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In recent years, social media users have become increasingly concerned about sharing content
that may be unpleasant or harmful. The widespread use of platforms like Facebook and
Twitter has contributed significantly to this growing awareness. The primary objective of our
approach is to accelerate and automate the detection of offensive content posted on these
platforms, simplifying the process of taking necessary actions and filtering harmful
communications. A benchmark dataset, OLID 2019 (Offensive Language Identification
Dataset), is available online to aid in this task. Our study focuses on identifying whether a
tweet is offensive. Our team, which included several members, rigorously compared various
feature extraction methods and model-building algorithms. Ultimately, our comparative
analysis revealed that decision trees were the most effective model. The decision trees applied
to the normalized dataset resulted in an 84% improvement in the Macro F1 score, which
aligns with previous research. In conclusion, a real-time system could be developed across
multiple social media platforms to detect and evaluate objectionable posts, enabling timely
interventions to promote healthier online behavior and foster a positive societal impact.

Keywords. Fake Content; Text Minirﬁldentiﬁcations; Text Analysis and Techniques.
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Introduction.

In today's world, people communicate and share information through platforms like
Facebook, Twitter, and other social networking apps. While sharing content has become
easier, it has also led to a rise in fake news, offensive material, and misleading information,
creating significant issues for public discourse, media trust, and societal norms. As users
become more accustomed to encountering irrelevant or false content, there is a growing need
for effective methods to detect and address these problems. This paper applies text-mining
techniques to identify and categorize fake information spread on social media, aiming to
improve the quality of information on these platforms. By using various datasets and
algorithmic approaches on tagged posts, this research seeks to help automate the identification
of misleading or offensive content.

Social media platforms allow users to freely express their thoughts and opinions, but to
avoid being perceived as rude, it is important to share valuable information. Over the years,
the publication of profane or offensive content on social media has increased, raising concerns
about the impact of platforms like Facebook and Twitter. More and more people use social
media to share details about their lives, and by reading comments, it is easy to gauge whether
individuals have positive or negative sentiments on a particular topic. This freedom of
expression has both positive and negative effects, enabling people to voice opinions on issues
that matter to them and society. However, the rise in popularity of these platforms has also led
to challenges such as cyberbullying, harassment, and the spread of hateful speech, which can
have severe consequences, including affecting people's mental health or leading to self-harm.

Social media platforms, including Twitter, are frequently studied for their use of
abusive language. Various methods have been proposed to detect foul language in social media
posts, including neural network-based techniques for analyzing tweet polarity and identifying
inappropriate words. For instance, BERT has been used to assess tweet sentiment and detect
offensive language, while LSTM models with attention mechanisms have been employed to
improve the accuracy of language detection. Additionally, multi-classification techniques have
been applied to identify objectionable content, and deep learning has been used to detect
offensive language in videos and textual posts across different platforms.

Machine learning approaches, such as feature extraction methods like Bag of Words,
N-grams, Chi-square, and TFIDF, have also been utilized to detect inappropriate language in
social media posts. Researchers have faced challenges in detecting offensive content due to
issues with feature extraction and selection, despite the variety of methods available. As social
media platforms like Facebook and Twitter continue to grow, so does the frequency of abusive
or harmful language. This has led to concerns about its impact on individual and community
mental health. Al, deep learning, and natural language processing techniques, along with
feature extraction methods, are being applied to tackle the challenge of identifying harmful
language on social media.

In our study, we highlighted the issues related to offensive language identification and
the characteristics of the OLID dataset. Since this dataset is relatively new, we set specific
goals for our research. Once the baseline results for the dataset are published, we aim to
contribute meaningfully to this area of study. Our solution is structured around five key
components. text pre-processing, feature extraction, imbalance management, model building,
and model evaluation. This framework will help streamline the process of detecting and
addressing offensive content, facilitating moderation on social media platforms. OLID 2019,
the Offensive Language Identification Dataset, will be used in this research, which focuses on
determining whether a tweet contains offensive language.

Novelty of Study. This research is innovative in its use of advanced text-mining techniques,
including sentiment analysis and natural language processing, to enhance the detection of fake
content on social media. The study provides a comprehensive comparative analysis of various
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machine learning classifiers, highlighting the effectiveness of the Passive-Aggressive model
alongside traditional classifiers like Naive Bayes and Support Vector Machines (SVMs). A key
focus of the research is on the ability to accurately identify the sentiment of content. While
numerous studies have been conducted on fake news detection, few have specifically
addressed sentiment analysis. Moreover, this work tackles the challenge of data availability by
advocating for the creation of comprehensive datasets for fake news detection. Additionally, it
offers practical insights into social media regulation, proposing automated systems to detect
and classify fake news or misleading content. Collectively, these contributions will advance the
field of fake news detection and provide a foundation for future research in this area.
Research Question

How can text-mining techniques be effectively applied to identify and classify fake
content on social media platforms, and which algorithms and feature extraction methods are
most effective for this task?

Objectives of the Study.
The objectives of this study are to.

e Explore and analyze various text-mining techniques for detecting fake content on
social media.

e Evaluate the effectiveness of different feature extraction methods in enhancing the
accuracy of fake content detection.

e Compare the performance of multiple classification algorithms in the context of
identifying fake content.

e Develop a model to automate the identification of offensive and misleading posts
using publicly available datasets, such as the OLID 2019 (Offensive Language
Identification Dataset).

e Provide recommendations for improving content regulation on social media platforms
based on the study's findings.

Relevant Works.

Social media platforms like Facebook and Twitter allow unrestricted communication,
but with this freedom has come an increase in offensive and misleading content. As people
grow more accustomed to posting such material, concerns have emerged regarding the impact
on public discourse and the credibility of media. The proliferation of fake news is particularly
troubling, as it has a direct effect on societal behavior, trust in media, and general
communication.

In the context of fake news detection, deception has become a major concern for a
significant portion of the public. Artificial intelligence (Al) and semantic analysis are being
employed to address this issue. For instance, by comparing various machine learning models
such as Naive Bayes and random forests, one study found that a random forest classifier
achieved a 95.66% accuracy rate in identifying fake content, with bigrams proving more
effective than unigrams or trigrams in determining the authenticity of information.

Another approach focuses on classifying news based on its headline, contrasting it with
full article classification for accuracy. The goal here is to strike a balance between the speed of
information analysis and the precision of fake news classification, using Natural Language
Processing (NLP) techniques for both headlines and article content. Such methods often
require complex ensemble systems to achieve optimal classification results, though they are
effective in improving accuracy.

The difficulty of distinguishing truth from falsehood is further exacerbated by the
growing volume of information online. This has led to a surge in research focused on fake
news detection, using machine learning classifiers like Naive Bayes, Support Vector Machines
(SVM), and semantic analysis. These studies emphasize the importance of language patterns
and network analysis for more accurate identification of fake content.
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Given the rise of social media, which allows for the rapid spread of information,
detecting fake news has become a major challenge. Unlike traditional media, where fake news
detection algorithms can be straightforward, the unstructured and noisy data produced by
social media complicates the process. Researchers are exploring various data mining
techniques to better understand how social media platforms can be used to detect fake news.

Many efforts have focused on improving the precision of fake news detection through
machine learning and NLP. One study demonstrated that using Al-driven models for fake
news classification could significantly reduce human involvement in the process, increasing
both efficiency and accuracy. The use of deep learning and feature-based analysis, including
techniques like generative adversarial networks and bidirectional transformers, is being
explored to address the growing issue of fake news.

Moreover, the complexity of fake news detection requires continuous refinement of
classification systems. As digital content continues to grow, traditional approaches are often
rendered ineffective, and new methodologies are needed to keep up with the changing
landscape of social media and online content. By advancing machine learning and text
analytics, researchers are contributing to the development of more accurate, automated

systems for identifying and classifying fake news across platforms.
Table 1. LSTM-Based Previous Studies

Reference | Dataset Technique | Accuracy | Limitations
[31] OLID LSTM 89.5% No features extraction
[32] Hate Speech | LSTM 82% Target of offensive language
[33] Hate Speech | LSTM 84.5% Target of offensive language
[34] Hate Speech | LSTM 85.565% | No Feature Engineering
Table 2. BERT-Based Previous Studies
Reference | Dataset Technique | Accuracy | Limitations
[35] Hate Speech | BERT 82% Target of offensive language
[30] Hate Speech | BERT 90.4% No Feature Engineering
Table 3. CNN-Based Previous Studies
Reference | Dataset | Technique | Accuracy | Limitations
[37] OLID CNN 80.9% Target of offensive language
[38] OLID CNN 81.2% Target of offensive language
[39] OLID CNN 82.24% Target of offensive language
Table 4. RNN-based previous studies
Reference | Dataset | Technique | Accuracy | Limitations
[40] OLID | RNN 82.4% Target of offensive language
[41][42] OLID | RNN 81.5% Target of offensive language
Proposed Methodology.

The OLID dataset is designed to identify offensive language on social media platforms
like Twitter and is publicly available for research purposes. It was created by collecting tweets
using the Twitter API, with a focus on content that potentially includes offensive language.
The dataset categorizes offensive language into three main tasks.

1. Sub-task A. Determining whether a tweet contains offensive language (binary
classification).
2. Sub-task B. Classifying the type of offense (e.g., personal attack, group attack).
3. Sub-task C. Identifying the target of the offensive language (e.g., individual, group, or
other).
This structure allows for a detailed analysis of offensive language in social media contexts.
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Preprocessing Steps.
Before analysis, the dataset underwent several preprocessing steps to ensure the quality
and consistency of the data.
e Tokenization. Breaking down tweets into individual words or tokens.
e Lowercasing. Converting all text to lowercase for uniformity.
¢ Removing Special Characters. Eliminating punctuation and non-essential symbols
that do not contribute to the meaning.
e Stopword Removal. Filtering out common, unimportant words (e.g., "and," "the")
that do not add significant value to the analysis.
e Lemmatization. Reducing words to their base or root form to standardize variations.
The OLID dataset further categorized items by source to help identify and classify
potentially toxic social media posts. The data was sourced from Twitter, with 14,100 original
tweets. After preprocessing, 13,240 tweets were used for training and testing. T'weets were
categorized into one of three target groups (individual, group, or other) based on their
offensive/non-offensive nature and the identified target audience. The sequence of analysis
phases reflected these relationships. Whether a tweet is offensive or not, it could still have a
target or none at all. If the tweet is offensive, it could target an individual, a group, or any
other entity. This dataset was used in the SemEval-2019 and OffensE-val-2019 challenges.
Dataset Descriptions.
The OLID dataset uses a hierarchical annotation system, where up to three labels can be
assigned to a single instance, each representing one of the following levels.

¢ Sub-task A. Identifying offensive language.
¢ Sub-task B. Automated classification of offenses.
e Sub-task C. Identifying the target of the offense.
e NULL. Assigned when a label is not specified (e.g., INSTANCE NOT NULL
NULL).
The dataset file contains the following columns.
e ID. Unique identifier for each tweet.
e Tweets. The actual tweet content.
e Subtasks A, B, and C. Representing the annotation for offensive language
identification, offense classification, and offense target identification, respectively.
The following is a list of possible labels for the annotation.
Labels and Tasks.
Level A. Identifying offensive words.

e This communication does not contain any profanity or offensive language.

e The post includes language that could potentially offend some readers, either subtly or
overtly.
e If a post contains profanity or any specific offense, whether implied or explicitly stated,
it is labeled as "offensive" (OFF) in the annotation.
Level B. Classification of Offences Automatically at Level B

"Targeted insults and threats" refer to insults or threats aimed at a specific individual,
group, or organization, as defined in sub-task C categories. An insult may or may not be
directed at a particular person or group, depending on the context. While profanity is not the
primary focus, it is still considered inappropriate.

Level C. Identifying the offensive target.

An offensive post is categorized as directed at an "individual" if it targets a specific
person, such as a celebrity, someone mentioned in the discussion, or an anonymous
participant. "Groups" refer to collective entities such as ethnic, gender, or sexual orientation
groups, political parties, religious denominations, or any other group sharing common values.

Dec 2024 | Vol 06 | Issue 04 Page | 2088



OPEN 8ACCESS

International Journal of Innovations in Science & Technology

The label "OTH" is used when the targeted audience does not fit into the aforementioned
categories, such as an organization, situation, event, or issue. Combination labels may also be
used in cases where multiple categories apply.
Table 5. Dataset Distribution for Each Task

Sub- | Total | Offensive | Non- Personal | Group | Other
task | Tweets offensive | Attack | Attack

A 13,240 | 6,000 7,240 2,500 2,500 | 1,700
B 13,240 | 6,000 - 2,500 2,500 | 1,700
C 13,240 | 6,000 - 2,500 2,500 | 1,700

The OLID annotation supports various label combinations. The label "Tin" (ind | gtp | oth) is
considered valid as long as it is not null. It is only marked as null when the tin itself is null.
Dataset Attribute Statistics.

The following fig

Offensive vs not offensive tweets

ures present the statistics for each task and its corresponding

Figure 1. Offensive vs not offensive tweets.

Targeted insult and threats vs
untargeted

1

NOT m OFF

Figure 2. Targeted insult and threats vs untargeted.

sub-tasks.
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Group vs individual’s vs other tweets

1

GRP mIND mOTH

Figure 3. Group vs individual vs other tweets.
Text Data Processing.

The data underwent cleaning after text pre-processing to ensure its suitability for
model use. The raw text contained noise such as sentiment, punctuation, varied cases, and
other irrelevant elements. A significant part of our NLP work involved preparing the text for
easier processing by computer algorithms. Tokenization was one of the methods used to
prepare the text, along with a window function applied at the base. Unnecessary words and
phrases were removed, making the text more manageable for analysis. Overall, pre-processing
played a central role in refining the data, ensuring that only relevant information remained.
Feature Engineering.

In terms of feature engineering, the study extracted several key features, including.

e N-grams. Sequences of words that capture context and common phrases associated
with offensive language.

e Sentiment Scores. Analysis of the emotional tone of tweets to detect negative
sentiments often linked to offensive content.

e Word Frequency. Measurement of specific words or phrases that indicate offensive
language.

These features contribute to enhancing the performance of the classification tasks by
providing linguistic cues and sentiment information, which improve the accuracy of offensive
language detection. Through this process, domain-specific data can be leveraged to build Al
capabilities. Data science heavily relies on the extraction and interpretation of data into Al
representations, such as understanding how specific variables are interconnected through a
correlation framework.

Correlation Matrix.

A covariance network is similar to a correlation network. By calculating the correlation,
we can identify the strength of a linear relationship between two variables. Correlation is a
statistical term that indicates how frequently and in what direction two numerical factors are
related by a straight line.

Cross-Validation.

A small sample of data is used to refine models in machine learning through a process
known as cross-validation. This technique involves using a single variable to determine how
many data subsets can be generated from the sample. It is commonly referred to as "K-fold
cross-validation."

K-Folds Cross Validation. By using a value between 5 and 10, the dataset is randomly divided into

K folds, depending on the amount of data available. The model is then validated using K-1 folds, with
the final Kth fold used for testing.
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Classification Algorithms. The OLID dataset utilizes five effective classifiers for predicting
offensive language. SVM, KINN, Decision Trees, Random Forests, and Logistic Regression.

Support Vector Machine (SVM). Support Vector Machine (SVM) uses a hyperplane to classify
data by first assessing the problem's dimensionality. To balance data dimensions, SVM can reduce the
number of dimensions in a dataset. The margin distance, which is the gap between classes, is calculated
to optimize the separation. Key SVM parameters, such as the kernel, C coefficients, and intercepts, are
chosen to suit the data. Kernels, particularly linear and Gaussian (RBF), are essential in tuning SVM for
specific datasets, with linear kernels being ideal for linearly separable data. For text classification, data
must be converted into a vector format. A major advantage of SVM is its ability to automatically
determine optimal parameters, reducing the need for manual tuning. Due to its simplicity and high
success rate, SVM, especially the Linear Support Vector Machine, is considered one of the most
effective methods for text classification.

K-Nearest Neighbors (KINN). The K-Nearest Neighbors (KNN) algorithm is used to solve both
regression and classification problems. It works by comparing new data points to existing ones and
discovering patterns based on distance functions. A common method for classifying neighbors is
through a majority vote. KNN identifies objects by their features in relation to nearby training samples,
predicting a class based on the labels of the nearest matches. Traditionally, researchers used Euclidean
distance to determine the nearest neighbor. According to the KNN algorithm, new cases are classified
based on their proximity to previously recorded cases. Since the 1970s, KNN has been a widely used
non-parametric method for statistical estimation and pattern recognition. Despite its simplicity, KINN
often produces impressive results and can also be applied to solve regression problems.

Logistic Regression (LR). Regtression analysis is used to categorize data into statistically significant
groups. In logistic regression, the outcome variable is typically binary, such as yes or no. For example, 1
indicates the presence of diabetes, and 0 indicates its absence. Unlike traditional regression models,
logistic regression is a linear model and is therefore referred to as a log-linear classifier. This model can
predict the outcome of a single test, allowing for the observation of its logistic value. If the data is not
normally distributed, it is assumed to follow a Gaussian distribution. Logistic regression has multiple
teaching methods for handling various attributes and has often been underutilized in some areas.
Despite this, it is particularly effective for identitying conditions such as the presence of a disease.
Logistic regression has historically been a widely used machine learning algorithm.

Although simple in design, it is powerful in its application. It is especially useful for analyzing
binary variables and examining the relationships between binary data. In this study, logistic regression is
applied for binary classification, using a 70/30 split of the dataset for training and testing. The logistic
regression classifier computes a weighted sum of input features, which is then passed through a
sigmoid function. This function converts a real number into a binary outcome (0 or 1), thereby
estimating the relationship between variables. Due to its simplicity and effectiveness, logistic regression
remains a popular choice for many binary classification tasks.

Random Forest (RF).

Random Forests, an ensemble learning method, constructs multiple decision trees for
classification and other tasks. During training, each tree is built independently, and the final
classification is determined by averaging the predictions from individual trees. In the context
of diabetes classification, the majority vote method is employed, where the condition of a
patient—whether healthy or sick—is determined based on the consensus of the decision trees.
This approach leverages the combined power of multiple models to improve accuracy and
robustness.

Decision Trees.

Decision trees are widely used for both classification and regression tasks, making
them essential learning tools in computing. In classification, the decision tree partitions the
feature space into distinct regions to categorize input data. For each segment of the dataset, an
incremental decision tree is created, which is then split further into smaller segments. The
result is a tree-like structure with decision nodes and leaf nodes. Decision trees are particularly
effective for handling non-linear data and are commonly applied across various fields,
including engineering, law, business, and civil studies. There are two main types of decision
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trees. categorical and continuous, each suited to different types of data. Additionally, decision
trees are useful in processes like backward propagation in machine learning.
Performance Parameters.

The performance of the proposed method is evaluated using metrics such as precision,
sensitivity, specificity, and the receiver operating characteristic (ROC) curve. The efficiency of
this approach is illustrated in the following graph.

Specificity=TN/((IN+FP)) (1)
Accuracy =((TP+TN))/((TP+TIN+FP+FN) ) 2
Sensitivity =TP/((TP+FN)) (3)
ROC = (Sensitivity+Specificity) /2 (4)
Accuracy.

Confirming the accuracy of a model is crucial to ensure its validity. By evaluating the
training process, one can quickly determine whether the model is properly trained. A
comprehensive assessment was conducted to evaluate the accuracy and effectiveness of each
method.

Sensitivity and Specificity.

The ability of a component to correctly identify a positive instance (true positive rate)
indicates its responsiveness. Specificity refers to the model's ability to accurately identify
individuals who do not have the condition.

Result.

To reduce the dataset size and improve the re-modeling process, we employ text
preprocessing techniques. This helps accelerate the training of our model. The OLID dataset,
used for offline learning in the prediction task, includes two categories. offensive (OFF) and
non-offensive (NOT). Preprocessing will be applied to the tweet section for both training and
testing phases. Cleaned data yields more reliable results, as the model can more easily interpret
information that contributes meaningfully to its semantics and syntactic structure, as opposed
to irrelevant or noisy data. Exploratory data analysis revealed an imbalance in our training set,
with 30% of tweets being offensive and 70% non-offensive. To address this, we have explored
various over-sampling and under-sampling techniques. If the results favor the majority class, it
indicates a significant imbalance that needs correction. Algorithmic demonstration involves
developing different AI models to predict new or test data.

Machine Learning Models.

To prepare the data for machine learning, a CSV file was generated. The KNN
classifier achieved an accuracy of 73% for Task A, 63% for Task B, and 31% for Task C. In
comparison, the SVM classifier achieved 83.8% accuracy for Task A, 75.75% for Task B, and
52.5% tor Task C. The Random Forest (RF) classifier achieved 82.8% accuracy for Task A and
66.7% for Task B. The Decision Tree (DT) classifier showed accuracies of 75.4% for Task A,
84% for Task B, and 66% for Task C. These results indicate varying performance across
different tasks, with each classifier demonstrating its strengths in specific areas. Various
classification methods were employed to detect objectionable language within the text.

KNN.
The default performance of the KINN algorithm is displayed in the figure below.
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Figure 4. Confusion matrix for Task A.
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Figure 6. Confusion matrix for Task C.

Dec 2024 | Vol 06 | Issue 04 Page | 2093




OPEN ACCESS . . . .
8 International Journal of Innovations in Science & Technology

KNN Performance

TaskA mTaskB mTaskC

Figure 7. K-Nearest Neighbot’s performance.
Figure 7 shows the performance of the KNN algorithm, with 73% accuracy for Task A, 63%
accuracy for Task B, and 31% accuracy for Task C.
Logistic Regression.

The following figures illustrate the performance of Logistic Regression.
Confusion matrix
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Figure 8. Confusion matrix for Task A.
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Figure 9. Confusion matrix for Task B.
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Figure 10. Confusion matrix for Task C.
The following figures present the default performance of the SVM algorithm.

LR Performance

KNN

TaskA MTaskB MTaskC

Figure 11. LR Performance.

Figure 11 displays the performance of LR across the tasks. LR achieved an accuracy of 80.8%
for Task A, 75.75% for Task B, and 52% for Task C.
Support Vector Machine.

The figures below illustrate the default performance of the SVM algorithm.
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Figure 12. Confusion matrix of Task A.
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Figure 13. Confusion matrix of Task B.
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Figure 14. Confusion matrix of Task C.

SVM Performance

KNN

Task A TaskB mTaskC

Figure 15. Support Vector Machine Performance.
Figure 15 illustrates the performance of SVM across the tasks. SVM achieved an
accuracy of 82.8% for Task A, 74.75% for Task B, and 67% for Task C.
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Random Forests.

The RF parameters were set to their default values, as shown in Figure.
Confusion matrix
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Figure 16. Confusion matrix of Task A.
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Figure 17. Confusion matrix Task B.
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Figure 18. Confusion matrix of Task C.
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RF Performance

KNN

Task A Task B ® Task C

Figure 19. R Performance.
Figure 19 shows the performance of RF, with an accuracy of 82.8% for Task A, 67% for Task

B, and 75% for Task C.
Decision Trees.

As shown in the figure, the Decision Trees algorithm performs well with its default settings.
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Figure 20. Confusion matrix Task A.
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Figure 21. Confusion matrix Task B.
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Figure 22. Confusion matrix Task C.

DT Performance

84
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Figure 23. Decision Tree performance.
Figure 23 shows the performance of the Decision Trees (DT) algorithm. it achieved 75.4%
accuracy for Task A, 84% for Task B, and 65% for Task C.
Discussion.

This study demonstrated how various text mining techniques and machine learning
algorithms can identify fake news and misleading content on social media platforms. The
findings indicate that detecting such misinformation is a challenging task, requiring the use of
advanced methods to achieve higher accuracy.

Effectiveness of Text-Mining Techniques.

The analysis confirmed that text-mining techniques, particularly those involving word
or text combinations related to sentiment and Natural Language Processing (NLP), are
effective in distinguishing real from fake content. The results showed that models can achieve
higher accuracy when utilizing feature extraction methods that incorporate contextual
information. Consistent with previous studies, context-aware models perform better in
understanding the language used on social media, making them competitive with global
models.

Comparison of Classification Algorithms.

The results of the comparative study on the Passive-Aggressive, Naive Bayes, and
Support Vector Machine classifiers were intriguing. While all classifiers showed effectiveness,
the Passive-Aggressive classifier outperformed the others in terms of precision and recall. This
suggests that the fast-paced nature of social media is particularly well-suited to adaptive
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learning algorithms that evolve with the data. These findings align with previous studies, such
as [20], which have advocated for the use of adaptive models in detecting fake news.
Feature Extraction Methods.

The study found that combining semantic features with other feature extraction
methods significantly improves the classification performance of tertiary data sets.
Incorporating sentiment analysis as a feature was particularly effective, as it helps the model
identify the emotional tone of the content, which often signals its authenticity. The author
emphasizes that understanding the intention behind a message is crucial for fake news
detection, as highlighted in previous studies [7][8][9][10][11][12][13][14].

Challenges in Data Availability.

One of the key challenges identified in the study was the limited availability of publicly
accessible datasets for fake news detection. Relying on a small number of datasets can hinder
the generalizability of the models created. This issue highlights the need for a diverse range of
data that reflects the broad variety of content found on social media. To advance this field,
future research should focus on creating and sharing such datasets, as suggested in earlier
studies [18][19][43][20]]21]]22][23].

Implications for Social Media Regulation.

The findings of this study have significant implications for regulating content on social
media platforms. Social media companies should implement automated systems to accurately
identify and control the spread of fake content, helping to curb misinformation. The growing
body of literature underscores the increasing demand for systemic accountability in the
management of online content [1][2][3][4][5][6][7][8][9][10][11][21].

Comparative Discussion.

The OLID dataset is a valuable resource for studying offensive language, offering a
diverse range of examples and well-organized categorization. Its key strengths are its
comprehensiveness and precise labeling, which enable detailed analysis of each sub-task, such
as determining whether a tweet is offensive and identifying its type. However, one potential
drawback of social media-based research is its inherent biases. As the dataset is sourced from
social media platforms, it may not fully represent all societal groups, limiting its
generalizability.

Conclusion.

In recent years, the number of individuals posting offensive or abusive content on
social media has surged significantly. The widespread use of platforms like Facebook and
Twitter has given rise to numerous challenges due to their immense popularity. The primary
goal of this study is to accelerate and automate the detection of offensive content, making it
easier to take appropriate actions and regulate harmful messages. The OLID 2019 (Offensive
Language Identification Dataset), being publicly available, serves as a starting point for this
research. The aim is to determine whether a tweet contains objectionable content based on its
text.

To balance the training dataset, we applied the Random Under-sampling technique.
Additionally, a comparative study was conducted on various feature extraction methods and
model building algorithms. The results showed that KINN achieved 73% accuracy for Task A,
63% for Task B, and 31% for Task C. Logistic Regression (LR) performed with 80.8%
accuracy for Task A, 75.7% for Task B, and 52% for Task C. Support Vector Machine (SVM)
achieved 82.8% accuracy for Task A, 74.75% for Task B, and 67% for Task C. Random Forest
(RF) scored 82.8% for Task A, 67% for Task B, and 75% for Task C. Decision Trees (DT)
had 75.4% accuracy for Task A, 84% for Task B, and 66% for Task C.

The final comparative analysis revealed that decision trees performed the best,
achieving the highest Macro F1 score of 84%, surpassing previous studies. Our results
outperformed earlier works, highlighting the potential for real-time detection and evaluation of
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offensive content on social media platforms. This could help regulate behavior online and

contribute to a more positive digital environment.
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