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Abstract - The rapid growth of social media has led to an 
increase in online hate speech and targeted harassment. 
This paper presents a hybrid approach for sentiment 
analysis and hate speech detection using the BERT 
(Bidirectional Encoder Representations from Transformers) 
model. The proposed system utilizes natural language 
processing techniques to analyze text-based social media 
posts and identify content containing hate speech or 
targeted harassment. A combination of supervised and un- 
supervised machine learning methods is employed, along 
with emotion- based analysis using the EmoBERT model. 
The system is trained on large datasets of labeled social 
media posts and evaluated using metrics such as accuracy, 
precision, recall, and F1 score. Results demonstrate the 
effectiveness of the hybrid approach, with the hate speech 
detection model achieving an accuracy of 88% and the 
emotion classification model reaching 91% accuracy. The 
proposed system has potential ap- plications in online 
content moderation, policy enforcement, and cyber- bullying 
prevention. Future work includes enhancing the model 
architecture, evaluating performance on diverse datasets, 
and exploring commercial deployment strategies. 
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BERT, EmoBERT, Natural Language Processing, 
Machine Learning, Social Media, Content Moderation 

1. INTRODUCTION 

1.1 Background and motivation for text 
classification in social media 

The exponential growth of social media platforms has 
transformed the way people communicate, share 
information, and express opinions online. However, this 
ubiquity has also led to the proliferation of harmful 
content,  

such as hate speech, targeted harassment, and offensive  
language. The sheer volume of user-generated content 
necessitates the development of automated tools to 
identify and moderate such content effectively. Text 
classification techniques, particularly those based on deep 

learning, have shown promising results in addressing this 
challenge. 

1.2 Objectives and scope of the research 

The primary objective of this research is to develop 
multimodal text classification models using BERT for 
detecting emotions, hate speech, sarcasm, and slang in 
social media content. By leveraging the power of transfer 
learning and the contextual understanding capabilities of 
BERT, we aim to create robust classifiers that can 
accurately categorize text into predefined classes. The 
scope of this research encompasses the collection and 
preprocessing of diverse datasets, fine-tuning of pre-
trained BERT models, and extensive evaluation of the 
developed classifiers. 

1.3 Significance and contributions to the field 

This research contributes to the field of natural language 
processing and social media analysis by demonstrating the 
effectiveness of BERT-based models for multimodal text 
classification tasks. The developed classifiers have 
significant implications for content moderation, sentiment 
analysis, and user engagement on social media platforms. 
By accurately identifying and classifying harmful content, 
these models can help create safer and more inclusive 
online environments. Furthermore, the ability to detect 
sarcasm and slang usage can enhance the understanding 
of user sentiment and facilitate more effective 
communication strategies. 

2. RELATED WORK 

2.1 BERT-based models for text classification 
tasks 

BERT, introduced by Devlin et al. (2018), has 
revolutionized the field of natural language processing. Its 
bidirectional architecture and pre-training on large-scale 
unlabeled data have enabled it to achieve state-of-the-art 
performance on various text classification tasks. 
Numerous studies have explored the application of BERT 
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for sentiment analysis [14], [15], [18], emotion recognition 
[8], [15], and hate speech detection [4], [7]-[10], [12], [13], 
[23], [25]. These studies have demonstrated the 
superiority of BERT over traditional machine learning and 
other deep learning approaches. 

2.2 Approaches to emotion detection in text 

BERT-based model for emotion recognition, achieving 
high accuracy across multiple datasets. Emotion detection 
in text has been extensively studied using various 
approaches, including lexicon-based methods, machine 
learning techniques and deep learning models BERT-
based models have shown promising results in capturing 
the nuances and context-dependent nature of emotions in 
text. Kaminska et al. [8] proposed a BERT-based model for 
emotion recognition, achieving high accuracy across 
multiple datasets. 

2.3 Techniques for hate speech detection 

Hate speech detection has gained significant attention due 
to the prevalence of offensive and discriminatory content 
on social media platforms. Traditional approaches have 
relied on keyword-based filtering and machine learning 
techniques [10], [23], [24]. However, these methods often 
struggle with the subtle and context-dependent nature of 
hate speech. BERT-based models have emerged as a 
promising solution, with studies demonstrating their 
effectiveness in identifying hate speech across different 
languages and platforms [4], [7]-[9] 

2.4 Methods for sarcasm detection and analysis 

Sarcasm detection poses a unique challenge due to its 
reliance on irony, humor, and contextual cues. Early 
approaches focused on rule-based methods and feature 
engineering [1], [2]. More recently, deep learning 
techniques, such as convolutional neural networks and 
long short-term memory networks [citation needed], have 
been employed for sarcasm detection. BERT-based models 
have shown promising results in capturing the subtle 
nuances of sarcasm [20], [21], [22]. 

2.5 Slang detection and processing in social 
media text 

Slang usage is prevalent in social media communication, 
making it essential for natural language processing 
systems to identify and understand slang terms. Early 
approaches relied on dictionaries and rule-based methods 
[16]. More recent studies have explored machine learning 
techniques [citation needed] and deep learning models 
[citation needed] for slang de- tection. However, the 
dynamic and evolving nature of slang poses challenges for 
these approaches [10]. 

 

2.6 Literature summary and research gap 

The literature review highlights the effectiveness of BERT-
based models for various text classification tasks, 
including emotion detection, hate speech identification, 
sarcasm recognition, and slang usage analysis. However, 
there is a lack of comprehensive studies that explore the 
application of BERT for multimodal text classification, 
considering all these tasks simultaneously. This research 
aims to fill this gap by developing and evaluating BERT-
based models for multimodal text classification, leveraging 
diverse datasets and evaluation metrics to assess their 
performance and generalizability. 

 

Fig 2.6 Paper Summary 

3. METHODOLOGY 

3.1 Proposed system architecture for multimodal 
text classification 

The proposed system architecture consists of three main 
components: data preprocessing, BERT model fine-tuning, 
and classification. The data preprocessing component 
involves cleaning the input text, tokenization, and 
converting the text into the required format for BERT. The 
BERT model fine-tuning component involves adapting the 
pre-trained BERT model to the specific classification tasks 
using labeled datasets. The classification component uses 
the fine-tuned BERT models to predict the class labels for 
new input text. 
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3.1.1 Data preprocessing and feature extraction 

The data preprocessing step involves cleaning the input 
text by removing HTML tags, URLs, and special characters. 
The text is then tokenized using the BERT tokenizer, 
which splits the text into subword units and adds special 
tokens (e.g., [CLS] and [SEP]). The tokenized text is then 
converted into numerical representations (input IDs, 
attention masks, and token type IDs) required by the 
BERT model. 

3.1.2 BERT model fine-tuning for each classification 
task 

For each classification task (emotion detection, hate 
speech identification, sarcasm recognition, and slang 
usage analysis), a separate BERT model is fine-tuned using 
the corresponding labeled dataset. The pre-trained BERT 
model is adapted to the specific task by adding a 
classification layer on top of the model. The model is then 
trained on the labeled dataset using cross-entropy loss 
and an optimizer such as Adam. 

3.1.3 Classification and evaluation metrics 

Once the BERT models are fine-tuned for each 
classification task, they can be used to predict the class 
labels for new input text. The performance of the models is 
evaluated using various metrics, such as accuracy, 
precision, recall, F1-score, and area under the receiver 
operating characteristic curve (AUC-ROC). These metrics 
provide a comprehensive assessment of the models' 
classification capabilities. 

3.2 Datasets used for each task 

For each classification task, a specific dataset is used for 
training and evaluation. The emotion detection dataset 
contains text entries labeled with multiple emotion 
categories, such as joy, fear, and sadness. The hate speech 
detection dataset consists of social media comments 
labeled as hate speech or non-hate speech. The sarcasm 
detection dataset includes tweets labeled as sarcastic or 
non-sarcastic. The slang detection dataset comprises 
sentences containing slang words labeled with their 
sentiment polarity. 

 

 

 

 

 

 

3.3 BERT architecture and its application to text 
classification  

 

Fig 3.4.2  Bert Architecture 

BERT (Bidirectional Encoder Representations from 
Transformers) is a pre-trained deep learning model 
developed by Google. It is based on the transformer 
architecture and learns contextual representations of 
words by training on large amounts of unlabeled text data. 
BERT's bidirectional nature allows it to capture the 
context of a word from both its left and right 
surroundings, making it highly effective for various 
natural language processing tasks, including text 
classification. 

3.4 Implementation details 

3.4.1 Data collection, preprocessing, and feature 
extraction 

The datasets for each classification task are collected from 
various sources, such as Kaggle and research repositories. 
The data is preprocessed by removing duplicates, handling 
missing values, and cleaning the text. Relevant features are 
extracted from the preprocessed text data using 
techniques such as tokenization, stopword removal, 
stemming, and lemmatization. 

3.4.2 Model selection, training, and hyperparameter 
tuning 

The BERT base uncased pre-trained model is selected for 
fine-tuning on each dataset. The datasets are split into 
training and testing sets to evaluate the performance of 
the models. Hyperparameter tuning is performed using 
grid search to identify the optimal model configuration, 
including learning rate, batch size, and number of training 
epochs. 
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3.4.3 Model evaluation and performance metrics 

The fine-tuned BERT models are evaluated on the testing 
sets using various performance metrics, such as accuracy, 
precision, recall, F1-score, and AUC-ROC. These metrics 
provide a comprehensive assessment of the models' 
classification capabilities and help in selecting the best-
performing models for each task. 

4. RESULTS AND DISCUSSION 

4.1 Emotion detection 

4.1.1 Dataset characteristics and distribution 

 

Fig 4.1.1 Distribution of Emotion Labels 

 

Fig 4.1.2 Distribution of Text Length 

The emotion detection dataset consists of 416,809 text 
entries labeled with six emotion categories: happiness, 
sadness, surprise, fear, disgust, and anger. The dataset is 
imbalanced, with the "happiness" class being the most 
frequent (33.8%) and the "anger" class being the least 
frequent (3.6%). The text length varies from 2 to 830 
words, with an average length of 97 words. 

 

 

4.1.2 BERT model performance and evaluation metrics 

The fine-tuned BERT model achieves an accuracy of 91% 
and an F1-score of 0.91 on the emotion detection dataset. 
The model performs well in distinguishing between the 
different emotion categories, despite the class imbalance. 
The precision and recall values for each emotion class 
range from 0.88 to 0.94, indicating the model's ability to 
correctly identify and classify emotions in text. 

4.1.3 Analysis of emotion classification results (Figure 
4.3.1, Figure 4.3.2) 

 

Fig 4.3.1  Output of Emotion Classifier App 

  

Fig 4.3.2  Output of Emotion Classifier App 

The emotion classification app demonstrates the model's 
performance on real-world examples. The app accurately 
identifies the dominant emotion in the input text and 
provides a confidence score for each emotion category. 
The results highlight the model's effectiveness in 
capturing the nuances and context-dependent nature of 
emotions in text. 
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4.2 Hate speech detection 

4.2.1 Dataset characteristics and distribution (Figure 4.1.3, 
Figure 4.1.4) 

  

Fig 4.1.3 Distribution of Hateful Labels 

 

Fig 4.1.4 Distribution of Text Length 

The hate speech detection dataset contains 3,000 social 
media comments labeled as hate speech or non-hate 
speech. The dataset is imbalanced, with 80% of the 
comments being non-hate speech and 20% being hate 
speech. The text length varies, with most comments being 
relatively short (less than 100 words). 

4.2.2 BERT model performance and evaluation metrics 

The fine-tuned BERT model achieves an accuracy of 88% 
and an F1-score of 0.88 on the hate speech detection 
dataset. The model demonstrates strong performance in 
identifying hate speech, despite the class imbalance. The 
confusion matrix (Figure 4.2.1) shows that the model 
correctly classifies most instances of hate speech and non-
hate speech, with a small number of misclassifications. 

 

 

 

4.2.3 Analysis of hate speech classification results  

 

Fig 4.3.3 Output of Hate Speech Classifier App 

 The hate speech classification app showcases the model's 
ability to identify hate speech in real-world scenarios. The 
app accurately detects instances of hate speech and 
provides explanations for its predictions. The results 
underscore the model's potential in moderating online 
content and creating safer online environments. 

4.3 Sarcasm detection 

4.3.1 Dataset characteristics and distribution 

  

Fig 4.1.5 Distribution of Sarcasm Labels 

  

Fig 4.1.6 Distribution of Tweet Length 
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The sarcasm detection dataset consists of 5,000 tweets 
labeled as sarcastic or non-sarcastic. The dataset is 
balanced, with approximately 50% of the tweets being 
sarcastic and 50% being non-sarcastic. The tweet length 
varies, with most tweets being relatively short (less than 
50 words). 

4.3.2 BERT model performance and evaluation metrics 

The fine-tuned BERT model achieves an accuracy of 98% 
and an F1-score of 0.98 on the sarcasm detection dataset. 
The model demonstrates exceptional performance in 
identifying sarcasm, with high precision and recall values 
for both sarcastic and non-sarcastic classes. The confusion 
matrix (Figure 4.2.2) shows that the model accurately 
classifies most instances of sarcasm and non-sarcasm. 

4.3.3 Analysis of sarcasm detection results 

 

Fig 4.3.5 Output of Sarcasm Detection App 

 

Fig 4.3.6 Output of Sarcasm Detection App 

The sarcasm detection app highlights the model's ability to 
identify sarcasm in real-world tweets. The app accurately 
detects instances of sarcasm and provides explanations for 
its predictions. The results demonstrate the model's 
effectiveness in capturing the subtle nuances and 
contextual cues associated with sarcasm. 

 

4.4 Slang detection 

4.4.1 Dataset characteristics and distribution  

 

Fig 4.1.7 Distribution of Slang Labels 

 

Fig 4.1.8: Distribution of Sentence Length 

The slang detection dataset contains 17,600 sentences 
using slang words, labeled with their sentiment polarity. 
The dataset is heavily imbalanced, with all samples 
belonging to the positive class. The sentence length varies, 
with most sentences being relatively short (less than 20 
words). 

4.4.2 BERT model performance and evaluation metrics 

The fine-tuned BERT model achieves an accuracy of 98% 
on the slang detection dataset. However, due to the single-
class nature of the dataset, the model's performance 
cannot be comprehensively evaluated using metrics such 
as precision, recall, and F1-score. The high accuracy 
indicates the model's ability to identify slang usage in 
sentences, but its performance on a more balanced dataset 
needs to be further investigated. 
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4.4.3 Analysis of slang detection results  

 

Fig 4.3.7 Output of Slang Detection App 

 

Fig 4.3.8 Output of Slang Detection App 

The slang detection app demonstrates the model's ability 
to identify slang usage in real-world sentences. The app 
accurately detects instances of slang and provides the 
corresponding slang words. However, the app's 
effectiveness in sentiment analysis is limited due to the 
single-class nature of the training dataset. 

4.5 Comparative analysis of BERT's Performance 
Across Tasks  

The comparative analysis of BERT's performance across 
the four classification tasks (Table 4.2) highlights the 
model's versatility and effectiveness in handling diverse 
text classification problems. The model achieves high 
accuracy and F1-scores for emotion detection (91%, 0.91), 
hate speech detection (88%, 0.88), and sarcasm detection 
(98%, 0.98). The slang detection task, despite the high 
accuracy (98%), requires further evaluation on a more 
balanced dataset to assess the model's true performance. 
Overall, the results demonstrate the potential of BERT-
based models in multimodal text classification, 
showcasing their ability to capture contextual information 
and handle linguistic complexities. 

 

Fig 4.5 Comparison of all the Dataset 

5. CONCLUSION AND FUTURE SCOPE 

5.1 Summary of research findings for each 
classification task 

This research showcases the effectiveness of BERT-based 
models for multimodal text classification tasks, focusing 
on emotion detection, hate speech identification, sarcasm 
recognition, and slang usage analysis in social media 
content. The fine-tuned BERT models achieve high 
accuracy rates and strong performance metrics across all 
four classification tasks. 

For emotion detection, the BERT model accurately 
classifies text into six emotion categories, achieving an 
accuracy of 91% and an F1-score of 0.91. The model 
effectively captures the nuances and context-dependent 
nature of emotions in text, despite the class imbalance in 
the dataset. 

In the case of hate speech detection, the BERT model 
demonstrates its ability to identify instances of hate 
speech with an accuracy of 88% and an F1-score of 0.88. 
The model's performance highlights its potential in 
moderating online content and creating safer online 
environments. 

The sarcasm detection task showcases the BERT model's 
exceptional performance, achieving an accuracy of 98% 
and an F1-score of 0.98. The model accurately captures the 
subtle nuances and contextual cues associated with 
sarcasm, demonstrating its effectiveness in understanding 
complex linguistic phenomena. 

For slang detection, the BERT model achieves a high 
accuracy of 98% in identifying slang usage in sentences. 
However, the single-class nature of the dataset limits the 
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comprehensive evaluation of the model's performance, 
requiring further investigation on a more balanced 
dataset. 

5.2 Limitations and challenges of the current 
approach. 

While the BERT-based models demonstrate strong 
performance in multimodal text classification tasks, there 
are certain limitations and challenges associated with the 
current approach. One of the main challenges is the class 
imbalance present in some of the datasets, such as the 
emotion detection and hate speech detection datasets. 
Imbalanced datasets can lead to biased models that tend 
to favor the majority class, potentially affecting the 
model's performance on the minority classes. 

Another limitation is the single-class nature of the slang 
detection dataset, which hinders the comprehensive 
evaluation of the model's performance in identifying both 
positive and negative instances of slang usage. A more 
balanced dataset with diverse slang examples would 
provide a more reliable assessment of the model's 
capabilities. 

Furthermore, the current approach relies on fine-tuning 
pre-trained BERT models on specific datasets for each 
classification task. While this approach yields good results, 
it may not be optimal for capturing the intricate 
relationships and dependencies across different tasks. 
Exploring multi-task learning approaches that leverage 
the shared knowledge across tasks could potentially 
improve the models' generalization abilities and 
performance. 

5.3 Future research directions and potential 
improvements 

5.3.1 Incorporating context and user metadata for 
enhanced classification. 

One potential avenue for future research is to incorporate 
additional context and user metadata into the 
classification process. Social media posts often contain 
valuable information beyond the text itself, such as user 
profiles, social network structures, and temporal 
dynamics. Integrating this contextual information into the 
models could provide a more comprehensive 
understanding of the content and improve classification 
accuracy. 

5.3.2 Exploring other transformer-based models and 
architectures. 

While BERT has shown remarkable performance in 
various natural language processing tasks, there are other 
transformer-based models and architectures that could be 
explored for multimodal text classification. Models such as 

XLNet, RoBERTa, and ALBERT have demonstrated 
competitive performance and could potentially offer 
improvements over the current BERT-based approach. 
Investigating the performance of these alternative models 
and comparing them with the current approach could lead 
to further advancements in the field. 

5.3.3 Addressing data imbalance and bias in social 
media datasets. 

Dealing with data imbalance and bias is a crucial challenge 
in social media text classification. Future research could 
focus on developing techniques to mitigate the impact of 
class imbalance, such as data augmentation, oversampling, 
or undersampling strategies. Additionally, exploring 
methods to identify and address biases in datasets, such as 
demographic biases or topic-specific biases, would 
contribute to the development of more robust and fair 
classification models. 

5.3.4 Real-time deployment and integration with 
content moderation systems 

To fully realize the potential of the developed multimodal 
text classification models, future work could focus on 
deploying these models in real-time environments and 
integrating them with existing content moderation 
systems. This would involve optimizing the models for 
efficient inference, developing scalable architectures for 
handling large volumes of data, and designing user-
friendly interfaces for content moderators to interact with 
the classification results. Real-time deployment and 
integration would enable the practical application of these 
models in managing and moderating social media content. 

By addressing these limitations, exploring new research 
directions, and continuously improving the models, we can 
pave the way for more advanced and effective multimodal 
text classification systems that can tackle the challenges 
posed by the ever-evolving landscape of social media 
communication. 
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