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Abstract:  

Detecting sarcasm in natural language presents distinct challenges, primarily due to its reliance on 

contextual clues and the use of subtle, contradictory expressions. This research examines how the BERT 

model and Logistic Regression (LR) perform in detecting sarcasm, emphasizing the importance of 

contextual understanding and various preprocessing methods. Using a social media dataset, we evaluate 

both models on sentiment analysis tasks after applying different preprocessing methods including 

tokenization, elimination of stop words, and noise reduction. We assess the models’ performance using 

evaluation metrics like F1 scores and confusion matrices to determine their accuracy in recognizing 

sarcastic expressions. Our findings suggest that although BERT’s bidirectional architecture provides a 

deeper understanding of linguistic context, it does not always outperform the simpler LR model when 

noise reduction preprocessing is applied. This indicates that preprocessing techniques can affect model 

performance in varying ways, and selecting NLP models should align with the unique needs of the 

sentiment analysis objective. This study provides meaningful perspectives on the role of contextual 

models and preprocessing methods in improving the precision of sarcasm detection. 

 

Keywords: Sarcasm Detection, Sentiment Analysis, BERT, Logistic Regression, Tokenization, 
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1. INTRODUCTION 

Identifying sarcasm in text presents a significant challenge in natural language processing (NLP) 

because it depends heavily on contextual cues, tone, and subtle contradictions that differentiate sarcastic 

remarks from literal statements. As sarcasm increasingly impacts sentiment analysis, particularly in the 

context of social media, its detection has become more critical. Misinterpreting sarcasm can lead to 

inaccurate sentiment readings, which is problematic for applications like sentiment analysis, customer 

feedback interpretation, and social media monitoring. Although conventional machine learning models 

such as Logistic Regression (LR) are valued for their straightforwardness and effectiveness in sentiment 

analysis and interpretability, they often fall short when trying to capture complex contextual cues, 

especially for sarcasm. On the other hand, Google’s BERT (Bidirectional Encoder Representations from 

Transformers) has transformed language comprehension through its bidirectional transformer 

framework, allowing it to analyze word context from both preceding and succeeding directions ,thus 
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offering a more nuanced understanding, which may be beneficial for sarcasm detection. This research 

compares the performance of BERT and Logistic Regression in sarcasm detection, focusing on how 

preprocessing techniques impact their effectiveness. The study investigates the roles of tokenization, 

stop word removal, and noise reduction in refining data for model input. We evaluate both models using 

a sarcasm-focused dataset sourced from social media, employing evaluation metrics such as F1 scores 

and confusion matrices to assess their performance. The findings are expected to provide valuable 

insights into the impact of contextual understanding and preprocessing techniques on sarcasm detection 

and will help guide future choices in model and preprocessing.  

 

2. RELATED WORK 

Sarcasm detection has gained significant attention in sentiment analysis, particularly as the volume of 

online content increases. Traditional models like Logistic Regression and Support Vector Machines have 

been applied to sentiment tasks but often fail to grasp the subtleties necessary for sarcasm detection. 

Recent studies emphasize the potential of deep learning models, particularly BERT, in capturing the rich 

context of language, making it more adept at sarcasm detection compared to traditional methods. Hoang 

et al. demonstrated that BERT's ability to understand contextual nuances far outperforms traditional 

models. Additionally, the importance of preprocessing techniques—such as tokenization and noise 

reduction—has been highlighted in improving the accuracy of models for complex tasks like sarcasm 

detection. Wankhade et al. found that appropriate preprocessing enhances model performance, especially 

in tasks involving challenging expressions such as sarcasm. This study builds on these insights, 

comparing the capabilities of BERT and Logistic Regression for sarcasm detection. 

 

3. METHODOLOGY 

This study employs a structured approach to compare the performance of BERT and Logistic Regression 

in detecting sarcasm. The methodology consists of the following stages: 

1. Data Collection: A dataset containing labelled text samples is gathered from publicly available 

sources, such as Kaggle, focusing on instances of sarcastic and non-sarcastic comments. 

2. Data Preprocessing: The collected data undergoes several preprocessing techniques to enhance 

model performance. This includes: 

Tokenization: The text is broken down into individual tokens (words or phrases) for analysis. 

Noise Reduction: Unnecessary elements, such as HTML tags, URLs, and special characters, are 

removed from the text. 

Stop Word Removal: Commonly used words (e.g., "the," "and," "is") that do not contribute to the 

sentiment are eliminated. 

3. Model Selection: Two models are selected for comparison: 

Logistic Regression (LR): A traditional machine learning model used for binary classification. 

BERT: A pre-trained deep learning model that captures context and semantic meaning from text. 

4. Model Training and Evaluation: Both models undergo training using the preprocessed dataset, and 

their performance is evaluated using key metrics such as F1 scores and confusion matrices to 

measure their accuracy in detecting sarcasm. The dataset is divided into training and testing subsets, 

with 80% designated for training and the remaining 20% reserved for testing. Model Comparison: 

The F1 scores and confusion matrices from each model are analyzed and compared to highlight their 

respective strengths and limitations in sarcasm detection. This analysis seeks to identify which model 
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performs better at detecting sarcastic expressions in text. 

 

4. ABOUT THE MODEL 

This research investigates the effectiveness of two different models, BERT (Bidirectional Encoder 

Representations from Transformers) and Logistic Regression are analyzed for their distinct strengths in 

detecting sarcasm in textual data. 

BERT is a deep learning-based model built on a transformer architecture that processes words in 

context, considering both the preceding and succeeding words within a sentence. This dual-directional 

analysis allows BERT to capture subtle linguistic nuances, making it highly well-suited for tasks that 

demand contextual comprehension, including sarcasm detection. The model undergoes a two-step 

training process: it first learns general language patterns from vast amounts of unlabeled data and is then 

fine-tuned to specialize in specific tasks. BERT has consistently demonstrated superior performance on 

various natural language processing benchmarks, showcasing its ability to grasp complex language 

features and improve understanding of human expression (Wankhade et al., 2024). 

On the other hand, Logistic Regression is a simpler, well-established statistical model used for binary 

classification tasks. It operates by predicting the probability of an input being part of a specific category, 

using a logistic function applied to a linear combination of the input attributes. While not as advanced as 

BERT, Logistic Regression offers the advantage of being fast, computationally efficient, and highly 

interpretable, making it particularly useful when transparency is required. Despite its simplicity, Logistic 

Regression can yield competitive results in sentiment analysis, especially when paired with proper 

preprocessing techniques. This study compares the performance of BERT and Logistic Regression in 

sarcasm detection, acknowledging that sarcasm presents unique challenges that can complicate 

traditional sentiment analysis methods. By integrating BERT's advanced contextual capabilities with 

Logistic Regression's straightforward approach, this research aims to provide insights into effective 

methods for sarcasm detection in text. 

 

5.  PREPROCESSING TECHNIQUE 

Preprocessing plays a vital role in natural language processing (NLP), improving the quality of input 

data and significantly influencing the effectiveness of machine learning models. In this study, we focus 

on three essential preprocessing techniques: tokenization, noise removal, and stop word removal. These 

techniques are crucial for preparing textual data for sentiment analysis tasks like sarcasm detection. 

1. Tokenization 

Tokenization is the process of splitting a text into smaller elements known as tokens, which can be 

words, phrases, or even sub words, based on the tokenization approach. The objective of tokenization is 

to convert raw text into a structured format that machine learning models can easily process. By 

fragmenting the text into digestible units, tokenization highlights significant elements, forming the 

groundwork for deeper analysis.  

Accurate tokenization in sarcasm detection helps models understand nuanced contextual details and the 

connections between words. For example, BERT, a widely used transformer model, utilizes a sub word 

tokenization method called Word Piece. This approach allows BERT to manage uncommon or novel 

words by segmenting them into smaller components, thereby maintaining a manageable vocabulary size. 

This capability is particularly important for detecting sarcasm, where the context and word choices are 

crucial. Studies have shown that robust tokenization improves the performance of models in sentiment 
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analysis, particularly when complex expressions such as sarcasm are involved (Wankhade et al., 2024). 

2. Noise Removal 

Noise removal involves the elimination of irrelevant or unnecessary elements from the text, such as 

special characters, numbers, punctuation marks, and formatting artifacts. These extraneous elements do 

not add value to the text’s meaning and may disrupt the model's focus on the core content. The goal of 

noise removal is to clean the text so that the machine learning algorithms can better identify the 

underlying patterns relevant to sentiment analysis. 

In the case of sarcasm detection, noise removal is especially important because irrelevant data can 

distract the model from identifying key sentiment indicators. For example, special characters or stray 

symbols might obscure the model’s ability to detect sarcasm, which often relies on subtle cues such as 

tone, word choice, and sentence structure. By removing noise, we improve the clarity and relevance of 

the data, making it easier for algorithms like BERT and Logistic Regression to detect sarcasm 

accurately. Previous research has emphasized that cleaning the data by removing noise is an essential 

step to enhance model performance in sentiment analysis (Wankhade et al., 2024). 

3. Stop Word Removal 

Stop words are common words in a language, like "the," "is," "in," and "and," typically regarded as 

having minimal semantic importance and are usually excluded during text preprocessing. The main 

purpose of removing stop words is to decrease the dataset’s dimensionality, allowing the model to 

concentrate on more significant and insightful words. By eliminating stop words, we make the dataset 

more manageable and help the model focus on content that plays a more significant role in sentiment 

analysis. This helps avoid unnecessary distractions from common words that don’t carry much 

importance in determining the sentiment of the text. However, in the context of sarcasm detection, the 

role of stop words becomes more complex. Sarcasm often relies on subtle language cues and the 

interplay between specific words. In certain sarcastic expressions, the inclusion or omission of specific 

stop words can alter the tone or interpretation of the sentence. For instance, a sentence like "Oh, sure, 

that sounds like a great idea" may rely on the word "that" to convey sarcasm. In such cases, removing 

the stop word might strip away an essential element of the sarcasm, leading to a loss in the model's 

ability to detect the sentiment accurately. Therefore, while stop word removal is generally beneficial for 

most sentiment analysis tasks, it is crucial to carefully evaluate whether such removal is appropriate for 

sarcasm detection. In some instances, keeping specific stop words can help capture the subtle nuances of 

sarcastic expressions. The decision to remove or retain stop words should be made based on the specific 

characteristics of the dataset and the goals of the analysis. For sarcasm detection, retaining stop words 

that could affect the tone of the sentence is important for the model to detect sarcasm accurately. 

In summary, tokenization, noise removal, and stop word removal are three key preprocessing techniques 

in sentiment analysis, each playing a vital role in preparing the text for machine learning models. 

Tokenization breaks the text down into manageable units, noise removal ensures that irrelevant elements 

are discarded, and stop word removal refines the dataset by eliminating non-contributory words. 

Together, these preprocessing methods help enhance the performance of models used for sarcasm 

detection by providing cleaner, more structured input data. For models like BERT and Logistic 

Regression, preprocessing is crucial, as sarcasm detection often depends on understanding the context, 

word relationships, and subtleties within the text. A well-prepared dataset ensures that these models can 

accurately capture patterns that indicate sarcasm, improving their predictive capabilities. The 

effectiveness of these preprocessing techniques significantly impacts the success of sentiment analysis, 
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particularly in complex tasks like sarcasm detection. These preprocessing steps are essential not only for 

better model performance but also for enhancing the accuracy and reliability of NLP applications, such 

as social media monitoring, automated customer feedback analysis, and content moderation systems. 

 

6. COMPARATIVE ANALYSIS OF BERT AND LOGISTIC REGRESSION ON TOKENIZED 

DATASET 

This section assesses the performance of the BERT and Logistic Regression (LR) models in a sentiment 

analysis task using a preprocessed, tokenized dataset. The evaluation focuses on key metrics such as F1 

scores and confusion matrices to determine how effectively each model classifies sentiment labels. The 

dataset underwent tokenization as part of the preprocessing stage, improving the feature set for both 

models. After preprocessing, both the Logistic Regression and BERT models were trained on the data, 

and their performance was evaluated based on F1 scores and confusion matrices, which offer insights 

into model accuracy and the distribution of predictions across different sentiment classes. 

F1 Scores 

Logistic Regression: The Logistic Regression model achieved an F1 score of 0.1813. This result 

indicates that the model was somewhat successful in capturing sentiment classes in the dataset, 

demonstrating that traditional machine learning models can still perform adequately under certain 

conditions. 

BERT: In comparison, the BERT model attained a significantly lower F1 score of 0.0315. This suggests 

that BERT faced difficulties with this particular dataset, potentially due to challenges arising from 

preprocessing choices or configuration settings. The relatively low F1 score highlights areas where the 

model could be further optimized for better sentiment classification 

 

 
 

Confusion Matrix Analysis: 

The analysis of the Logistic Regression model's confusion matrix revealed a mix of correctly and 

incorrectly predicted sentiment labels. This shows that while the model did not achieve perfect accuracy, 

it was able to correctly classify a reasonable number of cases, demonstrating some level of effectiveness. 

On the other hand, the confusion matrix for the BERT model showed very few instances classified 

correctly across the sentiment categories, indicating that the model struggled to effectively identify the 

appropriate sentiment. This could be attributed to the model's reliance on understanding the context of 

the text, which might not have been fully leveraged by the dataset's structure. 
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When comparing the performance of both models, it was evident that each faced distinct challenges in 

predicting sentiment accurately within the tokenized dataset. The F1 score analysis showed that Logistic 

Regression performed better than BERT in this scenario. Furthermore, the confusion matrices 

highlighted that while Logistic Regression was able to classify sentiment more effectively, BERT faced 

greater difficulty in correctly identifying the sentiment classes. These observations suggest that even 

though BERT is a sophisticated model with powerful capabilities, its effectiveness can be compromised 

depending on the quality of the dataset and preprocessing methods used. In contrast, simpler models like 

Logistic Regression might outperform BERT in certain situations, particularly when data processing 

limitations come into play. To improve model performance in future studies, it would be beneficial to 

refine preprocessing strategies, adjust hyperparameters, and work with larger and more representative 

datasets. 

In conclusion, this study revealed that Logistic Regression outperformed BERT when applied to 

sentiment analysis of the tokenized dataset. The comparative analysis, supported by F1 scores and 

confusion matrix visualizations, shed light on the challenges faced by both models. This comparison 

offers a deeper understanding of how different models behave in NLP tasks and emphasizes the 

importance of careful data handling and appropriate model selection. 

 

7.COMPARATIVE ANALYSIS OF BERT AND LOGISTIC REGRESSION BASED ON STOP 

WORD REMOVED DATASET 

This section evaluates the performance of two prominent models, Logistic Regression and BERT, in 

performing sentiment analysis on a dataset where stop words have been eliminated. The evaluation 

primarily focuses on key performance metrics such as F1 scores and confusion matrices, to assess how 

effectively each model classifies sentiments accurately. The dataset underwent a preprocessing step 

where stop words were removed to improve the feature representation for both models. After this 

preprocessing, both the Logistic Regression and BERT models were trained and evaluated. To measure 

model effectiveness, F1 scores were used to balance both precision and recall, while confusion matrices 

were examined to understand how the models distributed their predictions across different sentiment 

categories. 

F1 Scores: 

Logistic Regression: With an F1 score of 0.1955, the Logistic Regression model demonstrated 

comparatively better performance in identifying sentiment categories within the dataset. This result 

underscores the efficiency of traditional machine learning models, particularly when tailored 

preprocessing techniques are applied effectively. 

BERT: On the other hand, the BERT model obtained an F1 score of 0.0175, a substantially lower score. 

This outcome suggests that BERT faced challenges when working with this dataset, which could be 
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attributed to either the preprocessing decisions or the specific configuration of the model used for 

training. 

 

 
 

Confusion Matrix Analysis: 

The confusion matrix for Logistic Regression displayed a pattern where most cells were dark, with only 

a few lighter spots, indicating that the model correctly predicted some instances but mostly struggled 

with misclassifications. The highest frequency observed was 8, suggesting that while the model was able 

to correctly classify a few examples, its overall performance was scattered across the different classes. 

On the other hand, the confusion matrix for BERT revealed a similar pattern of sparsity, with the 

maximum value also being 8. This points to BERT's inability to make strong predictions in any specific 

class, indicating that it struggled to leverage its contextual capabilities effectively for this dataset. 

 

 
 The comparative analysis of Logistic Regression and BERT indicates that both models faced challenges 

in accurately predicting sentiment classes from the dataset with stop words removed. The F1 score 

results show that Logistic Regression outperformed BERT significantly in this scenario. The confusion 

matrices further illustrate that neither model succeeded in consistently identifying the correct classes, as 

reflected in the low counts across most cells. These findings suggest that while BERT is a powerful 

model, its performance can be context-dependent and may not always surpass simpler models, 

particularly when data preprocessing choices limit its effectiveness. Future research should explore more 

refined preprocessing techniques, hyperparameter tuning, and potentially larger datasets to enhance 

model performance. 

In conclusion, the analysis revealed that the Logistic Regression model provided a more robust 

performance compared to BERT when evaluated on the dataset with stop words removed. The F1 scores 
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and confusion matrix visualizations highlight the limitations faced by both models in sentiment 

classification. These insights enhance the overall comprehension of model effectiveness in natural 

language processing tasks and emphasize the significance of meticulous data preprocessing and 

thoughtful model choice. 

 

8.COMPARISON OF BERT AND LOGISTIC REGRESSION MODELS ON NOISE REDUCED 

DATASET 

This section evaluates the performance of two prominent models—Logistic Regression and BERT—on 

a sentiment analysis task using a dataset with noise reduction applied. The analysis focuses on key 

metrics, including F1 scores and confusion matrices, to ascertain the effectiveness of each model in 

accurately classifying sentiments. 

The dataset underwent noise reduction preprocessing to improve the feature quality for both models. 

Following this, The Logistic Regression model was trained together with the BERT model. The 

evaluation metrics included F1 scores, which offer a balance between precision and recall, and confusion 

matrices, which help analyze the spread of predictions across various classes 

F1 Scores: 

Logistic Regression: With an F1 score of 0.1839, the model demonstrated moderate success in 

identifying sentiment categories, outperforming BERT in this regard. 

BERT: The model recorded a significantly lower F1 score of 0.0038, reflecting its struggle to adapt to 

this dataset despite noise reduction. 

 

 
 

Confusion Matrix Analysis: 

The Logistic Regression confusion matrix (left) shows a mostly dark background with scattered lighter 

points, indicating a few correct predictions across different classes. The maximum count in any cell is 9, 

suggesting that the model made infrequent but some correct predictions. The BERT confusion matrix 

(right) has a similar dark pattern with fewer scattered lighter spots, showing that it struggled with correct 

class predictions, with a maximum count of 8. This distribution points to BERT’s limitations in 

generalizing across classes on this noise-reduced dataset. 
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The comparative analysis indicates that both models faced challenges in accurately predicting sentiment 

classes from the noise-reduced dataset. The F1 scores reveal that Logistic Regression outperformed 

BERT significantly in this scenario. The confusion matrices suggest that neither model excelled, with 

low prediction counts across classes. These findings imply that while BERT is generally a powerful 

model, its performance can vary based on data preprocessing and may not always surpass simpler 

models like Logistic Regression, particularly on preprocessed datasets. Future research might explore 

optimized preprocessing techniques, hyperparameter tuning, or larger datasets to improve performance. 

In conclusion, the analysis revealed that the Logistic Regression model provided more robust 

performance than BERT when evaluated on the noise-reduced dataset. The F1 scores and confusion 

matrices underscore the importance of model selection and data preparation, contributing to a broader 

understanding of model performance in natural language processing tasks. 

 

CONCLUSION 

This research paper presents a comparative analysis of the BERT model and Logistic Regression (LR) 

for sentiment analysis, specifically examining how different preprocessing techniques—such as 

tokenization, stop word removal, and noise reduction—affect model performance. Our experiments 

reveal a consistent disparity in F1 scores between the two models, with Logistic Regression often 

outperforming BERT. Notably, Logistic Regression achieved an F1 score of 0.1955 compared to 

BERT's 0.0175 when stop words were removed. Similar patterns emerged with tokenization (F1: LR = 

0.1813, BERT = 0.0315) and noise reduction (F1: LR = 0.1839, BERT = 0.0038), highlighting the 

unexpected sensitivity of BERT to these preprocessing methods in this dataset. These findings suggest 

that BERT's reliance on contextual embeddings, which generally enhance model robustness, may face 

limitations when simplified preprocessing techniques are applied. As discussed by Hao et al. in 

Visualizing and Understanding the Effectiveness of BERT, BERT's layered architecture is designed to 

generalize across tasks but can be sensitive to dataset-specific nuances. Moreover, the performance drop 

seen with BERT contrasts with its usual strength in handling nuanced language patterns, as identified in 

the literature review by Wankhade et al. on sentiment analysis challenges. Our results underscore the 

importance of selecting preprocessing methods that align with BERT’s strengths, as its performance here 

appears constrained by the lack of sophisticated data preparation. This study also underscores the 

efficacy of Logistic Regression in handling basic sentiment analysis tasks on this dataset, often 

outperforming BERT when preprocessing techniques were limited to simpler methods. While BERT 

generally excels in handling complex language interactions, its sensitivity to data preprocessing in this 

study suggests a need for more refined feature engineering or model tuning to fully leverage its 

capabilities. This finding aligns with literature emphasizing the impact of tokenization and preprocessing 

choices, as seen in Tokenization as the Initial Phase in NLP, which highlights tokenization's 

foundational role in model performance. In conclusion, our research illustrates that while BERT has 
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significant potential for sophisticated language tasks, simpler approaches like Logistic Regression may 

prove more effective in certain contexts where preprocessing is less intricate. Future work should 

explore advanced preprocessing or feature extraction techniques that can better utilize BERT’s 

architecture. This paper contributes to the discourse on preprocessing choices in NLP, offering insights 

that could inform enhanced methodologies in sentiment analysis and model optimization. 
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