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Abstract

Automated systems for detecting hate speech play a crucial role in combating the prolifer-
ation of hateful content, especially as social media user bases continue to grow. Recent
research efforts have focused on creating datasets for this purpose, but the majority
have been designed for English, leaving low-resource languages like Roman Urdu with
limited resources. To enhance hate speech identification in Roman Urdu, various ma-
chine and deep learning models were trained on a publicly available dataset of Roman
Urdu tweets (RUSHOLD). For multi-class classification, both machine and deep learning
techniques were employed, while restricting binary classification to deep learning meth-
ods. Given the dataset's class imbalances, particularly with some classes having fewer
instances, SMOTE was employed to address this disparity. The findings indicated that
the developed machine learning model outperforms the deep learning model in terms
of recall, as well as key metrics such as F1 and Macro F1.
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vironments and is topped by cyberbullying, needs to
be eliminated or at least minimized. The worst part of

One of the key and essential benefits of social media
is that it keeps people connected to their loved ones.
However, it also has brought along few nuisances, the
most thumping of which is the use of offensive and un-
friendly language towards a person, community, soci-
ety or religion, which has a negative impact on social
media users.

In order to prevent social media users from hurt-
ing the sentiments/feelings of someone else, offensive
speech, which is quite prevalent in all social media en-

[her |

this issue is that generally people start bullying an in-
dividual or community with whom they do not even
have any direct business. It may happen in a num-
ber of ways, such as by making hateful comments, us-
ing insulting language, or making jokes about the race,
colour, or faith of an individual or community.
Although it is against the law to make offensive
comments on another person’s post, this practise is in-
creasing rapidly. Inappropriate language is being used

This work is licensed under a Creative Commons Attribution 3.0 License.
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in some of the comments, which generally encourages
cyberbullying against specific people including politi-
cians, celebrities, and brands etc. Bullying of a certain
group, such as those from a particular age group or
country, is included in this offence.

The related studies of comparable research to cy-
ber bullying and hate speech are discussed in Section II.
Experimental analysis and a brief summary of the sug-
gested system and architecture design are included in
Section Ill. The results of the findings are presented in
Section IV. Section V contains the conclusion, discus-
sion, and recommendations for further work.

2 Related Work

Recently, the growing existence of hate speech on
social media has become a noteworthy concern and
cause of distress. While many researchers have
focused on European languages, few have worked
on South Asian languages, such as Roman Urdu,
which is frequently used in the subcontinent. The
extensive review of automatic detection techniques
is presented in [1], from classical ML to transformers
— including challenges and datasets. Authors in [2]
focuses on making hate speech detection models
more interpretable, bridging the gap between high
accuracy and transparency in predictions — a grow-
ing concern in NLP ethics and deployment. In their
study, Nasir et al. [3] contribute by developing a
methodology to detect hate speech in Roman Urdu at
two levels. First, authors classified the social media
content into neutral and hostile categories. Secondly,
authors classified the hostile content as offensive
and hate speech. Authors used a benchmark corpus
(HS-RU-20) to evaluate the proposed methodology
and presented a two-level classification. Furthermore,
authors analyzed the word and character level fea-
tures along with six supervised learning models (LR,
RF, KNN, multinomial bias, SVM, and CNN). In their
results, Logistic Regression performed better in terms
of accuracy, at 81% on neutral-hostile.

Bilal et al. [4] present a study on detecting hate
speech in Roman Urdu on social media platforms.
Authors have employed a transformer-based model
and introduce a Roman Urdu pre-trained BERT

model named as BERT-RU (which was claimed to be
the first for Roman Urdu), it is trained on a large
dataset. Authors use traditional and deep learning
models including LSTM, BiLSTM, BiLSTM + Attention
Layer, and CNN for baseline comparisons. Transfer
learning is explored by combining pre-trained BERT
embeddings with deep learning models. Performance
evaluation metrics include accuracy, precision, recall,
and F-measure. The transformer-based model outper-
formed all other models, attaining remarkable results
with an accuracy of 96.70%, precision of 97.25%, recall
of 96.74%, and an F-measure of 97.89%. Additionally,
the transformer based model demonstrates superior
generalization on a cross-domain dataset.

Shahid et al. [5] discover the usage of semantic
features, word embeddings, and language models
to effectively capture contextual representations of
violence-related content in Urdu tweets. Their work
employs 1-Dimensional Convolutional Neural Network
(1D-CNN) to optimize its parameters on a newly pro-
posed annotated Urdu corpus comprising 4808 tweets
collected manually from Pakistani Twitter accounts.
The 1D-CNN merged with a word uni-gram model was
assessed together with Urdu-BERT, Urdu-RoBERTa,
fine-tuned Urdu-RoBERTa, BILSTM, CBi-LSTM, and
six other state-of-the-art machine learning models.
Amongst these, the 1D-CNN model performed best,
attaining 89.84% accuracy and a macro F1-score
of 89.80%. It outperformed all other models, with
F1-scores of 89.76% for the violence class and 89.84%
for the non-violence class.

Anas Ali et al. [6] introduce a model designed for
detecting offensive language in Pashto, a low-resource
language. A Roman Pashto dataset was created by
manually annotating 60,000 comments gathered from
several social media sites. The proposed model was
then trained and assessed using three feature extrac-
tion methods: BoW, TF-IDF, and sequence integer
encoding. The training was conducted using four tra-
ditional classifiers along with a deep sequence model.
Experimental results reveal that the random forest
classifier attained the top performance amongst tradi-
tional models, attaining a testing accuracy of 94.07%
by combining unigrams, bigrams, and trigrams. With
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TF-IDF features, the same classifier reached a some-
what lower maximum accuracy of 93.90%. Though,
the maximum overall testing accuracy of 97.21% was
attained with a BLSTM model. Moreover, the dataset
created in this study has been made publicly available
to support more study in the field.

[7] et al. present a cyberbullying detection ap-
proach precisely designed for examining textual
content in Roman Urdu. The technique includes
cutting-edge preprocessing practices, ensemble
approaches, and machine learning algorithms. A
range of features—including statistical features, word
N-grams, combined N-grams, and a bag-of-words
(BoW) model with TF-IDF weighting—are drawn out by
means of GridSearchCV and cross-validation across
various experimental settings. The detection ap-
proach addresses users' colloquial and non-standard
writing styles on social media. Emperical results dis-
play that the SYM model, used with embedded hybrid
N-gram features, attains the highest average accuracy
of about 83%. Amongst the voting-based ensemble
approaches, XGBoost achieves best, attaining an
accuracy of 79%.

Khan, M.M. et al. [8] attempted to employ six deep
learning and machine learning-based methodologies.
The probabilistic classification approach Naive Bayes,
SVM, the Linear Classifier (Logistic Regression), the
Bagging Model (Bootstrap Aggregating), the Boosting
Model, and the Deep Neural Network Model (CNN
is used). Authors have created a dataset of 100,000
remarks and phrases that are being used frequently
on social media platforms in daily life. Authors dis-
covered that the corpus can identify between hostile
and neutral data by applying the supervised machine
learning approaches previously discussed. This shows
that the distribution of data for both classes in the
training and testing folds was correct. The best
method can be viewed as Logistic Regression using
Count Vectors because it has outperformed CNN.
Word and character n-grams did not do very well on
the produced corpus. Additionally, the first fold had
the greatest F1- score overall (0.932), while the ninth
fold had the lowest (0.883). The average F1-score
of 0.906 demonstrates the potency of this outcome.

In order to aid with other languages as well, the
authors plan to make the corpus more general than
before. For improved performance and learning, the
dataset utilised in this corpus needs to be expanded
more. To deal with the complex morphology of Urdu,
more in-depth analysis can include morphological
and syntactic rules, combined with features such as
character N-grams, unigrams, and bigrams. In order
for the model to better grasp the emotions, it will be
important to comprehend and manage smileys in the
future. The sole flaw in the work is that the authors
ought to have produced more general conclusions
using a larger dataset.

Usman et al. [9] presents a trilingual dataset
(English, Urdu, Spanish) and evaluates transformer
+ large language models for multilingual detection.
While Basel et. al [10] evaluates LLMs' performance
comparative to traditional classifiers, presenting LLMs'
enhanced contextual understanding. In addition,
Ali, M.Z. [11] employed the Rule-Based Linguistic
Approach, which establishes the logistics, syntax,
and semantics of a certain language before adding
additional rules to more clearly define the meaning
of the sentence. Suppose, the entered keyword is
"bad." The words "terrible / awful / unsatisfactory" will
also be automatically searched for by the language
processing system. The machine learning approach
creates a mathematical model based on training data,
enables the computer to learn, and then, using test
data, determines whether the model is a classifier or
a regression model. Deep Learning Approach uses a
sequence of instances, such as images of dogs or cats,
and applies them to a more complex and expansive
dataset that enables us to employ neural networks. It
recognises and learns all the features from the data
that is provided to it. Once it has received enough
training, it can label unknown data to test the model.
Another successful strategy is the hybrid approach, in
which two or more strategies are used to improve the
effectiveness and accuracy of the model. To create a
good outcome model, the rule-based, machine learn-
ing, and deep learning methodologies were integrated.
The results show that the Rule-Based Linguistic Ap-
proach provides us with the highest accuracy of 96.6%,
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while the Supervised Learning Approach provides us
with the highest accuracy of 97.19%. Therefore, these
methods are the best for detecting hate speech in text.
If larger real-time dataset was acquired from several
social media platforms, these results may be more
effective. Additionally, hate speech is not just found in
texts; it may also be found in other forms of contact,
such the detection of images and videos.

Researchers Mohiyaddeen, et al.[12] have identi-
fied gaps in the literature, such as a lack of properly
annotated datasets, a lack of studies comparing the
effectiveness of character and word n-gram feature
selection approaches, and the sparse use of machine
learning techniques for classification in the past. The
Bayesian Model, Nearest Neighbor, Tree, Random
Tree, Random Forest, Linear Regression, Logistic
Regression, Logit boost, and Support Vector Machine
are the seven machine learning approaches that the
author employed to create a classifier. The authors
automatically screened YouTube comments for foul
language in both the original Urdu and romanized
Urdu. The initial Urdu dataset produced by the au-
thors is by far their biggest contribution. Additionally,
authors looked into the usefulness of various n-grams
and discovered that character n-grams perform bet-
ter than word n-grams. Regression was the most
effective and efficient of the seven key techniques
that was used to examine the outcomes of a total of
17 classifiers. By utilising character trigrams, Logit
Boost exhibits greater performance on Roman Urdu
and achieves a 99.2% F-measure score. To recognize
offensive language in Urdu and Roman Urdu, the
author proposed using neural network-based models,
like character-level and fully convolutional neural
networks. Authors also wanted to use other social
media platforms to produce a stronger dataset. The
absence of data and study is the main flaw in this
work.

To categorise the abusive language in the roman-
ized Urdu dataset, Dewani, A.,et al. [13] The authors
used a variety of preprocessing methods to clean up
the text, tokenize, remove unnecessary words, map
slang and contractions, and classify cyberbullying us-
ing RNNs, LSTMs, Bi-LSTMs, and CNNs. Each method

produced a different set of results, demonstrating that
precision, recall, and f1-score are the metrics that are
used to assess these models. When using RNN-LSTM,
authors achieve accuracy, recall, and f1-score of 85%,
while RNN-Bi-LSTM yields results of 84% for all the cho-
sen measures. CNN's performance was the least suc-
cessful, yielding precision, recall, and f1-score of 78%,
79%, and 78%, respectively. The authors in [14] em-
phases on hate detection and target identification in
Hindi/Nepali by means of an Attention BiLSTM + XLM-
R model.

RUT Corpus (Roman Urdu text Corpus) is a brand-
new dataset that Saeed, H.H. [15] generated by gath-
ering harmful comments in roman urdu. To fix the is-
sue, authors first preprocessed the text by lemmatiz-
ing, stemming, and changing all of the text to lower
case. Authors have utilised cutting-edge embedding
models like word2vec and glove embeddings for their
embeddings. The CNN-George, BGRU-P, CNN+GRU, re-
current neural networks, and modified CNNs are some
examples of the deep learning architectures that have
been used to learn multiple representations and classi-
fications of the text. Different hyperparameter tweak-
ing provided various outcomes, such as a maximum
f1-score of 83 percent for all ML models and a f1-score
of 85 percent for word2vec with deep learning models,
but the highest f1-score was achieved by ensemble em-
beddings with ML+B.Deep(MV) was 86%.

By creating the first-ever substantial labelled cor-
pus of toxic and non-toxic comments, Rizwan, H., et al.
[16] tackle the problem of Roman Urdu toxic comment
detection. The author's hypothesis was that the gaps
authors found could cause their model to malfunction
when it comes across some other spellings. Addi-
tionally, the model is unfamiliar with the ideograms
(symbol representation of words) The pre-processing
step’s elimination of punctuation marks is a defi-
nite factor in this kind of misdiagnosis. The author
employed CNN-George, BGRU-P, CNN+GRU, BLSTM,
BGRU, and CNN Tweaked approaches. As demon-
strated by the results obtained using the prepared
corpus, task-specific word vectors outperform em-
beddings learned via GloVe and Word2Vec's CBOW
method. Amongst all learned embeddings, those at-
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tained out of FastText's skip-gram model got the best
experimental results. For the future, the author claims
that this research thoroughly explores an ensemble’s
performance, stressing traits that it can and cannot
reliably detect. The tagged RUT corpus was made
accessible to the scholarly community by the author
for use in later projects. The authors think that using
this resource will result in more accurate hazardous
comment identification algorithms for Roman Urdu.
The author uses the average accuracy, precision,
recall, and F1 values supplied for each model’s overall
folds to illustrate the model's limitations. Accuracy
can deceive due to the dataset’s imbalance, hence this
study uses F1 as the primary metric of evaluation. F1
is the harmonic mean of precision and recall.

According to Albladi, et. al [17], the rise of so-
cial media has amplified communication but also
increased the spread of hate speech. Traditional
detection methods struggle with context sensitivity,
leading to inaccuracies. Usman et. al [18] demon-
strates performance gains in social media hate speech
detection by augmenting BERT with GPT-2 based
augmentation. Recent research highlights the use of
LLMs like GPT-3 and BERT in improving hate speech
detection, offering better contextual understanding.
Ahmad et al. [19] created a multilingual tweet dataset
and illustrated that pre-trained transformer models
(e.g., XLM-R) perform efficiently across languages.
However, challenges such as bias and fairness persist,
necessitating further research to enhance accuracy
and ethical implementation.

The paper [20]discusses multimodal detection, ex-
plain ability, and counternarrative generation. Nguea-
jio et. al [21] states that Explainable Al (XAl) plays a cru-
cial role in detecting hate speech and misinformation
by improving model transparency and interpret abil-
ity. Recent studies highlight the relationship between
these issues and explore XAl techniques to mitigate
them. The survey reviews state-of-the-art XAl methods,
datasets, and evaluation metrics, offering insights into
their strengths and limitations. Future research should
focus on enhancing model explainability for fairer and
more effective detection systems.

2.1 Proposed Methodology

2.2 Dataset Description

The used dataset was created by (Hate-Speech and Of-
fensive Language Detection in Roman Urdu) authors
using Twitter API [16]. The name of the dataset is Ro-
man Urdu Hate speech and Offensive Language Detec-
tion (RUSHOLD). The dataset in total has 2 columns of
text and labels. The text column represents the tweet
or text and the label column represents its respective
class. Multi-class dataset has five classes which states
whether the tweet is normal, abusive, religious hate,
sexism and profane. Binary classification dataset has
two classes which states whether the tweet is offensive
or neutral.

2.2.1 Multi-class RUSHOLD Dataset

From RUSHOLD dataset, multi-class dataset is one of
them and it didn't have much results to play with, with
the best of the efforts the results are improved and
give us decent difference for comparison.

Table 1. The number of instances in respective areas for
Multi-class RUSHOLD Dataset

Labels Training Data Testing Data Examples
Offensive 1768 442 2210
Normal 3937 984 4921
Sexism 617 152 771
Religious Hate 575 144 719
Profane/Untargeted 471 118 589
Total 7368 1840 9210

Table 1 displays the total number of dataset entries
and records, along with their respective labels, for the
Multi-class RUSHOLD Dataset. This dataset consists of
9210 instances and is further divided into 7368 and
1842 parts for training and testing the models, respec-
tively.

2.2.2 Binary class RUSHOLD Dataset

Table 2 displays the total dataset entries with their re-
spective labels for the binary class RUSHOLD dataset,
which consists of 18450 instances and is further
divided into 14766 and 3684 parts for training and
testing of the models, respectively.

2.3 Workflow of the System
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Figure 1. Workflow of the hate speech detection system using Machine Learning algorithms

Table 2. The number of instances in respective areas for Bi-
nary Class RUSHOLD Dataset

Labels Training Data Testing Data Examples

Offensive 7881 1959 9840

Neutral 6885 1725 8610

Total 14766 3684 18450
2.3.1 Machine Learning Models

In the training of multi-class dataset, SMOTE is being
used to balance the dataset labels. After applying
smote, the labels of records became almost equal and
then splitting is being done on 80% and 20% basis.

The Figure 1 shows the workflow of the hate speech
detection system using Machine learning algorithms.

Some pre-processing techniques were applied on
the dataset such as removing all punctuations, con-
verting all upper-case letters to lower case, removing
noisy features, and stemming and lemmatization
were applied to normalize the words. Furthermore,
the removal of stop words from data and removal of
special symbols was done using regular expression.
The SMOTE technique was then used to balance the
dataset so that the model can be prevented from
over-fitting or under-fitting problem. After balancing
the dataset, it was split into 80:20 ratio so that the
model can be trained on enough number of instances
to evaluate it.

Firstly, this process converted the uppercase
corpus to the lowercase corpus. The next step after
this was to remove punctuation and stop words
from that and remove special words using normal
expression. Concluding all this with visualizing of the
dataset to check uppercases and lowercases, checking
punctuation, and stop words.

TF-IDF is a text vectorization method for trans-
forming textual data into numerical vectors that can
be processed by machines. It is created on two key
ideas: term frequency (TF) and document frequency
(DF). Term frequency calculates how often a particular
word appears in a document. TF-IDF is commonly
applied to portray text data in a meaningful numerical
form for more analysis.

Afrequent method to manage imbalanced datasets
is by oversampling the minority class. The most basic
method simply duplicates existing minority samples,
but this does not give additional information to the
model. A more optimized technique is to create new
synthetic samples based on the existing data. So, the
SMOTE technique is applied to produce additional
records and balance the dataset.

After balancing, the dataset was split in 80:20 ratio
so that the model can be trained on enough amount
of instances to evaluate it. The dataset of 18450 ex-
amples is divided into 14766 and 3684 numbers of in-
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stances for training and testing of the models respec-
tively.

After splitting dataset into training and testing part,
it is ready to start the training process. Now the mod-
els being fitted and train them by importing the partic-
ular function of that model. Then it gives the classifi-
cation report of the model which further used in the
evaluation of the model.

Evaluations of the models are being done by var-
jous evaluation techniques such as confusion matrix,
by constructing comparison graphs of the different
entities of the classification report. In evaluation
F1-score is the major factor which is being compared
in the broader perspective with the baseline paper.

In the training of Binary-Class dataset, records
were not large enough so two binary class datasets
were being merged that give us some good number
of records (18450) to play with. Pre-trained Word2Vec
embeddings were imported and then splitting is being
done on 80% and 20% basis.

The Figure 2 shows the workflow of the hate speech
detection system using Deep learning algorithms.

Some pre-processing techniques were applied on
the dataset such as removing all punctuations, con-
verting all upper-case letters to lower case, removing
noisy features, applying stemming and lemmatization
to normalize the words. Furthermore, the removal of
stop words from data and removal of special symbols
was done using regular expression. The SMOTE

technique was then used to balance the data set so
that the model can be prevented from the over-fitting
or under-fitting problem. After balancing the dataset,
it was split into 80:20 ratio so that the model can be
trained on enough number of instances to evaluate it.

Firstly, this process converted the uppercase
corpus to the lowercase corpus. The next step after
this was to remove punctuation and stop words
from that and remove special words using normal
expression. Concluding all this with visualizing of the
dataset to check uppercases and lowercases, checking
punctuation, and stop words.

In deep learning, there should be a huge chunk
of records. The need for large records is required
because deep learning algorithms work better on
larger records. This displays the total dataset en-
tries/records with their respective labels, which gives
a total number of 18450 entries.

Multiple techniques can be used to extract features
from text data like Bag-of-Words, TF-IDF, etc. These
techniques are great at extracting features or highlight-
ing the words with more importance or impact but au-
thors cannot represent the semantic relation of words
or context of the words. That's why word2vec is being
used to extract word embeddings here every word will
be converted into a vector and it is known that every
vector represents a point in the n-dimensional vector
space. It has been clearly seen in [13] that word em-
beddings increase the predictive ability of the model.
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Word embeddings are trained using neural networks
either a continuous bag of words or skip-grams. In-
put data can also be used to train the word embed-
dings but because there was not an enormous amount
of data so the pre-trained word embeddings trained
on 4,770,0677 random and hate-speech tweets using
word2vec by (Hate-Speech and Offensive Language De-
tection in Roman Urdu) were used.

After balancing the dataset was split in 80:20 ratio
so that the model can be trained on enough amount
of instances to evaluate it. The dataset of 18450 ex-
amples is divided into 14766 and 3684 numbers of in-
stances for training and testing of the models respec-
tively.

After splitting dataset into training and testing part,
it is ready to start the training process. Now the mod-
els being fitted and train them by importing the partic-
ular function of that model. Then it gives the classifi-
cation report of the model which further used in the
evaluation of the model.

Evaluations of the models are being done by var-
ious evaluation techniques such as confusion matrix,
by constructing comparison graphs of the different
entities of the classification report. In evaluation
F1-score is the major factor which is being compared
in the broader perspective with the baseline paper.

3 Results & Discussion

3.0.1 Results for Multi-class Classification
The results of Multi-class classification have shown ad-
equate improvements. Although, the F1-score is be-
ing compared in broader perspective with the baseline
paper. The proposed methodology achieved the max-
imum F1-score of 93.69% on Random Forest whereas
the maximum F1-score achieved by [16] was 75.0%.
Table 3 discusses the findings of experiments
where the results of embeddings such as accuracy,
precision, recall and F1-score were summarized
accordingly to show the difference in two different
models. The Random Forest outperforms all embed-
dings with an F1-score of 93.69% which is followed by
XG Boost with an F1-score of 90.55% and Multinomial
NB with an F1-score of 86.85%. Bert+ CNN-gram and
XLM Roberta show weak performance with F1-scores

of 75.0% and 72.0% respectively. Multilingual Bert
embeddings yield poorest performance among all
the embeddings with an F1-score of 67.0%. MNB
(Multinomial Naive Bayes), RF (Random Forest) and
XGB are the proposed algorithms and the rest are
from the baseline paper Algorithms.

The comparison of the results was performed
with the baseline paper [16] of different algorithms to
determine which model gives the results better but
in the bigger perspective the results were compared
on the basis of F1-score. The smote technique was
applied on the Multi-class dataset because of the
imbalanced dataset. Smote is a powerful solution
for imbalanced dataset. SMOTE is a procedure that
creates data augmentation by generating synthetic
data points on the basis of original data points.
SMOTE can be considered as an advanced form of
oversampling, or as a definite procedure for data
augmentation. The main benefit of SMOTE is that it
does not just duplicate current data points; instead, it
creates synthetic samples that are somewhat different
from the originals. No embeddings were used but for
vectorization, the Tf-idf was used. Multinomial NB was
applied which gave an accuracy of 87.31% whereas
azam et. al implemented XLM Roberta whose accuracy
was 79.0%. Random Forest and XG boost achieved an
accuracy of 93.72% and 90.67% respectively. Mean-
while M-BERT and BERT+CNN gave accuracy of 77.0%
and 82.0% which shows how superior RF and XGB
is. Talking about precession, the proposed Multino-
mial NB achieved the precession of 87.64% whereas
the baseline [16] implemented XLM Roberta whose
accuracy was 70.0%. Proposed Random Forest and
XG boost that gave accuracy of 93.75% and 90.80%
respectively. Meanwhile M-BERT and BERT+CNN gave
accuracy of 72.0% and 75.0%. Talking about recall, the
proposed Multinomial NB which gave the precession
of 87.31% whereas the basline [16] implemented XLM
Roberta whose accuracy was 75.0%. The proposed
Random Forest and XG boost gave an accuracy of
93.72% and 90.67% respectively. Meanwhile M-BERT
and BERT+CNN gave accuracy of 65.0% and 74.0%.
Talking about F1-score, the proposed Multinomial
NB which gave the precession of 86.85% whereas
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Table 3. Final results of Multi-class model compared with baseline [16]

Evaluation Metric

Multinomial NB Random Forest XGBoost XLM-Roberta

Multilingual BERT BERT + CNN-gram

Proposed [16]
Accuracy 87.31% 93.72% 90.67% 79.0% 77.0% 82.0%
Precision 87.64% 93.75% 90.80% 70.0% 72.0% 75.0%
Recall 87.31% 93.72% 90.67% 75.0% 65.0% 74.0%
F1-score 86.85% 93.69% 90.55% 72.0% 67.0% 75.0%

[16] implemented XLM Roberta whose accuracy was
72.0%. The proposed Random Forest and XG boost
that gave accuracy of 93.69% and 90.55% respectively.
Meanwhile M-BERT and BERT+CNN gave accuracy of
67.0% and 75.0%.

Table 4 shows the testing result of proposed Multi-
class Machine Learning models for each individual
class.

Figure 3, 4, 5 and 6 shows the comparison of
normalized confusion matrices for the proposed
Multi-class Machine Learning models with baseline
[16] on the RUSHOLD dataset.

The confusion matrix for the baseline is repro-
duced from the normalized results reported in the
reference study [16] for visual comparison. The
heatmaps give a class-wise visualization of prediction
performance, showing the models’ capability to differ-
entiate between closely related hate categories such
as Offensive and Sexism. Compared to the baseline,
the proposed classifiers prove enhanced diagonal
dominance, representing better class separability and
lower misclassification across minority classes.

Table 5 represents the testing results of proposed
Multi-class Deep Learning models.

The results of Multi-class classification on Deep
Learning Algorithms have not shown much good
results. Although, the F1-score is being compared
in broader perspective with the baseline paper. So,
Bi-LSTM showed 75.00% which is maximum in results.

3.0.2 Results for Binary Class Classification

Three major algorithms RNN, Bi-LSTM, Bi-GRU have
been applied to the Binary Class Dataset that gave
some good results and maximum F1-score of 92.0%
which implies that how accurate the model is. Further-
more, results could be more improved if the dataset
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was more larger.

Table 6 shows very astonishing results on Binary
classification and provides us with up to 92% of accu-
racy and F1-Score on Bi-LSTM. Bi-LSTM outperformed
all the other algorithms and the best model in terms
of results and the simple RNN performed the worst,
attaining an accuracy of 63% and an F1-score of 61%.
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Table 4. Class-wise testing results of proposed Multi-class Machine Learning models on RUSHOLD dataset

ML Algorithm Metric 0 (Offensive) 1 (Normal) 2 (Religious Hate) 3 (Sexism) 4 (Profane)

Multinomial NB  Precision 87.0% 91.0% 88.0% 90.0% 83.0%
Recall 77.0% 67.0% 98.0% 97.0% 97.0%
F1-Score 82.0% 77.0% 92.0% 93.0% 89.0%
Random Forest  Precision 92.0% 87.0% 96.0% 97.0% 96.0%
Recall 85.0% 91.0% 97.0% 98.0% 98.0%
F1-Score 89.0% 89.0% 96.0% 98.0% 97.0%
XGBoost Precision 91.0% 84.0% 94.0% 94.0% 90.0%
Recall 77.0% 92.0% 97.0% 95.0% 96.0%
F1-Score 83.0% 88.0% 96.0% 94.0% 93.0%

Normalized Confusion Matrix - XGBoast (Muli-class) Table 5. Testing results of proposed Multi-class Deep Learn-
ing models on RUSHOLD dataset
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DL Algorithm Accuracy Precision Recall F1-score

E Simple RNN 59.00% 51.00%  59.00% 53.00%
s 1D CNN 61.00% 56.00%  61.00% 54.00%
) Bi-LSTM 79.00% 72.00%  79.00%  75.00%

True Label

Table 6. Testing results of proposed Binary-class Deep Learn-
ing models on RUSHOLD dataset
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Figure 5. Confusion matrix for XGBoost

Normalized Confusion Matrix - Baseline [16]

hate speech classification using deep learning models
with pre-trained Word2Vec embeddings.The curves
shows robust discriminative competence across all
models, with Bi-LSTM and Bi-GRU attaining higher
AUC values, representing enhanced sensitivity and
robustness compared to the Simple RNN architecture.
Figure 7(b) and 7(c) shows the micro-averaged
one-vs-rest ROC curves for both machine learning and
i deep learning models for the multi-class RUSHOLD
dataset. The ROC-AUC study gives a threshold-
independent evaluation of class separability across all

five categories. Despite the fact that the classical ma-

Figure 6. Confusion matrix for Baseline chine Iearning classifiers shows Steady discriminative
performance, deep learning models with pre-trained
Word2Vec embeddings attain relatively higher AUC val-
The ROC curves for the binary and multi-class clas-  yes, mainly for the 1D-CNN and Bi-LSTM architectures.
sification are demonstrated in Figure 7 This underline the usefulness of contextual sequence
Figure 7(a) illustrates the ROC curves for binary =~ modeling and distributed word representations in
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recording complex linguistic patterns in Roman Urdu
hate speech.

4 Conclusions and Future Work

In conclusion, the discussed issue is very real and
legitimate in the present day since bullying on social
and digital media platforms has grown as those
platforms have developed. The implementation of
such hate speech filtering technologies is essential.
The major goal of this study is to lessen or identify
the hate speech. Various machine learning and deep
learning techniques are applied in this study. Bi-LSTM,
a proposed deep learning model, performed better
than all other deep learning algorithms and was
by far our top model in terms of outcomes. With
an F1-score of 93.69 %, the Random Forest model
surpasses all embeddings while utilising machine
learning algorithms. This demonstrates how effective
these algorithms were at identifying hateful terms.
The dataset's size was the disadvantage. Our dataset
was quite small, and while Deep Learning models
perform better on larger datasets, simple RNNs (Re-
current Neural Networks) performed poorly, yielding
an accuracy of only 63%. After considering everything,
the work will be improved by using a better dataset
and advanced machine learning techniques such
as boosting, bagging, and stacking along with using
specialized hardware for training. Also, the model
deployment will be a focus for the future work.
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6 Nomenclature
Nomenclature

Abbreviations

API Application Programming Interface

Bow Bag of Words

DL Deep Learning

ML Machine Learning

NLP Natural Language Processing

SMOTE Synthetic  Minority Oversampling
Technique

TF-IDF Term Frequency-Inverse Document
Frequency

Datasets

HS-RU-20 Hate Speech Roman Urdu Dataset

RUSHOLD Roman Urdu Hate Speech and Offen-
sive Language Detection Dataset

Models & Algorithms

BERT Bidirectional Encoder Representa-
tions from Transformers

Bi-GRU Bidirectional Gated Recurrent Unit

Bi-LSTM Bidirectional Long Short-Term Mem-
ory

CNN Convolutional Neural Network

GRU Gated Recurrent Unit

LSTM Long Short-Term Memory
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