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SUMMARY

The low-resource social media text i.e., Urdu tweets containing hate speech are identified with the help
of a machine learning-based ensemble approach. The dataset used for this study consisted of 8,800 tweets
and half of them were labeled as Hateful and the other half as No-Hate. In preprocessing, we took into
account the features of Urdu normalizing the characters, eliminating frequent words, and filtering the
punctuation. TF-IDF was used to extract features based on unigrams and bigrams and the number of terms
was restricted to 5,000. At first, Logistic Regression, Multinomial Naive Bayes, and Support Vector
Classifier were chosen as the base learners and the Logistic Regression was used again as meta-learner
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in the last layer of the ensemble. The training data consisted of 80% and the rest, 20%, data was used to
test the performance of models. Compared to other baseline ensemble approaches and classifiers
including Random Forest, Gradient Boosting, AdaBoost, Bagging, Soft Voting, and Hard Voting, our
proposedmachine learning based-stacking ensemble approach achieved a high accuracy of 86.53%,
precision of 85.45%, and recall of 86.96% and F1-score of 86.20%. The research indicates that the
machine learning-based stacking ensemble approach plays a vital role in the identification of hate speech
in Urdu Tweets.

Key words: machine learning, stacking ensemble approach, TF-IDF, hate speech detection, urdu tweets.
INTRODUCTION

The necessity to identify the hate speech has become significant in the context of research due to the
increased level of negative content that is being shared on the Internet. The social and psychological
consequences of hate speech, which implies abusive, discriminatory, or offensive speech directed to a
person or a group of people based on some of their features, such as race, religion, gender, or nationality,
are considerable [1]. There has been a tremendous rise of such content on the social media platforms
like twitter and it is important to have automated detection to reduce the negative effect. Hate speech
detection is, however, a complex process, especially in low-resource languages, which are overwhelmed
by the lack of annotated data, pre-trained models, and computing resources [24]. Hate speech is any type
of statement that is intended to oppress, insult, or discriminate against people based on who they are for
example: their racial background, religion, ethnicity, gender or nationality. It incites negativity and
causes a rift in our society, resulting at times with tension or worse violence. Social media has made it
easier to spread hate speech and more difficult to rein it in, affecting people on a broad scale. This
problem is exacerbated in languages that have less digital resources such as Urdu, which suffers from
lack of tools and datasets.

Most other languages are not well-represented in the study area, even though significant progress has
been achieved in the detection of hate speech in the most popular languages, such as English, Spanish,
and Arabic [3][25]. Urdu is a language with a writing system, morphological complexities, and the lack
of annotated datasets that present particular challenges to natural language processing (NLP) tasks,
having more than 230 million speakers, most of who live in Pakistan and India [5]. The other factor
associated with Urdu and Urdu-English code-switching is a high degree of linguistic variability that
makes the task of text classification even more problematic [2] [26].

Deep Learning (DL) and Machine learning (ML) models in particular, have been quite successful in the
context of text classification, in terms of sentiment analysis, spam classification, and hate speech [7][27].
However, because of their potential, the deep learning methods typically require large amounts of
labeled data, which is not accessible to languages like Urdu. Additionally, linguistics of such languages
is often too complicated to be fully encompassed by the traditional machine learning models [9] (Figure

1).

Racism
Trans ;
phobic Sexism
Hate Speech
Nationalistic Dislzﬁilri\giiggfion
Homophobic

Figure 1. Different forms of hate speech
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Ensemble Learning for Hate Speech Detection

Ensemble learning is a form of machine learning involving the combination of several models for
improved performance in terms of accuracy and robustness. Rather than depending on one, it synthesizes
the powers of multiple algorithms to give an output. Common ensemble methods include bagging,
boosting, and stacking, each enhancing performance uniquely. Ensemble learning often performs better
compared to individual performances since it reduces the error variance and minimizes the overfitting
problems. It is hence a great technique in handling challenging tasks such as text classification and hate
speech detection. The ensemble learning methods as Algorithms combining multiple machine learning
models with the goal of improving predictive performance have been particularly effective in a wide
range of NLP tasks. Machine learning Based Stacking Classifiers (wherein several base models are
trained and their output is combined by a meta-learner) have been shown to outperform individual
classifiers in sentiment analysis, spam detection and hate speech classification [28][11]. Stacking
enables the use of the complementary strengths of the various classifiers in order to generate stronger
and more accurate predictions.

In ensemble learning, the approach has demonstrated to be of significant promise in the context of hate
speech detection. [29] used ensemble classifiers to detect abusive language on social media, and it
showed significant improvement compared with single-model methods. Along the same lines, the most
recent literature on hate speech detection in other low-resource languages has experimented with
ensemble techniques to represent an effort to mitigate the weaknesses of individual models [13][14][4].
Nonetheless, ensemble methods of hate speech detection in Urdu are still lacking subscripts, which make
it necessary to investigate methods addressing such issues as Urdu text.

Challenges in Urdu Hate Speech Detection

Hate speech detection in Urdu is highly challenging because of its rich morphology, complicated script,
and diverse writing styles. This is further complicated by the model training process because of the
limited amounts of available annotated datasets and linguistic resources. Code-switching between Urdu
and Roman Urdu further makes text processing difficult. The other obstacles in proper classification
include spelling variants, slang expressions, and context-sensitive expressions. These are indications
that better NLP tools and larger high-quality datasets are necessary in Urdu for improving the detection
performance. There are certain challenges that make detection of hate speech in Urdu more challenging
than languages that have more resources. To begin with, the morphological complexity of Urdu means
that along with its script variations (e.g., the difference between "«" and ""), it is more complex to
tokenize and normalize [15]. Urdu also employs a range of colloguialism, slang, and transliterated words
particularly in the social media where language mixing between languages like Urdu and English is
common, a process called code-switching [6]. These complexities demand advanced preprocessing
methods to provide the textual data with proper cleaning and preparation of the data to be used by the
machine learning algorithms.

Secondly, training robust models becomes even more challenging due to the unavailability of large
annotated datasets in the detection of hate speech in Urdu. Although some progress has been made in
constructing datasets of languages such as English and Arabic, the amount of Urdu datasets remains low
and it is difficult to train high-performing models [16]. Moreover, the nuances of finding hate speech in
such a language as Urdu, where the manifestation of hatred might be different than in languages with a
larger body of research, require the need to create more specific solutions.

Role of Classifiers in Hate Speech Detection

This study detects hate speech in Urdu tweets using a machine learning based stacking ensemble
approach. The combination of Multinomial Naive Bayes (MNB), Support Vector Classifier (SVC), and
Logistic Regression (LR), were used as base learners and Logistic Regression was used as the meta-
learner. The specific role of each classifier was to model the data and to use its specific mathematical
properties to increase predictive accuracy and generalizability.
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Logistic Regression is the linear classification algorithm, making the probability of a binary event a
model using a logistic sigmoid. It approximates the probability of the target variable as given the input
features. The model is as follows:

P(y=1]x) = owTx + b) = 1/ (1 + e-(W'x+b)y )

Where x is the input feature vector, w is the weight vector, b is the bias term and sigmoid activation
function is asa.Being a base learner, Logistic Regression encapsulates linear relationships among input
attributes and the target label. When used as a meta-learner in the stacking ensemble, it combines the
predictions of the base classifiers to come up with a final prediction. Suppose the outputs of the base
classifiers are h1(x), h2(x), h3(x), then the meta-level prediction is:

P(y=1|h1,h2,h3) = o(wlhl + w2h2 + w3 h3 + b) (2)

This Meta level modeling assists the ensemble in the learning of how to put together strengths of the
individual base learners to enhance robustness and accuracy.

Another base learner included in the ensemble is Multinomial Naive Bayes (MNB), a probabilistic
classifier that is perfectly suitable when it comes to text classification. It presumes conditional
independence of features and it provides model of the likelihood of data input under each class. Consider
a document x = (x1,x2,...,xn), where each xi represents the number of times the wordi, is used in
the document, the posterior probability of class y is calculated as:

P(y | x) < P(y) [TP(x;ly)™*t (3)

In this case, P(y) is the prior probability of the class y and P(x; | y) is the likelihood of word i, given
class y in most cases estimated with maximum likelihood with Laplace smoothing:

P(xi|y) = (Niy + @) / (N, + aV) 4)

N; , Is the multiplicity of occurrence of word i in y documents, N,, is number of words in a y document,

V is the size of vocabulary and alpha is smoothing parameter. MNB is successful in sparse feature space
with high-dimensionality and it can learn word-frequency-based differences in hate speech.

Support Vector Classifier is also a strong discriminative model, and its aim to identify the best
hyperplane taking into consideration the performance of the model and maximizing between the classes.
Provided that we have a set of training cases(x;,y;), of which they;is —1 or +1, the SVC is an
optimization problem of the following type:

min (1/2 ||W||2 + CZfi); subjecttoy;(wWTx; + b) =1 —§&;& =0 (5)

In this case, ¢; are slack variables to enable soft margin classification and Cis a regularization parameter
that trades off margin maximization and classification error. When the data cannot be linearly separated,
the data may be projected to higher-dimensional spaces using kernel functions where a linear separator
can perform better. SVC has a special ability to fit complex, non-linear decision boundaries on textual
data which is usually important in subtle tasks such as hate speech detection.

Stacking an ensemble of such diverse models enables the system to learn both linear and non-linear
patterns, probabilistic distributions of words, and decision margins and thus offer a more complete and
accurate classification system. The meta-learner integrates the advantages of all the base learners,
decreasing the bias and the variance of the final predictions.
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RELATED WORK

The rising popularity of hate speech and abusive materials in social media has led to a new upsurge in
studies dedicated to automatic detection of materials on the low-resource language including Urdu.
Some recent research has endeavored to achieve success by examining a broad range of designs of
machine and deep learning (ML/DL) models and transformers that are effective in identifying and
classifying offensive and harmful messages in the Urdu tweets.

A hybrid network composed of CNN and LSTM based on deep learning was used by [17] to identify
hate speech in tweets written in Urdu. Their methodology attained an accuracy of about 81%, and it
proves that deep neural models can be applied to partial and sequential patterns in Urdu text. A similar
attempt has been made by [18] where the problem of abusive and threatening language has been tackled
on the basis of supervised machine learning methods deployed, such as Support Vector Machines
(SVMs) with different sets of handcrafted features. The research based on the FIRE 2021 Urdu dataset
achieved an accuracy of 83.18% that allowed concluding that traditional ML models could be used and
were effective in combination with feature set design.[19] concentrated on the Urdu-based multi-class
sentiment analysis with an approach based on a transformer. They used a multilingual BERT (m-BERT)
architecture and tested it against Multilingual Sentiment Corpus [6]. It demonstrated that the pre-trained
multilingual Language models could be used to take care of sentiment and text hate classification in the
Low-Resource Languages like Urdu with an F1-score of 81.49% based on system performance [12].[20]
proposed UHated, an Roberta-based hate speech detection model with transfer learning that was built
on capabilities of transformer models [8]. They built a hand-annotated collection of 7, 800 Urdu tweets
and attained a macro Fl-score of 82% and out-performed the standard ML and DL models,
demonstrating the benefits of contextual embeddings to support classification tasks that require fine-
grained information. As [21] suggested, they developed a modeling framework to detect abusive
language in the Urdu tweets, which cover both classical and deep learning algorithms. They had 3,500
hand-marked tweets with the best model, an SVM with character trigrams, scoring 82.68% F1-score.
This investigation affirmed once again that, although deep models are in fashion, the classical algorithms
can be competitive with rich feature engineering. Recently, [22] introduced a large-scale cyberbullying
detection system that is specific to Urdu tweets [10]. To collect their data, they have gathered 12,759
annotated tweets, which belong to one of the categories of abuse (insults, profanity, threats, etc.). They
found in their experiments that this fastText-based deep learning model was more efficient than other
classifiers and the F1-score calculated was above 83%. This paper emphasized the importance of fine-
grained classification and usefulness of embedding-based models when representing semantic relations.

Indicative of the amount of progress than can be made concerning the detection of offensive languages
and hate speech analysis in Urdu language is the fact that most of these studies recorded a performance
of between 81% and 83.5%. Though the traditional machine learning and transformer-based approaches
have been promising, the current areas of concern are the lack of good-quality labeled data, code mixing
content, and the linguistic diversity of the Urdu language.

RESEARCH METHODOLOGY

The section explains how a Machine Learning-Based Stacking ensemble approach was created and
tested to identify Hate Speech in Urdu tweets. The primary goal of the work is to assess the efficiency
of an ensemble Machine learning-Based Stacking ensemble approach when it comes to classifying
tweets in Urdu as Hate or No-Hate. The process has several significant stages in the methodology: Data
preprocessing, feature extraction, model construction, and performance evaluation. The entire stages are
described below in details (Figure 2).
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Logistic Regression
(Base Learner)

A
Input Multinomial Naive Logistic Regression Prediction:
Urdu Tweet Text (Baszegae:rner) (Meta-Learner) Hateful / non-hateful
pad

Support Vector
Classifier
(Base Learner)

Figure 2. Proposed ensemble approach
Dataset Overview

Data used inthis study is composed of 8,800 manually categorized (Hate or No-Hate) Urdu Tweets. The
tweets that contain hate speech are called Hate label and the tweets that contain no hate speech are called
No-Hate label. The data is balanced as they have 4,400 tweets in each category that is why it could be
used to train and test a text classification model. The main columns of the data include Text (Urdu)
which contains the actual text of the tweet in Urdu and Label wherein, the tweet is either hateful or not
(Figure 3).

Distribution of Hateful vs Non-Hateful Urdu Tweets

Non-Hateful Tweets

Hateful Tweets

Figure 3. Distribution of urdu tweets

Data Preprocessing

Text data preprocessing is an important process in the preparation of the dataset to be used by machine
learning models. The dataset is in Urdu and so certain preprocessing methods were adopted to address
the language peculiarities. The initial step was normalization of the text, in which variants of some Urdu
characters (e.g. "s" and "s", or "a" and "+") were regularized to a common form.

Then, irrelevant characters, including English letters and numerical digits, were eliminated, which do
not add any significant value to the classification of hate speech in Urdu language. Also, the punctuation
marks such as commas, periods, and question marks were eliminated as they do not have any meaningful
value in the classification task.
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The elimination of stopwords was another significant action. Stopwords are the frequent words in Urdu,
which do not add any useful information to differentiate hate speech, like(= is),(\S of), and(s then).
These stopwords were removed to make the dataset less dimensional and to make sure that the model
will concentrate on the more informative words in the text.

Label Encoding

To make the text ready to be used in machine learning models, the categorical labels (Hate and No-Hate)
were transformed into numbers. It was achieved with the help of a Label Encoder, a scikit-learn library
tool. In this encoding procedure, the No-Hate label was coded 0 and the Hate label was coded 1. This
conversion is important since machine learning algorithms normally operate on numeric data and not
categorical data.

Text Feature Extraction

The text data were transformed into feature vectors in the numerical form by TF-IDF (Term Frequency-
Inverse Document Frequency) vectorization to be readable by machine learning algorithms. This process
converts the text into a matrix of numbers with each number indicating the significance of a specific
word or phrase in the text in relation to the occurrence of the term in the whole data.

TF-IDF Vectorizer applied in this research was set to take into account the unigrams (single words) and
bigrams (two consecutive words) in the text. This is important because it captures the context in which
words are used, which could be essential to the tasks such as the identification of hate speech. The TF-
IDF transformation was limited to 5000 features (this permitted to decrease the dimension of the data
and to improve the performance of the models by focusing on the most informative words).

Model Construction: Machine Learning-Based Stacking Ensemble Approach

It fulfilled the classification task with the help of a Machine learning Based Stacking Classifier. Stacking
is a type of ensemble learning, in which multiple base models are employed and a final estimator is
applied to refine the predictions of the base estimators further to improve the accuracy of overall
estimator. The Machine learning Based Stacking Classifier has three base models that have been chosen
in this paper:

e Logistic Regression (LR) is a linear classifier, which works well in such binary classification
tasks.

e A probabilistic model that is effective to use on text classification tasks is Multinomial Naive
Bayes (NB).

e Support Vector Classifier (SVC), a powerful model which performs well in high dimensional
space, which is the case in text classification.

e The final estimator was used in the combination of the predictions of the three base models and
it was a Logistic Regression model in this case. The final estimator is intended to improve the
output of the base models further, which enhances the performance of the classifier as a whole.

Train-Test Split

The data was divided into two: training and test set. The ratio of splitting was set at 80:20 whereby 80
percent of the data will be utilized to train the model and the remaining 20 percent will be left to test.
This methodology will guarantee that the model will be tested on new data that it has never seen before
giving a more realistic test of performance.

Model Evaluation

The performance of models was evaluated using different standard metrics, which includes:

e Accuracy is applied in order to determine the percentage of the correctly classified cases.
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(TP + TN)
(TP + TN + FP + FN)

Accuracy =

(6)

e Precision, the percentage of true positives (correctly predicted "Hate" labels) of all the instances
classified as "Hate".

Precision = e 7
recision = TP + FP) (7N

o Recall is the percentage of true positives of all actual instances of Hate in the data set.

Recall = — 8
et = TP 1+ FN) ®)

e F1 Score is the harmonic mean of precision and recall, and it is a balanced performance measure,
especially in the case of class imbalances.

1 5 % (Precision X Recall) ©)
J— T —
score (Precision + Recall)

The outcome of the classification was also displayed as a confusion matrix in addition to the
aforementioned metrics. Confusion matrix shows the number of true positives, false positives, true
negatives and false negatives, which can be used to know where the model has mis performed.

RESULTS AND DISCUSSION

Machine learning-Based Stacking ensemble approach was trained on 80 percent of the data and tested
on the remaining 20 percent of the data (test set of 1,760 tweets). The model has shown high accuracy
on all the major performance scores, which shows that it can be used to discern between Hate and No-
Hate tweets in Urdu. In particular, it was able to attain an accuracy of 86.53% or in other words; about
87 out of 100 predictions were accurate. The precision of 85.45% indicates a good capability to
accurately detect Hate tweets and few false positives. The recall of 86.96% indicates that the model
managed to identify most of the actual hate speech cases, and the F1 score of 86.20% proves the balance
of the model performance in terms of precision and recall as shown in Figure 4.

100 Model Performance Metrics

86.53% 85.45% 86.96% 86.20%

80

Percentage (%)

20

Accuracy Precision Recall F1 Score

Figure 4: Results of Machine Learning-Based Stacking Ensemble Approach
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Table 1. Performance comparison of classifiers

Classifiers Accuracy Precision Recall F1 Score
(%) (%) (%) (%)
Random Forest 81.87 82.92 78.73 80.77
Gradient Boosting 74.77 69.18 86.25 76.78
AdaBoost 63.07 58.14 84.37 68.84
Bagging 81.19 81.48 79.08 80.26
Soft Voting 82.27 81.52 81.90 81.71
Hard Voting 81.19 81.18 79.55 80.36
Machine Learning-Based Stacking 86.53 85 45 86.96 86.20
Ensemble Approach

To have a comparative idea of the performance of the other ensemble classifiers, the performance of
some other ensemble classifiers was also tested, as shown in Table 1 and Figure 5. The Random Forest
classifier achieved an accuracy of 81.87%, a precision of 82.92%, a recall of 78.73%, and an F1-score
of 80.77%. Gradient Boosting is able to achieve an accuracy of 74.77 percent, precision of 69.18 percent,
recall of 86.25 percent and F1 Score of 76.78 percent. AdaBoost did not perform very well as the
accuracy achieved was only 63.07% while the precision was 58.14%. The findings of bagging classifier
were calculated to be 81.19%, 81.48%, 79.08%, 80.26% for accuracy, precision, recall and f1 score. The
Soft VVoting ensemble was shown to yield slightly better results than other ensembles. It achieved 82.27%
accuracy, alongside 81.52% precision, 81.90% recall, and 81.71% F1-score. In contrast, the Hard Voting
approach yielded 81.19 percent accuracy, 81.18 percent precision, 79.55 percent recall, and 80.36
percent F1-score. Evidence in these comparisons indicates that the Machine Learning-Based Stacking
ensemble approach is a high-performance one, as it performed better than other established ensemble
methods in all significant measures.

0.95

Performance Comparison of Classifiers

Score

0.90

0.85

0.80

0.75

0.70

0.65

0.60

0.55

0.50-

Metrics.
BN Accuracy
B Precision
mm Recall
Hm F1 Score

Classifier

Figure 5. Visual summary of different evaluation metrics for the different classifiers

Moreover, the confusion matrix also indicated the robustness of the model since there were numerous
correctly classified instances under both categories. The matrix showed that the model was efficient in
reducing false positives (identifying No-Hate tweets as Hate) and false negatives (failing to identify
actual Hate tweets), which further proves the validity of the classifier.
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Stacking Classifier - Confusion Matrix

Fiele]
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2800

500

Actual

— 400

- 300

No_Hate

— 200

No_Hate
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Figure 6. Confusion matrix showing the distribution of correct and incorrect classifications for hate and no-hate
tweets

Figure 6’s classification report gave us an in-depth understanding of how the model performed per the
classes. The Hate and No-Hate classes had high scores for precision, recall, and F1-score. This indicates
that the model operates equally for both languages and is independent of the classes. This is important
while working with sensitive data like hate speech detection. The results of the evaluation indicate that
the ensemble-based stacking classifier using machine learning is the appropriate and efficient method
for detecting hate speech in the Urdu tweets.

COMPARATIVE ANALYSIS

This section contains the comparisons and contrasts of the proposed research study with the available
alternative methods and techniques of hate speech identification in the Urdu tweets.

Table 2. Proposed study comparison with existing studies

. . . Accuracy, Precision,
Studies Domain Techniques Used Dataset Recall and F1-score
[17] | Hate Speech BiLSTM Urdu tweets 82%
Detection
Hate Speech : FIRE 2021 Urdu 0
[18] Detection Support Vector Machine dataset 83.18%
Hate Speech ) Multilingual 0
[19] Detection m-BERT Sentiment Corpus 81.49%
[20] Hate Speech | o BERTa Embedding | 7,800 Urdu tweets 82%
Detection
. 3,500 manually
[21] Hate Spgech SVM W_|th character annotated Urdu 82 68%
Detection trigrams
tweets.
Cyber .
[22] bullying fastText Deep Learning | 15 458y tweets 84.2%
. Model
Detection
. LR achieved 0.8073
[23] Hate Sp_eech Different ML & DL 18,426 Tweets and CNN achieved
Detection Models
0.7786
Hate Speech Machine Learning
Proposed b Based Stacking Urdu Tweets 86.53%
Detection
Ensemble Approach

As shown in Table 2, our proposed Machine Learning-Based Stacking Ensemble Approach outperforms
other baseline models and techniques for hate speech identification in Urdu tweets.
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CONCLUSION

In the present research, the Machine learning Based Stacking Ensemble Approach performed better than
various other ensemble approaches and classifiers (Random Forest, Gradient Boosting, AdaBoost,
Bagging, Soft Voting, and Hard Voting) to identify hate speech in Urdu tweets. With such a high
accuracy of 86.53%, the Machine learning Based Stacking Classifier demonstrated a high precision
(85.45%), recall (86.96%), and a balanced F1-score (86.20%), which is why it is a highly reliable model
to identify hate speech in Urdu tweets. Compared to other classifiers, the Machine learning Based
Stacking ensemble approach has surpassed all baseline models and approaches in all the major metrics,
especially precision and recall, which proves its robustness in reducing false positives and false
negatives. These results were also confirmed by the confusion matrix, which revealed that the model
successfully identified Hate and No-Hate tweets with few errors. In addition, the classification report
showed that the performance of both classes was balanced showing that the model is unbiased against
one class over another which is important in fair and ethical content moderation. In short, we can say
that the Machine learning Based Stacking ensemble was a reliable approach in identifying hate speech
in the Urdu language which is a low-resource language and has its linguistic peculiarities. The model
presented can be taken to be the solution to the real life problem of controlling of objectionable content.
The results of the study showed that ensemble learning methods have the ability to solve complex
problems like hate speech detection, and they geared to future efforts in this respect.

FUTURE WORKS

Even though the study yielded some positive outcomes with The Stacking ensemble model for hate
speech detection in Urdu tweets, there are still endless ways to improve the model performance and
more on-range application. Some of this future work is discussed next. A future research direction could
include investigating deep learning methods which have proven very successful in natural language
processing tasks. Transformer, RNN, LSTM-these are a few examples of text classification models that
use deep learning. The text classification models are useful as it captures the complex semantic patterns
that are presented in the text. Using models particularly the transformer-based models like BERT
(Bidirectional Encoder Representations from Transformers) are likely to bring significant performance
boosts to the classification system. The performance of classification system can also be improved by
data augmentation of the dataset. The existing data, although it ensures a decent sample size, may be
increased with the inclusion of additional sources of Urdu text. Also, to increase the current amount of
data and, therefore, the generalization capacity of the model, synthetic data generation techniques like
back-translation or paraphrasing might be used.

Moreover, it is possible to optimize the text preprocessing pipeline. Although the existing pipeline
covers the simple tasks of stopword removal, punctuation and other characters, the more advanced
methods may be applied to cover the intricacies of the Urdu language. It may involve using certain
techniques such as named entity recognition (NER), dependency parsing and sentiment analysis to better
express context and sentiment in the text. In addition, further enhancement of the model can be done to
make it even stronger at a real-life application level through correction in code-switching scenario i.e.,
namely when the users mix language use like Urdu and the English language.

Another potential field is transfer learning. It is likely that fine-tuning large pre-trained language models
like BERT or multilingual BERT (mBERT) on Urdu will yield significant improvements as such pre-
trained models exist. The model will be more equipped to detect limited trends in Urdu text that may
not be adequately captured in a small domain-specific dataset by leveraging what it learns on high
volumes of data in other similar languages. It would also be interesting to create multilingual models
that can detect hate speech in multiple languages at once. The model can identify hate speech in different
languages, allowing it to be more flexible to use. In areas with varying linguistic sceneries, it can be
implemented easily.

Lastly, another direction that can be taken as future work would be real-time hate speech detection, in
which the model created would be implemented into social media or other internet environments to
detect and report hate speech in real-time. This would involve making the system faster, scalable and
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real time so that it can process a lot of data efficiently. In short, despite the fact that the current study
forms a good basis of detecting hate speech in Urdu, there are numerous avenues of further optimization
and improvement of the model using deep learning, data augmentation, advanced preprocessing, transfer
learning, multilingual models and real time deployment. Such initiatives may lead to the development
of better and precise mechanisms of addressing online hate speech.
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