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Abstract: Cyberbullying on social media is common and can have serious mental and emotional effects. It is very
important to have effective ways to find out about it. Using advanced machine learning and sentiment analysis together
is a scalable way to find harmful interactions and make digital places safer. The Cyberbullying Tweets dataset from
Kaggle is used in this project. It has examples of different types of cyberbullying that have been named. Normalization,
noise removal like URLs and HTML tags, tokenization, WordNetLemmatizer, vaderSentiment analysis, and label
encoding are all parts of preprocessing. TF-IDF vectorization is used to retrieve features, and SMOTE oversampling is
used to fix class imbalance. Tools for visualizing data, like distribution plots and word clouds, can help you see patterns
and trends in bullying. The suggested system uses many different classifiers, such as Logistic Regression, Random
Forest, XGBoost, Decision Tree, Naive Bayes, SVM, Extra Tree, Gradient Boost, and AdaBoost. It also lets you tune
the hyperparameters using GridSearchCV. Evaluation uses memory, accuracy, precision, F1-score, and confusion
matrices to catch false positives and false negatives. Some more improvements are SMOTEENN, which balances the
data better, and a Voting Classifier ensemble, which combines MLP, Bagging, and Logistic Regression for more
accurate classification. Explainable Al techniques like LIME and SHAP make sure that the results can be understood
by finding the most important features. Flask-based deployment allows real-time predictions with confidence scores
and topic modeling to make the system easy to use and clear. The results show that the proposed Voting Classifier does
much better than all baseline models, scoring 97.4% across all evaluation measures. This shows that the system is

reliable, scalable, and useful for finding cyberbullying.

“Index Terms - Cyberbullying Detection, Sentiment Analysis, Machine Learning, TF-IDF, SMOTE, Ensemble
Learning, Explainable Al, Flask Deployment.”
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1. INTRODUCTION

Social media has changed the way people talk to
each other by letting them meet, share ideas, and
take part in conversations happening right now.
Even though these platforms have benefits, they

have also become great places for bad behavior,

www.ijesat.com

especially abuse. Cyberbullying is when someone
hurts someone else on purpose through digital
means. It can include sending offensive content,
threats, fake rumors, impersonation, and private
information to the public. Such actions are very bad

for people, especially teens, and can cause anxiety,
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sadness, social isolation, and in the worst cases,
suicidal thoughts [6, 7]. The growing popularity of
social media sites like Twitter, Facebook, and
Instagram makes it even more important to create
smart detection systems to keep users from suffering

psychic harm [1, 2].

Even though manual monitoring and flagging are
commonly used, they are not enough to handle the
huge amount of content that is created every day [8].
To solve this problem, computer scientists have
looked into ways to use sentiment analysis and
machine learning to find harmful trends
automatically [3, 4]. Sentiment analysis adds
another level of understanding by detecting the
range of emotions in text, which makes
classification more accurate in the given context.
Using supervised algorithms along with linguistic
and semantic traits makes it possible to find abusive
exchanges quickly and on a large scale [5]. Also, the
popularity of transformer-based designs and
ensemble learning methods has shown that they can
help make cyberbullying detection systems more
accurate [9, 10]. These methods use contextual
embeddings and collective decision-making
strategies to do better than standard models and

remain reliable when data isn't balanced.

Focusing on English-language text, which is used a
lot online, makes recognition methods more useful
and applicable across platforms [1]. In addition to
classification, adding explainability makes things
clear by drawing attention to important factors that
affect forecasts [4]. The goal is to create a smart,
dependable, and easy-to-understand system that can
instantly spot harmful interactions, adds emotional
cues, and gives feedback in real time. This makes
sure that parents, teachers, and other important
people can step in at the right time, making digital
places safer and healthier [2, 5].

www.ijesat.com

2. RELATED WORK

One of the biggest problems in the digital age is
cyberbullying. This is especially true now that teens
and young people are using social media sites more
and more. Studies show that online harassment is
becoming more common, and many victims say it
causes them a lot of mental and physical harm [11,
12]. Studies show that people who are cyberbullied
often feel anxious, depressed, and have low self-
esteem, which can have long-lasting negative effects
on their mental health [13]. Because of this, there is
more interest in using computers to find, label, and

stop harmful behavior online.

The research shows that machine learning and mood
analysis are becoming more and more important for
automatically finding cyberbullying. The wide range
of language used by criminals means that traditional
keyword-based and rule-based systems are no longer
enough [14]. Instead, both controlled and
unsupervised learning methods are now used to pick
up on complicated patterns of harmful
communication. For example, studies that compare
various methods for finding and grouping things
show that machine learning models like logistic
regression, support vector machines, and random
forests can work well with structured datasets [14].
But the accuracy of these systems rests a lot on
preprocessing and feature extraction, which is why

advanced sentiment analysis tools are built in.

By picking up on the emotional undertones in text,
sentiment analysis is a key tool for finding abuse. A
popular mood analyzer called VADER has been
shown to be good at finding polarity in short social
media posts [15]. Studies that use mood features
show that negative emotional tones are strongly
linked to behavior that is abusive or bullying [16].
Atoum [16] says that adding polarity of emotion to

classification models makes them better at finding
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things than just using textual features. Also, methods
that use both TF-IDF vectorization and mood
features have been shown to be more accurate and

reliable in changing online settings.

The importance of session-based analysis in finding
cyberbullying incidents is another important point of
view. Yi and Zubiaga [17] say that looking at posts
by themselves doesn't show how talks develop over
time. Detection frameworks can better tell the
difference between good and bad communication by
using session-based methods to record interactions
across multiple exchanges. This kind of modeling of
time is especially important in social networks
where the situation decides how serious and what the

message is trying to say.

New developments in deep learning and transfer
learning have made trolling detection systems even
better. Teng and Varathan [18] looked at the
differences between standard machine learning and
transfer learning methods. They discovered that
transformer-based architectures like BERT are
much better than traditional methods, especially
when it comes to dealing with complex language.
These models use contextual embeddings that have
already been trained. This lets them work with a
wide range of datasets and pick up on subtle
language cues. But problems like uneven data and
high computing costs still exist, which is why hybrid
methods that combine old-fashioned classifiers with

new deep learning models are needed.

Cyberbullying and other harmful habits like
cybertrolling and hate speech have some things in
common. Sharif et al. [19] used machine learning to
do sentence-level sentiment analysis of cybertrolling
tweets. They showed that adding sentiment features
helped the accuracy of classification. This shows
how sentiment-driven detection frameworks can be

used in a wider range of situations to keep online
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settings safe. In situations with more than one
language, similar results have been seen. Almutiry
et al. [20] created an Arabic cyberbullying detection
system that included Arabic sentiment analysis. This
shows how important it is to use language-specific
models to understand culture and linguistic
differences. Their results showed that sentiment-
driven methods work not only in English but also in
other languages, which means that these systems can

be used all over the world.

3. MATERIALS AND METHODS

By combining advanced machine learning
techniques with sentiment analysis, the suggested
system aims to make it easier to spot cyberbullying
on social media. Before using the Kaggle
Cyberbullying Tweets dataset, steps like
normalization, tokenization, noise removal, and
label encoding are used to make sure that the inputs
are organized. TF-IDF vectorization is used to get
features by recording contextual term frequency
patterns. SMOTE, on the other hand, is used to fix
class imbalance and make sure that minorities are
better represented [27, 28]. Several models are
tested, such as Logistic Regression, Random Forest,
XGBoost, Decision Tree, Naive Bayes, Support
Vector Machine, Gradient Boost, and AdaBoost.
GridSearchCV  is  used to optimize the
hyperparameters. To make predictions even more
accurate, SMOTEENN is added to reduce noise and
make sure that samples are spread out evenly. Also,
a Voting Classifier ensemble uses several models to
make decisions that are strong. Explainable Al
techniques like LIME and SHAP make classification
results clear by highlighting important traits that
make them easy to understand. This system makes
sure that harmful interactions can be found in a way

that is scalable, accurate, and easy to understand.
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Fig.1 Proposed Architecture

Figure 1 shows a complete data science process for
finding cyberbullying. The process starts with a
Cyberbullying dataset that goes through a lot of Text
Preprocessing. To clean the data, this includes steps
like turning emojis into text, lowering the case of
words, and getting rid of stop words, special
characters, and URLs. After the text is ready, it is
put through a Model that changes it for machine
learning using TF-IDF Vectorization and Label
Encoding. After this, there is a Classification stage
where the model uses different classifiers like SVM,
RF, and XGB to do Bullying Classification. Lastly,
measures like Accuracy are used to judge the results,
and Word Clouds and a Confusion Matrix are used

to show them.

i) Dataset Collection:

The Cyberbullying Tweets dataset from Kaggle was
used for this study. It has 47,692 items that have
been labeled. There are six different types of
cyberbullying, each with its own tweet text and
related cyberbullying category: religion, age,
gender, ethnicity, other cyberbullying, and not
cyberbullying. While the dataset has a balanced
distribution across groups, each label has about
7,800 samples, which means that all types of
bullying are fully represented. This variety helps
train and test machine learning models well, taking
into account differences in language, tone, and target

groups. To deal with the slang, hashtags, and
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mentions that are common in social media writing,
preprocessing is necessary. The collection is a good
way to test methods for finding cyberbullying based
on how people feel [23].

tweet_text cyberbullying_type
0  In other words #katandandre, your food was cra... not_cyberbullying
1 Why is #aussietv so white? #MKR #theblock #ImA... not_cyberbullying
2 @XochitISuckkks a classy whore? Or more red ve... not_cyberbullying
3 @Jason_Gio meh. :P thanks for the heads up, b... not_cyberbullying

4  @RudhoeEnglish This is an ISIS account pretend... not_cyberbullying

Fig.2 Dataset Collection

ii) Pre-Processing:

A very important step in getting social media text
ready for machine learning is pre-processing, which
aims to clean and organize the data. It includes
changing all capital letters to lowercase, turning
emojis into text, getting rid of URLs and special
characters, and breaking up long sentences into
words. Lemmatization is used to break words down
to their basic forms, making sure that everything is
consistent and improving model performance.

Stopwords are removed.

a) Data Processing: Processing data means
systematically getting the raw tweet text ready for
study by machine learning. First, all of the tweets are
changed to lowercase to keep things consistent.
Then, emojis are turned into text descriptions to
keep the emotional content. To get rid of noise that
could affect the accuracy of the model, URLs,
mentions, hashtags, and special characters are taken
out. Tokenization breaks the text up into small
pieces, or tokens. These tokens are then sorted to get
rid of stopwords that don't help with classification.
Lemmatization breaks words down to their root
forms, which lets the model treat forms of related
words in the same way. Label encoding is used to
turn the different types of harassment into numbers,

which makes them more compatible with machine
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learning algorithms. These steps make sure that the

raw data is organized, clean, and useful.

b) Data Visualization: Visualizing data gives you
information about where and how cyberbullying
content is distributed in a dataset. By making a graph
of how often each type of cyberbullying happens, we
can see if the frequencies are balanced or not, which
is important for designing and evaluating models.
Word clouds show the most common words in each
group, bringing to light words that are often used to
describe certain types of bullying, like bullying
based on religion, gender, or age. Distribution plots
and bar charts make it easy to quickly see differences
between groups, which can help you find trends or
outliers in the data. Visualization can also help you
understand mood trends and textual characteristics,
which can help you make smart choices during the
feature extraction and preprocessing steps. These
exploratory analyses are necessary to figure out how

the information is organized.

¢) TF-IDF Vectorization: TF-IDF (Term

Frequency-Inverse Document Frequency)
vectorization takes written data and turns it into
numerical features that can be used in machine
learning models. Term frequency shows how many
times a word appears in a document, while inverse
document frequency reduces the importance of
words that are used in all documents and increases
the importance of words that are better at
classifying. Using TF-IDF on the text of a tweet
turns each tweet into a vector that shows how
important each term is in relation to the dataset. This
lets algorithms find trends related to cyberbullying
categories. This method keeps the meaning of words
that are important in the context while weakening
the effect of words that are used a lot but don't tell

you much. TF-IDF works best for short, casual texts

like tweets because it evenly distributes common
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and uncommon words, which makes the predictor

more accurate.

d) Data Sampling: When there is class imbalance,
like in cyberbullying datasets, where some groups
like "other cyberbullying" or "religion" may be over-
or under-represented, data sampling can help fix it.
Some methods of oversampling, like SMOTE
(Synthetic Minority Oversampling Technique),
create fake samples for minority groups by
connecting cases that already exist. This makes the
dataset more even, which stops machine learning
models from favoring classes with a lot of members.
This also makes the generalization better for all
kinds of abuse. When resampling is done right,
classifiers learn useful patterns for each group
instead of favoring the most common ones. The
system gets a good picture of all kinds of
cyberbullying by using balanced sampling and
preprocessed, encoded, and vectorized data. This
lets it make accurate and fair predictions about a

wide range of online harassment situations.

iii) Train & Test:

An 80:20 split between the training and testing parts
of the dataset makes sure that most of the data is used
to train the model and a representative amount is
kept for evaluation. The training set has 80% of the
samples from each cyberbullying category. This
gives the model enough examples to learn the
patterns, subtleties in language, and emotional cues
that are linked to harmful material. The last 20% is
the testing set, which is not seen during training so
that an objective evaluation of the model's success
can be made. Stratified splitting is used to make sure
that all the categories in both sets are spread out
evenly. This keeps class mismatch from affecting
the evaluation. This set-up makes sure that training
and validation are accurate so that cyberbullying can

be found.
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iv) Algorithms:

Logistic Regression is a popular statistical model for
classifying things into more than one group. This
means it can be used to separate stalking groups. It
guesses how likely each class is to happen based on
numerical traits that come from TF-IDF vectors. The
model is simple, which makes it easy to understand.
The size and direction of the coefficients show how
different words affect the classification results. It
works well with text data that has a lot of dimensions
and gives us a way to compare more complicated
algorithms. Logistic Regression is a great way to
figure out what kinds of cyberbullying are
happening based on things like religion, gender, or
age-related material. Its simple design lets you train
and test it quickly, which makes it useful for big

social media datasets [21].

The equation predicts class probabilities using a

logistic sigmoid function.

1

5 — T -
Ji=ow'x+b)= 5 o (wTxeD)

D

Random Forest is an ensemble learning method that
builds several decision trees and then uses their
outputs to make predictions that are more likely to
be true. It can easily deal with high-dimensional
features, like those that are made when TF-IDF
vectorizes text from social media. Random Forest
gets rid of overfitting and finds complex patterns in
cyberbullying content by combining data from
several trees. The algorithm gives feature
importance scores, which show which words or
sentences are most important in making decisions
about classification. It is strong and adaptable, so it
can be used to find harassment in more than one
category. Its performance is even across categories,
and it can handle the chaotic, unstructured nature of
tweets. Random Forest has been used successfully to

classify cyberbullying based on how people feel
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about it, showing consistent accuracy and

readability.

The Gini Equation given below:
c
Gni=1- Y (P> @
i=1

XGBoost is a gradient boosting method that builds
decision trees in a way that minimizes classification
errors. This makes predictions more accurate. Its
regularization methods keep it from overfitting,
which makes it good at finding small patterns in
cyberbullying text. XGBoost handles big TF-IDF
feature sets well, providing quick convergence and
scalable computation for large social media datasets.
The algorithm understands how complex
relationships between terms work while staying
strong in the face of noisy input. Its ensemble
method focuses on misclassified samples in each
iteration, which lets it generalize well across a
number of cyberbullying categories, even ones that
aren't well represented. XGBoost has been used to
find abuse and figure out how people feel about
things on social media, showing that it is very good

at sorting things into multiple groups [22].

K
gi=o (Z fk(x,-)> S €F 3
k=1

The Decision Tree is a tree-based hierarchical
classifier that makes forecasts by splitting data over
and over again based on feature values. Every
branch shows a decision rule drawn from textual
input, which makes classification paths easy to
understand. Decision Trees can find key words and
sentences that can be used to spot different types of
cyberbullying, like abuse based on age, religion, or
gender. They give you a clear picture of how
important traits are and make multi-class

classification easy. Decision trees work well with
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small to medium-sized datasets because they can
make quick guesses without using a lot of computing
power. Because it is easy to understand, doesn't have
any complicated steps, and can find connections that
don't follow a straight line, the algorithm is a good
choice for basic cyberbullying classification models

that use sentiment and TF-IDF features [24].

k
I(i)=1—Zpi2 4
i=1

Naive Bayes is a probabilistic classification method
that is based on Bayes' theorem and assumes that
features are not dependent on each other. It figures
out how likely it is that a certain tweet fits into each
cyberbullying group by using word occurrence
probabilities from TF-IDF vectors. Because it is so
simple, it can easily handle large amounts of data,
making it perfect for short texts like social media
posts. The Naive Bayes method makes predictions
quickly and accurately, showing how certain words
fit into each group. It is best for large datasets
because it is fast and can be scaled up. Its random
nature also makes it reliable for classification even
when some terms aren't clear. A lot of people have
used Naive Bayes to analyze mood and find
cyberbullying because it consistently does a good

job.
The formula for Bayes' Theorem is:

P(B|A).P(A
paajp) = ZEDED L(L)( NG
Support Vector Machine is a supervised learning
method that finds the best hyperplanes to divide
spaces with a lot of dimensions into groups. When it
comes to finding cyberbullying, SVM handles TF-
IDF features well, making sure that there is the most
space between groups like bullying based on
religion, gender, or age. Kernel functions let you

describe relationships in text that don't follow a
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straight line, which lets you find small patterns in
user-generated content. Because SVM is resistant to
overfitting and can generalize well, it can be used for
complex multi-class classification tasks. By
focusing on support vectors, the program draws
attention to important examples, which makes
predictions more accurate in difficult categories.
SVM works well for short, noisy social media text
and has been used successfully in studies to classify

text based on mood and find cyberbullying.

The Objective Function for Soft Margin SVM

equation given below:

n
1
minimize > [IW]|? + CZ & (6)

i=1

Extremely Randomized Trees, or Extra Trees, is an
ensemble method like Random Forest that reduces
variance by adding more randomness to the tree
building process. It works well with big TF-IDF
feature spaces and can pick up on complex textual
trends related to cyberbullying. Extra Trees keeps
prediction accuracy high across many categories
while minimizing overfitting by picking splits and
limits at random. The algorithm gives feature
importance numbers, which help find words or
phrases that are important to predictions. Because it
works quickly and reliably, it can handle big,
unstructured social media datasets with noisy
content. It has been used to find harassment and
negative emotions, and it does a great job of
classifying things into multiple groups and
explaining how different features affect the results

[25].

Gradient Boosting is an ensemble method that builds
weak learners, usually decision trees, one at a time
to reduce errors and improve the accuracy of
predictions overall. It picks up on minor linguistic

patterns and the complicated connections between
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TF-IDF features, which helps find cyberbullying.
The algorithm's boosting method gives misclassified
samples more weight, which makes it easier to find
difficult or minority groups. Regularization methods
stop overfitting, which makes sure that
generalizations are accurate across a wide range of
cyberbullying types. Gradient Boosting works best
with multi-class datasets that have uneven
distributions, like learning subtle differences in
social media text. Its ability to turn several weak
models into a strong predictor makes it more reliable
and accurate. Gradient Boosting has been used
successfully to find abuse and figure out how people

feel about things on social media [29].

Fn(X) = Fpea (X) + Yhin(x) — (7)

AdaBoost is a flexible ensemble learning method
that uses several weak classifiers one after the other,
giving more weight to cases that were wrongly
classified each time. This adaptive weighting lets the
computer focus on cyberbullying categories that are
hard to find or don't show up very often. This makes
it easier to find subtle forms of abuse in social media
text. AdaBoost makes the model more stable by
improving the ensemble over and over again. This
lowers bias while keeping the accuracy of the
predictions high. It works well with TF-IDF feature
models, which means it can be used with short-text
datasets with a lot of dimensions, like tweets. The
algorithm makes sure that minority groups are not
missed when multi-class classification is done in a
fair way. AdaBoost has been used successfully in
frameworks that identify cyberbullying based on
feelings, showing reliable performance across a

wide range of types of online harassment [26].

The equation below defines AdaBoost's final strong

classification model.
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H(x) = sign (Z x, ht(x)> (8)

t=1

Combining the best parts of neural networks and
ensemble methods, the Voting Classifier takes
results from several models and turns them into a
single consensus output. It takes the results of
models like MLP, Bagging, and Logistic Regression
and adds them together to make the total
classification more accurate and reliable. Soft
voting, which takes into account the chances of each
class, makes sure that tough or minority groups are
properly represented. This mixed method lessens the
effects of model errors, lowers variance, and
improves generalization for social media data that
hasn't been seen before. It also makes accurate
guesses about different types of cyberbullying by
detecting subtle textual patterns and emotional cues.
Voting Classifiers have been used a lot in studies
that look for cyberbullying and multiple-class text
classification because they are more reliable and

easy to understand than single-model methods [30].

y = argmax, <Z I (y; = c)) 9

i=1
4. RESULTS AND DISCUSSIONS

Accuracy: How well a test can tell the difference
between sick and healthy people is called its
accuracy. To get an idea of how accurate a test is, we
should figure out what percentage of cases are true
positives and true negatives. In terms of math, this

can be written as

| ~ TP + TN
CoUracy = Tp L FP+ TN + FN

(10)

Precision: Precision is the percentage of correctly
classified cases or samples compared to those that
were correctly classified as positives. So, here is the

method to figure out the precision:
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Precisi True Positive 1
recision =
True Positive + False Positive an

Recall: In machine learning, recall is a metric that
shows how well a model can find all the important
instances of a certain class. It shows how well a
model captures instances of a certain class. It is
calculated by dividing the number of correctly
predicted positive observations by the total number

of real positives.

Recall = L (12)
TP + FN

F1-Score: The F1 score is a way to rate the
correctness of a machine learning model. It takes a
model's accuracy and recall scores and adds them
together. The accuracy metric counts how many
times, across the whole dataset, a model made a
correct guess.

Recall X Precision
F1 Score = 2 %

1 1
Recall + Precision * 100 (13)

Table.1 Performance Evaluation

ML Accurac | Precisio | Reca | F1-

Model y n 1 Scor
e

Logistic 0.892 0.894 0.892 | 0.89
Regressi 7

on

Random 0.915 0916 0915 | 091
Forest 8

XGBoost 0.894 0.895 0.894 | 0.89
9

Decision 0.878 0.879 0.878 | 0.88
Tree 0

Naive 0.830 0.824 0.830 | 0.82
Bayes 7

SVM 0914 0.915 0914 | 091
7

Extra 0.919 0.919 0.919 | 0.92
Trees 1

Gradient 0.879 0.879 0.879 | 0.89
Boosting 2

AdaBoos 0.813 0.817 0.813 | 0.84
t 6

Voting 0.974 0.974 0.974 | 0.97
Classifie 4

r
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Table.1 shows how well each model did. The Voting
Classifier had the best accuracy, precision, recall,

and F1-score.

Fig.3 Comparison Graph

1

0.95
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0.8
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0.7
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FES %b TS
z,.z 0@ Q\%\ ‘b' Q)‘é & w é(,
%\\ Q*‘b % %&@0 40@6
0%\ IS

S

B Accuracy M Precision ®Recall = FI1-Score

In Figure 3, there is a bar chart that shows how well
various machine learning models did in four areas:

Accuracy, Precision, Recall, and F1-Score.

CED o b et signou

Enter your message for cyberbullying
detoction

Fig.4 Upload Input Text Message

Figure 4 shows a text input area on the user interface

for a system that looks for cyberbullying.
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Fig.5 Predict Result

Figure 5 shows the results of a system that looks for
cyberbullying. It shows a message that was labeled

as age-based cyberbullying.

Enter your message for cyberbullying
detection

Fig.6 Upload Another Input Text

Figure 6 shows a person using a cyberbullying

monitoring system to send a message that includes a

hashtag and a bad word.

Type: Not Cyberbullying

Info: No needed. Continue to use social media

responsibly

action

Topic Modeling Result

Fig.7 Final Outcome

The result of a system that looks for cyberbullying
is shown in Fig. 7. It shows that the message that was

sent is not cyberbullying.

Enter your message for cyberbullying
detection

I need to just switch to

based githyb, but
m cheap. :\

Fig.8 Upload Input Text Message
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Figure 8 shows a person using the monitoring
system to enter a message that has nothing to do with

cyberbullying.

Type: Other Cyberbullying

I3

Info: Stay vigilant and report any suspicious activity.

Topic Modeling Result

o oo ) €D €D CZD
Lo

Fig.9 Result

Figure 9 shows the cyberbullying result for a letter,
which says that it is "Other Cyberbullying."

5. CONCLUSION

The method shows that combining advanced
machine learning techniques with sentiment analysis
is a good way to find cyberbullying on social media.
The Cyberbullying Tweets dataset from Kaggle goes
through a lot of steps before it can be used for
models. These include normalization, removing
noise like URLs and HTML tags, tokenization,
WordNetLemmatizer, vaderSentiment analysis, and
label encoding. TF-IDF vectorization is a good way
to get features that record semantic relationships,
and SMOTE oversampling fixes class imbalance to
make classifiers work better across minority
categories. GridSearchCV is used to find the best
hyperparameters for a number of different
algorithms, such as Logistic Regression, Random
Forest, XGBoost, Decision Tree, Naive Bayes,
SVM, Extra Tree, Gradient Boost, and AdaBoost. A
review of accuracy, precision, memory, Fl-score,
and confusion matrices shows that the system is very

good at finding things and reducing the number of
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false positives and negatives. To make the system
even stronger, SMOTEENN improves the balance,
and a Voting Classifier ensemble (which combines
MLP, Bagging, and Logistic Regression) makes the
classification more reliable. Combining LIME and
SHAP makes the data easier to understand by
showing which features are most important. Flask
deployment with topic modeling lets you make
guesses in real time and give you confidence scores.
Overall, the method works better than any other. The
suggested Voting Classifier does even better,
scoring 97.4% on all evaluation criteria, beating all
the other models. It provides a solid, open, and

expandable way to find cyberbullying.

Adding deep learning models like LSTM, BiLSTM,
or Transformers to the system can make it even
better by capturing contextual meanings and making
detection more accurate. It is possible to add
multilingual support so that cyberbullying can be
found in more than one language or regional accent.
For proactive intervention, social media sites can be
watched in real time. Newer methods for processing
natural language can better pick up on sarcasm,
slang, and changing abusive trends. When you
integrate mobile apps and chat platforms, you can
give people immediate feedback and alerts. Using
both sentiment analysis and trends of user behavior
could also help find possible threats before they get
worse. Adding visual and multimedia content
analysis can help make identification more complete

and reliable.
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