and Future Work

This study addresses the underexplored challenge of multilingual hate speech detec-
tion in Arabic and Urdu, two linguistically rich yet low-resource languages. By introducing
the UA-HSD-2025 dataset with both binary and multi-class annotations and implementing
rigorous annotation guidelines, we provide a valuable resource for future research. Our
comparative analysis of traditional machine learning, deep learning, and advanced transfer
learning techniques—across 54 experiments—demonstrates the superior performance of
contextual language models, particularly XLM-R, in both binary and multi-class classifi-
cation tasks. The joint multilingual and translation-based approaches further highlight
effective strategies for handling multilingual data. Overall, our findings emphasize the
importance of language-specific datasets and contextual embeddings in enhancing hate
speech detection systems, paving the way for more inclusive and accurate NLP solutions
in low-resource settings.

For future work, we aim to expand the dataset by incorporating more dialectal vari-
ations and sources beyond Twitter to enhance generalizability. Additionally, we plan to
explore large language models (LLMSs) to further improve classification performance. Inves-
tigating adversarial attacks and bias mitigation techniques will also be crucial in ensuring
the robustness and fairness of Arabic and Urdu hate speech detection tasks. Furthermore,
we intend to incorporate more context-aware modeling approaches by leveraging user
history, conversational context, and meta-information to better capture disguised, sarcastic,
and context-dependent hate speech. We also plan to evaluate the impact of various prepro-
cessing steps on model performance to better preserve important contextual cues. Finally,
conducting qualitative error analyses on misclassified or ambiguous cases will provide
valuable insights to refine both the dataset and model architectures.
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