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Keywords Abstract

Hate Speech Recognition, Twitter has emerged as a prominent social media platform where users rapidly
Sentiment  Analysis, Tweets share opinions, emotions, experiences, and real-time events. Due to the increasing
Prediction, Machine Learning volume of user-generated textual content, sentiment analysis and hate speech

detection have become important research areas in the fields of Natural Language

Processing (NLP) and Machine Learning (ML). Although considerable research

Article History has been conducted on hate speech detection using Twitter data, the automatic
Received: 15 April 2026 identification of multilingual hate speech, particularly in Roman Urdu and
Accepted: 27 May 2026 English, remains a challenging task. This research proposes a hybrid NLP-based
Published: 13 June 2026 framework for multilingual sentiment analysis using a combined dataset of

Roman Urdu and English tweets collected from publicly available hate speech
datasets. The datasets are integrated into a unified corpus and processed using
several NLP preprocessing techniques, including stopaword removal, punctuation
removal, URL elimination, tokenization, and stemming. Furthermore, optimized
textual features are extracted using Python-based NLP libraries to improve the
quality of the dataset for machine learning applications. To enhance feature
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relevance and reduce dimensionality, Principal Component Analysis (PCA) is
applied to eliminate less informative features while retaining the most significant
attributes. The experimental implementation is carried out using Google Colab,
where multiple machine learning classifiers, including Naive Bayes (NB),
Random Forest (RF), Support Vector Machine (SVM), and Decision Tree (DT),
are trained and evaluated. In addition, a Hybrid Ensemble Model (HEM) is
proposed, which combines the predictions of all four classifiers to improve
classification performance. The proposed system classifies users’ sentiments into
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three categories: Positive, Negative, and Neutral. The performance of the models

is evaluated using standard evaluation metrics, including training accuracy,

testing accuracy, precision, recall, and Fl-score. A comparative analysis of all
models is conducted to identify the most effective approach for multilingual
sentiment analysis and hate speech detection on Roman Urdu and English

Twitter datasets.

1 INTRODUCTION

In the digital age, the widespread use of social
media platforms and online communication
channels has given rise to a concerning
phenomenon: hate speech. Any type of
communication—verbal or written—that
encourages violence, prejudice, or animosity
towards one person or group of people because of
that person's race, religion, ethnicity, gender,
sexual orientation, or other traits is referred to as
hate speech [1]. The proliferation of hate speech
online poses significant challenges to maintaining
inclusive and respectful digital spaces. Recognizing
the urgency and importance of addressing hate
speech, researchers and technologists have turned
their attention to developing automated systems
for hate speech recognition. These systems employ
advanced machine learning algorithms and
natural language processing techniques to detect
and classify instances of hate speech in online
content [2]. By automating the identification
process, these systems aim to alleviate the burden
on human moderators and enable timely
interventions to curb the spread of hate speech.
Research focuses on the development of a hate
speech recognition system that combines state-of-
theart machine learning models with a
comprehensive dataset specifically curated for hate
speech detection. The ultimate goal is to design an
accurate and efficient system capable of identifying
hate speech instances with a high degree of
precision and recall [3].

Twitter has become a quintessential platform for
users to share their thoughts, feelings, and
activities in real-time. It serves as a powerful
broadcast medium that allows individuals to
swiftly express where they are, what they are
engaged in, their current thoughts, and their
immediate emotions. In recent times, there has
been a growing focus on the analysis of sentiment
in Twitter data, particularly in the context of

identifying and combatting hate speech. In
ongoing research endeavors, innovative methods
have been developed for sentiment analysis,
primarily in the context of a hate-speech dataset.
The objective is to harness the capabilities of
Natural Language Processing (NLP) and Machine
Learning (ML) techniques to better understand
and combat the pervasive issue of hate speech on
this popular social media platform. Despite
considerable progress, there is still ample room for
improvement in the automatic detection of hate
speech on Twitter. The dynamic nature of
language and the evolving forms of online abuse
present ongoing challenges. Researchers are
continually exploring new avenues for refining
NLP and ML algorithms to enhance the accuracy
and efficiency of hate speech detection. This is
crucial not only for maintaining a safe and
inclusive online environment but also for
understanding the changing landscape of digital
communication [4]. Moreover, as Twitter remains
a vital source of information and communication
for millions of users worldwide, the significance of
robust and adaptable hate speech detection
methodologies cannot be overstated. The
development of more sophisticated models and
strategies for recognizing hate speech will
contribute to a safer and more respectful online
discourse, thereby ensuring that Twitter fulfills its
potential as a platform for meaningful expression
and communication. As the digital landscape
continues to evolve, the pursuit of effective hate
speech detection methods remains a prominent
research area, warranting continuous investigation
and innovation [5].

A promising avenue for research lies in the
amalgamation of two distinct datasets featuring
hate-speech tweets in two different languages,
namely Roman Urdu and English. Combining
these datasets into a single CSV file presents a
unique opportunity to examine the cross-linguistic
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dimensions of online hate speech. To facilitate
this study, advanced Natural Language Processing
(NLP) techniques can be employed, leveraging the
power of Python as a primary programming
language. The initial phase of the research focuses
on extracting and optimizing features from the
hate-speech tweets, which will result in the
creation of a refined dataset [6]. This dataset will
subsequently serve as the basis for training and
testing machine learning models. A key
component of the methodology involves the
application of Principal Component Analysis
(PCA) to filter out less important features,
ensuring that only the most informative ones are
retained. By doing so, the research aims to
enhance the efficiency and effectiveness of the
machine learning models used for hate speech
detection. In pursuit of this research, Google
Collab, a powerful cloud-based tool for data
analysis and machine learning, will be harnessed
to construct and assess a variety of machine
learning models. This approach not only
streamlines the development process but also
provides access to substantial computational
resources, fostering the creation of robust and
accurate models. By combining datasets from
different languages, this research endeavors to
shed light on the universality of hate speech
characteristics and the effectiveness of NLP
techniques in capturing them across linguistic
barriers. Furthermore, the optimization of features
through PCA and the application of various
machine learning models will contribute to the
ongoing efforts to combat online hate speech,
ensuring a safer and more inclusive digital
environment for users across diverse linguistic

backgrounds [7].

2 Literature Review

The current study's goal is to build on earlier
research that has demonstrated the existence of
both favorable and unfavorable views towards the
tweet’s variant. Twitter sentiment research allows
organizations a rapid and effective way to track
public opinion about their brand, operation,
executives, etc., according to [6,9,11] research
efforts. In the proposed study, the works of
different researchers are explained, that

introduces novel technique for incorporating
semantics as extra features in the training set for
sentiment analysis. They add the semantic concept
(such as "Apple product") for each retrieved entity
(such as the "iPhone") from tweets as an extra
feature and calculate the correlation between the
represented concept and the positive/negative
sentiment.

A study on the sentiments of tweets is conducted
by [1]. In this study, they explain that Numerous
people around the world have been impacted by
the COVID-19 epidemic since 2019. It is starting
to take on the characteristics of an infectious
disease that sparked a catastrophe with far-
reaching implications on areas like health,
economics, and education. New COVID-19
mutations, including the Beta, Delta, and
Omicron forms, appeared during the coronavirus
outbreak, frightening and alarming the populace.
According to World Meter, differences in
COVID-19 caused around 6 million deaths. On
November 24, 2021, the SARS-CoV-2 omicron
strain was discovered for the first time in South
Africa, and it has since spread to more than 57
countries. They investigate attitudes and behaviors
towards the omicron variation. Put up a method
for determining sentiment analysis for tweets from
Twitter on Omicron. There is a lot of potential in
the sentiment analysis of Twitter data. The
methodology uses Python's NLP tools to extract
the best qualities from the Omicron tweets,
creating a dataset that can be utilized for learning
the Models. Four machine learning (ML)
classifiers, including "Naive Bayes (NB), Random
Forest (RF), Decision Tree (DT), and Support
Vector Machine (SVM)", used the generated
dataset to accurately classify users' emotional
behavior into three categories: neutral, negative,
and positive. Based on the accuracy of the forecast
level, the Class Neutral earns the highest score,
and the Class Negative receives the lowest score.
When all of the characteristics are used in the
model's training, the SVM and RF classifiers
perform better. SVM classifier accuracy is 89.8%,
whereas RF classifier accuracy is 82%. The Class
Neutral receives the best score, and the Class
Negative receives the lowest score based on the
accuracy of the forecast level. An innovative
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method for the sentiment analysis of Twitter data
was presented by [15]. The most focused study
terminology used for sentiment analysis to extract
this unknowable information from the linguistic
data is NLP and input mining methodologies. A
DL technique is introduced to public sentiment
analysis by [4]. He states in his study piece that the
microblog has become a popular platform for
discussing current events in China. The volume of
linked posts on microblogs generally jumps all at
once when a coronavirus outbreak develops,
providing an excellent opportunity to ascertain
how the general population feels about the issue.
In [7], during the Omicron, the SentiStrength
software is used to offer a new Twitter sentiment
analysis method. According to them, a new tweet
variant known as "SARS-CoV-2 Omicron"
emerged, even though many COVID-19 variants
have a significant detrimental influence on the
lives of millions of people worldwide. The public's
perception of the propagation of the SARS-CoV-2
Omicron strain on Twitter is investigated in this
study. The applied approach is based on text
analytics of Twitter data, considering the main
subjects of tweets, retweets, and hashtags, the
pandemic's containment, the efficacy of tweet
immunizations, transmissible variants, and the rise
in infection.

In [12], a new study on social media text behavior
analysis is introduced using machine learning
models. In this study, they explain that social
media use and the dissemination of knowledge
have helped humanity. But this has also resulted
in several issues, such as the growth of hate speech.
Recent studies have used a number of feature
engineering techniques and machine learning
algorithms to tackle this new problem of hate
speech on social media. It is unknown if a
comparison of different methods for developing

features and machine learning algorithms has
been undertaken to discover which one performs
better on a common dataset that is made available
to the public. The test results showed that the
support vector machine technique with the bigram
feature set produced an overall accuracy of 79
percent. The results showed that the negative
sentiment significantly increased on January 20
when the lockdown in Wuhan started.
Mohammad Mahyoob et al. put forward a novel
Twitter sentiment analysis technique during the
Omicron outbreak by utilizing SentiStrength
software. They showed that while the spread of the
SARS-CoV-2 Omicron strain had a significant
negative impact on the lives of millions of people
worldwide, the method studied how the public felt
about it. This method relied on text analytics of
Twitter data, focusing on primary topics like
tweets, retweets, and hashtags, the restriction of
the pandemic, the efficacy of COVID-19
vaccinations, transmissible variations, and the
increase in infection. The SentiStrength software
was used to analyze 18,737 tweets from December
3, 2021, to December 26, 2021, using a set of
linguistic criteria and a vocabulary of sentiment
phrases with an average of 95% confidence
intervals [29]. The analysis revealed that the
strength of the negative sentiment was higher than
that of the positive sentiment, with weak
sentiment strength at 31.01%, moderate
sentiment strength at 16.32%, strong sentiment
strength at 5.36%, and very strong sentiment
strength at 0.35%. On the other hand, the
strength of the positive sentiment declined, with
weak sentiment strength at 16.48%, moderate
sentiment strength at 11.19%, strong sentiment

strength at 0.80%, and very strong sentiment
strength at 0.02%.
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Table 1 Literature Review

Literature Used Dataset

Hassan Saif et al., 2017
Unaiza Fazal et al., 2023

Omicron Tweets

Twitter dataset for

Patel Ravikumar et al., 2020 the 2014 FIFA

World Cup
Jintao Ling et al., 2020

postings
Mohammad Mahyoob et al., 18,737 tweets from
2022 Twitter
Lokesh Mandloi and Ruchi Twitter dataset
Patel, 2020 ¢

Doaa Mohey El-Din Mohamed
Hussein, 2016

Online papers

Deepika Vatsa and Ashima Two-month data set

Yadav, 2022 of tweets
Sanjeev Verma, 2022 Public SCIVICES
dataset

Oksana Tokarchuk et al., 2022

reviews.

3 Material and Methods

The proposed methodology consists of several
phases designed to perform multilingual
sentiment analysis on Roman Urdu and English
Twitter data. In the first phase, an appropriate
dataset containing tweets in both Roman Urdu
and English were selected from the widely
recognized Kaggle repository. The second phase
involved preprocessing the collected data to
extract meaningful textual features using various
Natural Language Processing (NLP) techniques,
including  stop-word punctuation
removal, URL elimination, and stemming. In the
third phase, the processed dataset was further
refined through labeling, annotation, and
cleaning procedures. This included transforming
categorical attributes into numerical
representations and removing null, empty, and
noisy instances to improve data quality. The

removal,

3 Twitter datasets

1 million blog

TripAdvisor online

Software and

Algorithms Tools Accuracy
SVM & NB Python 75%
SVM, NB & o

RE Python 89%
SVM & KNN  Weka, Python 85%
BERT Python 75.13%

Software based = SentiStrength = 71%

NB, SVM, Python 86%
KNN, NB, RF  Python 83%
N/A Python 84%
NB HCI 86%
N/A SPSS 87%

fourth phase focused on feature engineering,
where two additional features, namely polarity and
subjectivity, were extracted using the TextBlob
NLP library in Python. In the fifth phase, multiple
machine learning models were implemented for
sentiment classification, including Naive Bayes
(NB), Random Forest (RF), Support Vector
Machine (SVM), Decision Tree (DT), and a
Hybrid Ensemble Model (HEM). The proposed
HEM integrates the predictions of all four
individual classifiers to generate a final prediction
outcome. Finally, in the evaluation phase, the
performance of all selected models was assessed
using standard evaluation metrics such as training
accuracy, testing accuracy, precision, recall, and
Fl-score. The comparative analysis of these results
was then conducted to identify the most effective
model for multilingual sentiment analysis on the
given dataset.
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Figure 1 Proposed Methodology

The working of Hybrid Ensemble Models is Y4) of base models are then combined by using a
explained in Figure 3. In Figure 3, X is the dataset voting classifier to give the final prediction. Y in
that is used by every model, and (Y1, Y2, Y2 and Figure 3 is the final prediction of the Hybrid
Y4) are the predictions of simple models (NB, DT, Ensemble Model (HEM).
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Figure 2 Proposed Model
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3.1 Used Dataset

The dataset that is used for the experiment of our
suggested model contains 31962 rows and 3
columns. Each row contains the ID of the tweet,
the label of the tweet, and the text of the tweet.
We will use 30 percent (9589 rows) of the data for
the testing of our selected machine models and the
remaining 70 percent (22373 rows) for the
training of models.

3.2 Preprocessing of Tweets

Different preprocessing steps are applied to the
combined dataset to create meaningful features
from the tweets. Preprocessing Steps involve
Natural Language Processing (NLP) techniques
that process the data before extracting features.
We wuse five NLP-based text preprocessing
techniques by using the Natural Language Tool
Kit (NLTK) library of the Python language. Text
preprocessing techniques that we implement on
combined tweets are:

° Creating Tokens of Tweets

° English Stopwords Removing Technique
° Roman Urdu Stopwords Removing
Technique

. Punctuation Removing Technique

. Joining of Tokens

All of the mentioned techniques are applied by
using an open-source GPU from the Google
Collab platform.

3.2.1 Creating Tokens of Tweets
The first technique applied to the tweet’s dataset
is creating tokens of tweets for processing further

tasks. Tokenization in natural language processing
(NLP) is the process of breaking down a text into
smaller units, typically words or subwords, which
are referred to as tokens. These tokens are the
basic building blocks for various NLP tasks, such
as text analysis, language modeling, and machine
learning. The main goal of tokenization is to split
a text into meaningful units so that a computer
can understand, process, and analyze the text
effectively.

3.2.2 English Stopwords Removing Technique
Removal of English stopwords from the tweets is
the next step after the tokenization of the text.
Stopwords removal is a common preprocessing
step in natural language processing (NLP) that
involves eliminating common words that are
considered to be of little value in text analysis.
Stopwords are words that occur frequently in a
language but typically do not carry significant
meaning on their own. Examples of stopwords in
English include words like "the," "and," "in," "of,"

n. nmn n

is," "a," and "an."

3.2.3 Roman Urdu Stopwords Removing
Technique

The third NLP applied technique is removing
stopwords of Roman Urdu. We defined a Roman
Urdu stopwords list to remove them because the
NLTK library does not support Urdu stopwords.
The following stopwords list is defined from
Roman Urdu words.
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Figure 3 Roman Urdu Stopwords

The figure contains a list of self-created stopwords of the Roman Urdu language.

4 ) 4 )
Please EE:II'::E.::[E AllAh Roman Urdu . Pleas:]?e—x:rvune
S.w.T ka naam Stopword removing AllAh Sw. T naam
hAmesha Bary Lawzo hAmesha Bary
main Likha kary Wo Removed Words Lawzo Likha kary
he Zaat sUb sav Bari majn} say, Wo ZFaat sUb say Bari
\_ Hey Y, and he \_ Hey )

Figure 4 Example of Urdu Stopwords Removal

Figure 8 shows the example text of tweets before and after removing the Roman Urdu stopwords.

3.2.4 Removing Punctuations

The second last step of the NLP task is the removal
of punctuation from the tweet text to extract the
most meaningful words from the tweet. Removing
punctuation is another common preprocessing
step in natural language processing (NLP).
Punctuation marks such as periods, commas,
question marks, exclamation points, and various
other symbols serve as important elements in text
for conveying meaning and structure. However, in
many NLP tasks. One example of how the text is
before and after the punctuation removal is given
in Figure 9.

The library of Python.

3.2.5 Removing Special Characters

In NLTK (Natural Language Toolkit), a special
character typically refers to any character that is
not a letter or a digit. Special characters include
punctuation  marks, symbols,  whitespace
characters (like spaces and tabs), and any other
character that doesn't fall into the category of
letters (alphabetic characters) or digits (numeric
characters).
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Before ]
wow thank much @ Removal of Special After
circlu giving 4 FREE Character wow thank much
cirlsu giving 4 new

B Black Ops Cold War
codes P54 PC & Removed Special et o
XBOX tweet code Characters Code

S &= I Y,

Figure 5 Example Text after Removal of Special Characters and Punctuation

3.3 Labeling and Annotating

Labeling of data is necessary to improve the
accuracy and understanding of features for
machine learning models. The act of recognizing
raw data (pictures, text files, videos, etc.) and
adding one or more relevant labels to give context
and enable a machine learning model to learn
from it is known as data labeling in machine
learning.

Table 2 Labeling of Class
Class
Neutral
Positive
Negative

3.4 Feature Extraction

In an NLP-based model, feature extraction and
text preprocessing are an important part due to
unstructured data. Feature extraction is a basic job
in natural language processing (NLP) that entails
transforming unprocessed text data into a format
that machine learning algorithms can easily
analyze. Two common text features (Polarity and
Subjectivity) are extracted from tweets for the
sentiment of text. We extract many other features
like length of text in terms of words and in terms
of characters, and details of each feature are given
in this section.

3.4.1 Polarity
A sentence, phrase, or word's overall sentiment is
referred to as its polarity. A "sentiment score" is a

All of the extracted features are in numeric form,
except the class column. We change the class
columns' values into categorical form by using the
label encoder method given in the Python
language. The labeling of class values Neutral,
Positive, and Negative are used as 0, 1, and 2,
respectively and also given in Table 3.

New Label

0
1
2

numerical rating that represents this polarity. This
score, for instance, may be a figure between -100
and 100, where O would indicate a neutral mood.
Text Blob library is used for extracting the
sentiments of tweets by calculating the polarity
and subjectivity values of each tweet.

3.4.2  Subjectivity

Subjectivity measures how much of the material is
made up of factual facts and subjective opinions.
Because of its increased subjectivity, the material
is more likely to convey subjective viewpoints than
accurate facts. Intensity is an additional setting for
Text Blob. Text Blob uses the 'intensity' to
compute subjectivity.
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3.4.3 Length in Words

Number of words in the tweet text is also used as
a feature in the dataset. The maximum number of
extracted features is improving the accuracy of the
models.

Table 3 All Extracted Features

Text Polarity

gearboxoffici sinc play borderland game

friend i really natur taste someth more 0.22
rememb i discov battleborn way buy stuff
gearboxoffici sinc play borderland game

friend tast someth more i discov -0.075
battleborn way buy now

Chri love borderland one two 0.5
Chri love Borderland one two 0.5
Chri love edg one two 0.5

3.5 Model Building and Evaluation

The Google Collab tool is used to build many ML
(Naive Bayes (NB), Random Forest (RF), SVM,
and Decision Tree (DT) classifiers and one Hybrid
Ensemble Model (HEM). To measure the accuracy
of the proposed method, Naive Bayes (NB),
Random Forest (RF), SVM and Decision Tree
(DT) classifiers and one Hybrid Ensemble Model
(HEM) that combine the prediction of all 4
models are applied on the created dataset to
classify users' emotional behavior into "neither,"
"hate," and "offensive" based on some features.
Research also focuses on performing a complete
comparison of ML models and evaluating these
models on the basis of training accuracy and
testing accuracy, and also calculating the precision,
recall, and F1-Score for each model.

3.6 Classification

To measure the accuracy of the proposed method,
Naive Bayes (NB), Random Forest (RF), SVM and
Decision Tree (DT) classifiers and one Hybrid
Ensemble Model (HEM) that combine the
prediction of all 4 models are applied on the
created dataset to classify users' emotional
behavior into "neither," "hate," and "offensive"
based on some features.

3.4.4 Length in Characters

The number of words in the tweet text is also used
as a feature in the dataset. The maximum number
of extracted features is improving the accuracy of
the models.

Subjectivi No. of No. of
ubjectivity Words Characters
0.44 172 30
0.441667 126 23
0.6 28 5
0.6 28 5
0.6 21 5
4 Results and Discussions

The results of the proposed model are analyzed by
calculating the Training accuracy, testing accuracy,
and confusion matrix of all ML models. This study
evaluated built machine learning models based on
following parameters:

4.1 System Configuration and Tools

The method used for the experiments and
implementation is explained in this section.
Windows 10 operating system is installed on the
dell system with core 15 and 6™ generation laptop.
The used system includes RAM of 8GB, hard disk
of 320GB and SSD of 512GB. Different tools are
used for implementing the and the model and
writing of the original manuscript, such as Google
Colab used for coding and MS Word used for

writing.

4.2 Accuracy

A measure of the general accuracy of a model's
predictions is accuracy. Out of all the occurrences
in the dataset, the percentage of accurately
predicted cases is calculated. The accuracy
equation is:

Table 8 shows the training and testing accuracies
of all the applied models. Figure 12 depicts the
Confusion matrix graph of NB, and Figure 13
depict the evaluation results of NB. Training
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accuracy RF is highest as compared to other
models, with percentage of 97 and training

Table 4 Training & Testing Accuracy of ML Models

Models Training Accuracy
NB 81

RF 97

DT 85

SVM 65.89

Hybrid 90

accuracy of SVM is lowest as compared to the
other 4 models.

Testing Accuracy
81

97

85.13

65.34

90

Testing accuracy of RF, DT, SVM, NB, and Hybrid is given in Table 8 with percentages of 97, 85.13, 65.34,

81, and 90, respectively.

Training & Testing Accuracy

97 97

Training Accuracy

Figure 13 shows the screenshot for the values of
precision, recall, and fl-score of the naive Bayes
model for every class 0,1 and 2. The precision of
classes O, 1, and 2 is 92 percent, 48 percent, and
83 percent, respectively. The recall for the model

90 90

65.89 65.34

Testing Accuracy

NB of classes 0, 1, and 2 is 70 percent, 30 percent
and 96 percent, respectively. The fl-score for the
model NB of class O, 1, and 2 is 80 percent, 37

percent, and 89 percent, respectively.
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(Classification Report:

precision recall fl-score
4 8.92 8.70 0.5@
1 9.43 0.30 8.37
2 8.83 0.96 .89

Figure 6 Screenshot of Evaluation Results of NB

Figure 14 shows the screenshot for the values of
precision, recall, and fl-score of the RF model for
every class 0,1 and 2. The precision of classes 0, 1,
and 2 is 87 percent, 100 percent and 100 percent,
respectively. The recall for the model RF of classes

0, 1 and 2 is 100 percent, 79 percent and 100
percent, respectively. The fl-score for the model
RF of classes 0, 1, and 2 is 93 percent, 88 percent
and 100 percent, respectively.

Classification Report:
precision recall fl-score
g 8.87 1.08 .93
1 1.00 g.79 B.83
2 1.00 1.08 1.00

Figure 7 Screenshot of Evaluation Results of RF

Figure 18 shows the screenshot for the values of
precision, recall, and fl-score of the SVM model
for every class 0,1 and 2. The precision of classes
0, 1, and 2 is O percent, O percent and 65 percent,
respectively. The recall for the model SVM of

classes 0, 1 and 2 is O percent, O percent and 100
percent, respectively. The fl-score for the model
SVM of classes O, 1 and 2 is O percent, O percent
and 79 percent, respectively.
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Classification Report:
precision recall fl-score
0 @.e0 0.08 0.08
1 @.00 0.00 0.08
2 @.65 1.00 8.79

Figure 8 Screenshot of Evaluation Results of SVM

Classification Report:
precision recall fl-score
] @.58 1.60 8.73
1 @.00 0.00 0.00
2 1.00 1.00 1.00

Figure 9 Screenshot of Evaluation Results of DT

Figure 21 shows the screenshot for the values of The recall for the model hybrid of classes 0, 1, and
precision, recall, and fl-score of the Hybrid model 2 is 100 percent, 30 percent, and 100 percent,
for every class 0,1 and 2. The precision for the respectively. The fl-score for the model RF of
hybrid model of classes 0, 1, and 2 is 83 percent, classes 0, 1, and 2 is 91 percent, 46 percent, and
100 percent, and 91 percent, respectively. 95 percent, respectively.
Classification Report:
precision recall fl-score
@ @.83 1.00 8.91
1 1.88 8.38 8.46
z @.91 1.68 8.95

Figure 10 Screenshot of the Evaluation Results of the Proposed

5 Conclusion namely Roman Urdu and English. The datasets
The proposed research focused on the were consolidated into a single file, and various
combination of two different datasets of hate- NLP techniques were applied to process the
speech tweets based on two different languages, dataset. In the intended methodology, NLP
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techniques were applied wusing the Python
language to extract optimized features from the
hate-speech tweets. A dataset was then created that
could be used by machine-learning tools to train
and test the models. The extracted dataset was
filtered by removing less important features
through the application of the Principal
Component Analysis (PCA) technique, and only
the filtered and most informative features were
retained. The Google Collab tool was employed to
build multiple ML models. To measure the
accuracy of the proposed method, Naive Bayes
(NB), Random Forest (RF), SVM, and Decision
Tree (DT) classifiers, along with one Hybrid
Ensemble Model (HEM) that combined the
predictions of all four models, were applied to the
created dataset. This classification aimed to
categorize users' emotional behavior into
"Neither," "Positive," and "Negative" based on
certain features. The research also focused on
performing a comprehensive comparison of ML
models and evaluating these models based on
training accuracy and  testing  accuracy.
Additionally, precision, recall, and Fl-score were
calculated for each model.
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