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ABSTRACT 

Sarcasm detection is a form of figure of speech that conveys the opposite of its literal meaning, 

often to express insult, wit, irritation, or ridicule. In text, sarcasm is typically conveyed through 

positive or intensified positive words to mask negative feelings. With the rise of social media 

platforms like Twitter, Facebook, and WhatsApp, posting sarcastic messages has become a 

common way to avoid direct negativity. However, detecting these indirect negativities is crucial 

as they significantly impact businesses. The challenge in analysing sarcasm lies in the gap 

between its literal and intended meanings. 

Despite extensive research in natural language processing (NLP) and sarcasm detection, there 

is a notable lack of comparative analysis among different NLP techniques and their ability to 

correctly classify sarcastic content. Additionally, there is a scarcity of studies on using 

mathematical optimization techniques for sarcasm detection and a neglect of the intonation and 

tonal traits of sarcasm. 

This thesis addresses these gaps by introducing frameworks that integrate mathematical 

optimization techniques with NLP models. These frameworks generate robust algorithms for 

detecting sarcasm and its inherent tonal nature. We utilize sentence scores from sentiment 

lexicon models and apply mathematical optimization techniques to identify sarcasm in social 

media comments. The thesis includes binary and tertiary classification of social media 

comments across various domains. It also presents a model for detecting sarcasm in Hindi 

comments, demonstrating that these mathematical optimization techniques can be adapted to 

any language with minor modifications. We have specifically focused on incorporating the 

tonal traits of sarcasm into sentiment analysis.  

The primary objective is to expand knowledge in this area and provide new perspectives on the 

strengths and weaknesses of the proposed models. This research aims to contribute to both the 

academic community and companies that develop or use this technology. Our study employs a 

qualitative approach supported by quantitative data. An extensive literature review was 

conducted to deepen our understanding of the field. Benchmark datasets were used for analysis, 

and the results form the basis for evaluating the selected models ability to identify sarcasm 

based on metrics such as accuracy, precision, recall, and F1 score. The results indicate that the 

proposed mathematical optimization-based models are effective for classifying and detecting 

sarcasm. These models offer efficient, scalable, and accurate solutions for analysing written 

reviews by leveraging mathematical optimization techniques. 
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In summary, our novel unsupervised sarcasm detection methods provide effective solutions to 

the challenges posed by large amounts of online data and the resource-intensive nature of 

conventional machine learning approaches. By utilizing mathematical optimization models, we 

ensure logical and consistent outcomes, thereby enhancing confidence in the accuracy of 

sarcasm classifications. These models are designed to be efficient, scalable, and accurate in 

detecting sarcasm in written contexts. 
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Chapter 1  

Introduction 

Sarcasm is a way of speaking or writing where the intended meaning is different from, or even 

opposite to the literal words. It is often used to express hidden emotions, criticize someone, or 

make fun of something in a clever way. On platforms like Twitter, Reddit, or Facebook, people 

frequently use sarcasm to share thoughts indirectly or humorously. This makes it hard for 

machines to understand the real meaning of such messages. As a result, sarcasm detection has 

become an important task in NLP, helping improve systems like sentiment analysis, opinion 

mining, and online content monitoring. 

This chapter gives the background for the work presented in this thesis for sarcasm detection. 

Section 1.1 introduces the idea of sarcasm and its role in digital conversations, along with 

examples from social media. Section 1.2 explains various types of sarcasm, while Section 1.3 

discusses its importance in areas like marketing, politics, and mental health. Sections 1.4 to 1.6 

review existing detection methods, tools, and ways to measure accuracy. Section 1.7 outlines 

current challenges, and Section 1.8 states the research problem. The chapter ends with the 

motivations and goals in Sections 1.9 and 1.10, followed by an overview of the remaining thesis 

chapters in Section 1.11. 

1.1 Background  

Sarcasm is a type of figurative language where people say something but mean the opposite 

[1]. It is often used to make fun of someone or to express criticism in a clever or humorous 

way. According to the Oxford dictionary, sarcasm is occurred when we use words that say one 

thing but actually mean another, often to mock or tease someone [2]. People use sarcasm 

because it adds a unique and powerful touch to how they communicate [3]. One key feature of 

sarcasm is that the words may sound positive, but the real meaning is negative or the other way 

around [4]. Table 1.1 shows real-life examples of sarcastic sentences used in everyday English. 

Table 1.1 Examples of sarcastic sentences 

S. No. Sentences Target 

1. “Wow, I like the sauce stains on your shirt.” Sarcastic 

2. “If that is a human being, then is my kidney a human being too?” Sarcastic 
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Fig. 1.1 Illustration of sarcastic sentence in English text 

Consider the sarcastic sentence, “I love working at the office on holidays,” as shown in Fig. 

1.1. While the word “love” expresses a positive sentiment, the phrase “working at the office on 

holidays” reveals an underlying negative intent. In this sentence, the contrasting word pairs  

“love” and “office,” as well as “holidays” and “working” create a contradiction. These opposing 

associations contribute to the sarcastic tone of the sentence. 

In today’s digital era, activities such as data collection, reading product reviews, and engaging 

in social media interactions have become integral to modern life. The rapid growth of platforms 

like Facebook, Twitter, and Instagram has further amplified the influence of social media. With 

this surge, the need to identify and understand sarcasm in user-generated content has become 

increasingly important. 

Sarcasm detection is the task of teaching computers to recognize when someone says one thing 

but actually means something different. These kinds of statements often have a hidden negative 

tone and are used to mock, tease, or quietly criticize someone or something. The main goal is 

to help machines understand these subtle expressions in a way that is similar to how humans 

do. Figs. 1.2 and 1.3 show real examples of sarcastic comments taken from social media 

platforms like Twitter and Instagram. 

 

Fig. 1.2 Snapshot of a sarcastic sentence from Twitter 

 

 

Fig. 1.3 Snapshot of a sarcastic comment from Instagram 
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Sarcasm detection is important for understanding the real meaning behind a sentence, 

especially when we rely only on written text. It plays a key role in NLP and sentiment analysis, 

helping computers understand feelings and opinions more accurately. By spotting the 

difference between what is said and what is actually meant, sarcasm detection gives useful 

insights to researchers. It also improves how we study human behaviour and communication 

in digital spaces. Still, teaching computers to detect sarcasm is not easy. This is because sarcasm 

often depends on context [5], hidden word clues [6], and tone [7] which are hard to find in text. 

Also, unlike face-to-face talk, written messages do not include voice or facial expressions, 

making it harder for machines to fully understand sarcastic remarks. 

Traditional sarcasm detection methods [8], [9], [10] often struggle to identify both implicit and 

explicit sarcastic cues. Even state-of-the-art approaches [11], [12], [13] face limitations, 

particularly in detecting tonal inflection within sarcastic contexts. Therefore, there is an 

ongoing need for the application of optimization techniques to improve the performance and 

reliability of sarcasm detection systems. 

Various methods have been proposed for sarcasm detection in English text [14], [15]. However, 

when it comes to Hindi, significantly fewer resources are available to effectively capture the 

nuances of this figure of speech [16]. The scarcity of sentiment taggers and annotated datasets 

[17] contributes to the limited availability of sarcasm detection techniques in Hindi. Fig. 1.4 

and Fig. 1.5 provide examples of sarcastic expressions in Hindi, extracted from Twitter. 

 
Fig. 1.4  Snapshot of sarcastic Hindi 

comment 

 
Fig. 1.5  Illustration of a sarcastic Hindi 

comment 

Types of sarcasm refer to the various forms in which sarcastic expressions manifest, each 

characterized by a distinct tone, purpose, and style. Common types include hyperbole, dropped 

negation, rhetorical devices, like-prefixed sarcasm, callousness, humour, offensiveness, 

humblebrag, and oxymoron. Categorizing these types plays a vital role in understanding the 

speaker’s true intent and the subtle impact conveyed through the message. It is especially 

important in social media analysis, where sarcasm can obscure sentiment and lead to 
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misinterpretation. Without proper classification of sarcastic expressions, the meaning behind 

user-generated content can often be misunderstood. Therefore, identifying specific types of 

sarcasm is a crucial step toward building more context-aware and emotionally intelligent 

language models. 

In this thesis, we present a range of methodologies for sarcasm detection in English text using 

mathematical optimization techniques, addressing the limitations identified in previous studies. 

Additionally, we propose a novel approach for detecting sarcasm in Hindi text. Furthermore, 

new methods have been developed for categorizing sarcasm into distinct types in English text. 

This enabling a more nuanced and structured understanding of sarcastic communication. 

1.2 Types of Sarcasm 

Sarcasm appears in various forms, each characterized by a unique tone, intention, and linguistic 

structure. These different types help convey irony, criticism, or mockery in subtle and context-

dependent ways. Commonly recognized types of sarcasm include hyperbole, dropped negation, 

rhetorical devices, like-prefixed sarcasm, callousness, humour-based sarcasm, offensiveness, 

humblebrag, and oxymoron. Each type reflects a different strategy used by speakers to disguise 

or contrast the literal and intended meanings. 

Identifying and categorizing these types is essential for understanding the true intent behind 

sarcastic statements. This is particularly important in the context of social media, where 

sarcasm can distort the perceived sentiment and lead to misinterpretation. Misclassified 

sarcasm can result in inaccurate sentiment analysis, flawed opinion mining, and misleading 

insights in user-generated content. Therefore, a well-defined taxonomy of sarcasm types not 

only deepens linguistic understanding but also enhances the performance of NLP models by 

enabling more context-aware and emotionally intelligent interpretations. 

We present three subcategories under which various types of sarcasm can be grouped. A visual 

representation of these subcategories is shown in Fig. 1.6.  

• Meaning Inversion Sarcasm 

• Surface-Depth Sarcasm 

• Masked Intention Sarcasm 
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1.2.1 Meaning Inversion Sarcasm 

Meaning inversion sarcasm involves the use of linguistic manipulation to indirectly express an 

opposite or inverted meaning. This type of sarcasm is often subtle and relies on the contrast 

between literal expression and intended sentiment. The category includes hyperbole, like-

prefixed sarcasm, rhetorical devices, and dropped negation. 

• Hyperbole:  

This form of sarcasm uses exaggeration for comedic or satirical effect. Consider an example: 

“Oh sure, I just LOVE working 80 hours a week for no recognition at all!” In this sentence, 

the speaker exaggerates the phrase “I just LOVE,” which initially conveys a positive 

connotation. However, the frustration is emphasized in the phrase “working 80 hours a week 

for no recognition,” leading to a contradiction and revealing the sarcastic intent. 

• Like-Prefixed Sarcasm: 

This type of sarcasm employs a “like” prefix to introduce a dismissive or ironic tone. For 

example: “Like, yeah, because cleaning up everyone else’s mess is totally my dream job.” Here, 

the use of “Like, yeah” signals sarcasm and sets a mocking tone, clearly indicating that the 

speaker does not enjoy the situation. 

• Rhetorical Devices:  

This form of sarcasm often involves rhetorical questions and elements of irony, wit, or satire. 

In the example: “Oh, absolutely! I enjoy sitting in traffic for three hours every day? Really!”, 

the phrase “Oh, absolutely!” appears positive, but the negative intent is expressed through 

“sitting in traffic for three hours every day?” The contrast between the enthusiastic tone and 

the frustrating situation creates the sarcastic effect. 

• Dropped Negation:  

Types of Sarcasm 

Surface-Depth Sarcasm Meaning Inversion 
Sarcasm 

Masked Intention 
Sarcasm 

Fig. 1.6  Categorizations of types of sarcasm 
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In this type, sarcasm is conveyed by omitting a negation word (e.g., “not”), thereby implying 

the opposite of the literal statement. For example: “That’s just the best movie I’ve ever seen!” 

(said after watching a terrible film). The speaker omits “not” to imply dissatisfaction, making 

the sentence sarcastic through contradiction between literal praise and actual opinion. Fig. 1.7 

provides a diagrammatic representation of meaning inversion, sarcasm, and its subtypes. 

 

Fig. 1.7  Subtypes of Meaning Inversion Sarcasm 

 

1.2.2 Surface-Depth Sarcasm 

This type of sarcasm is based on how clearly the sarcastic meaning is shown in speech or 

writing. It depends on how easy it is to understand the sarcasm and how much the listener or 

reader needs to guess the true meaning. Some sarcastic comments are clear and easy to spot, 

while others need more context or deeper thinking to understand. The sarcasm can be obvious 

through certain words or tone, or it may be hidden and require background knowledge to catch 

the joke. 

• Implicit Sarcasm: 

Implicit sarcasm is not directly stated and depends a lot on the situation and subtle hints. The 

sarcastic meaning is hidden and must be guessed by the reader or listener using context or past 

knowledge. For example: “Wow, you’re so thoughtful for eating the last slice of pizza without 

asking.” Here, the speaker says “so thoughtful” but actually means the opposite. The sarcasm 

is understood only when we know the situation, making it clear that the speaker is mocking the 

selfish act.  

• Explicit Sarcasm: 

Meaning Inversion 
Sarcasm

Hyperbole Like-prefixed Rhetorical devices Dropped negation    
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Explicit sarcasm clearly communicates the opposite of the intended meaning, often using direct 

contradiction and a mocking tone. The sarcastic intent is obvious from the wording itself. Let 

us take an example: “Oh, you’re late? I didn’t even notice after waiting for an hour.” Here, the 

phrase “I didn’t even notice” is clearly sarcastic, as it contradicts the speaker’s frustration from 

waiting. The sarcasm is directly conveyed without requiring much inference. 

1.2.3 Masked Intention Sarcasm  

This category of sarcasm involves expressions that aim to either mislead or deliver harsh 

criticism, often masked under a subtle or ambiguous tone. These types of sarcasm are 

particularly nuanced, relying on irony or contradiction to conceal negative sentiment beneath 

seemingly benign language. Fig. 1.8 illustrates the subtypes of masked intention sarcasm. 

• Callousness:  

This type of sarcasm reflects indifference toward the feelings or opinions of others. Example: 

“You didn’t get the promotion? Shocking. I mean, you only worked half as hard as everyone 

else.” In this sentence, the word “Shocking” mocks the person’s failure, while the phrase “you 

only worked half as hard” delivers sharp criticism of the individual’s effort. 

 

 

 

 

 

• Humour:  

Humorous sarcasm is light-hearted and playful. It is typically not meant to offend, but rather 

to amuse or add a comical twist to a situation. For example: “Oh great, another Monday. Just 

what I needed to brighten my life!” Here, the speaker ironically presents Monday as something 

positive, using exaggeration to mock the dullness often associated with the start of the week. 

• Offensiveness:  

This type of sarcasm is used to make fun of, insult, or put someone down. It often has a sharp 

or harsh tone and can hurt the other person’s feelings. For example, the sentence “Wow, you 

Masked Intention Sarcasm 
• Callousness 
• Humour 
• Offensiveness  
• Humblebrag  
• Oxymoron   

Fig. 1.8  Subtypes of masked intentions sarcasm 
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finally showed up only two hours late. Must be your superpower!” sounds like praise but is 

actually criticism. The speaker is using exaggerated words to point out that the person was very 

late, hiding the insult behind a fake compliment. 

• Humblebrag:  

Humblebragging sarcasm is when someone pretends to complain or act modest but is actually 

showing off. For example, “Ugh, it’s so annoying when people keep asking for my autograph. 

Fame is exhausting!” Here, the speaker seems to be annoyed, but they are really bragging about 

being famous. 

• Oxymoron:  

This kind of sarcasm uses two opposite words together to make fun of something or point out 

how silly it is. For example, “That’s some seriously original plagiarism you’ve got there!” The 

words “original” and “plagiarism” don’t normally go together, and this contrast helps make 

the sarcastic message stronger and more direct. 

In this thesis, we present new methods to automatically sort sarcastic sentences into different 

types in English. This helps build a more organized and detailed way to understand sarcasm in 

computer systems. 

1.3 Need for Sarcasm Detection  

Sarcasm detection is very important in today’s digital world, where most communication 

happens online. When sarcasm is misunderstood, it can cause confusion, arguments, or spread 

false information. Detecting sarcasm help improve tools like sentiment analysis and chatbots, 

making online communication more accurate and meaningful. It also plays a key role in 

understanding what users really mean and helps prevent cyberbullying or wrong 

interpretations. Therefore, sarcasm detection is an essential part of keeping social media and 

online networks safe and clear. 

• Understanding Tone and Avoiding Misinformation: Sarcasm detection helps 

identify the true tone of a message. It shows whether a comment is misleading or meant 

as a joke. This reduces confusion and helps avoid conflicts, especially in customer 

service. 
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• Better Sentiment Analysis: Sarcasm detection improves how we study emotions in 

text. It helps in tasks like topic detection, question-answering, and opinion analysis. 

This leads to a better understanding of what people truly feel on social media. 

• Smarter Social Media Analysis: It helps track and understand online conversations 

more clearly. Sarcasm detection reveals the tone and intent behind messages, making it 

easier to follow discussions and online trends. 

• Improving Services: It is useful in analysing product reviews and customer feedback. 

By spotting sarcasm, companies can better understand what customers mean and 

improve their services or products. 

In conclusion, sarcasm detection is an important tool for clear communication in online 

communities. It helps reduce misunderstandings and supports respectful and open digital 

interactions. 

1.4 Techniques for Sarcasm Detection  

This section explains the main techniques used in today’s systems for detecting sarcasm. These 

techniques include machine learning, deep learning, rule-based systems, and transformer-based 

models. They help analyse the meaning, tone, and context of text to find sarcastic expressions. 

• Machine Learning Methods: Machine learning models use both supervised and 

unsupervised approaches to study text. In supervised learning, the system is trained 

with labelled data, where each piece of text is already tagged with its correct category. 

The model learns from this and then predicts sarcasm in new texts. Unsupervised 

learning, on the other hand, works with unlabelled data and finds patterns using 

clustering techniques. However, these models often require a lot of tuning and can be 

expensive to run due to high computational needs. 

• Rule-based Methods: These techniques depend on predefined rules or language 

patterns to identify sarcasm. The rules might be based on grammar, sentence structure, 

or specific keywords. Although rule-based systems can work well for certain topics or 

languages, they need a lot of manual work to build and update. Also, they struggle to 

detect sarcasm that doesn’t match the set rules. 

• Deep Learning Methods: Deep learning has brought major improvements to sarcasm 

detection. These models use multiple layers of neural networks to understand complex 

meanings and relationships in text. They are good at capturing deep patterns in 
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language. However, they often do not explain how different types of sarcasm are 

learned or identified by the model. 

• Transformer-based Methods: These models, such as BERT, look at the meaning of a 

sentence from both directions to understand it better. They often use supervised learning 

to classify sarcasm. While these models are powerful, they sometimes fail to deal with 

the hidden or conflicting meanings that sarcasm often contains. 

Choosing the right technique for sarcasm detection depends on several factors, such as the size 

of the dataset, the complexity of the language, the domain of use, and the resources available. 

In this research, we propose mathematical optimization techniques to detect sarcasm in both 

English and Hindi texts, along with identifying their specific types. 

1.5 Lexicon Datasets and Python Libraries for Sarcasm Detection 

Lexicon datasets and Python libraries play a key role in sentiment analysis tasks in NLP. 

Lexicon resources like SentiWordNet (SWN) and HindiSentiWordNet (HSWN) store words 

with assigned emotional values. They help in identifying the tone of text as positive, negative, 

or neutral.  

• SentiWordNet: SWN is a lexical resource for sarcasm detection that extends WordNet, 

a collection of English words organized into synonym sets (synset). It assigns sentiment 

scores to words in WordNet based on their positive, negative, and neutral polarity. Fig. 

1.9 shows an excerpt from SentiWordNet. 

• HindiSentiWordNet: HSWN is a special version of SentiWordNet created for the 

Hindi language. It is used to find the emotional tone of words written in Hindi. The 

model works by using WordNet synsets and gives each word a score that shows whether 

it is positive, negative, or neutral in meaning. This helps in understanding the true 

feeling or mood behind Hindi text. Fig. 1.10 shows a sample taken from the 

HindiSentiWordNet model. 

 

Fig. 1.9  Snapshot of SentiWordNet with polarity on dataset 
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Fig. 1.10  Snapshot of HindiSentiWordNet with polarity on dataset 

 

Python libraries like TextBlob and VADER (Valence Aware Dictionary and Sentiment 

Reasoner) use word-based scores to understand the sentiment in a sentence. TextBlob is good 

for general language tasks, while VADER is better at handling casual and informal text, such 

as content from social media. When used together, these tools help computers better understand 

emotions in human language. This section explains the lexical datasets and Python libraries 

that are useful for detecting sarcasm in text. 

• TextBlob: TextBlob is a Python library used for working with text in NLP tasks. It is 

built on top of the NLTK library and makes it easier to handle text data. TextBlob is 

commonly used in applications like text classification, content analysis, and 

information retrieval. Fig. 1.11 shows a sample output from the TextBlob library. 

• VADER sentiment: VADER Sentiment is a rule-based tool for sentiment analysis. It is 

specially designed to understand emotions in text, even when sarcasm is involved. 

VADER is part of the Python NLTK library and is freely available for analysing the 

emotional context of text. Fig. 1.12 displays an example output from the VADER 

sentiment tool. 

 

Fig. 1.11  Snapshot of TextBlob NLP library with polarity on dataset 
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Fig. 1.12  Snapshot of the VADER sentiment NLP library with polarity on the dataset 

 

1.6 Challenges in the Field of Sarcasm Detection 

Sarcasm detection presents inherent challenges due to the nuance nature of sarcastic 

expressions, which often rely on contextual, tonal, and pragmatic cues. The absence of 

linguistic markers, coupled with limited annotated resources and user-specific variability, 

further complicates automated detection. The existing state-of-the-art methods reveal that there 

are several shortcomings in the present works of sarcasm detection, summarized as follows.  

• Contextual awareness: Detecting sarcasm is difficult without understanding the full 

context behind a comment. Most models [1], [18] miss out on user intent or background 

references that carry sarcastic cues. This lack of context often leads to wrong or shallow 

interpretation of sarcastic text [18]. 

• Learning exaggerated and subtle markers: Sarcasm often hides behind exaggerated 

words or very subtle hints in tone or style. Identifying subtle markers is challenging, 

especially when they are culturally nuanced. Machines [19], [11], [10] struggle to catch 

what humans naturally sense in dramatic or dry remarks. 

• Recognition types of sarcasm: Sarcasm appears in many forms like irony, mockery, or 

rhetorical questions. Recognizing which type is present in a sentence is a major challenge 

for systems. This makes it hard to build models [20], [21], [22] that fully understand varied 

sarcastic expressions. 

• Semantic and tonal cues: Understanding sarcasm is not just about words it is also how 

they are said or meant. Capturing emotional tone or hidden meaning through text alone is 

quite difficult. Models [22], [17], [23] often miss the mix of tone and intent that defines 

sarcastic language. 

• Low resource language limitations: Detecting sarcasm in low-resource languages like 

Hindi faces serious constraints [24]. There are fewer labelled examples and limited NLP 
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tools to support deep analysis [25], [26]. This makes it tough to train systems that can 

handle sarcasm across languages. 

To address these challenges, we propose novel sarcasm detection methods leveraging 

optimization techniques with enhanced accuracy and adaptability. Addressing the specific 

issue, we aim to provide effective and reliable methods for detecting sarcasm in English and 

Hindi text. 

1.7 Evaluation Metrics 

We have evaluated the proposed methods performance with different evaluation metrics. These 

metrics help in providing the effectiveness of the proposed methods. The evaluation metrics 

are listed below in Eqns. (1.1) to (1.16). 

• Accuracy: Accuracy measures the presence of correct predictions. Here, we compute the 

true positive (TP), true negative (TN), false positive (FP) and false negative (FN) ratings. 

                                               Accuracy = HIJHK
HIJHKJLIJLK

                                                (1.1) 

• Precision: Precision measures the correctness of actual and predicted classifications, having 

TP and FP ratings.  

                                                         Precision = HI
HIJLI

                                                        (1.2) 

• Recall: Recall measures the completeness of any classification or information retrieval of 

a system. It accounts for TP and FN for the classification of the final score.  

                                                             Recall = HI
HIJLK

                                                        (1.3) 

• F1 score: The harmonic mean of precision and recall is the F1 score, which is high when 

both precision and recall values are high. 

                                              F1 score = 1∗IN6OP438∗Q6O7RR
IN6OP4P38JQ6O7RR

                                              (1.4) 

• Matthew’s correlation coefficient: The Matthew’s correlation coefficient (MCC) is used to 

measure how well a binary classification model performs. It looks at all parts of the 

confusion matrix TP, TN, FP, and FN even when the number of samples in each class is 

different. A higher MCC value shows better prediction accuracy. 

                                     MCC = (HI×HK)V(LI×LK)
W(HIJLI)×(HIJLK)×(HKJLI)×(HKJLK)

                                    (1.5) 
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• Misclassification Rate: The misclassification rate (MR), tells us how often the model makes 

wrong predictions. It counts the number of incorrect results (FP and FN) and compares 

them to the total number of predictions made. 

                                                             MR = LIJLK
HIJLIJHKJLK

                                                 (1.6) 

• False positive rate: The false positive rate (FPR) shows how often the model wrongly 

predicts something as positive when it is actually negative. A lower FPR means the model 

is making fewer such errors. 

                                                               FPR = LI
LIJHK

                                                          (1.7) 

• False negative rate: The false negative rate (FNR) tells us how often the model misses real 

positive cases. In other words, it shows the number of times something that should have 

been detected is not identified by the model. 

                                                        FNR = LK
HIJLK

                                                          (1.8) 

• False discovery rate: The false discovery rate (FDR) measures how many of the predicted 

positive results are actually wrong. It helps us understand how often the model is “fooled” 

into making false positive predictions. 

                                                      FDR = LI
HIJLI

                                                            (1.9) 

• Macro-averaged precision: Macro-averaged precision is used in multi-class classification 

problems. It calculates precision separately for each class and then finds the average. All 

classes are treated equally, no matter their size. 

                                    Macro-averaged precision = ∑ IN6OP4P3845
46-

8
                                     (1.10) 

•  Macro-averaged recall: Macro-averaged recall works the same way as macro precision, 

but it focuses on recall. It looks at how well each class is recognized and then takes the 

average without giving weight to any specific class.  

                                     Macro-averaged recall = ∑ Q6O7RR45
46-

8
                                        (1.11) 

• Macro F1 score: Macro F1 Score combines macro precision and macro recall into one 

single value. It gives a balanced view of how well the model performs across all classes 

equally. 

                                Macro F1 score = 2 × Y7ON3VIN6OP4P38×Y7ON3VQ6O7RR
Y7ON3VIN6OP4P38JY7ON3VQ6O7RR

                             (1.12) 
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• Micro-averaged precision: Micro-averaged precision calculates precision across all classes 

by adding up the total TP and FP first, and then applying the precision formula. It gives 

more weight to larger classes. 

                     Micro-averaged precision = ∑ HI45
46-

∑ HI45
46- J∑ LI45

46-
                                     (1.13) 

• Micro-averaged recall: Micro-averaged recall works in a similar way. It adds up all true 

positives and false negatives across every class before calculating recall. This method also 

gives more importance to bigger classes. 

                                      Micro-averaged recall = ∑ HI45
46-

∑ HI45
46- J∑ LK45

46-
                                     (1.14) 

• Micro-averaged F1-score: Micro-averaged F1 Score brings together micro precision and 

micro recall to give a single score. It shows the overall balance of the model’s performance 

across all classes, considering both correct and missed predictions. 

                    Micro-averaged F1 score = 2 × Z['\"V]\%'[#["$×Z['\"V^%':**
Z['\"V]\%'[#["$JZ['\"V^%':**

                        (1.15) 

• Cohen Kappa metric: It is a statistical measure denoted as 𝜀 used to evaluate the level of 

agreement between two annotators when they classify the same set of items. It is here used 

in annotation tasks such as identifying sarcasm types or discourse labels. 

                                                          𝜀 = _7V_8
-V_8

                                                             (1.16) 

Evaluation metrics are very important for checking how well a model works. They give clear 

numbers that help us measure how accurate, efficient, and reliable the proposed method is. 

These metrics help us understand whether the model makes good or poor predictions. By using 

them, we can test how strong the method is in different situations. This also helps in spotting 

what the model does well, where it may be weak, and how it can be improved further. 

1.8 Problem Statement  

In this thesis, we aim to leverage optimization techniques for developing unsupervised methods 

to analyse sarcasm in written texts. 

1.9 Motivation 

Sarcasm detection helps understand people’s true opinions, feelings, and attitudes about 

products, events, services, or organizations. It is an important part of NLP because it lowers 

the chances of misunderstanding what someone really means. Finding sarcastic remarks allows 
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for clearer and more accurate communication. It also helps detect when someone may be trying 

to mislead or hide their true intent. This is especially useful in understanding how people 

express themselves in online conversations. 

1.10 Organization of the Thesis 

This thesis presents a structured exploration of sarcasm detection using advanced techniques. 

Each chapter builds upon the previous to explain methods, models, and evaluations clearly. 

Chapter 1 introduces sarcasm detection, its applications, and the motivation behind this thesis. 

It outlines key challenges, the problem statement, objectives, and evaluation metrics used to 

compare proposed methods with existing approaches. 

Chapter 2 reviews state-of-the-art methods for sarcasm detection, sentiment analysis, and 

optimization techniques to identify their strengths, limitations, and research gaps. It also 

discusses the datasets used for experimental validation of the proposed methods. 

Chapter 3 presents sarcasm detection methods using statistical distributions and 

transformation optimization techniques on English datasets. The effectiveness is validated 

through experiments, with results compared and numerically interpreted in a dedicated section. 

Chapter 4 presents sarcasm detection methods using unsupervised hybrid optimization 

techniques in English. The effectiveness is validated through experiments, with results 

compared and numerically interpreted in a dedicated section. 

Chapter 5 focuses on learning the inherent intonation analysis of sarcasm types using non-

linear optimization techniques.  

Chapter 6 presents a novel sarcasm detection model using unsupervised optimization 

techniques for Hindi. Its effectiveness is evaluated through various parameters, with 

comparative analysis and numerical interpretations provided. 

Finally, in Chapter 7, we summarize the conclusions from the proposed research work and 

highlight the potential future work in this area.
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Chapter 2  

Literature Review 

Sarcasm is a subtle and often witty way of expressing meaning by saying the opposite of what 

one truly intends. While humans can usually pick up on sarcastic tones through the voice of the 

speaker, recognizing sarcasm in text without any vocal cues remains a difficult task, even for 

machines. This challenge has sparked growing interest in the field of sarcasm detection, where 

the goal is to teach computers how to identify sarcastic remarks in text data. This is especially 

important for applications like sentiment analysis, customer feedback interpretation, and 

human-computer interaction, where understanding true intent matters.  

In recent years, range of techniques have emerged to tackle this task from rule-based systems 

and machine learning models to more sophisticated deep learning and transformer methods. 

These approaches attempt to capture not just the words themselves, but also the underlying 

context, emotional tone, and contradictions that often signal sarcasm. 

This chapter presents a comprehensive literature review on sarcasm detection, based on 

traditional machine learning, deep learning methods, and various optimization techniques.  

In this chapter, we have organized the literature review into the following subsections. Section 

2.1 presents the related work of sarcasm detection and its working using various techniques. In 

Section 2.2, we conduct a new study of sarcasm affective indicators alongside their types in 

Section 2.3. Section 2.4 focuses on the related work concerning various mathematical 

optimization techniques and distributions. Sections 2.5 and 2.6 laid down the research gaps 

from the past studies and outlined the research objectives of the thesis. Section 2.7 covers the 

literature that explores the datasets used in the proposed methodology. Finally, Section 2.8 

concludes the key findings of this chapter.  

 

2.1 Sarcasm Detection Techniques  

Sarcasm detection has recently acquired a tangible foundation of research in multiple areas, 

like supervised learning, unsupervised learning, deep learning, and transformer-based 

techniques. Sarcasm detection research began in 2010 when researchers created a corpus by 

extracting texts from several social websites. Scientific organizations and businesses are 
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becoming more and more interested in the knowledge of sarcasm detection. The foundation of 

sarcasm detection is detailed in the following categories. 

2.1.1 Machine Learning-Based Methods of Sarcasm Detection  

Machine learning (ML) methods shift the paradigm from programming computers to enabling 

them to learn directly from data. Employing these algorithms that discern inherent patterns, 

make predictions, classifications, or decisions without rigid, pre-defined rules. This learning 

process manifests in two primary forms: supervised and unsupervised learning. These 

machines learning based methods are divided into two categories, elaborated as follows.  

Supervised learning-based methods: Supervised learning requires a large corpus of labelled 

training data and the feature engineering process. The researchers have introduced some 

algorithms for sarcasm detection based on supervised learning. 

Xiong et al. [27] adopted lexical sequence features with semantic imbalance to detect sarcasm. 

Liu et al. [28] depicted the incongruity of sarcasm in the form of implicit and explicit features. 

Rajadesingan et al. [29] argued that contextual trait has a crucial role in detecting sarcasm. 

Rahma et al. [20] displayed a review paper for sarcasm detection using supervised techniques 

in the Arabic language. Băroiu and Matu et al. [30] demonstrated another review of automatic 

sarcasm detection using predominant machine learning and transformer techniques.  

Wen et al. [31] introduced a long short-term memory (LSTM) technique with sememe 

knowledge for sarcasm detection. Muaad et al. [32] depicted an artificial intelligence (AI)-

driven model of supervised technique with a misogyny form of sarcasm detection. Dave et al. 

[33] demonstrated product reviews of using semantic knowledge of text for sarcasm detection. 

Chatterjee et al. [34] had given the bidirectional (BiLSTM) auto-encoder method for sarcasm 

detection. Vinoth and Prabhavathy [35] conveyed intelligent machine learning-based semantic 

learning of sarcasm detection using a support vector machine (SVM).  

Pan et al. [18] displayed a semi-supervised technique of sarcasm detection methodology using 

SVM. Poria et al. [1] displayed a convolutional neural network (CNN) and LSTM method in 

recognizing sarcasm. Huang and Galinsky [36] utilized a combination of LSTM, CNN, and 

BiLSTM-based techniques for sarcasm detection. Lemmens et al. [24] had provided a sarcasm 

detection model consisting of an ensemble embedding approach, with CNN-LSTM and LSTM. 

Das et al. [19] introduced a method for sarcasm detection using hybrid four-parallel LSTM 

network known as FLSTM. Li et al. [37] provided an enhanced commonsense knowledge of 
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sarcasm using COMET model, which gave the knowledge of the text integration mechanism. 

Riloff et al. [38] proposed a bootstrapping method to identify sarcastic tweets by recognizing 

positive and negative situation phrases. Ptáček and his team [39] compared LSTM and SVM 

classifiers using different sets of features across both Czech and English datasets. Araque [40] 

worked on classifying sentences based on sentiment targets using Bi-LSTM and CNN models. 

Devlin [41] and Ren [42] applied a combination of CNN and LSTM to detect sarcasm in text. 

Krishna [43] used ensemble classifiers along with LSTM for sentiment analysis of tweets on 

Twitter. Hiai and Shimada [44] introduced a method that combined interface LSTM with RNN-

based knowledge for sarcasm detection. 

Mehndiratta and Soni [45] developed a neural language model that used Word2Vec, GloVe, 

and FastText, along with Bi-LSTM and CNN, to capture sarcasm. Tan and his team [46] 

proposed two methods implicit and explicit inconsistency analysis to identify sarcastic content 

using AutoML, DeepConcat, and BiLSTM. Plepi and Flek [47] were the first to use a graph 

attention network (GAT) to detect sarcasm on social media, by analyzing user conversations 

and past tweets.  

Mou [48] introduced a model called rumor2vec and used a graph convolutional network to 

detect sarcastic rumors. Li [49] suggested an affection-enhanced graph attention network 

(ARGAT), which combines emotional and dependency features to better understand sarcasm. 

Lu [50] created a network that joins fact-sentiment conflicts with LSTM and SVM models. 

Another approach by Li [51] focused on using attention-based contextual knowledge for 

sarcasm detection, while Minaee [6] designed a hybrid system using CNN, LSTM, and deep 

neural networks. 

Unsupervised learning-based methods: No predefined labelled datasets are available for these 

techniques. Clustering is a widely used unsupervised classification technique. In the clustering 

algorithm, we divide a set of objects into clusters, grouping similar objects together and 

dissimilar ones into different clusters. Several techniques are given by the researcher for 

sarcasm detection based on unsupervised techniques.  

Lee and his team [52] used a clustering-based topic modeling method to identify sarcasm in 

text. Kumar and Sarin [53] worked with unsupervised learning and developed a fuzzy logic 

model that used word embedding techniques like GloVe and Word2Vec, along with a BiLSTM 

model, to detect sarcasm. Liang and his group [54] explored sarcasm detection using 

multimodal data by creating in-modal and cross-modal graphs, called InCrossMGs. Some 
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review papers [55], [56], [57] have also studied sarcasm detection using fuzzy logic, clustering 

analysis, and pattern recognition with ensemble models.  

In addition, several earlier studies have focused on multimodal sarcasm detection using well-

known datasets such as MUStARD and SemEval from the years 2015, 2016, and 2017 [58], 

[59]. Mittal et al. [60] introduced a type-2 fuzzy method with a clustering model for sarcasm 

detection. The multiscale visual kernel used to depict hate speech comments from sarcasm on 

social networks, produced by Chhabra and Vishwakarma [61].  

Meanwhile, these traditional ML models rely on hand-crafted features [46], [47], [48] and 

shallow linguistic representations [55], [56], [57]. However, they often fall short of capturing 

the complex, context-dependent nature of sarcasm cues. There are need for more robust feature 

engineering and adaptive learning techniques that can dynamically interpret subtle sentiment 

shifts and cultural nuances which help in sarcasm detection. 

2.1.2 Deep Learning and Transformer-based Methods for Sarcasm Detection  

Deep learning based methods enable classification methods to automatically learn complex and 

abstract data features and adaptability across diverse applications. Kalchbrenner et al. [62] and 

Shen et al. [63] introduced a convolutional architecture embedded with dynamic neural 

network (DCNN) with max-pooling and a self-attention model. Yang et al. [64] combined CNN 

designs for the task of sarcasm detection. Ghosh and Veale [5] provided a DNN with an LSTM 

design for sarcasm detection and sentiment analysis.  

Minaee et al. [6] introduced sarcasm using CNN and LSTM networks in collaboration with 

DNN. Sarcasm detection used graph neural networks (GNN) and graph-structured data 

provided by Wu et al. [7]. Mohan et al. [65] identified sarcastic tone in texts by integrating 

GCN and bidirectional encoder representations from transformers (BERT) as a BERT-GCN 

model. Yang et al. [66] provided XLNet with a BERT mechanism for detecting aggressive 

language patterns with sarcasm. Cai et al. [67] depicted the correlation between humour and 

sarcastic markers with subjective knowledge.  

He and his team [68] developed a sarcasm detection system using the BERT model, which 

helps understand the context of language more accurately. Tiwari et al. [69] proposed a 

technique that combines quantum fuzzy neural networks with BERT to detect both sentiment 

and sarcasm in social media posts. Helal and his group [70] used a RoBERTa-based model, 

which focuses on deeper context, to improve sarcasm detection. Palivela [71] introduced two 
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important features: one looks at the structure of text in a hierarchical way, and the other focuses 

on specific phrases that help to indicate sarcasm. Ilievski and his team [72] worked on 

identifying sarcastic meanings within different conversational settings. 

Ren et al. [73] used a CNN with BERT to get better outcomes for sarcasm detection. Tay et al. 

[74] utilized a word embedding attention-based neural model with semantic information. Akula 

and Garibay [75] suggested a model consisting of a multi-head attention mechanism to identify 

crucial cue terms from gated recurrent network. Kolchinski and Potts [76] utilized social 

network analysis using sentiment features and neural models. Zhang et al. [77] introduced a 

quantum interactive neural network with sentiments in conversational contexts. Vitman et al. 

[4] presented a model using a sentiment emotion-based BERT-CNN structure. Kumar et al. 

[78] depicted word-emoji-based techniques utilizing hybrid networks to detect sarcasm. 

Keivanlou-Shahrestanaki et al. [79] introduced the multi-head self-attention architecture 

framework of sarcasm detection. Du et al. [80] utilized a CNN BiLSTM-based framework to 

detect sarcasm.  

Despite the success of these transformer models in NLP tasks, their performance in sarcasm 

detection is impeded by challenges such as limited domain-specific annotated datasets [76], 

[77], [4] over-reliance on surface textual patterns [70], [71], and difficulties in capturing long-

range contextual dependencies [72], [73]. More focused pre-training and fine-tuning strategies 

specifically for sarcastic expressions are necessary in these proposed models. 

2.1.3 Multi-Modal based Sarcasm Detection 

Multimodal classification of sarcasm detection integrates multiple data types (e.g., text, 

images, audio, video) to improve sarcasm detection by leveraging complementary information. 

Multimodal sarcasm detection with sentiment has been given by Li et al. [81]. Schifanella et 

al. [82] developed written and visual traits for recognizing sarcasm and applied them to a 

multipurpose task learning. Xu et al. [83] developed a linked approach of multimodal odd 

words using connection networks and disintegration.  

In addition, Pan et al. [84] introduced a model built on a BERT that used the significance of 

cross-modality and in-modality characteristics. Kolhatkar et al. [85] has given various in-modal 

and cross-modal representations based on BERT. They identified phrases of disparity and 

incompatible effects across and within texts. Yue et al. [2] suggested a knowledge fusion-based 

transformer technique, i.e., the KnowleNet method for sarcasm detection. Qiao et al. [86] 

introduced a multi-enhanced incongruity method for sarcasm detection.  
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Pandey and Singh [3] conveyed transformer-based fusion of BERT and LSTM in code-mixed 

language based sarcasm analysation. Zhang et al. [87] showed BERT-based stance-level 

sarcasm detection using a gated attention transformer. Savini and Caragea [88] introduced 

transformer learning with the BERT technique in the sentences. Meng et al. [11] used BERT 

and CNN methods for the sarcasm detection task.  

Galal and his team [12] worked on sarcasm detection in Arabic by improving machine learning 

techniques to increase accuracy. Hassan et al. [13] explored sarcasm in Urdu by using a hybrid 

model that combines transformer-based methods for better understanding of the text. Alayba 

and his group [89] designed a model that merges LSTM and CNN to identify sarcasm in Arabic 

social media posts. Similar research has also been done in other languages like Indonesian [90] 

and Spanish [91], where supervised learning and deep learning models have been applied to 

recognize sarcasm in various online texts. 

Sarcasm in real-world interactions is frequently conveyed through a mix of modalities, 

including text, intonation, and pragmatic cues. However, effective fusion of these modalities 

remains a challenge, particularly when aligning disparate data types and accounting for 

modality-specific ambiguities [11], [12], [13]. Developing unified, multi-modal models and 

curated datasets is a promising yet underexplored research direction in sarcasm detection. 

2.1.4 Rule and Pattern-Based Methods for Sarcasm Detection 

In this class of sarcasm detection, the authors identify a collection of patterns. A rule-based 

method, primarily focused on the hyperbolic and syntactic features within the content for 

sarcasm detection. Gong et al. [8] found indicative words and characteristic language using 

rule based pattern which helped in the task of sarcasm detection. Tsur et al. [9] and Bharti et 

al. [10] introduced the incompatible emotional states inside statements as a key factor for 

sarcasm detection. Maynard and Greenwood [92] have used the emotional knowledge 

contained in labels for sarcasm detection.  

Chauhan et al. [93] initiated an emoji-aware multitask learning-based method for sarcasm 

detection. Hiremath and Patil [94] provided a negation-aware task with a language model for 

sarcasm detection. Ilić et al. [95] used an ensemble language model, i.e., ELMo, to identify 

sarcasm in text. Bharti et al. [96] specifically used the value of pattern-based characteristics for 

sarcastic statements recognition. Chen et al. [97] Introduced a Hadoop-based framework that 

collected real-time tweets to detect tonal and gestural clues in sarcastic statements.  
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Nevertheless, these methods offer interpretability and domain expertise, but they often lack 

flexibility [10] in the case for sarcasm detection. Static rules struggle to keep pace with the 

evolving nature of language [94] and diverse cultural contexts [92] that influence sarcastic 

expression. There is a gap in designing dynamic rule systems that can flexibly adapt to new 

linguistic trends and contextual variations [95], [96] in detecting sarcasm. 

2.1.5 Methods for Sarcasm Detection in Hindi Text 

Recent studies have started exploring code-mixed content on social media, especially in low-

resource languages like Hindi. However, there is still very little research focused entirely on 

texts written in pure Hindi. One of the earliest works in this area was by Desai and Dave [25], 

who developed a dataset of sarcastic Hindi sentences. They trained an SVM-based classifier 

using features like punctuation and polarity. Bharti and his team [26] later used a contextual 

part-of-speech tagging approach with a hidden markov model to decide if a tweet was sarcastic. 

They counted positive and negative keywords using a fixed list of Hindi words marked by 

sentiment values. 

Another model by Bharti et al. [98] used patterns in time-related information and 

inconsistencies in statements to predict sarcasm in Hindi tweets. Katyayan and colleagues [99] 

analyzed 1,000 Hindi posts from platforms like Facebook, Instagram, and Twitter. They used 

POS tagging and bag-of-words (BOW) methods to extract features, then applied machine 

learning models like naive bayes, SVM, and decision trees. However, their results lacked strong 

interpretation and reliability.  

In another work, Bharti’s team [10] proposed a parsing-based context technique (PBCT) to 

count positive and negative words in tweets, using a predefined Hindi lexicon. Later, the TANA 

model [100] was introduced using LSTM-SVM architecture for sarcasm detection, and Kumar 

and his team [78] applied a CNN-LSTM system for the same task. Bharti’s recent work [101] 

also introduced a context-based pattern (CBPSD) that used Hindi news articles as contextual 

references with a lexicon tool. In related multilingual studies, Bousmaha and colleagues [102] 

worked on sarcasm detection in Algerian using deep learning with the EasyOCR tool. While 

Marreddy et al. [103] developed a BERT-based approach for sarcasm analysis in language. A 

Ahmed et al. [104] used a revised lexicon model with embeddings to learn NLP patterns of 

satire contexts in Hindi text.  

Meanwhile, these methods include a scarcity of annotated corpora specially in Hindi. 

Additionally, linguistic complexities such as dialectal variations and extensive code-switching 
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with English text, make the capturing of culturally nuanced expressions difficult for Hindi 

sarcastic text. Focusing efforts on dataset creation and model adaptation for sarcasm detection 

in Hindi are essential measures need to solved. 

Following the discussion of the established techniques applied in sarcasm detection, the 

subsequent section explores approaches that are specifically tailored to different categories of 

sarcasm.  

2.2 Methods Based on Meaning Inversion Sarcasm  

This type of sarcasm includes the leaning of those sarcastic utterances, which include the 

semantic contrast between what is said and what is meant. This type of sarcasm categorization 

includes four subtypes, such as hyperbole, rhetorical devices, like-prefixed and dropped 

negation. Over the past decade, sarcasm detection has gained attention in the field of NLP and 

sentiment analysis. Researchers have explored linguistic cues such as hyperbole, dropped 

negation, and rhetorical questions are essential to identify sarcastic intent [93].  

Expressions starting with “like” have also been studied, as they often reflect subtle irony or 

mock praise in online conversations. These models typically rely on surface-level features and 

sentiment shifts to flag sarcastic content [94]. However, many fall short when sarcasm is deeply 

embedded in cultural or conversational context. They often overlook speaker intention, 

emotional tone, or the contrast between literal and intended meaning [95]. Such limitations 

affect performance, especially in detecting nuanced, multi-layered sarcasm across diverse 

platforms. Improving contextual understanding remains a key challenge for advancing sarcasm 

detection systems. 

2.3 Methods Based on Surface-Depth Sarcasm   

This type of sarcasm considered implicit and explicit kinds of sarcasm. This type of sarcasm 

usually help to get the inherent contextual features of the sarcastic text. Most of the studies 

have been conducted to detect sarcasm, but these studies still failed to give a correct 

classification at a better computational cost for implicit and explicit sarcasm.  

Explicit sarcasm [105] is shown through sentiment words of opposing polarities. For example, 

in the sentence “I love being scolded all the time,” in this sentence “love” is positive, and 

“scolded” is negative which give contradictions. Implicit sarcasm [106] is subtly conveyed 

through phrases with implied sentiment rather than opposing polar words. For example, in “I 

love waiting in line for hours, it’s the highlight of my day”, the only polar word is “love,” but 
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the phrase “waiting in line for hours” implies drift negative sentiment that contrasts with 

“love”.  

 

Fig. 2.1 shows the architectural framework for kinds of sarcasm in a conceptual way. From 

past studies, Barbieri et al. [107] highlighted the presence of sarcasm in Twitter comments with 

figurative language, with sentiment analysis. However, its drawback is that it relies heavily on 

rule-based features, limiting scalability and not distinguishing sarcasm from inherent intents. 

Ghosh et al. [108] introduced sarcasm magnets as a lexical resource to detect sarcasm using a 

neural network model with psychological context but lack to learn inherent intent of contexts. 

Bedi et al. [109] introduced sarcasm depiction differing from the humour context model MSH-

COMICS using attention neural utterance classification. Somewhat, it lacked generalizability 

beyond small experimental datasets. Majumder et al. [15] provided attention to a neural tensor 

network-based model for sentiment and sarcasm detection in sentences. But they neglect the 

presence of affective intonations in a sarcastic context. Meanwhile, high computational costs 

struggled with balancing modality contributions restricted to only tweets.  

Bouazizi et al. [96] introduced a pattern-based approach on Twitter that is sensitive to noisy or 

irrelevant input features. However, they neglect types, kinds, and indicators of sarcasm. 

Potamias et al. [110] showcased a hierarchical neural network RCNN-RoBERTa framework to 

handle sarcasm context. Moreover, noise in external commonsense data and challenges in 

cross-modal alignment remain unresolved in this method.  

Li et al. [51] emphasized the role of inconsistency and developed a sentiment-based approach 

to sarcasm detection in multimodal attention settings. Nevertheless, the issue of overfitting on 

Sarcasm kinds in terms of context incongruity 

Explicit sarcasm 

Implicit sarcasm 

Fig. 2.1 Classification of sarcasm kinds 



26 
 

small datasets due to the lack of generalized pre-trained models and the overlooked kinds of 

sarcasm with inherent intonations are some of its challenges.  

Rajadesingan et al. [29] introduced a multi-behavioral approach for sarcasm detection across 

social media like Twitter platforms, utilizing rule-based and pattern-based features. Meanwhile, 

it struggled with imbalanced datasets and the inability to fully capture sarcasm’s contextual 

dependencies. Gupta et al. [111] investigated how emotion context factor-based sarcasm 

detection using ANN. This method needs improvement in learning the implicit and explicit 

intent of expressions. Zhang & Liu [112] introduced a hybrid CNN model using quantum 

probability distribution with fuzzy logic membership to identify explicit sarcasm in tweets. 

Despite that, it lacked implicit tonal traits in sarcastic sentences and neglected sarcasm-

triggered indicators.  

Liu et al. [113] used cross-modal transformers for implicit sarcasm detection in multi-turn 

dialogues on Reddit. Regardless, this method required extensive computational resources are 

suffered from overfitting on small datasets, and avoid giving sarcasm nuances that posed a 

challenge. Chen et al. [114] combined BERT with a sarcasm-aware attention mechanism for 

better detection of both explicit and implicit sarcasm in social media data. Nonetheless, the 

existing method is unable to classify types of sarcasm with their indicators. Liang et al. [54] 

introduced a method for depicting implicit and explicit kinds of sarcasm nature with fewer 

intonation features. However, it neglected the various features of sarcasm with the presence of 

implicit intonations. 

2.4 Methods Based on Masked Intention Sarcasm  

In recent years, scholars have begun to investigate deeper emotional and stylistic elements in 

sarcasm, including offensiveness and callousness. Offensive sarcasm, often overlapping with 

toxic or abusive speech, has been studied in the context of online aggression and hate speech 

classification [115]. Such forms of sarcasm usually mask hostility behind humour or 

exaggeration, making detection difficult without cultural or pragmatic context.  

Callous sarcasm, marked by emotional detachment or insensitivity, which is less overt but can 

be damaging, especially when it targets vulnerable groups [116]. Another related phenomenon 

is the humblebrag, where individuals mix modesty with self-praise, often in a sarcastic tone. 

Though subtle, humblebragging carries ironic undertones and presents a challenge for systems 

relying only on surface-level sentiment features.  
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Oxymorons contradictory terms used for stylistic or ironic effect are also common in sarcastic 

and humorous expressions. While these linguistic devices add depth to language, they often 

confuse models not trained on semantic paradoxes. Humour, closely tied to sarcasm, has been 

studied using computational models that focus on incongruity, punchline structure, and context-

based embeddings. However, distinguishing light-hearted humour from sarcastic or biting 

commentary remains a major limitation in current scenarios. These challenges suggest that 

sarcasm detection requires more than just lexical or syntactic features; and it demands deeper 

understanding of tone, intent, and social nuance. 

2.5 Mathematical Optimization Techniques used for Sarcasm 
Detection  

Mathematical optimization refers to the process of finding the best solution (maximum or 

minimum) to a problem within a defined set of constraints. The goal is to determine the optimal 

value for decision variables that satisfy constraints while optimizing a given objective function. 

In this section, we present the use of mathematical optimization techniques to detect sarcasm 

and its inherent intonation features using different kinds of optimization techniques. Based on 

evaluating the optimal value of the optimization, the task of sarcasm detection is performed.  

Certainly, we dealt with linear optimization and non-linear optimization techniques. Linear 

optimization (also known as constrained optimization) involves maximizing an objective 

function while considering a set of constraints subject to them. In this optimization, the 

objective function is either minimized or maximized. As opposed to moderate constraints, it 

includes certain factors that are penalized by the target function. The constraints are applied to 

specific decision variables. Whereas non-linear optimization is a method of optimizing 

(maximizing or minimizing) a non-linear objective function. The objective function is 

accompanied by constraints where either the objective function, the constraints, or both are 

nonlinear [117].  

The following are the optimization techniques and distributions used in the proposed methods 

formulation for sarcasm detection. 

The first one is the Chinese remainder theorem (CRT), which describes the criteria that must 

be met for several equations to generate a contemporaneous integer solution [118]. CRT has 

been used in various studies, including Li et al. [163], who’s provided the method for CRT 

using two integer residue sets where the remainders have some errors. Lu et al. [120] suggested 
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the use of CRT with fog computing-enhanced internet of things (IOT) applications, giving a 

lightweight privacy-preserving data aggregation (LPDA) model. Xiao et al. [121] depicted the 

collaborative presence of CRT in the geometry property of linear space, giving pseudometrics 

as a uniform framework. Li et al. [122] provided the vector-based robust framework of CRT 

(Vec-CRT) with maximum likelihood estimation as MLE-CRT for measuring the distance of 

radio interferometric.  

In mathematical optimization, the Kuhn-Munkres algorithm, commonly referred to as the 

Hungarian method, is employed to deal with allocation issues [123]. It utilized the best 

allotment from a cost matrix while maximizing the overall profit of a given objective function. 

The given problem involved finding the optimal assignment of agents with tasks while 

minimizing the total cost or maximizing the total profit. Fei et al. [124] provided the aspect-

based sentiment triplet extraction framework underlying the Hungarian problem with a non-

auto-regressive decoding algorithm.  

Liu et al. [125] introduced the berth allocation and quay crane assignment problem (QCAP) 

with minimizing the negative deviation objective function. It provides the behavior perception-

based disruption (BAP) analysis. Zeng et al. [126] introduced the EmotionCues, a visual 

analytics system to analyse classroom videos from an emotion perspective with an assignment 

problem mechanism. Another one is the Box-Cox transformation [171], which is a collection 

of statistical alterations used to reduce variability and bring a dataset closer to a typical 

distribution. When tackling irregularities and non-constant variance in predictive modelling, it 

is helpful.  

Silveira et al. [127] introduced the topic modelling using an autoencoder with Gumbel SoftMax 

and logistic normal distributions. Huijben et al. [128] explained a review of Gumble max and 

discrete stochasticity distributions in patterns of contexts. Lin et al. [129] detailed topic 

modelling evaluation using the NLP model and Gumbel distribution for short text. Zheng et al. 

[130] highlighted the hierarchical Gumbel attention network model’s working using an 

optimization heuristic model in a text-based system. 

Mardešić et al. [131] introduced the phenomenon of zeta functions of orbit-based parabolic 

distribution utilizing a linear optimization technique. Shah et al. [132] suggested the 

comparative analysis of logistic regression with random forest and KNN model distribution for 

text classification. Xu et al. [133] introduced a BERT-based NLP model for modelling a basic 
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warranty data study with logistic distribution. Hidayat et al. [134] provided insights into the 

sentiment analysis of Twitter using doc2vec, logistic distribution, and an SVM model.  

Akgül et al. [135] detailed the distribution of Weibull for modelling wind speed data. Abdullah 

et al. [136] focused on the new version of the weighted Weibull distribution in the modeling of 

COVID-19 textual data. Rajpathak et al. [137] presented the data ontology-driven text mining 

reliability model, sentiment evaluation. Uglanov et al. [138] explained the framework for the 

identification of lifecycle issues with reliability analysis. Cao et al. [139] examined the 

augmented Lagrange point approach with NLP problems on the graphics unit.  

The Zipf-Mandelbrot distribution technique has been used in various existing state-of-the-art 

methods, which are subsequently elaborated as follows. Linders et al. [140] explored the Zipf’s 

distribution phenomenon in spoken dialog linguistic units and parametric effects. Sridevi et al. 

[141] described a robust modification of Zipf’s law for text analysis using a linear regression 

technique. Linders et al. [142] investigated the human sentiment evaluation phenomenon using 

Zipf’s mechanism. Oliveira et al. [143] analyzed Zipf’s law using graph theory operations with 

a non-linear optimization model.  

On the other hand, the Gauss-Kuzmin distribution [144] a discrete probability distribution used 

to characterize the likelihood of the resulting number in data. The Gauss-Kuzmin distribution 

technique has been implemented by Siddiqui et al. [145] who demonstrated the detection and 

classification of lung cancer using an improved novel deep belief network. Kuzmin et al. [146] 

discussed the low spatial coherence evaluation using the NLP model. 

2.6 Research Gaps 

In this section, based on the above existing state-of-the-art methods, we laid out the final 

drawbacks and challenges posed by the mentioned methodologies. 

• Traditional ML methods [1], [61] heavily rely on hand-crafted features that often fail to 

capture sarcasm’s complex context and inherent linguistic nuances. 

• Although transformer-based approaches [66], [67] are effective in many NLP tasks, but 

they tend to overlook latent intonation signals and focus on superficial textual patterns. 

• Meanwhile, multimodal [86], [3] approaches struggled with fusing heterogeneous signals 

(text, intent, gestural cues) and rarely integrate mathematical optimization models to fine-

tune and align these modalities effectively. 
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• Typically, rule and pattern-based methods are too rigid and unable to adapt dynamically to 

the evolving nature [96] and the inherent features of sarcastic expressions [95], [97]. 

• Whilst methods in the case of sarcasm detection in Hindi encounter unique challenges due 

to limited annotated datasets [147], dialect variations [148], code-switching [100], and 

insufficient modelling of sarcasm’s intrinsic cues [78]. 

• Additionally, most of the mathematical optimization methods are underexplored within 

NLP frameworks. Employing these methods could help in capturing intention signals and 

the inherent features of sarcasm more effectively. 

2.7 Research Objectives   

After understanding the given drawbacks and challenges, we formulated certain objectives for 

sarcasm detection, which are to be tackled by this thesis.  

• To detect sarcasm types in terms of polarity, as implicit and explicit sarcasm. 

• To propose an optimization-based method for the sarcastic classification of English text 

with the presence of hyperboles and other figurative features. 

• To detect the presence of types of sarcasm in English text and differentiate between them 

using optimization methods. 

• To detect sarcasm using an optimization-based method in Hindi text. 

2.8 Datasets 

Datasets play a crucial role in sarcasm detection, as they provide the foundation for validating 

machine learning models to understand and recognize sarcasm across various contexts. Fig. 

2.1 shows the basic datasets used for sarcasm detection by past studies. The textual datasets are 

categorized in this thesis as resource-abundant and resource-constrained, respectively. 

 

 

 

 

 

 

Textual datasets  

Resource-constrained  Resource abundant  

• Twitter 
• E-commerce comments  
• Social media comments  
• SARC 

• Conversational sentences 
• Regional languages such as 

Hindi, Urdu, Bengali 

Fig. 2.2 Varied datasets used for sarcasm detection in text 
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In this thesis, we have undertaken certain benchmark datasets to implement the proposed 

methodologies. Table 2.1 shows the statistics of defined datasets used for sarcasm detection by 

the proposed methods.  

Table 2.1  Statistical variations of datasets 

S. No.  Datasets Renamed as Total number of sentences 

1. Self-Annotated Reddit Corpus (SARC) 

[149] 

Dataset-1 12,257 

2. Reddit comments [150] Dataset-2  7,895 

3. Semeval 2018 task [151] Dataset-3  11,025 

4. News Headlines [152] Dataset-4  12,506 

 

Several benchmark datasets have been developed to facilitate sarcasm detection research. 

These datasets provide labelled examples of sarcastic and non-sarcastic statements, helping to 

evaluate machine learning models. Below is a detailed elaboration of the key datasets used for 

sarcasm detection tasks: 

• Dataset-1 [149]: The SARC is one of the most widely used datasets for sarcasm detection. 

It consisted of Reddit comments where users have explicitly labelled their comments as 

sarcastic or non-sarcastic. This dataset is particularly valuable as it captures naturally 

occurring sarcasm in real-world conversations. It is a large-scale dataset containing 

millions of comments with conversational context and metadata such as subreddit 

categories, timestamps, and user interactions. However, one of the challenges is its reliance 

on explicit user annotations, which may not always be accurate. Some comments labelled 

as sarcastic might be ambiguous or require external knowledge to interpret correctly. 

• Dataset-2 [150]: The Reddit comments dataset is another widely used resource extracted 

from various subreddits. Unlike SARC, this dataset may include sarcasm labels obtained 

through different annotation techniques, such as crowdsourcing or automated heuristics. It 

provided a diverse set of sarcastic and non-sarcastic comments useful for supervised and 

unsupervised sarcasm detection. Since, it contained thread-based conversations, it offered 

a rich context for sarcasm interpretation. 

• Dataset-3 [151]: The SemEval-2018 task 3 dataset is designed for sarcasm detection in 

English tweets. This dataset is part of a shared task where researchers worked on 

distinguishing sarcastic and non-sarcastic statements. It has been divided into two subtasks: 

binary classification (sarcasm vs. non-sarcasm) and detecting different types of sarcasm, 
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such as verbal and situational sarcasm. The dataset consisted of manually labelled tweets, 

ensuring high-quality annotations. It also captured diverse expressions of sarcasm found on 

social media. However, the informal nature of tweets and the frequent use of hashtags, 

abbreviations, and slang make sarcasm detection in this dataset particularly difficult. 

• Dataset-4 [152]: The News headlines dataset is composed of sarcastic and non-sarcastic 

news headlines collected from the Orabley dataset. The dataset is useful for studying 

sarcasm in news media, where sarcasm is often subtle and relies on exaggeration. It 

provided a straightforward method to sarcasm detection by analysing textual cues in 

headlines.  

While some datasets focused on social media platforms (e.g., Twitter, Reddit), others analyze 

sarcasm in news articles and longer texts. The inclusion of contextual information, annotation 

methods, and linguistic diversity is a critical factor in selecting the appropriate dataset for 

specific sarcasm detection tasks. 

2.9 Summary  

This chapter has provided a comprehensive literature review on sarcasm detection and 

optimization techniques, covering various methods used in previous studies. We explored 

traditional machine learning methods, deep learning techniques, transformer-based 

architectures, and rule-based methods for sarcasm detection. Each technique has demonstrated 

effectiveness in different contexts, as machine learning models excel in feature-based 

classification, deep learning methods leverage contextual learning, transformers capture 

intricate patterns, and rule-based systems offer interpretability. However, each method has 

limitations, such as feature dependency, data-intensive requirements, computational 

complexity, and rigid rule sets in defined approaches. The advantages and shortcomings of 

these techniques have helped shape the contributions and identifying gaps for improvement. 

In addition to sarcasm detection methods, this chapter also delved into optimization techniques 

used to enhance model performance. Additionally, we determined different types of sarcasm, 

including verbal, situational, and textual intonation signals in sarcasm detection. Analysing 

past research and existing techniques, in this chapter, we establish a strong foundation for the 

research objectives of this thesis. The next chapter will focus on the proposed methodology, 

detailing the method adopted in this research to enhance sarcasm detection performance while 

overcoming the limitations observed in existing works.
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Chapter 3 

Statistical Distributions and Analytical 
Transformation-Based Methods for Sarcasm 

Detection in English Text 

Building upon the findings discussed in Chapter 2, which reviewed a wide range of existing 

models for sarcasm detection, this chapter introduces novel methodologies using optimization 

techniques grounded in statistical theory. While past studies has made significant progress in 

detecting sarcasm using machine learning and deep learning models, but many of them struggle 

with interpretability, computational efficiency, and performance across varied datasets and 

languages. To address these challenges, we propose the use of mathematical optimizations 

combined with advanced probability distributions as a new direction in sarcasm detection. 

This chapter presents four new models that incorporate specific statistical distributions and 

transformations namely, the Bessel function, Box-Cox transformation, Cauchy distribution, 

and a Logistic-Weibull distribution as objective functions in optimization frameworks. Each 

model is designed to extract and optimize features such as sentiment shifts, contextual patterns, 

and syntactic cues that are associated with sarcasm in textual data. These methods not only 

enhance accuracy but also provide mathematical justification for the detection process. In 

addition, statistical validation and comparative analysis are conducted using standard 

benchmark datasets. 

The sections in this chapter are structured as follows. Section 3.1 provides a brief introduction 

to sarcasm detection and the role of optimization techniques in enhancing its accuracy and 

efficiency. Sections 3.2 to 3.5 describe each of the four proposed methodologies. Section 3.2 

discusses the use of the Bessel function for modelling sentiment based sarcasm shifts. Section 

3.3 focuses on the Box-Cox transformation to normalize and optimize skewed text feature 

distributions for sarcasm detection. Section 3.4 explores the application of the Cauchy 

distribution in capturing extreme sentiment fluctuations, which are key indicators of sarcasm 

depiction. Section 3.5 integrates the Logistic and Weibull distributions that accounts for both 

growth and decay patterns in textual emotion analysis of sarcastic cues. Section 3.6 evaluates 

the performance of each proposed methods using various datasets, presenting accuracy, 
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precision, recall, F1-score, and ROC-AUC values. It also includes a comparative study and 

statistical tests such as z-test, Kolmogorov Smirnov, Mann Whitney U test and Kruskal-Wallis 

H test to validate model performance. Section 3.7 highlights the practical challenges and 

limitations of the proposed models, including computational time complexity, scalability across 

datasets, and adaptability to code-mixed or low-resource languages. Section 3.8 concludes the 

chapter with a summary of the key contributions and outlines potential directions for future 

research, including the integration of these optimization-based models with neural 

architectures and sarcasm analysis. 

 

3.1 Introduction  

The previous chapter reviewed various techniques developed for sarcasm detection, including 

machine learning, deep learning, and transformer-based models. While these approaches have 

shown good results, many still struggle with subtle expressions and contextual ambiguity. The 

existing methods [153], [2] have not shown the signals of sarcasm using mathematical 

optimization in their methodologies. To address these challenges, we employ mathematical 

optimization techniques in this chapter as novel methods for sarcasm detection in English text.  

Formulating sarcasm detection as mathematical optimization technique enables optimal 

calculation, leading to the robustness of the proposed methods. Optimization techniques handle 

large datasets and adapt to different languages or contexts without creating problems. 

Additionally, using different distribution functions in optimization help capture various aspects 

of sarcasm with effective indicators (discussed in Chapter 5). Using maximized or minimized 

distributions as an objective function offers unique insights into the problem for sarcasm 

detection. Integrating optimization techniques help refine feasible scores with optimal 

solutions, leading to more accurate sarcasm detection. In this chapter, we have discussed five 

approaches for sarcasm detection in English text using various optimization techniques.  

• Proposed Method 1: Sarcasm detection using optimised balanced Hungarian technique 

based on Rényi entropy Bessel mechanism (SOBH-REB), discussed in section 3.2. 

• Proposed Method 2: Sarcasm detection using unconstrained optimisation problem based 

on Box-Cox Rényi entropy transformation (SDO-BCRT), discussed in section 3.3. 

• Proposed Method 3: Sarcasm detection using semantical Cauchy distribution Shannon 

optimization technique (SD-SCOT), discussed in section 3.4. 
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• Proposed Methods 4 and 5: Two combined models of sarcasm detection using Logistic 

and Weibull distribution-based optimization techniques. These methodologies are 

discussed in section 3.5.  

The proposed methods discussed above are followed by defined steps for sarcasm detection. It 

is categorized into two distinct phases as follows. 

3.1.1 Fundamental steps  

The proposed methods use sentiment detection as the foundation for sarcasm detection. To 

detect, if a sentence is sarcastic or not, we analyse the sentiment behind the sentence as well as 

its literal interpretation. The conflict help us to detect the sarcasm in the text. The fundamental 

step of sentiment evaluation is given in the subsequent subsection 3.1.1.1.  

3.1.1.1 Sentiment evaluation 

In the initial step, we calculate the optimal sentiment value using certain NLP methods. We use 

TextBlob, SentiWordNet, Flair sentiment, and a valence-aware dictionary for sentiment 

reasoning (VADER) are used to evaluate the optimal sentiment score. These NLP lexicon 

methods determine the sentiment of context using a given pre-trained process. The detailed 

algorithms 3.1, 3.2, 3.3, and 3.4 are demonstrated as follows.  

ALGORITHM 3.1: Calculate text polarity using VADER Sentiment 

Input: Input sentence X, VADER sentiment analyzer lexicon 

Output: positive (𝑉!"#), negative (𝑉$%&), and compound (𝑉'"(!) scores 

1. Import  →	VADER sentiment analyzer  

2. Initialize analyser = SentimentIntensityAnalyzer() and 𝑉!"# = 𝑉$%& = 0 

3. Get sentiment scores: score = analyser.polarity_scores (𝑋) 

4. If score	≥ 0.05: “The text is Positive” 𝑉!"# = 𝑠𝑐𝑜𝑟𝑒 

5. If score ≤ −0.05: “The text is Negative” 𝑉$%& = 𝑠𝑐𝑜𝑟𝑒 

6. Calculate_frame_of_reference_score: 𝑉'"(! =
;

√;.J∝
 where 𝑥 is the sum of the 

valence square of words and ∝ is a normalization constant 0.66 

7. End  

 

 

 



36 
 

ALGORITHM 3.2: Calculate text polarity using SentiWordNet 

Input: input sentence X, SentiWordNet lexicon 

Output: positive (𝑆!"#) and negative (𝑆$%&) senti scores  

1. Initialize 𝑆!"# = 𝑆$%& = 0 

2. Let 𝑊 = {	𝑤-, 𝑤1, 𝑤<, … , 𝑤_	} where 𝑤[ represents the 𝑖b_  1 ≤ 𝑖 ≤ 𝑘	 word in the 

sentence input. 

3. If 𝑤[ ∈ 	𝑆𝑒𝑛𝑡𝑖𝑊𝑜𝑟𝑑𝑁𝑒𝑡 then 
:	!"#[b[>%	#%$b[(%$b	>:*)%	",	d9

e
= 𝑆!"# “positive sentiment.”  

and  $%&:b[>%	#%$b[(%$b	>:*)%	",	d9
e

= 𝑆$%& “negative sentiment.” 

Where k is the total number of words in sentence X 

4. End  

 

ALGORITHM 3.3: Calculate text polarity using TextBlob 

Input: input sentence X, TextBlob lexicon 

Output: positive (𝑇!"#), negative (𝑇$%&), polarity (𝑇!"*), and subjectivity (𝑇#)+) scores 

1. Import  →	TextBlob 

2. Compute sentiment polarity: sentiment = TextBlob (𝑋).sentiment.polarity 

Compute sentiment subjectivity: sentiment = TextBlob (𝑋).sentiment. subjectivity 

3. sentiment	∈ [−1,1] → 	𝑇!"* and sentiment ∈ [−1,1] →	𝑇#)+ 

4. Initialize scores: 𝑇!"# = 0 and 𝑇$%& = 0 

5. Assign scores based on polarity:  

6. If sentiment < 0:	Return “Negative” →	𝑇$%& 

Else “Positive” →	𝑇!"# 

7. End  
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ALGORITHM 3.4: Calculate text polarity using the Flair sentiment model 

Input: input sentence X, Flair sentiment lexicon model 

Output: positive (𝐹!"#), negative (𝐹$%&) sentiment scores 

1. Initialize flair NLP sentiment model: "Flair/english-sentiment."

2. Function get_sentiment_scores (𝑋)

3. Initialize scores: 𝐹!"# = 0 and 𝐹$%& = 0

4. Extract sentiment label and confidence score:

If sentiment_result.label = “positive,” assign a confidence score to 𝐹!"#

If sentiment_result.label = “negative,” assign a confidence score to 𝐹%$&

5. Sentiment scores: {𝐹!"#, 𝐹$%&}

6. End

3.1.1.2 Key phrase extraction technique 

In the second step, we focus on finding the most significant signs of sarcasm through keyword 

extraction methods. The first method used is yet another keyword extractor (YAKE), which 

works without training data. It looks at features such as how often a word appears, its position 

in the text, and how it occurs with other words. Each keyword is then given a score, where 

lower values point to higher importance, and the results are listed as keyword score pairs. 

The second method is rapid automatic keyword extraction (RAKE), a rule-based approach. It 

breaks the text into possible keywords by removing stop words and punctuation, then scores 

them using frequency and co-occurrence patterns. In this case, higher scores highlight more 

important keywords, which are also presented as keyword score pairs. 

In the following section, we provide details of the proposed methods for sarcasm detection 

using different optimization techniques.  

3.2 Proposed Method 1: Sarcasm Detection based on Bessel 
Function 

In this section, we discuss the proposed (SOBH-REB) method for sarcasm detection using an 

optimization technique containing the Bessel function.  

The process of SOBH-REB is structured into three core steps, each elaborated in detail 

below. 
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Step 1: Sentiment Evaluation and Sentence Score Calculation 

For the initial step, we utilize TextBlob and SentiWordNet (SWN) to compute the polarity 

score (𝑇𝑝𝑜𝑙), subjectivity score (𝑇𝑠𝑢𝑏), and sentiment score (𝑆𝑝𝑜𝑠) using algorithms 3.3 and 

3.2. Then, the optimal sentiment value (𝜙1) is calculated based on the average sum of 𝑇𝑝𝑜𝑙, 

𝑇𝑠𝑢𝑏, and 𝑆𝑝𝑜𝑠 shown in Eqn. (3.1). The 𝜙1 is used as the optimal value for determining the 

overall sentiment.  

                                                         𝜙1 =
𝑇𝑝𝑜𝑠+𝑇𝑛𝑒𝑔+𝑆𝑝𝑜𝑠

3
                                                      (3.1) 

Step 2: SCM Matrix Generation 

In the second step, we generate a third-order square matrix, i.e., sentiment context matrix 

(SCM) from 𝑇𝑝𝑜𝑙, 𝑇𝑠𝑢𝑏, and 𝑆𝑝𝑜𝑠. We employ these scores in the formation of SCM. The 

SCM matrix is formed by adding each term with its index term, as shown in Eqn. (3.2). Fig. 

3.1 shows the overall framework of SOBH-REB for sarcasm detection. 
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Fig. 3.1  Flowchart of the proposed method SOBH-REB for sarcasm detection 
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SCM =

⎣
⎢
⎢
⎢
⎡
↓→ 𝑇!"# 𝑇$%& 𝑆!"#
𝑇!"# 𝑇!"# + 𝑇!"# 𝑇!"# + 𝑇$%& 𝑇!"# + 𝑆!"#
𝑇$%& 𝑇$%& + 𝑇!"# 𝑇$%& + 𝑇$%& 𝑇$%& + 𝑆!"#
𝑆!"# 𝑆!"# + 𝑇!"# 𝑆!"# + 𝑇$%& 𝑆!"# + 𝑆!"#⎦

⎥
⎥
⎥
⎤

(3.2) 

The SCM matrix has been generated using the balanced Hungarian method, resulting in a 

composite individual sentence score (𝐼𝑆𝑆-). The procedure is shown in Algorithm 3.5. 

ALGORITHM 3.5: Calculate CSS using the Balanced Hungarian Method 

Input: SCM of a sentence, 𝑿 = {𝒙𝟏, 𝒙𝟐,…, 𝒙𝒉} total number of sentences in the dataset. 

Output: composite individual sentence score (𝑰𝑺𝑺𝟏) 

1. For each sentence, 𝑿 performs steps from steps 1 to 4.

2. Perform linear sum assignment using the balanced Hungarian method:

3. Cost matrix [row_indices, col_indices] = linear_sum_assignment(sentiment_cost_matrix)

4. Calculate the composite sentiment score:  𝑰𝑺𝑺𝟏 = Cost matrix.sum()

5. End

Step 3: Sarcasm detection 

In the third step, we detect the presence of sarcasm by formulating a combinatorial non-linear 

optimization problem with the Bessel function as a minimized objective function. The objective 

function is subject to 𝐼𝑆𝑆- (derived in Step 2) and 𝜙- (derived in Step 1) of the sentence. The 

main task of the given optimisation problem is to calculate the optimal sarcasm value of the 

minimised objective function. The Bessel function chosen as an objective function helps to 

learn the inhibiting traits of a sentence. It makes the algorithm computationally efficient. The 

defined optimisation problem is formulated in Eqn. (3.3). 

𝜓- = 𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒	 ∑ (V-)9

[!([Jh-)!
[i(
[i- ijff-

1
j
1[Jh-

Subject	to, 𝐼𝑆𝑆- 	≥ 0	𝑎𝑛𝑑	𝜙- ≥ 0	
r (3.3) 

The optimal value obtained from Eqn. (3.3) is the optimal sarcasm value (𝜓-). The value of 𝜓- 

is then compared with the defined sarcasm detection threshold value (𝜏-). The value of 𝜏- is 

calculated as 2 using Renyi entropy. The Renyi entropy is an essential hyperparameter utilized 

to calculate the 𝜏-, as shown in Eqn. (3.4). 
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                                           𝜏- =
-
-Vb

log u∑ i𝑃w𝜓-[xj
b

[ y                                                (3.4) 

Here, 𝑡 = 0.44, 𝑃w𝜓-[x taken as the probability of 𝛼 taking on the value 𝜓-[, whereas 1 ≤ 𝑖 ≤

𝑚 is the total number of sentences in the dataset. The calculated value of 𝜏- set as 2 is shown 

in Table 3.1. 

Table 3.1 Computation of threshold value for sarcasm (𝜏-) 

Parameter  Values  

Threshold value for 

sarcasm detection (𝜏&) 
(Dataset-1 [149]): 	𝜏& 	=

&
&'(.**

𝑙𝑜𝑔(17.633) = 2.224 ≈ 2 

(Dataset-2 [150]):  𝜏& = &
&'(.**

𝑙𝑜𝑔(9.328) = 1.784 ≈ 2 

(Dataset-3 [151]):  𝜏& =
&

&'(.**
𝑙𝑜𝑔(13.664) = 2.027 ≈ 2 

 

In comparing the value of 𝜓- and  𝜏-, we decided whether the sentence is sarcastic or not. If 

𝜓- is less than or equal to 𝜏-, the sentence is tagged as “sarcastic”; or else, it is tagged as “non-

sarcastic.” Algorithm 3.6 defines the procedure of sarcasm detection using the proposed 

(SOBH-REB) model. 

ALGORITHM 3.6: Sarcasm Detection using Proposed Method-SOBH-REB 

Input: 𝑿 = {𝒙𝟏, 𝒙𝟐,…	, 𝒙𝒉} total number of sentences in the dataset, 𝑰𝑺𝑺𝟏 and 𝝓𝟏 

Output: optimal sarcasm value (𝝍𝟏) 

 

1. For each sentence, 𝑿 performs steps from steps 1 to 5. 

2. Generate the optimisation problem using Bessel function: 𝝍𝟏 = Minimise 

∑ (V𝟏)𝒊

𝒊!(𝒊J𝝓𝟏)!
𝒊i𝒎
𝒊i𝟏 i𝑰𝑺𝑺𝟏

𝟐
j
𝟐𝒊J𝝓𝟏

and Subject to, 𝑰𝑺𝑺𝟏 ≥ 𝟎 and 𝝓𝟏 ≥ 𝟎 

3. Print the output → “optimal sarcasm value (𝝍𝟏)” 

4. Based on a comparison between 𝝍𝟏 and 𝝉𝟏: 

5. If 𝝍𝟏 ≤	𝝉𝟏 	→ “sarcastic” 

Else “non-sarcastic” 

6. End  

 

3.2.1 Numerical Illustration of the Proposed Method: SOBH-REB 

Let us consider the following raw sentences from our datasets to demonstrate the 

implementation of the proposed model. 
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S1: “I mean, if you guys still don't understand what you did to him, then I don’t think 

you'll ever get it.” 

S2: “I’m glad this pretentious piece of shitt didn’t do as planned by the Dodge stratus Big 

Shots... It’s gonna help movie makers who aren’t in the very restrained “movie business” 

of Québec…” 

S3: “When you see a relative who spotted you with your gf the other day. Praise by my 

parents DUDE.”  

 

In step 1, of SOBH-REB, we get the 𝜙-, In step 2, we generate the SCM matrix to get individual 

sentence scores using Algorithms 3.2, 3.3, and 3.5, respectively. Tables 3.2, 3.3, and 3.4 show 

the computation of 𝜙-, SCM, and 𝐼𝑆𝑆-. In step 3, we perform sarcasm detection using 

Algorithm 3.6. Table 3.5 shows the computation strategy for detecting sarcasm using the 

proposed (SOBH-REB) method.   

Table 3.2 Numeric values of optimal sentiment score (𝜙-) 

Sentences  𝑻𝒑𝒐𝒍  𝑻𝒔𝒖𝒃  𝑺𝒑𝒐𝒔  𝝓𝟏  

S1 0.3125 0.6875 0.125 0.375 

S2 0.1 0.525 0.375 0.333 

S3 0.125 0.375 0 0.166 

 

Table 3.3 Numeric values of sentiment context matrix (SCM) 

Sentences  𝑻𝒑𝒐𝒍  𝑻𝒔𝒖𝒃  𝑺𝒑𝒐𝒔  SCM  

S1 0.3125 0.6875 0.125 

B

↓→ 𝑃𝑆& 𝑆𝑆& 𝑍𝑆&
𝑃𝑆& 0.625 0.375 0.187
𝑆𝑆& 0.375 1.375 0.812
𝑍𝑆& 0.187 0.812 0.250

I  

S2 0.1 0.525 0.375 

B

↓→ 𝑃𝑆3 𝑆𝑆3 𝑍𝑆3
𝑃𝑆3 0.2 0.625 0.475
𝑆𝑆3 0.625 1.05 0.9
𝑍𝑆3 0.475 0.9 0.75

I  

S3 0.125 0.375 0 

B

↓→ 𝑃𝑆4 𝑆𝑆4 𝑍𝑆4
𝑃𝑆4 0.25 0.5 0.125
𝑆𝑆4 0.5 0.75 0.375
𝑍𝑆4 0.125 0.375 0

I  
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Based on the analysis of Algorithm 3.6 we deduced that S1 is tagged as “non-sarcasm” having 

𝜓- > 𝜏- while S2 and S3 are tagged as “sarcasm,” having 𝜓- ≤ 𝜏-.  

Table 3.4 Numeric values of composite sentiment score (𝐼𝑆𝑆-) 

Sentences  Applying the Balanced Hungarian method to get 𝑰𝑺𝑺𝟏 

S1 5  

S2 2  

S3 0.5  

 

Table 3.5 Numeric values of optimal sarcasm score (𝜓-) 

Sentences  𝝓𝟏  𝑰𝑺𝑺𝟏   𝝍𝟏 Tag  

S1 0.375 5  2.239  Non-Sarcasm  

S2 0.333 2  1.279  Sarcasm  

S3 0.166 0.5  1.0634   Sarcasm  

 

3.3 Proposed Method 2: Sarcasm Detection Based on Box-Cox 
Transformation  

In this section, we discuss the proposed method, namely SDO-BCRT, using a Box-Cox 

transformation system.  

Step 1: Sentiment Evaluation and Sentence Score Calculation 

In the first step, we utilize SWN to obtain 𝑆!"# and 𝑆$%& senti scores using Algorithm 3.2. 

Apply the Cauchy distribution function to maximize and derive the global optimal solution for 

sentiment analysis.  

The given optimization problem aims to obtain the sentence’s optimal sentiment score, as 

shown in Eqn. (3.5). 

                       

𝜙1 = 𝑀𝑎𝑥𝑖𝑚𝑖𝑠𝑒	 -

q\r-Js
QR'(*SR:8;T

.

U tu

𝑆𝑢𝑏𝑗𝑒𝑐𝑡	𝑡𝑜, w𝑆!"#, 𝑆$%&x ≥ 0	𝑎𝑛𝑑	𝑟 = vf'(*Jf:8;w
1

≥ 0	⎭
⎪
⎬

⎪
⎫

                             (3.5) 

The sentiment analysis has been done on the basis of the final calculated optimal sentiment 

score of a sentence, denoted as 𝜙1. Whether the sentence is positive or negative, sentiment is 
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deduced based on 𝜙1 and sentiment threshold value (𝜆1). The 𝜆1 is calculated using the Pearson 

correlation coefficient paradigm. Eqn. (3.6) gave the formula for the 𝜆1 value as 0.8.  

                         𝜆1 = 𝜙1(%:$ ×
∑xf'(*9Vf'(*V8W:x	xf:8;9Vf:8;V8W:

x

y∑zf'(*9Vf'(*V8W:{
.
∑zf:8;9Vf:8;V8W:

{
.                         (3.6) 

The S234P and S$%&P are the individual positive and negative sentiment scores, respectively. The 

S2345678 and S8695678 are the mean values of the positive and negative sentiment scores. 

𝜙1(%:$ denoted the average of the optimal sentiment scores. The 𝜆1 is obtained as 0.8, as 

shown in Table 3.6. Fig. 3.2 represents an architectural overview of SDO-BCRT for sarcasm 

detection using mathematical optimization techniques.  
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Fig. 3.2  Schematic diagram of SDO-BCRT for sarcasm detection 
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The 𝜆1 is then compared with 𝜙1 of the sentence, which helps to determine whether the 

sentence is a positive or negative sentiment. The decision criteria are to be established, which 

implies that if 𝜙1 > 𝜆1, the sentence is tagged as “positive sentiment”; otherwise, it is tagged 

as “negative sentiment”. Algorithm 3.7 defines the procedure of sentiment analysis based on 

the defined unconstrained optimisation problem using the Cauchy distribution as the objective 

function. 

Table 3.6 Threshold computation for sentiment evaluation using PCC 

Parameters Values 

Sentiment 

threshold value 

(𝝀𝟐) 

Dataset-1 [149]: 𝜆3 = 1.378 × 56(.46
√&*84.9*×&4*5.;;

= 0.8261 ≈ 0.8 

Dataset-2 [150]: 𝜆3 = 0.9005 × &(583.4
√&(583.4×&*9(5.;8

= 0.7976 ≈ 0.8 

Dataset-3 [151]: 𝜆3 = 1.156 × 55*.58
√&9&*.9;×&486.;8

= 0.8362 ≈ 0.8 

 

ALGORITHM 3.7: Sentiment Evaluation using Cauchy Distribution in SDO-BCRT 

Method 

Input: X − set of sentences, SWN ∈ SentiWordNet lexicon model 

Output: positive and negative sentiment based on optimal sentiment score (𝜙3) 

 

1. Initialize for every sentence 𝑆 repeat steps from 2 to 5. 

2. Formulate an unconstrained optimisation problem using the Cauchy distribution: 

𝜙3 = Maximise -

q\r-J|
QR𝑝𝑜𝑠SR𝑛𝑒𝑔T

.

U }u
and subject to, (𝑆<=>, 𝑆?@A) ≥ 0 and 𝑟 =

!B()*CB+,-"
3

≥ 0 

3. Output→ “optimal sentiment score (𝜙3)” 

4. If 𝜙3 > 𝜆3 → “positive sentiment” 

5. Else “negative sentiment” 

 

Step 2: Keyword Extraction using YAKE 

In the second step, we use a key-phrase model to get the sarcasm indicator score with the 

highest value. We uproot the keyword with the highest value, denoted as 𝑘(:;-  in the proposed 

SDO-BCRT method using the YAKE model. 
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Step 3: Sarcasm Detection  

In the third step, we detect sarcasm by maximizing the Box-Cox transformation function with 

the derived values obtained from the previous steps, resulting in an optimal sarcasm score (𝜓1). 

The objective function is to guide the constraints for learning patterns in order to get the optimal 

solution. The given maximised objective function with respect to specified constraints gives 

the optimal score of the sentence, as shown in Eqn. (3.7). 

      

𝜓1 = 𝑀𝑎𝑥𝑖𝑚𝑖𝑠𝑒				𝑟 �
~h.

XVWY-
V-~

eVWY
- 	

� , 𝜙1 ≠ 0

= 𝑀𝑎𝑥𝑖𝑚𝑖𝑠𝑒 	log(𝜙1) , 𝜙1 = 0	

𝑆𝑢𝑏𝑗𝑒𝑐𝑡	𝑡𝑜, 𝜙1 =
-

q\r-Js
QR'(*SR:8;T

.

U tu
≥ 0, 𝑘(:;- ≥ 0	𝑎𝑛𝑑	𝑟 = vf'(*Jf:8;w

1
≥ 0

⎭
⎪⎪
⎬

⎪⎪
⎫

         (3.7) 

Algorithm 3.8 defines the task of sarcasm detection utilising an unconstrained optimisation 

problem containing the Box-Cox transformation function. 

ALGORITHM 3.8: Sarcasm Detection using the Proposed Method SDO-BCRT 

Input:  𝝓𝟐, 𝒌𝒎𝒂𝒙𝟏 , average of 𝑺𝒑𝒐𝒔 and 𝑺𝒏𝒆𝒈 (𝒓) 

Output: sarcasm and non-sarcasm detection based on optimal sarcasm score (𝝍𝟐) 

 

1. For each sentence, X repeats steps 2 to 5. 

2. Formulate an unconstrained optimisation problem using the Box-Cox 

transformation: 

𝝍𝟐 = Maximise  �𝒓�
~𝝓𝟐

𝒌𝒎𝒂𝒙𝟏
V𝟏~

𝒌𝒎𝒂𝒙𝟏 � , 𝒊𝒇	𝝓𝟐 ≠ 𝟎

	𝒍𝒐𝒈(𝝓𝟐) , 𝒊𝒇	𝝓𝟐 = 𝟎	
 

subject to, 𝝓𝟐 =
𝟏

𝝅𝒓r𝟏Js
Q𝑺𝒑𝒐𝒔S𝑺𝒏𝒆𝒈T

𝟐

𝒓 tu
≥ 𝟎,  𝒌𝒎𝒂𝒙𝟏 ≥ 𝟎 and 𝒓 = v𝑺𝒑𝒐𝒔J𝑺𝒏𝒆𝒈w

𝟐
≥ 𝟎 

3. Output → “optimal sarcasm score (𝝍𝟐).” 

4. If 𝝍𝟐 ≤ 𝝉𝟐 → “sarcasm” 

Else “non-Sarcasm” 
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The final evaluation has been done based on a comparison between 𝜓1 and the choice of 

sarcasm detection threshold value (𝜏1) computed using Rényi entropy as 0.78. The calculation 

of 𝜏1 is shown in Eqn. (3.8). 

                                                 𝜏1 =
-
-Sg R39�∑ z]v(�.9w{

g
9 �

-G
                                                       (3.8) 

Where 𝑡 = 0.77, 𝑃w𝜓1[x considered as the probability of taking on the value 𝜓1[. The 

calculated value of 𝜏1 is computed as 0.78. The calculated sarcasm detection threshold value 

𝜏1 = 0.78 using the rényi entropy mechanism, as shown in Table 3.7. 

Table 3.7 Threshold computation using Renyi entropy 

Parameters Values 

Sarcasm detection threshold 

value (𝝉𝟐) 
Dataset-1 [149]: 𝜏3 =

.
./0.2 D=A(&;&9.54)

&(
= 0.778 ≈ 0.78 

Dataset-2 [150]: 𝜏3 =
.

./0.2 D=A(&;5(.;59)

&(
= 0.773 ≈ 0.78 

Dataset-3 [151]: 𝜏3 =
.

./0.2 D=A(&5*3.&&)

&(
= 0.748 ≈ 0.78 

 

The above comparison helps to determine whether the sentence is sarcastic or non-sarcastic. 

Based on the established decision criteria, it stipulates that if the 𝜓1 is less than or equal to 𝜏1, 

the sentence is tagged as “sarcasm”; otherwise it is tagged as “non-sarcasm”. 

3.3.1 Numerical Illustration of Proposed Method: SDO-BCRT 

This subsection discusses numerical examples to demonstrate the SDO-BCRT model. We 

consider two English comments, S1 and S2. The examples show the step-by-step depiction of 

the proposed method working for sarcasm detection and its inhibited intent learning from it.  

S1: “Well done, Monty. Mark that up as your first ever 100% honest and accurate post 

here.” 

S2: “Oh fantabulousss, another Sundays morning meeting just what I needed to make my 

weekend perfect.” 

 

First, we calculate the optimal sentiment score of a sentence, denoted as 𝜙1 and then in step 2, 

we deduce the keyword with the highest value, denoted as 𝑘(:;-  using Algorithm 3.7 and the 
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YAKE model, respectively. Tables 3.8 and 3.9 show the computation of the given scores 

utilized in steps 1 and 2. 

Table 3.8 Optimal sentiment score computation based on an unconstrained optimization 
technique 

Sentences 𝑺𝒑𝒐𝒔  𝑺𝒏𝒆𝒈   𝝓𝟐	  Tag 

S1 3.25 2.125 0.0805  Positive sentiment  

S2 0.75 0.125 0.8  Positive sentiment  

 

Table 3.9 Computation of the highest key-phrase value 

Sentences  Key-phrase extraction using YAKE (𝒌𝒎𝒂𝒙𝟏 	) Triggered context  

S1 0.7807 “honest and accurate post” 

S2 0.2973 “Sundays morning meeting just 

what I needed ” 

 

Next, in step 3, we calculate the optimal sarcasm score (𝜓1) for sarcasm detection employing 

an unconstrained optimisation problem using the Box-Cox transformation. Table 3.10 shows 

the computation of this score using Algorithm 3.8. In step 4, we deduce the inherent sarcasm 

kind in terms of showing the sarcastic comment either as callous or non-callous in nature shown 

in Chapter 5.  

Table 3.10 Optimal sarcasm score computation based on unconstrained optimization 
technique using Box-Cox transformation 

Sentences  𝝓𝟐  𝒌𝒎𝒂𝒙𝟏  𝒓  𝝍𝟐  Tag  

S1 0.0805 0.7807 2.6875 0.0960  Non-sarcasm   

S2 0.8 0.2973 0.4375 0.03639  Sarcasm   

 

Next, in step 3, we calculate the optimal sarcasm score (𝜓1) for sarcasm detection employing 

an unconstrained optimisation problem using the Box-Cox transformation. Table 3.10 shows 

the computation of this score using Algorithm 3.8. In step 4, we deduce the inherent sarcasm 

kind in terms of showing the sarcastic comment either as callous or non-callous in nature shown 

in Chapter 5.  
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3.4  Proposed Method 3: Sarcasm Detection Based on Cauchy 

Distribution  

In this section, we discussed the proposed methodology, (SD-SCOT) of sarcasm detection 

using the Cauchy distribution in detail. Fig. 3.3 demonstrates the flowchart of the proposed 

(SD-SCOT) method.  

Sarcasm detection involves three key steps in the proposed method, as follows. 

 

 

 

 

 

 

 

 

 

 

 

 

Step 1: Sentiment Evaluation and Sentence Score Calculation 

First, TextBlob has been used to get 𝑇𝑝𝑜𝑙 and 𝑇𝑠𝑢𝑏 scores using Algorithm 1.1. Derive the 

sentiment value (𝜙3) by calculating the absolute sum of 𝑇𝑝𝑜𝑙 and 𝑇𝑠𝑢𝑏. If  

𝜙3 =|𝑇𝑝𝑜𝑙 + 𝑇𝑠𝑢𝑏| > 𝜆3, the sentence is tagged as “positive”; or else it is a “negative” 

sentiment. The threshold value (𝜆3) is calculated by taking the average values of 𝑇𝑝𝑜𝑙 

(𝑎𝑣𝑔𝑇𝑝𝑜𝑙) and 𝑇𝑠𝑢𝑏 (𝑎𝑣𝑔𝑇𝑠𝑢𝑏) of all sentences. This is computed as 0.4. Table 3.11 gives the 

value of 𝜆3 obtained over the four datasets.  
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Fig. 3.1 Flowchart of the proposed method, SD-SCOT for sarcasm detection 
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Step 2: Keyword Extraction using RAKE 

In the case of the proposed method, the calculation of the affected sentence marker gives the 

trigger tuple of words that affect sarcasm in a sentence. The system utilized the RAKE model 

and extracted the keyword with the highest score. The keyword with the highest value is the 

sentence’s supreme keyword value (𝑘𝑚𝑎𝑥
2 ). 

Table 3.1 Parameter used in sentiment evaluation 

Datasets Sentiment score threshold value  

Dataset-1 [149] 𝜆3 =
𝑎𝑣𝑔𝑇𝑝𝑜𝑙+𝑎𝑣𝑔𝑇𝑠𝑢𝑏

2
=

0.3994+0.4388

2
= 0.4191 ≈ 0.4  

Dataset-2 [150] 𝜆3 =
𝑎𝑣𝑔𝑇𝑝𝑜𝑙+𝑎𝑣𝑔𝑇𝑠𝑢𝑏

2
=

0.4776+0.3220

2
= 0.3998 ≈ 0.4  

Dataset-3 [151] 𝜆3 =
𝑎𝑣𝑔𝑇𝑝𝑜𝑙+𝑎𝑣𝑔𝑇𝑠𝑢𝑏

2
=

0.5543+0.2511

2
= 0.4027 ≈ 0.4  

 

Step 3: Sarcasm Detection  

In the third step, we detect sarcasm by maximizing the Cauchy distribution function to get the 

optimal sarcasm score (𝜓3). In the proposed method, the Cauchy distribution is used as a 

maximised objective function. Eqn. (3.9) demonstrates the Cauchy distribution formula used 

in the proposed method. 

                                       

𝜓3 =  Maximise 
1

𝜋𝑘𝑚𝑎𝑥
2 (1+(

|𝑇𝑝𝑜𝑙−𝑇𝑠𝑢𝑏|
2

𝑘𝑚𝑎𝑥
2 ))

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜, (𝑇𝑝𝑜𝑙 , 𝑇𝑠𝑢𝑏) ≥ 0 𝑎𝑛𝑑 𝑘𝑚𝑎𝑥
2 ≥ 0}

 
 

 
 

                              (3.9) 

The 𝜓3 is the required optimal sarcasm score of the optimized Cauchy distribution. Algorithm 

3.9 defines the step-by-step implementation of getting the 𝜓3 of each sentence obtained from 

the specified optimization function.  

These optimal values obtained for each sentence of the dataset are used to evaluate the 

threshold value (𝜏3) for sarcasm detection as shown in Eqn. (3.10).  

                                              𝜏3 = −∑ 𝜓3𝑖 ∗ 𝑙𝑜𝑔(𝜓3𝑖)
𝑖=𝑚
𝑖=1                                                (3.10) 

The proposed method establishes the threshold value for sarcasm detection 𝜏2, using 

Shannon Entropy, yielding a value of 0.05, shown in Table 3.12.  
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ALGORITHM 3.9: Sarcasm detection using the SD-SCOT 

Input: Total number of sentences 𝑿𝒊  𝟏 ≤ 𝒊	 ≤ 𝒎, 𝑻𝒑𝒐𝒍, 𝑻𝒔𝒖𝒃, 𝒌𝒎𝒂𝒙𝟐  

Output: sarcastic and non-sarcastic based on the optimal value of a sentence (𝝍𝟑) 

 

1. Compute the Cauchy distribution as a maximised objective function:  

𝝍𝟑= Maximise 𝟏

𝝅𝑺𝑲𝑽�𝟏J�
i𝑻𝒑𝒐𝒍S𝑻𝒔𝒖𝒃i

𝟐

𝒌𝒎𝒂𝒙𝟐 ��

 and Subject to: (𝑻𝒑𝒐𝒍, 𝑻𝒔𝒖𝒃) ≥ 𝟎 and 𝒌𝒎𝒂𝒙𝟐 ≥ 𝟎                                                                  

2. If 𝝍𝟑 ≥ 𝝉𝟑 → “sarcastic” 

3. Else “non-sarcastic” 

 

Table 3.12 Parameter used in SD-SCOT for sarcasm detection 

Datasets Sarcasm detection threshold value 

Dataset-1 [149] 𝜏4 = −∑𝜓4 ∗ 𝑙𝑜𝑔(𝜓4) = 0.05046 ≈ 0.05  

Dataset-2 [150] 𝜏4 = −∑𝜓4 ∗ 𝑙𝑜𝑔(𝜓4) = 0.04967 ≈ 0.05  

Dataset-3 [151] 𝜏4 = −∑𝜓4 ∗ 𝑙𝑜𝑔(𝜓4) = 0.05180 ≈ 0.05  

 
The computed 𝜏< is then compared with the 𝜓< of the sentence. If the optimal value of the 

sentence 𝜓< ≥ 𝜏<, the sentence is tagged as “sarcastic”; otherwise, it is “non-sarcastic”. 

 

3.4.1 Numerical Illustration of the Proposed Method: SD-SCOT 

We have taken two sample sentences, i.e., S1 and S2, from our dataset to illustrate the 

implementation of the proposed method. 

S1: I know right? It’s literally impossible to record a stream!, Lol, I can feel the pain 

mann.. 

S2: Well there are apps that can delete personal info and even send you location of the 

person using / send you their. URL 

 

In step 1, we first calculate the 𝑇!"* and 𝑇#)+ of each sentence using TextBlob. Table 3.13 shows 

the computed PR and SR scores, respectively, with their respective sentiment tag.  
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Table 3.13 Numeric scores of polarities and subjectivity rating 

Sentences  Parameters  Values  𝝓𝟑  Sentiment Tag  

S1 PR1, SR1 0.15, 0.316 0.466 Positive  

S2 PR2, SR2 0.02,0.130 0.150 Negative 

 

Based on the sentiment classification criteria in step 1, we deduced the sentence’s sentiment 

classification as either positive or negative. Subsequently, in step 2, the calculation of the 

supreme keyword value (𝑘(:;1 ) using RAKE, which gives the trigger tuple of words that affect 

sarcasm, is performed, as shown in Table 3.14. Since we are using it as a pre-defined model, 

the computed score of k57�1  is shown in Table 3.14.  

Table 3.14 Numeric score computation using RAKE 

Sentences  𝒌𝒎𝒂𝒙𝟐   Triggered tuple of words  

S1 4 “record a stream Lol, I can feel the pain” 

S2 9 “apps that can delete personal info” 

 

In the final step, the task of sarcasm detection, has been performed using SD-SCOT a 

probabilistic optimization technique. Table 3.15 shows the formulation of the optimization 

problem and getting the optimal solution (𝜓<) through it. Based on the computed threshold 

value of sarcasm detection (𝜏<), we compared it with the sentence’s optimal value (𝜓<).  

For S1, the optimal value of sentence 𝜓< ≥ 𝜏<, the sentence is tagged as “sarcastic”; and for 

S2, 𝜓< < 𝜏<, it is tagged as “non-sarcastic.” Therefore, in this way, we perform sarcasm 

detection alongside sentiment analysis using mathematical optimization techniques. 

 

Table 3.15 Computation of the optimal value of a sentence using the SD-SCOT technique 

Sentences  𝑻𝒑𝒐𝒍, 𝑻𝒔𝒖𝒃  𝒌𝒎𝒂𝒙𝟐   𝝍𝟑   Tag  

S1 0.15, 0.316 4 0.07959  Sarcasm  

S2 0.02, 0.130 9 0.03543  Non-sarcasm  
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3.5 Proposed Methods 4 and 5: Sarcasm Detection Based on 
Logistic and Weibull Distributions  

In this section, we discuss LDL-SDTE and SWD-SEO proposed methods for sarcasm detection 

in detail using logistic distribution and Weibull distribution.  The proposed methods follows 

two steps to perform sarcasm detection.  

Step 1: Sentiment Evaluation and Emotion Analysis 

In the first step, we use VADER sentiment analysis, Text2Emotion, and Textacy to obtain 

sentence sentiment, emotion value, and target word value. The fundamental component of the 

proposed methods, LDL-SDTE and SWD-SEO, is used to capture the emotions from texts 

using the “Tex2emotion” Python library. This library identifies emotions expressed in emotive 

score analysis statements, denoted as Emot7�9. For every distinct emotion, we establish an 

emotion embedding score, referred to as 𝑒𝑚𝑜𝑡%(+%?. Five emotions are present in our library: 

surprise, fear, anger, sadness, and happiness. We derive two emotions: positive emotion, which 

involves an average score  f)\!\[#%J�:!!�
1

, and negative emotion, which involves a mean score   

�$&\�J�%:\
1

, f:?J�%:\
1

, and f:?J�$&\�
1

. The schematic representation of LDL-SDTE is depicted 

in Fig. 3.4. The schematic diagram of the SWD-SEO is depicted in Fig. 3.5. 

 

 

 

 

 

 

 

 

 

 

 

Sentence  

Emotion analysis  Sentiment  Target of offensive language  

VADER Textacy  Tex2emotion  

If final score> threshold value of 
sarcasm: “sarcasm” 

Optimization techniques using logistic distribution  

A threshold value of sarcasm detection deduced using Tsallis entropy 

Final score  

If final score ≤ threshold value of 
sarcasm : “non-sarcasm” 

Fig. 3.4  Flowchart of the proposed LDL-SDTE method for sarcasm detection 
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The proposed LDL-SDTE method for sarcasm detection uses the standard deviation of the 

sentiment compound score, denoted as senti_conf� , which is obtained from VADER. The 

target of offensive language has been obtained using a keyword extraction method, i.e., 

Textacy, a Python library. The targeted offensive word is marked by the highest score given to 

the proposed sarcasm identification framework. Through the aid of flair sentiment, depending 

on the sentiment vocabulary tool, the feeling of the specified text is detected in SWD-SEO. We 

subsequently import the sentence sentiment confidence score, denoted as 𝐹'"$,, onto the SWD-

SEO method for sarcasm detection.  

Step 2: Sarcasm Detection using Proposed Methods: LDL-SDTE and SWD-SEO 

In the second step, the input of these values into a maximized logistic distribution function is 

done to derive the optimal sarcasm score for sarcasm detection. The logistic distribution used 

in the LDL-SDTE method for sarcasm detection is shown in Eqn. (3.11) to get the optimal 

sarcasm score (𝜓@). 

                                          𝜓@ =
%
S
Qno(V'SpV(gWq;T

ro(:s

�o(:s9�-J%
S
Qno(V'SpV(gWq;T

ro(:s �

.                                            (3.11) 

Text  

Sentiment analysis  

Tex2emotion  

Optimal score 

Sarcasm detection threshold value using Shannon entropy 

Emotion analysis  

Flair sentiment  

If optimal score > threshold 
value of sarcasm : Sarcasm 

Non-linear optimization technique using Weibull distribution  

If optimal score ≤ threshold value 
of sarcasm : Non-sarcasm 

Fig. 3.5  Flowchart of the SWD-SEO method for sarcasm detection 



54 
 

The sarcasm detection threshold value (𝜏@) is calculated using the Tsallis entropy distribution, 

which comes up with a value of 0.5, a fixed score. The 𝜏@ in Eqn. (3.12) is calculated using the 

Tsallis entropy structure, such as with e- = 3.7 as a fixed value metric. 

                                        𝜏@ =
-

-V%-
i1 − ∑ i𝑃w𝜓@[xj

%-
[ j = 0.5                                       (3.12) 

The statement is deduced to be a sarcastic label if 𝜓@ is greater than 𝜏@ and non-sarcastic if the 

𝜓@ is less than or equal to 𝜏@.  

Meanwhile, Weibull distribution is used as a probabilistic distributional optimization in the 

proposed SWD-SEO method for sarcasm detection. It is applied to describe data in terms of 

dependability and the existence of variables. Weibull distribution’s general formula with three 

parameters is shown in Eqn. (3.13) for sarcasm detection.  

               𝜓A =
%("b8V,8t	

�o(:s	8V(g8V,8t	
	©𝐹'"$,	%("b8V,8t	V-	𝑒

V|8V(g8V,8t	
ro(:s

}
8V(g8V,8t	

ª                 (3.13) 

The 𝜓A, termed as the optimal sarcasm score, is the defined distribution obtained from the 

Weibull distribution. The threshold value of sarcasm (𝜏A) is defined as a critical value where 

the defined function changes its trait and depicts the point at which a decision is taken. The 

𝜏A = 0.5, taken as a parameter calculated using the Shannon entropy structure in Eqn. (3.14). 

                               𝜏A = −∑ 𝜌[(𝑐[) × ln(𝜌[ (𝑐[))[i(
[i- = 0.5                                              (3.14) 

The statement is deduced to be a sarcastic label if the 𝜓A is greater than 𝜏A and non-sarcastic if 

𝜓A is less than or equal to 𝜏A. Algorithms 3.10 and 3.11 give the perfect visualisation of the 

proposed methodologies of LDL-SDTE and SWD-SEO for sarcasm detection in English text. 

3.5.1 Numerical Illustration of Proposed Method: SWD-SEO 

The exemplar sentences have been taken for the proposition of the proposed method, the SWD-

SEO system. The sentences taken here are from the datasets utilised in this study. 

S1: “The first professional baseball team was from an Ohio city.” 

S2: “speak up and give back if you want the economy to improve.” 
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ALGORITHM 3.10: Sarcasm detection using LDL-SDTE 

Input: Emot7�9, F'"$,, 𝑉'"(!, 𝜏@ 

Output: sarcasm and non-sarcasm (𝜓@) 

1. Calculate the compound score of sentences 𝑉'"(! using the VADER sentiment 

library 

2. Using the Tex2emotion library to obtain the emotion analysis score 

3. Calculate the Logistic distribution based on the given parameters: L1 = 

𝑒
V
Qno(V'SpV(gWq;T

ro(:s , L2 = �1 + 𝑒
V
Qno(V'SpV(gWq;T

ro(:s �
1

and L3 = 𝑠𝑒𝑛𝑡𝑖'"$,f¡[ 

4. Define:	𝜓@ =
¢-

¢1×¢<
  

5. Calculate the Logistic distribution score = calculate_logistic_distribution 

w𝜓@; 	𝐸𝑚𝑜𝑡:>&, 𝐹'"$,x 

6. Compare the calculated score with the threshold value to determine sarcasm 

if 𝜓@ > 𝜏@: return “sarcasm” 

Else “non-sarcasm” 

7. End 

 

ALGORITHM 3.11: Sarcasm detection using SWD-SEO 

Input: 𝑒𝑚𝑜𝑡%(+%?, 𝐹'"$, 

Output: sarcasm and non-sarcasm based on notch-up score (𝜓A) 

1. Calculate the Weibull distribution based on the given parameters 

para1 = %("b8V,8t	
�o(:s	8V(g8V,8t

, para2 = 𝐹'"$,	%("b8V,8t	V-and para3 = 

𝑒
V| 8V(g8V,8t	

*8:g9o(:sRv
	}
8V(g8V,8t	

 

2. Define 𝜌:𝜌 = para1 * (para2 * para3) 

3. Define detect sarcasm (𝑒𝑚𝑜𝑡%(+%?, 𝐹'"$,): Calculate the Weibull distribution 

score; 𝜓A =	calculate_weibull_distribution (𝑒𝑚𝑜𝑡%(+%?, 𝐹'"$,) 

4. Compare the calculated score with the threshold to determine sarcasm 

if 𝜓A > 𝜏A: return “Sarcasm” 

Else “Non-sarcasm” 

5. End 
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In step 1, we use the “Tex2emotion” Python library to extract emotions from sentences. These 

embeddings are termed emotion embedding scores, referred to as emot65£6¤. This process 

ensures that the scores are aligned within a consistent range. Table 3.16 depicts the presence of 

emotion using the Tex2emotion mechanism.  

Table 3.16 Emotion embedding score computation 

Sentences  𝒆𝒎𝒐𝒕𝒆𝒎𝒃𝒆𝒅  Emotion tag 

S1  0.9032 Surprise  

S2  0.9710 Happy  

 

Table 3.17 Sentiment evaluation of sentences 

Sentences  𝑭𝒄𝒐𝒏𝒇   Sentiment tag  

S1  0.5689 Negative  

S2  0.9993 Positive 

 

In step 2, through the aid of flair sentiment, the feeling of the specified text is detected using 

both positive and negative factors, along with the sentence confidence score. Subsequently, we 

import the sentence sentiment confidence score, denoted as 𝐹'"$,, shown in Table 3.17 for 

sarcasm identification. 

In step 3, the optimised Weibull distribution is applied to get the notch-up score (𝜓A). This 

defined distribution is utilized for sarcasm detection, as shown in Table 3.18. 

Table 3.18 Sarcasm detection via SWD-SEO 

Sentences  𝜓A    Context nature 

S1  0.7168 Sarcasm  

S2  0.1055 Non-Sarcasm  

 

The statement S1 is deduced to be a sarcastic label where 𝜓A is greater than 𝜏A, whereas S2 is 

labelled as non-sarcastic as it is less than or equal to 𝜏A. 
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3.5.2 Numerical Illustration of Proposed Method: LDL-SDTE 

Two sentences are considered for working with the proposed LDL-SDTE method for the task 

of sarcasm detection. We have taken examples from the datasets utilised in the proposed 

method. 

S1: “No, no, man, I found a magic way to grind 4200 mobs worth five reps a piece in a 

single afternoon; it's a joke, Loll!” 

S2: “Man, the refs are surely giving the Flames a good ass fucking tonight.” 

 

In step 1, the emotional analysis of the text has been done as shown in Table 3.19. We evaluate 

the emotional scores termed emotive score, denoted as Emot7�9, for each unique feeling, using 

Tex2emotion. 

Table 3.19 Emotive scores representation 

Sentences  𝑬𝒎𝒐𝒕𝒂𝒗𝒈  Emotion Tag 

S1 0.2 Positive  

S2 0.198 Negative  

 

In step 2, we analyse the sentiment using the VADER analyzer model. The sentiment compound 

score is computed, where the suggested framework uses its standard deviation, senti_conf� . 

Table 3.20 gives the sentiment evaluation based on sentiO38¥� . 

Table 3.20 Sentiment evaluation via VADER analysis 

Sentences  𝑽𝒏𝒆𝒈  𝑽𝒑𝒐𝒔  𝑽𝒄𝒐𝒎𝒑  𝑭𝒄𝒐𝒏𝒇 Sentiment Tag 

S1 0.302 0.349 0.1511 0.3133 Positive 

S2 0.398 0.183 0.2134 0.1223 Negative  

 

In step 3, the target of offensive language is performed using the Python library textacy to get 

the triggered context. Table 3.21 depicts the offensive language presence with the help of the 

keyword extractor utilised.  

In step 4, the sarcasm detection task is performed using the Logistic Distribution, which 

represents the likelihood distribution model. Based on this model, we deduce the task of 

sarcasm detection. Table 3.22 shows the numerical representation. 



58 
 

Table 3.21 Emotive scores representation 

Sentences  Triggered context  Target 

S1 “magic way to grind 4200 mobs.” Non- Offensive 

S2 “good as fucking” Offensive  

 

Table 3.22 Sarcasm Detection Task Using Logistic Distribution 

Sentences  𝝍𝟒  Tag 

S1 1.345 Sarcasm  

S2 1.062 Sarcasm  

 

3.6 Experiment and Result Analysis  

In this section, we present the analysis of the different datasets utilized in the proposed 

methods. The performance of proposed methods over these datasets are compared with existing 

state-of-the-art methods, as illustrated in subsections 3.6.2 to 3.6.9, respectively. Several 

metrics are analysed, and their efficacies are inspected in this subsection. We applied all 

proposed methods to various English language datasets and analysed the encouraging 

validation and ablation results. 

3.6.1 Dataset used to evaluate the by Proposed Methods  

Table 3.23 represents the statistics of the datasets used by the five proposed methods. This 

involves the utilization of three benchmark datasets for the task of sarcasm detection. The 

details of each of these datasets are given in Chapter 2, “Literature review,” in section 2.5. 

Table 3.23 Statistical variations of datasets 

S. No.  Datasets Renamed as Total number of sentences 

1. SARC [149] Dataset-1 12,257 

2. Reddit comments [152] Dataset-2 7,895 

3. Semeval 2018 task [151] Dataset-3  11,025 

 

3.6.2 Performance Evaluation of Proposed Methods on Dataset-1 

We evaluated five proposed methods using accuracy (A), precision (P), recall (R), and F1-

score (F1) metrics. The proposed methods, LDL-SDTE, SWD-SEO, SOBH-REB, SDO-
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BCRT, and SD-SCOT, demonstrated significantly superior performance compared to existing 

sarcasm detection methods across these evaluation metrics. Among them, LDL-SDTE and 

SWD-SEO achieved the highest scores, each exceeding 0.95 across all metrics. This reflects 

an average improvement of approximately 9.8% in accuracy, 10.2% in precision, 11.4% in 

recall, and 10.6% in F1 score over existing methods such as CNN-BiLSTM [18], SVM [95], 

and BERT-CNN [1]. The SOBH-REB method also outperformed most of the BERT-based 

baselines (Res-BERT+Att-BERT [11], SAWS [94], BERT-CNN [1]) by an average margin of 

7.5% in F1 score. Here, proposed methods SDO-BCRT and SD-SCOT offered balanced gains 

across all metrics, maintaining performance levels above 0.90.  

In contrast, methods like CBCP [54], ELMo [7], and CNN-LSTM-DNN [5] exhibited the 

weakest results, with scores below 0.70 in most metrics. Intermediate methods such as SVM 

[95], CNN-BiLSTM [18], and even BERT-based techniques like BERT-CNN [1], BERT-

SGCAT [35] showed decent performance but still notably lower than the proposed methods. 

These findings confirm that the proposed methods are more accurate, consistent, and reliable, 

with a marked reduction in false predictions, making them highly effective for real-world 

sarcasm detection tasks. Fig. 3.6 represents the evaluation metric of the proposed methods and 

the existing state-of-the-art methods on dataset-1. 

 

Fig. 3.6  Comparison plot of proposed methods, SDO-BCRT, SOBH-REB, SD-SCOT, LDL-
SDTE, and SWD-SEO with existing state-of-the-art methods on the dataset-1 [149] 

Overall, the proposed methods offered higher accuracy and precision with sustained high recall 

and F1 scores, making them more reliable for real-world sarcasm detection methods.  

3.6.3 Performance Evaluation of Proposed Methods on Dataset-2  

The proposed methods (SDO-BCRT, LDL-SDTE, SWD-SEO, and SD-SCOT) consistently 

outperformed all existing state-of-the-art methods in terms of accuracy, precision, recall, and 
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F1 score. The proposed SDO-BCRT and SD-SCOT methods maintained performance scores 

above 0.92, outperforming models such as EfficientNet  [154] and ADGCN-BERT  [155] by 

8.5-10.3% across metrics. Among them, proposed SWD-SEO and LDL-SDTE methods 

achieved the highest metrics, each recording values above 0.95 across all evaluation criteria. 

The proposed methods marked an average improvement of 10.4% in accuracy, 11.2% in 

precision, 12.3% in recall, and 11.7% in F1 score over traditional methods like Bi-LSTM [27], 

CNN [156], CNN-LSTM-DNN [5], and even advanced BERT-based variants such as SCGAT-

BERT [35] and RCNN-BERT [110].  

SD-SCOT showed significant gains with an average increase of 9.1% in F1 score compared to 

methods like M2Seq2Seq [157] and Att-BERT-CNN [11]. In contrast, state-of-the-art methods 

like Bi-LSTM [158] and CNN [156] scored below 0.70, indicating their limitations in handling 

the complexity of sarcastic expressions. These results validated that the proposed methods are 

not only more accurate but also deliver a better balance between false positives and false 

negatives, making them effective for sarcasm detection. Fig. 3.7 represents the evaluation 

metric of the proposed methods SDO-BCRT, SD-SCOT, LDL-SDTE, SWD-SEO, and existing 

state-of-the-art methods on dataset-2. 

 

Fig. 3.7  Comparison plot of proposed methods, SDO-BCRT, SOBH-REB, SD-SCOT, LDL-
SDTE, and SWD-SEO with existing state-of-the-art methods on the dataset-2 [150] 

 

3.6.4 Performance Evaluation of Proposed Methods on Dataset-3 

For dataset-3, we can see that the proposed methods SDO-BCRT, SOBH-REB, LDL-SDTE, 

SWD-SEO, and SD-SCOT achieved significantly better performance compared to all state-of-

the-art methods. The proposed SOBH-REB and SDO-BCRT methods demonstrated superior 

performance with values exceeding 0.93, reflecting gains of 9.2%-10.6% across metrics 
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compared to models like RCNN-BERTa [110] and ADGCN-BERT  [155]. Specifically, LDL-

SDTE and SWD-SEO scored the highest, with all metrics consistently above 0.95, indicating 

an average improvement of 10.8% in accuracy, 11.5% in precision, 12.1% in recall, and 11.6% 

in F1 score over methods like MIARN [74], CNN-LSTM-DNN [5], Bi-LSTM [158], and even 

more advanced architectures such as Att-BERT-CNN [11] and SCGAT-BERT [87]. SD-SCOT 

performed equally well, maintaining high metric scores with minimal variance. In contrast, 

existing methods such as MIARN  [74] and CNN-LSTM-DNN [5] showed poor performance, 

with F1 scores dropping below 0.65, underscoring their limitations in capturing the nuanced 

patterns of sarcasm. This analysis shows that consistent improvements in terms of accuracy, 

precision, recall and F1 score across all proposed methods with confirmed robustness and 

effectiveness in sarcasm detection tasks. Fig. 3.8 represents the evaluation metric for the 

proposed methods (SDO-BCRT, SOBH-REB, LDL-SDTE, SWDSEO, and SD-SCOT) 

compared to existing state-of-the-art methods on dataset-3.  

 

Fig. 3.8  Comparison plot of proposed methods, SDO-BCRT, SOBH-REB, SD-SCOT, LDL-
SDTE, and SWD-SEO with existing state-of-the-art methods on the dataset-3 [151] 

In conclusion, we see that all five proposed methods outperform other state-of-the-art methods 

in terms of evaluation metrics and successfully show beating performances compared to well-

known techniques. Notably, these improvements help enhance results and lead to a positive 

rise in processing time. 

3.7 Discussion  

This section discussed the five proposed methods with certain suitable findings. In this section, 

we presented the statistical validation tests and their effectiveness for all the proposed methods. 

Additionally, we discuss the computation cost of each proposed method. In contrast to this, we 
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present the challenges and ablation studies posed by the proposed methods for sarcasm 

detection.  

3.7.1 Statistical Validation Tests Performed on Five Proposed Methods 

3.7.1.1 Statistical validation using Z-test 

A Z-test has been performed to compare the proportions of two populations, one from the 

SARC dataset and the other from Twitter comments. Two distinct samples were extracted from 

these datasets. The test analyzed the proportions (𝑐- and 𝑐1) under the null hypothesis (𝐻G) and 

alternative hypothesis (𝐻:), with the results summarized in Tables 3.24, 3.25, and 3.26. 

Table 3.24 Two Proportion Z-Test statistics across datasets 

 SOBH-REB SDO-BCRT 

Parameters  Sample 1 Sample 2 Sample 1 Sample 2 

Sample size (𝑵) 1045 767 2557 1277 

Sample proportion (𝒄) 0.8296 0.8226 0.8384 0.8324 

Favorable cases (𝑿) 867 631 2144 1063 

𝑷  0.8260 0.8364 

𝒛  0.3883 0.4735 

Hypothesis status  𝐻( is not rejected 𝐻( is not rejected 

 

For two population proportions (𝑐- and 𝑐1), null hypotheses (HG) and alternative hypotheses 

(H7) are defined as follows: 

𝐻G: 𝑐- = 𝑐1, i.e., the accuracy score of sample 1 = accuracy score of sample 2 

𝐻:: 𝑐- ≠ 𝑐1, i.e., the accuracy score of sample 1 ≠ , the accuracy score of sample 2 

In the proposed method, the condition of the null hypothesis is accepted when the critical range 

z-value at 𝛼 = 0.05 is meet shown in Eqn. (3.15).  

                                                              𝑃 = ¦-J¦.
§-J§.

                                                                   (3.15) 
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Table 3.25 Two Proportion Z-Test statistics across datasets 

 SD-SCOT  

Parameters  Sample 1 Sample 2 

Sample size (𝑵) 976 468 

Sample proportion (𝒄) 0.9262 0.8482 

Favorable cases (𝑿) 904 397 

𝑷  0.9010 

𝒛  4.640 

Hypothesis status  𝐻( is not rejected  

 

Table 3.26 Two Proportion Z-Test statistics across datasets 

 LDL-SDTE SWD-SEO 

Parameters  Sample 1 Sample 2 Sample 1 Sample 2 

Sample size (𝑵) 1013 735 1100 666 

Sample proportion (𝒄) 0.9536 0.9224 0.9154 0.8843 

Favorable cases (𝑿) 966 678 1007 589 

𝑷  0.9405 0.9037 

𝒛  2.718 2.145 

Hypothesis status  𝐻( is not rejected 𝐻( is not rejected 

 

 

 
(a) 

 
(b) 
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(c) 

 
(d) 

 
(e) 

 

Fig. 3.9  Statistical validation of the proposed (a) SOBH-REB, (b) SDO-BCRT, (c) SD-
SCOT, (d) LDL-SDTE, and (e) SWD-SEO methods using the z-test 

 

It gives the value of the two sum proportions is less than the computed z score, also called z-

statistics in Eqn. (3.16).  

                                                      𝑧 = |'-V'.|

y](-V])( -w-
J -
w.
)
                                                             (3.16) 

Figs. 3.9 (a), (b), (c), (d), and (e) are the critical regions of the hypothesis depicted graphically. 

This finding suggested that the consistency of the proposed method’s accuracy score holds 

across diverse sample sizes derived from various datasets. 
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3.7.1.2 Statistical Validations using Kolmogorov-Smirnov (KS) Test 

In the Kolmogorov-Smirnov (KS) test, we compared two independent samples taken from the 

two datasets. The aim is to determine whether the two samples have similar distributions 

without assuming any change in the particular distribution of the data based on the empirical 

cumulative distribution function (ECDF). Table 3.27 shows how this test works.  

Table 3.27 Two Proportion KS-Test statistics across datasets 

 SOBH-REB SDO-BCRT 

Parameters  Sample 1 Sample 2 Sample 1 Sample 2 

Sample size (𝑵) 1120 998 1147 828 

Sample proportion (𝒄, 

ECDF) 

0.9419 0.9428 0.9546 0.9553 

Favorable cases (𝑿) 1055 941 1095 791 

D- value (𝐷S.,S8) 0.9428 0.9553 

𝐷U  0.5988 0.3101 

Hypothesis status  𝐻( is not rejected 𝐻( is not rejected 

 

For two population proportions (𝑐- and 𝑐1), null hypotheses (HG) and alternative hypotheses 

(H7) are defined as follows: 

𝐻G: 𝑐- = 𝑐1, i.e., accuracy of sample 1 = accuracy of sample 2 

𝐻:: 𝑐- ≠ 𝑐1, i.e., the accuracy of sample 1 ≠ , accuracy of sample 2 

According to the Kolmogorov-Smirnov test for two samples, the condition to be satisfied, that 

𝐷-value (𝐷§-,	§.) (called KS- statistics) must be less than 𝐷F, i.e., 𝐷§-,	§. < 𝐷F. Here, 𝛼 is the 

significance level. If it follows this condition, the two samples accept the null hypothesis. In 

the case of the proposed method, if it follows the condition of the KS test, then the given null 

hypothesis is accepted or rejected. We compute the given KS-statistics 𝐷§-,	§., as shown in 

Eqn. (3.17). 

                                                    𝐷§-,§. =	max (|𝑐- − 𝑐1|)                                                (3.17) 

                                          𝐷F =
¡(F)×�y -

w-
J -
w.
�×¡w-,w.×(-V¡w-,w.)

-G
                                     (3.18) 

Thus, computing the given values into Eqn. (3.18) 𝐷F showed that the given null hypothesis 

had been accepted without failure.  
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(a) (b) 
Fig. 3.10  Statistical validation of (a). SOBH-REB and (b). SDO-BCRT using the KS Test 

 

Figs. 3.10 (a) and (b) depict the given D-value calculated as 0.8845, greater than the 

significance level 𝛼 = 0.05 where the two curve’s peaks meet. This implied that the null 

hypothesis has been accepted, signifying that the given two samples belong to the same 

distribution and have a constant F1 score for any sample set. 

3.7.1.3 Statistical Validation using Mann-Whitney U Test 

The Mann-Whitney U-test determines whether or not two distinct samples originating from 

different populations have the same distribution. Based on the provided sample data, we 

constructed a distribution by employing the mean and standard deviation (shown in Eqn. 

(3.19)- (3.22)) coming from the number of appropriately categorized sentences in each of the 

samples shown in Table 3.28. 

For the two population proportions (p- and p1), null hypotheses (HG) and alternative 

hypotheses (H7) are defined as follows: 

HG: p- = p1, i.e., Accuracy distribution of sample 1 = Accuracy distribution of sample 2. 

H7: p- ≠ p1, i.e., Accuracy distribution of sample 1 ≠ Accuracy distribution of sample 2. 

                                                             U = min(U-, U1)                                                   (3.19) 

                                                             µ5-,5. = iª-	×ª.
1

j                                                 (3.20) 

                                                    σ5-,5. = ¸ª-×ª.×(ª-Jª.J-)
-1

                                          (3.21) 
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                                                                  z = ªV«y-,y.
¬y-,y.

                                                      (3.22) 

 

Table 3.28 Computation of Mann-Whitney U test results for SDO-BCRT and SD-GKOT 

 SDO-BCRT 

Parameters  Sample 1 Sample 2 

Sample size (𝑵) 1660 513 

Sample proportion (ECDF) 0.8686 0.8674 

Favorable cases (𝑿) 1442 445 

U- value 0.8686 

𝒎𝒆𝒂𝒏𝑵𝟏,𝑵𝟐  0.3767 

𝑺𝒕𝒅𝑵𝟏,𝑵𝟐  0.4144 

𝒛𝑩  0.8701 

Hypothesis status  𝐻( is not rejected 

 

Fig. 3.11 shows the critical region of the hypothesis 𝑧­ value as depicted graphically. This 

finding suggested that the consistency of the proposed method’s accuracy score holds across 

diverse sample sizes from various datasets. Therefore, the null hypothesis has been accepted, 

signifying that the two samples belong to the same distribution. This concludes that it has a 

constant accuracy score for any sample set.  

 
 

Fig. 3.11  Statistical validation of SDO-BCRT using the Mann-Whitney U Test 
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3.7.2 Ablation Study of SOBH-REB and SDO-BCRT 

A set of ablation tests has been carried out to see how the value of 𝜏-	 affected the performance 

of the proposed method. The study has proceeded by taking values 𝜏- 	> 2 and 𝜏- 	< 2 

respectively. Table 3.29 shows the use of the actual threshold value 𝜏- = 2 which performed 

better than the other values.  

Table 3.29  Ablation study of the proposed method SOBH-REB 

Dataset  Removed module Accuracy Precision  Recall  F1- score  

Dataset-1 

[149] 

𝝉𝟏 	< 2  0.8860 0.9484 0.8127 0.8724 

𝝉𝟏 	> 2  0.8675 0.8055 0.8733 0.8380 

SOBH-REB with 𝝉𝟏 	= 𝟐 0.9541 0.9555 0.9516 0.9536 

𝜏3 < 0.78  0.8866 0.9572 0.7993 0.8711 

𝜏3 > 0.78  0.7845 0.8078 0.9574 0.8762 

SDO-BCRT with 𝜏3 = 𝟎. 𝟕𝟖 0.9497 0.9261 0.9722 0.9486 

Dataset-2 

[150] 

𝝉𝟏 	< 2	  0.9079 0.9533 0.8539 0.9008 

𝝉𝟏 	> 2  0.8050 0.7385 0.8890 0.8067 

SOBH-REB with 𝝉𝟏 	= 𝟐 0.9505 0.9538 0.9444 0.9491 

𝜏3 < 0.78  0.8760 0.9407 0.7525 0.8361 

𝜏3 > 0.78  0.7626 0.7842 0.9430 0.8562 

SDO-BCRT with 𝜏3 = 𝟎. 𝟕𝟖 0.9494 0.9502 0.9625 0.9563 

Dataset-3 

[151] 

𝝉𝟏 	< 2	  0.9231 0.9367 0.9000 0.9172 

𝝉𝟏 	> 2	  0.8276 0.7532 0.8682 0.8066 

SOBH-REB with 𝝉𝟏 	= 𝟐 0.9543 0.9403 0.9657 0.9529 

𝜏3 < 0.78	  0.7027 0.8839 0.7271 0.7978 

𝜏3 > 0.78  0.8793 0.7191 0.9029 0.8005 

SDO-BCRT with 𝜏3 = 𝟎. 𝟕𝟖 0.9488 0.9476 0.9533 0.9505 

 

The performance of the proposed methods (SOBH-REB and SDO-BCRT) varied significantly 

with changes in the thresholds 𝜏- and 𝜏1. When 𝜏- is set to less than 2, the SOBH-REB showed 

lower accuracy and recall due to an increased number of false-negative sentences that are 

actually sarcastic but classified as non-sarcastic. In contrast, setting 𝜏- greater than 2 led to 

lower precision and accuracy across all datasets due to a rise in false positives, where non-

sarcastic sentences are misclassified as sarcastic. The optimal value 𝜏- = 2, resulting in fewer 

misclassifications, enhancing the SOBH-REB model’s ability to comprehend sarcasm 
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effectively. Similarly, when the sarcasm threshold 𝜏1 in SDO-BCRT is below 0.78, accuracy 

and recall decrease due to more false negatives. When 𝜏1 exceeded 0.78, the method SDO-

BCRT suffered lower precision and accuracy because of increased false positives. Setting 𝜏1 at 

0.78 proved ideal, as it improved semantic interpretation and reduced classification errors, 

thereby enhancing the overall performance of the sarcasm detection method in SDO-BCRT. 

3.7.2 Computation Costs of Five Proposed Methods  

The time complexity (𝑇) measures the number of computational steps needed to accomplish a 

given task on a specific input dataset.  

Table 3.30 Computational time complexities of the five proposed methods 

S. no.  Proposed methods  Time complexity  

1. SOBH-REB 𝑂(𝑛)  

2. SDO-BCRT 𝑂(𝑚𝑛)  

3. SD-SCOT 𝑂n𝑛 × (𝑚 + 𝑛)p  

4. LDL-SDTE 𝑂(𝑛)  

5. SWD-SEO 𝑂(𝑛3)  

 

We evaluate the time complexity (𝑇(𝑛,𝑚)) of the algorithms under different scenarios, where 

𝑛 denotes the number of alternative operations and 𝑚 represents the number of sentences. The 

values of 𝑇(𝑛,𝑚) indicate the performance of the three defined algorithms in Table 3.30. 

3.7.3 Challenges of the Proposed Methods  

There are some challenges undertaken by the five proposed methods based on optimization 

techniques using different probabilistic distributions. The first is the lack of ethnic uniqueness. 

Due to the lack of such contextual and background knowledge, the proposed models need some 

improvement. The second is a lack of veiled over polite sarcasm. Sometimes, being respectful 

is a pretext for sarcasm and highly complex language unsuitable for casual conversation.  

Giving someone a highly polite compliment is a common indication of sarcasm, which the 

proposed method did not capture. Table 3.31 shows the text examples incorrectly classified by 

the proposed methods. The text samples are given in a table with actual labels for every dataset, 

even though proposed algorithms estimated the opposite. 
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Table 3.31 Misclassified sentences utilizing the proposed methods 

S. no. Sentences  Misclassified by five 

proposed methods 

Actual 

label  

1. “Do you think I should attempt to stop my ex-

lover’s promotion?” 

Non-sarcasm Sarcasm 

2. "I just want her gone in my dreams, giving love 

hatred screams of desires.” 

Non-sarcasm Sarcasm  

 

3.8 Summary 

This chapter presents five new methods: SOBH-REB, SDO-BCRT, SD-SCOT, LDL-SDTE, 

and SWD-SEO for sarcasm detection in social media using various optimization techniques. 

Each method uses techniques, such as optimization based on the Bessel function, Box-Cox 

transformation, and distributional techniques, to identify sarcasm by analysing feature 

relationships and sentiments. These proposed methods effectively capture complex patterns in 

language, making sarcasm detection more robust and reliable. The proposed methods 

outperform existing methods in terms of accuracy, precision, recall, and F1 score, as confirmed 

by statistical tests across benchmark datasets. Their main goal is to help the public recognize 

sarcastic content online, thus promoting awareness in social media.  

This chapter highlights that leveraging unsupervised optimizations significantly improve 

sarcasm detection performance effectively. The proposed methods also demonstrate strong and 

consistent results, showing their reliability and adaptability to different data sources with 

ablation results. In conclusion, the chapter demonstrates the advanced optimization and 

distributional approaches for sarcasm detection further strengthen the field of NLP. 
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Chapter 4 
Hybrid Optimization-Based Methods 

for Sarcasm Detection in English  

This chapter focuses on techniques for sarcasm detection that involve optimizing the 

continuous statistical distributions, combining them with varied NLP methodologies. In this 

chapter, we present novel approaches for sarcasm detection in English, leveraging hybrid 

optimization techniques to enhance computational efficiency.  

The chapter is structured as follows: Section 4.1 begins with a detailed background and 

introduction to sarcasm, and exploring its linguistic complexities. Sections 4.2–4.5 focuses on 

various proposed methodologies employed to achieve improved detection accuracy. Section 

4.6 provides description of the datasets, followed by the performance analysis and statistical 

validations of the proposed methods. Moving forward, section 4.7 highlights the challenges 

faced by proposed methods, with measure of their time complexities and computational 

efficiencies. Finally, section 4.8 concludes the chapter by summarizing the findings and 

outlining the contributions of the proposed methodologies.  

4.1 Introduction 

Sarcasm detection has been used to a great extent in today’s time. It is defined as use of words 

which make the actual literal meaning in an opposite intent. There are varied methods for 

sarcasm detection, including machine learning, deep learning, and transformer-based models. 

However, some of these methods still lack or neglect detecting sarcastic cues with proper intent 

without using optimization techniques.  

Certain studies [31], [156] defined the sarcasm detection model but, unfortunately, lagged to 

give better performance metrics with high computational costs. The problem with the prior 

studies [61], [66], [67] are that most of them have a dearth of context-dependent based 

techniques. Multiple feature ensemble, behavioral, supervised, semi-supervised, deep learning, 

and multimodal models do not correctly incorporate the modalities of all features of sarcasm. 

Sarcasm detection often involves subtle contextual and tonal cues, which can be difficult to 
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model using deterministic methods [86], [3]. Despite these methods [31], [11], [159] there are 

very few unsupervised techniques that utilize mathematical algorithms to detect sarcasm in 

context. Many studies [157], [160], [87] not able to detect sarcasm with the presence of positive 

sentiment showing implied negative intent that is commonly shared by users of social sites. All 

these issues need to be addressed by formalizing the problem of text classification and 

introducing novel mathematically optimized models for sarcasm detection.  

To address these challenges, this chapter provides varied hybrid optimization models as novel 

approaches to sarcasm detection in English text. Hybrid optimization techniques are ideal for 

sarcasm detection due to their ability to navigate complex, high-dimensional data spaces 

efficiently. These techniques help to identify optimal solutions by handling uncertainties and 

variabilities in linguistic patterns. They are computationally efficient, capable of processing 

large datasets while minimizing overfitting, and adaptable to diverse sarcasm expressions. 

Sarcasm detection models achieve better precision and robustness by leveraging stochastic 

methods, enhancing their overall performance and applicability. 

The use of different hybrid optimization techniques in this chapter is motivated by the 

complexity of sarcasm in social media text. Sarcasm is nonlinear, context-dependent, and often 

difficult to capture with a single method. Each hybrid technique improves a specific part of the 

model, such as stability during convergence, diversity in the search space, or stronger 

interaction among features.  

Combining these mathematical frameworks, the proposed hybrid methods identify subtle and 

hidden sarcasm patterns without using labelled data. This also improves the model’s 

generalization and makes the unsupervised sarcasm detection process easier to interpret. 

Formulating sarcasm detection as mathematical optimization techniques enables to give more 

feasible solutions leading to the robustness of proposed methods. Despite using different 

distribution functions, it helps to capture various aspects of sarcasm with its effective indicators 

which is shown in detailed as in Chapter 5. The use of maximized or minimized distribution 

functions for sarcasm detection offers unique insights into the problem. Integrating 

optimization techniques helps refine sentiment scores, leading to more accurate sarcasm 

detection with ideal optimal value. This chapter discusses four proposed approaches for 

sarcasm detection of English text using varied hybrid optimization techniques.  

• Proposed method 6: Sarcasm detection using logistic ions motion optimization technique 

with entropy correlations network (SLIOEN), which is discussed in section 4.2. 
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• Proposed method 7: Sarcasm detection method using unified non-linear Gauss-Kuzmin 

optimization with the Tsallis mechanism (SD-GKOT), which is discussed in section 4.3. 

• Proposed method 8: Unified Chinese Remainder Theorem cooperative game Kullback 

optimization (UCRT-CGKO), which is discussed in section 4.4.  

• Proposed method 9: Sarcasm detection using Wilson’s theorem utilizing ensemble 

language models (SDWT-ELM), which is discussed in section 4.5.  

4.2 Proposed Method 6: Sarcasm Detection Based on Logistic Ions 

Motion Optimization  

In this section, we discuss the proposed methodology of sarcasm detection using logistic ions 

motion optimization - SLIOEN. Fig. 4.1 demonstrates the flowchart of the proposed SLIOEN 

method using logistic ions motion optimization for sarcasm detection.  

 

 

 

 

 

 

 

 

 

 

 

The detailed core three steps used to implement the proposed SLIOEN method are shown as 

follows. 
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Fig. 4.1  Architectural framework of proposed method SLIOEN for sarcasm detection 
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Step 1: Sentiment Evaluation and Sentence Score Calculation  

The first step is to calculate two individual sentence scores using lexicon sentiment models viz, 

TextBlob and SentiWordNet. Their computed scores are 𝑇𝑝𝑜𝑙, 𝑇𝑠𝑢𝑏, 𝑆𝑝𝑜𝑠, and 𝑆𝑛𝑒𝑔 using 

algorithms 3.2 and 3.3 in Chapter 3. The individual sentence score obtained from TextBlob 

(𝐼𝑆𝑆2) is the average of 𝑇𝑝𝑜𝑙 and  𝑇𝑠𝑢𝑏, as shown in Eqn. (4.1).Similarly, the individual 

sentence score obtained from SentiWordNet (𝐼𝑆𝑆3) is the average of 𝑆𝑝𝑜𝑠 and 𝑆𝑛𝑒𝑔, shown in 

Eqn. (4.2). 

                                                      𝐼𝑆𝑆2 =
( 𝑇𝑠𝑢𝑏+𝑇𝑝𝑜𝑙)

2
                                                          (4.1) 

                                                    𝐼𝑆𝑆3 =
( 𝑆𝑝𝑜𝑠+𝑆𝑛𝑒𝑔)

2
                                                            (4.2) 

The goal of averaging is to create a balanced, consistent, and comparable sentence 

representation, mitigating bias from skewed positive or negative word distributions. 

Step 2: Key Phrase Extraction using RAKE  

After getting optimal sarcasm scores, we apply the key-phrase extraction procedure using the 

RAKE model, which is explained in Chapter 3. It calculates the triggered context score of the 

sarcastic sentence called the highest triggered sarcasm indicator score (𝑘𝑚𝑎𝑥
3 ).  

Step 3: Sarcasm Detection 

In the third step, we formulate a logistic distribution as a minimized objective function solved 

by ion motion optimization for sarcasm detection. The 𝐼𝑆𝑆2 and 𝐼𝑆𝑆3 are the coefficients of the 

function, which are directly calculated from step 1. Using logistic distribution as an objective 

function helps model systems with binary outcomes, growth saturation, and robustness optimal 

solutions. Using this objective function efficiently helps to adapt new patterns and data, 

capturing more complex sarcastic cues. This enhances exploration capability, providing better 

optimal conditions and faster convergence. The Eqn. (4.3) shows the non-linear optimization 

technique using the logistic distribution function as the absolute minimized objective function.  

                        𝜓6 = 𝑓(𝜓6
∗) = |Minimise (

𝐼𝑆𝑆2

𝐼𝑆𝑆3
×

𝑒−𝜓6
∗

(1+𝑒−𝜓6
∗

)
2)| × 100                                (4.3) 

The aim of the minimized non-linear logistic distribution function using the ions motion 

optimization technique is to get the optimal sarcasm score (𝜓6). The 𝜓6
∗ is the sentence’s 

optimal solution, which helps in to get the final optimal sarcasm score of sentences to detect 

sarcasm. The value of 𝜓6
∗ in Eqn.(4.3) is obtained using the ion motion optimization technique. 

The inspiration for the IMO algorithm came from the motion law of anions and cations in 
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nature [161], where the anions and cations act as the candidate solutions in solution space. They 

move continuously toward the optimal ions. The primary steps of IMO are as follows. The 

proposed method has taken the search space within the bounds, i.e., 𝜓B∗ 	𝜖	[𝑙[ = −10, 𝑢[ = 10] 

with maximum iterations (𝑇Z�¦) taken as hundred. The ions work in two different phases. The 

first step is the initialization phase, where the population is initialized using Eqn. (4.4).  

                                               𝜓B∗[ = 𝑟𝑎𝑛𝑑 × (𝑢[ − 𝑙[) + 𝑙[                                                 (4.4) 

In the initialization phase, the population is evenly split into two groups: anions and cations, 

where 𝜓B∗[ denotes the value for the 𝑖th ion. While 𝑟𝑎𝑛𝑑 is a random number with uniform 

distribution within the range of 0 to 1, 𝑙[ is the lower bound of the 𝑖th variable, and 𝑢[ is the 

upper bound. The second phase is the liquid phase, where the resultant attraction force of anions 

and cations is calculated with the help of the distance of anion and cation, as shown in Eqn. 

(4.5) and (4.6). 

                                                               𝜁𝐹[ =
-

s-J%
S7.-}v9t

                                                      (4.5) 

                                                              𝜇𝐹[ =
-

s-J%
S 7.-
~v9t

                                                      (4.6) 

Where 𝜁𝐷[ = |𝜁[ − 𝜇𝑏𝑒𝑠𝑡| and 𝜇𝐷[ = |𝜇[ − 𝜁𝑏𝑒𝑠𝑡| such that 𝜁𝐷[ is the distance of the	𝑖th anion 

from the best cation, whereas 𝜇𝐷[ calculates the distance of the 𝑖th cation from the best anion. 

At the same time, 𝜁𝐹[ and 𝜇𝐹[ are the resultant attraction forces of anions and cations, 

respectively. This shows that forces between ions are inversely proportional to the distance. As 

a result, based on this resultant force of attractions, the position updates are derived in Eqns. 

(4.7) and (4.8).  

                                               𝜁𝐹[ = 𝜁[ + 𝜁𝐹[ × (𝜇𝑏𝑒𝑠𝑡 − 𝜁[)                                               (4.7) 

                                               𝜇𝐹[ = 𝜇[ + 𝜇𝐹[ × (𝜁𝑏𝑒𝑠𝑡 − 𝜇[)                                             (4.8) 

The 𝜇𝑏𝑒𝑠𝑡 and 𝜁𝑏𝑒𝑠𝑡 give the best cation and anion, respectively. The third phase is the crystal 

phase, where ions in the liquid become progressively stabilized by gravitational forces and 

solidify from liquid into a crystal. Under specific conditions, they switch to the crystal phase 

search mode to escape local optima. Consequently, the positions are updated using Eqn. (4.9) 

and (4.10). 
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𝜁[ = 𝜁[ + 𝑟𝑎𝑛𝑑- × (𝜇𝑏𝑒𝑠𝑡 − 1)												𝑟𝑎𝑛𝑑- > 0.5
𝜁[ = 𝜁[ + 𝑟𝑎𝑛𝑑- × (𝜇𝑏𝑒𝑠𝑡)																				𝑟𝑎𝑛𝑑- ≤ 0.5
𝜁[ = 𝑟𝑎𝑛𝑑- × (𝑢[ − 𝑙[) + 𝑙[ 													𝑟𝑎𝑛𝑑- < 0.05

Á                                  (4.9) 

                      
𝜇[ = 𝜇[ + 𝑟𝑎𝑛𝑑1 × (𝜁𝑏𝑒𝑠𝑡 − 1)												𝑟𝑎𝑛𝑑1 > 0.5
𝜇[ = 𝜇[ + 𝑟𝑎𝑛𝑑1 × (𝜁𝑏𝑒𝑠𝑡)																				𝑟𝑎𝑛𝑑1 ≤ 0.5
𝜇[ = 𝑟𝑎𝑛𝑑1 × (𝑢[ − 𝑙[) + 𝑙[ 												𝑟𝑎𝑛𝑑1 < 0.05

Á                               (4.10) 

The 𝑟𝑎𝑛𝑑- and 𝑟𝑎𝑛𝑑1 are random numbers between [−1,1]. Using the position updating Eqns. 

(4.9) and (4.10), we compare the fitness of anions and cations to obtain the current optimal 

solution 𝜓B∗. Therefore, this optimization stage between the liquid and crystal phases is repeated 

in the final step. In the IMO, ions alternate movement between the liquid and crystal phases 

goes on until the termination condition is met, while updating into the fitness function. The 

optimal ion’s output gives the desired optimal solution 𝜓B∗. For detailed procedural steps of the 

IMO algorithm, refer to [161]. The ions with the lowest score, representing the best fitness, is 

considered the optimal sarcasm score (𝜓B). The 𝜓B is then compared with the computed 

sarcasm detection threshold value (𝜏B). It is calculated as 0.5 using the Shannon entropy [162] 

structure shown in Table 4.1, shown in Eqn. (4.11). The 𝑝(𝜓B) is the probability distribution of 

𝜓B, i.e., optimal sarcasm score. 

                                          𝜏B = −∑ 𝑝w𝜓B[x log 𝑝w𝜓B[x
[i,
[i-                                                (4.11) 

Table 4.1 Parameters employed in the proposed method SLIOEN 

Parameters  Values  

Sarcasm detection 

threshold value (𝝉𝟔) 
(Dataset-1): 𝜏9 = −∑ 𝑝n𝜓9Yp 𝑙𝑜𝑔 𝑝n𝜓9Yp

YZ[
YZ& = 0.4730 ≈ 0.5 

(Dataset-2): 𝜏9 = −∑ 𝑝n𝜓9Yp 𝑙𝑜𝑔 𝑝n𝜓9Yp
YZ[
YZ& = 0.4411 ≈ 0.5 

(Dataset-3): 𝜏9 = −∑ 𝑝n𝜓9Yp 𝑙𝑜𝑔 𝑝n𝜓9Yp
YZ[
YZ& = 0.4289 ≈ 0.5 

 

The sarcasm detection is deduced if 𝜓B ≤ 𝜏B, then the sentence is tagged as “sarcastic,” else, 

it is tagged as “non-sarcastic.” Algorithm 4.1 defines the procedure of sarcasm detection based 

on the proposed method SLIOEN. 

Furthermore, a non-linear Poisson distribution optimization technique is applied for 

categorizing types of sarcasm in SLIOEN as a step 4 procedure detailed in Chapter 5.  
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ALGORITHM 4.1: Sarcasm detection using the proposed method- SLIOEN 

Input: 𝑋[ ∈ sentences where 1 ≤ 𝑖 ≤ 𝑚 (total number of sentences), 𝐼𝑆𝑆1, 𝐼𝑆𝑆<, 𝜏B. 

Output: Detect sarcasm or non-sarcasm based on optimal sarcasm score (𝜓B) 

1. For each sentence 𝑋 from the dataset, repeat steps 2 to 11. 

2. Define objective function: 𝜓B = 𝑓(𝜓B∗) = Minimise ¼jff-
jff.

× %Sz2
∗

z-J%Sz2
∗
{
.½ × 100 

3. Compute 𝜓B∗ using ions motion optimization technique: Initialize ions initial 

position within the bounds [𝑙, 𝑢]: 𝜓B∗ = 𝑟𝑎𝑛𝑑 × (𝑢 − 𝑙) + 𝑙 

4. While 𝑇 < 𝑇Z�¦ = 100: Calculate fitness of the objective function; according to 

fitness, determine the best global solution. 

5. Update the ions position based on liquid phase: 𝜁𝐹 = 𝜁 + 𝜁𝐹 × (𝜇𝑏𝑒𝑠𝑡 − 𝜁) and 

𝜇𝐹 = 𝜇 + 𝜇𝐹 × (𝜁𝑏𝑒𝑠𝑡 − 𝜇). 

6. Update ions position based on crystal phase: 

Ã
𝜁 = 𝜁 + 𝑟𝑎𝑛𝑑- × (𝜇𝑏𝑒𝑠𝑡 − 1)												𝑟𝑎𝑛𝑑- > 0.5
𝜁 = 𝜁 + 𝑟𝑎𝑛𝑑- × (𝜇𝑏𝑒𝑠𝑡)																				𝑟𝑎𝑛𝑑- ≤ 0.5
𝜁 = 𝑟𝑎𝑛𝑑- × (𝑢 − 𝑙) + 𝑙													𝑟𝑎𝑛𝑑- < 0.05

 and 

Ã
𝜇 = 𝜇 + 𝑟𝑎𝑛𝑑1 × (𝜁𝑏𝑒𝑠𝑡 − 1)												𝑟𝑎𝑛𝑑1 > 0.5
𝜇 = 𝜇 + 𝑟𝑎𝑛𝑑1 × (𝜁𝑏𝑒𝑠𝑡)																				𝑟𝑎𝑛𝑑1 ≤ 0.5
𝜇 = 𝑟𝑎𝑛𝑑1 × (𝑢 − 𝑙) + 𝑙												𝑟𝑎𝑛𝑑1 < 0.05

 

7. Evaluate fitness: 𝑓w𝜓B∗(𝑇 + 1)x = objective function at 𝜓B∗(𝑇 + 1). Stop the 

condition where the minimized value of 𝑓w𝜓B∗(𝑇 + 1)x is obtained in total 

iterations. 

8. Output “optimal sarcasm score (𝜓B).” 

9. Classification based on 𝜓B and 𝜏B: if 𝜓B ≤ 𝜏B 

return “sarcasm” 

else return “non-sarcasm” 

10. End 

 

4.2.1 Numerical Illustration of Proposed Method: SLIOEN 

We have taken two sample sentences, i.e., S1 and S2, from our dataset to illustrate the 

implementation of the proposed SLIOEN method on it. 

In step 1, we determine the sentence score using TextBlob (using algorithm 3.3 in Chapter 3) 

and SentiWordNet (using algorithm 3.2 in Chapter 3). Tables 4.2 and 4.3 show the interpreted 
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values using Eqn. (4.1) and (4.2) respectively. In step 2, we defined the triggered sarcasm 

indicator score using the keyword extraction model RAKE. This sarcasm indicator score is 

used to learn the sarcastic intent of the text.  

S1: “I’m always amazed at how child can ruin the toys and then pamper that toy with 

kindness Loll..amziinggg”  

S2: “In my years in the State Legislature, I have never voted for a tax increase.”  

 

Table 4.4 shows the computed score using step 2 from the proposed methodology section.  

Table 4.2 Individual sentence score obtained from TextBlob 

Sentences  Textblob  𝑰𝑺𝑺𝟐  

 𝑻𝒑𝒐𝒔  𝑻𝒏𝒆𝒈  

S1  1 0.25 0.62 

S2  0 -0.05 0.025 

 

Table 4.3 Individual sentence score obtained from SentiWordNet 

Sentences  SentiWordNet  𝑰𝑺𝑺𝟑  

 𝑺𝒑𝒐𝒔  𝑺𝒏𝒆𝒈  

S1  0.02272 0.01136 0.01704 

S2  0.00961 0.1057 0.0576 

 

Table 4.4 Sarcasm indicator score computed using RAKE model 

Sentences  𝒌𝒎𝒂𝒙𝟑   

S1  9  

S2  8 

 

Table 4.5 Sarcasm detection using the proposed SLIOEN method 

Sentences  𝑰𝑺𝑺𝟏  𝑰𝑺𝑺𝟐  𝝍𝟔  Tag  

S1 0.62 0.01704 0.19602  Sarcasm  

S2 0.025 0.0576 1.0833  Non-sarcasm  
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While in step 3, we detect sarcasm using Algorithm 4.1. The proposed method employs 

minimised logistic distribution function using the ions motion optimization technique. Table 

4.5 shows the computed optimal sarcasm score obtained from SLIOEN using algorithm 4.1.  

The decision of sarcasm detection is made based on the comparison between 𝜓B and 𝜏B. The 

𝜓B ≤ 𝜏B, for the sentence S1, is tagged as “sarcastic,” and the sentence S2 is tagged as “non-

sarcastic”. Furthermore, we deduce the inherent sarcasm kind in terms of showing the sarcastic 

comment either as humour or non-humour in nature, in Chapter 5. 

4.3 Proposed Method 7: Sarcasm Detection Based on Exponential 
Gauss-Kuzmin Optimization  

In this section we discussed in detail about the proposed methodology of sarcasm detection 

method SD-GKOT. Fig. 4.2 demonstrates the flowchart of the proposed method SD-GKOT for 

sarcasm detection using optimization technique. 

 

 

 

 

 

 

 

 

 

 

 

SD-GKOT involves three key steps in the process of sarcasm detection detailed as follows. 

Step 1: Sentiment Evaluation and Sentence Score Calculation  

In the first step, the lexicon sentiment model, i.e., VADER is used to compute the average 

sentiment score of a sentence (𝜙@). The compound score (𝑉'"(!) and the positive senti score 
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Fig. 4.2  Architectural framework of proposed method SD-GKOT for sarcasm detection 



80 
 

(𝑉!"#) are obtained from VADER using algorithm 3.1 in Chapter 3. The computed average 

sentiment score of the sentence is as shown in Eqn. (4.12).  

                                                     𝜙@ =
® '̄(*J ō(V'®

1
                                                            (4.12) 

With the help of the 𝜙@ and sentiment threshold value (𝜆@), we reduce the polarity of the text 

either as positive sentiment or negative sentiment. The 𝜆@ is computed using Kullback Liebler 

divergence shown in Table 4.6 computed as 0.2. The general formula of computed 𝜆@ using 

Kullback Leibler divergence in Eqn. (4.13). 

                                                𝜆@ = ∑𝑌(𝑖) log i °([)
h0([)

j                                                       (4.13) 

The 𝜆@ is the computed threshold value for sentiment evaluation, 𝜙@(𝑖) and 𝑌(𝑖) are the average 

sentiment score for 𝑖b_ value and product value of positive and compound score of each value.  

Table 4.6 Parameters used in the proposed method for sentiment evaluation 

Parameters Values 

The threshold value for 

sentiment evaluation (𝝀𝟒) 
(Dataset 1 [149]): 𝜆* = ∑𝑌(𝑖) log w \(Y)

]9(Y)
x ≈ 0.2 

(Dataset 2 [150]): 𝜆* = ∑𝑌(𝑖) log w \(Y)
]9(Y)

x ≈ 0.2 

(Dataset 3 [151]): 𝜆* = ∑𝑌(𝑖) log w \(Y)
]9(Y)

x ≈ 0.2 

(Dataset 4 [152]): 𝜆* = ∑𝑌(𝑖) log w \(Y)
]9(Y)

x ≈ 0.2 

  

The process of sentiment evaluation is done if 𝜙@ is greater than 𝜆@, then the value is tagged as 

“positive sentiment” otherwise, it is tagged as “negative sentiment.”  

Additionally, we formulate a non-linear optimization technique using exponential distribution 

to calculate the optimum individual sentence score (𝐼𝑆𝑆@). This use of exponential distribution 

as a minimized objective function is taken because it tends to be smooth and convex in nature 

for useful for optimization. This helps in achieving the optimal score efficiently, where smooth 

convex functions ensure better convergence properties. The generalized non-linear 

optimization technique using exponential distribution is shown in Eqn. (4.14). 

                                                 𝐼𝑆𝑆@ = 𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒	𝜙@	𝑒Vh0
𝑆𝑢𝑏𝑗𝑒𝑐𝑡	𝑡𝑜, 𝜙@ ≥ 0	 Å                                              (4.14) 
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The aim of this minimized non-linear optimization technique using exponential distribution as 

an objective function is to acquire the 𝐼𝑆𝑆@. Algorithm 4.2 demonstrates the calculation of the 

given score based on a defined optimization technique.  

Step 2: Key Phrase Extraction using RAKE  

In this step, the key-phrase extraction RAKE model (discussed in Chapter 3) is performed on 

all sarcastic sentences to acquire the highest key-phrase value (𝑘(:;@ ).  

ALGORITHM 4.2: Calculate the optimum individual sentence score using a non-linear 

optimization technique with exponential distribution  

Input: X− total number of sentences in datasets, 𝝓𝟒  

Output: Optimum individual sentence score (𝑰𝑺𝑺𝟒) 

1. For each sentence, 𝑿 repeat steps from 2 to 3. 

2. Compute 𝑰𝑺𝑺𝟒 using the formulated non-linear optimization technique with 

exponential distribution:𝑰𝑺𝑺𝟒 = Minimize 𝝓𝟒	𝒆V𝝓𝟒, Subject to, (𝝓𝟒) ≥ 𝟎 

3. End 

 

Step 3: Sarcasm Detection 

In the third step, a non-linear optimization technique is formulated based on the Gauss-Kuzmin 

distribution for sarcasm detection. The 𝐼𝑆𝑆@, which is derived in step 1, is inserted into this 

defined objective function. The choice of taking the Gauss-Kuzmin distribution as a minimized 

objective function helps to capture skewed distributions with better patterns. The formulated 

non-linear Gauss-Kuzmin optimization technique is shown in Eqn. (4.15). 

                                                     𝜓C = 𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒	
R39-7z-J

-
�RR0

{

6�2(-Jjff0)

𝑆𝑢𝑏𝑗𝑒𝑐𝑡	𝑡𝑜, 𝐼𝑆𝑆@ ≥ 0	
Á                                      (4.15) 

The goal of this optimization technique is to derive the optimal sarcasm score (𝜓C) of a sentence 

from the minimized objective function for sarcasm detection. The 𝜓C is then compared with 

the computed threshold value for sarcasm detection (τC). The calculated value of τC is 0.4, 

obtained from Tsallis entropy [164], which is shown in Eqn. (4.16) and elaborated in Table 4.7.  
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Table 4.7 Parameters used in the proposed method 

Parameters Values 

The threshold value for 

sarcasm detection (𝝉𝟕) 
(Dataset 1 [149]): 𝜏; =

(.(95
&'(.44

𝑙𝑜𝑔(|8212.57|) = 0.3972 ≈ 0.4 

(Dataset 2 [150]): 𝜏; =
(.(95
&'(.44

𝑙𝑜𝑔(|7362.111|) = 0.3924 ≈ 0.4 

(Dataset 3 [151]): 𝜏; =
(.(95
&'(.44

𝑙𝑜𝑔(|6687.508|) = 0.3882 ≈ 0.4 

 

                                      τC = 𝑗 × -
-V²

log iÈ1 − ∑ i𝑃w𝜓C[xj
²

[ Èj                                       (4.16) 

The 𝑞 is the normalized set taken as 0.33, 𝑃w𝜓C[x is the probability of optimal sarcasm score, 

where 1 ≤ 𝑖 ≤ 𝑚, 𝑚 is the total number of sentences in the dataset. 𝑗 is the normalization 

constant taken as the variance of optimal sarcasm score as 0.068.  

Based on a comparison between 𝜓C and 𝜏C, the decision for sarcasm detection is inculcated. If 

𝜓C < 𝜏C, then the sentence is tagged as “sarcasm,” and if 𝜓C ≥ 𝜏C, then the sentence is tagged 

as “non-sarcasm.” Algorithm 4.3 defines the procedure for sarcasm detection based on the 

proposed method SD-GKOT.  

ALGORITHM 4.3: Sarcasm detection using the proposed method SD-GKOT 

Input: X− total number of sentences in the dataset, 𝑰𝑺𝑺𝟒, 𝝉𝟕 

Output: Detect sarcasm and non-sarcasm based on optimal sarcasm score (𝝍𝟕) 

1. For each sentence, 𝑿 repeat steps from 2 to 4. 

2. Compute 𝝍𝟕 using the formulated non-linear optimization technique of Gauss-Kuzmin 

distribution: 𝝍𝟕 = Minimize 𝒍𝒐𝒈𝟏𝟎 i𝟏 +
𝟏

𝑰𝑺𝑺𝟒
j, Subject to 𝑰𝑺𝑺𝟒 ≥ 𝟎 

3. Decision-based on comparison between 𝝍𝟕 and 𝝉𝟗: If 𝝍𝟕 < 𝝉𝟕 → “sarcasm” 

Else “non-sarcasm” 

End 

 

4.3.1 Numerical Illustration of Proposed Method: SD-GKOT 

In this section, we present the working methodology of the proposed method, SD-GKOT, on 

two sentences, S1 and S2, taken from the datasets.  
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S1: “A study of where teachers apply to work found that “less than 5 percent wanted to 

work in rural Wisconsin.” 

S2: “I can stare if I want to. I will stop if anyone glares at me..LoLL, this shows how I am 

unwanted romanticizing bug” 

 

In the first step, we deduce the sentiment and polarity of the given context using the Eqn. (4.12) 

shown in the above steps. Table 4.8 shows the depiction of 𝜙@ and the obtained sentiment 

polarity from it. Based on a comparison between 𝜙@ and 𝜆@ we deduce that S1 is tagged as 

“negative sentiment” and S2 tagged as “positive sentiment”. 

Table 4.8 Sentiment evaluation and average sentiment score computation 

Sentences  Vader sentiment model  𝝓𝟒  Sentiment tag 

𝑽𝒑𝒐𝒔  𝑽𝒄𝒐𝒎𝒑  

S1  0 0.128 0.064 Negative  

S2  0.266 0.4404 0.3532 Positive  

 

After getting the sentiment tag with 𝜙@ value, we then obtained the sentence score value using 

a minimized exponential distribution-based non-linear optimization technique. The optimum 

sentence score (𝐼𝑆𝑆@) is deduced using algorithm 4.2, depicted in Table 4.9.  

Table 4.9 Optimum sentence score computation using a non-linear optimization technique 

Sentences 𝝓𝟒	  𝑰𝑺𝑺𝟒  

S1  0.064 0.060032 

S2  0.3532 0.2481 

 

In the second step, we obtain the maximised 𝑘(:;@  value using the RAKE model to get a 

triggered indicator of sarcasm shown in Table 4.10.  

Table 4.10  Triggered sarcasm indicator highest score using RAKE 

Sentences Triggered context  𝒌𝒎𝒂𝒙𝟒   

S1  “5 percent wanted to work in rural” 5 

S2  “LoLL, unwanted romanticizing bug” 7 
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In the third step, we obtain the optimal sarcasm score (𝜓C) based on utilizing a non-linear 

optimization technique using a fusion of Gauss-Kuzmin distribution as shown in algorithm 4.3. 

Table 4.11 shows the obtained value of 𝜓C using an algorithm 4.3. 

Table 4.11  Optimal sarcasm score using SD-GKOT for sarcasm detection 

Sentences 𝝓𝟒		  𝑰𝑺𝑺𝟒  𝝍𝟕  Tag  

S1  0.064 0.060032 0.4311 Non-sarcasm  

S2  0.3532 0.2481 0.2014 Sarcasm  

 

The sarcasm detection is done based on the decision between 𝜓C and the threshold value for 

sarcasm (𝜏C). On the basis of the decision, we deduce that sentence S1 is tagged as “non-

sarcasm,” and S2 is tagged as “sarcasm,” respectively. 

4.4 Proposed Method 8: Sarcasm Detection based on Chinese 
Remainder Theorem and Cooperative Kullback-Divergence 
Optimization   

In this section, we discussed in detail the UCRT-CGKO method for the sarcasm detection task. 

This work aims to decipher a sarcastic and non-sarcastic sentence from social media platforms 

using optimization technique. We propose a sarcasm detection model named UCRT-CGKO 

using an optimization technique. In this model, we first apply the Chinese Remainder Theorem 

(CRT) to the word embedding scores to obtain four basic feasible solutions under different 

modulo congruences. Next, we use these four values in a zero-sum game strategy, applying the 

maximin-minimax approach to determine the game’s optimal score. Based on this optimal 

value, the model performs the task of sarcasm detection effectively. The optimized CRT system 

has been formulated as shown in Eqn.  (4.17): 

Max (𝑔(𝜓e)[ , 𝑓(𝜓e)[) 

Subject to constraints, 

                                                       

𝑋[ ≡	 𝐼𝑆𝑆@[(𝑚𝑜𝑑	𝜇@)
𝑋[ ≡	 𝐼𝑆𝑆A[(𝑚𝑜𝑑	𝜇-

· )
𝑋[ ≡	 𝐼𝑆𝑆@[(𝑚𝑜𝑑	𝜇1)
𝑋[ ≡	 𝐼𝑆𝑆A[(𝑚𝑜𝑑	𝜇@

· )
𝑋[ ≡	 𝐼𝑆𝑆@[(𝑚𝑜𝑑	𝜇1)
𝑋[ ≡	 𝐼𝑆𝑆A[(𝑚𝑜𝑑	𝜇<

· )⎭
⎪⎪
⎬

⎪⎪
⎫

                                                (4.17) 
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where 1 ≤ 𝑘 ≤ 4 and 1 ≤ 𝑖 ≤ 𝑚 for total 𝑚 sentences. The four values obtained through the 

CRT methodology are Penultimate Quartette Rate (PQR) values, representing the system’s 

optimal solutions for the variable 𝑋[. These values are subsequently utilized in the MaxiMin-

MiniMax game to create a 2 × 2 square matrix. Fig. 4.3 shows the flowchart for implementing 

the proposed method. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Underneath follows the procedure of sarcasm detection in the text of the proposed 

methodology: 

Step 1: Sentiment Evaluation and Sentence Score Calculation  

In this step, we determine individual sentence scores (ISSA, ISSB) for each sentence using Bag 

of Words (BOW) and term frequency in reverse document frequency (Tf-Idf) word embedding. 
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optimal values 

Detection   

If optimal game 
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detection threshold 
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Step 1:  Step 2:  

Step 3:  

Fig. 4.3  Flowchart depicting steps to implement the proposed UCRT-CGKO method for 
sarcasm detection 
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We consider a sentence ‘X’ having  W = ww-,			.		.		.		, w¸x words. We generate two values - the 

sum of BOW (𝑒­¹º) and Tf-Idf (𝑒=j�). We compute 𝐼𝑆𝑆A and 𝐼𝑆𝑆B according to algorithm 4.4 

and algorithm 4.5. Eqn.  (4.18) depicts the representation: 

𝐼𝑆𝑆A = ∑ 𝑒­¹ºd[
[i»
[i-  (Let’s say) total summation value from BOW 

                     𝐼𝑆𝑆B = ∑ 𝑒=�¡d[
[i»
[i-  (Let’s say) total summation value from Tf-Idf             (4.18) 

ALGORITHM 4.4: Calculate the Sentence Score using BOW 

Input: 𝑿𝒊 is the 𝒊𝒕𝒉 a sentence from the dataset where i ranges from 𝟏 ≤ 𝒊 ≤ 𝒎. 

Output: Individual Sentence Score using BOW (𝑰𝑺𝑺𝟓) 

1. Repeat steps 2 to 5 for each sentence in the dataset. 

2. Take 𝑾 = w𝒘𝟏, 𝒘𝟐, 𝒘𝟑, . . . . , 𝒘𝒋,x where 𝒘𝒋 represents the 𝒋𝒕𝒉	(𝟏 ≤ 𝒋 ≤ 𝒏)	 word in 𝑿𝒊             

3. For each unique 𝒘𝒋, count its occurrences (𝒇𝒋) in the sentence 𝑿𝒊. 

4. Initialize 𝒆𝑩𝑶𝑾 = 0 

for each 𝒘𝒋,  𝒆𝑩𝑶𝑾 = 𝒆𝑩𝑶𝑾 + 𝒇𝒋 

5. Compute: ∑ 𝒆𝑩𝑶𝑾𝒊i𝒋
𝒊i𝟏 → 𝑰𝑺𝑺𝟓 

 

ALGORITHM 4.5: Calculate the Sentence Score using Tf-Idf 

Input: 𝑿𝒊 is the 𝒊𝒕𝒉 a sentence from the dataset where i ranges from 𝟏 ≤ 𝒊 ≤ 𝒎. 

Output: Individual Sentence Score using Tf-Idf (𝑰𝑺𝑺𝟔) 

1. Repeat steps 2 to 5 for each sentence in the dataset. 

2. Take 𝑾 = w𝒘𝟏, 𝒘𝟐, 𝒘𝟑, . . . . , 𝒘𝒋,x where 𝒘𝒋 represents the 𝒋𝒕𝒉	(𝟏 ≤ 𝒋 ≤ 𝒏)	 word in 𝑿𝒊  

3. For each unique 𝒘𝒋, Count the no. of occurrences (𝒍𝒋) in the sentence 𝑿𝒊. 

4. Initialize 𝒆𝑻𝑰𝑭 = 0 

for each 𝒘𝒋,  𝒆𝑻𝑰𝑭= 𝒆𝑻𝑰𝑭 + 𝒍𝒋 

5. Compute: ∑ 𝒆𝑻𝑭𝑫𝒊i𝒋
𝒊i𝟏 → 𝑰𝑺𝑺𝟔 

 

Step 2: Key Phrase Extraction using YAKE  

While detecting sarcasm in text, we also seek terms associated with vulgar language or 

misleading comments. We extract keywords from the text using YAKE model. The keywords 
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with the largest score are considered as triggered sarcasm markers, which helps to get offensive 

content. The highest keyword value is fetched out to further interpolate it in the formulated 

optimization technique for the classification of sarcasm signals shown in Chapter 5. The 

highest keyword value is termed the highest triggered sarcasm signal score (𝑘(:;A ).  

Step 3: Sarcasm Detection 

In this step, we express each sentence, 𝑋, in terms of a system of congruence as in Eqn. (4.1) 

using the sentence scores as the positive integers. CRT is applied to calculate the modulo of 

different factors of a large number independently and then combine the results to obtain the 

final solution. This improves parallelism and reduces computational load. We chose four prime 

numbers viz.  𝜇- = 3, 𝜇1 = 5, 𝜇< = 7	𝑎𝑛𝑑	𝜇@ = 11. With four combinations of primes, i.e., 

𝑃∅ = ((𝜇@, 𝜇-), (𝜇1, 𝜇@), (𝜇1, 𝜇<), (𝜇<, 𝜇@)), we obtain unique four solutions termed as PQR 

(𝜔e) shown in Eqn.  (4.19) and (4.20).  

                                                              i¦≡	jff1(("?	ÈX)¦≡	jff2v("?	ÈX
� wj                                                   (4.19) 

             𝑋 = i(𝐼𝑆𝑆A × 𝜇e × 𝜇eV-) + w𝐼𝑆𝑆B × 𝜇e· × 𝜇e·
V-xj 	𝑚𝑜𝑑(𝜇e × 𝜇e· ) = (𝜔e)       (4.20) 

The (𝜇e , 𝜇e· ) 	∈ 𝑃∅ = ((𝜇@, 𝜇-), (𝜇1, 𝜇@), (𝜇1, 𝜇<), (𝜇<, 𝜇@)) are co-primes and 1 ≤ 𝑘 ≤ 4,			1 ≤

𝑖 ≤ 𝑚. The PQR obtained from Algorithm 4.6 is denoted as (𝜔e), 1 ≤ 𝑘 ≤ 4, represented in 

Eqn.  (4.19) and Eqn. (4.20). 

ALGORITHM 4.6: Calculate the PQR values using CRT 

Input: {𝑰𝑺𝑺𝟓} and 	{𝑰𝑺𝑺𝟔}, primes 𝝁𝒌 𝟏 ≤ 𝒌 ≤ 𝟒. 

Output: PQR values as A= {four values from CRT (𝝎𝒌)}. 

1. Initialize X=0, A= {} 

2. Repeat steps 1 to 5 for all combinations of 𝝁 

3. 𝑴 = 𝝁𝒌 ∗ 𝝁𝒌· .and 𝑴𝟏 =
𝑴
𝝁𝒌

 and 𝑴𝟐 =
𝑴
𝝁𝒌
� ; 	𝑴𝟏	𝑴𝟏

V𝟏 ≡ 𝟏(𝒎𝒐𝒅𝝁𝒌	)𝒂𝒏𝒅	𝑴𝟐	𝑴𝟐
V𝟏 ≡

𝟏(𝒎𝒐𝒅	𝝁𝒌· ). 

4. 𝑿 = (𝑰𝑺𝑺𝟓𝑴𝟏
V𝟏𝝁𝒌· + 𝑰𝑺𝑺𝟔𝑴𝟐

V𝟏𝝁𝒌)𝒎𝒐𝒅	𝑴 

5. A = A. append(X) 

 

The PQR values are fed as payoffs to the MaxiMin-MiniMax game, which focuses on particular 

textual aspects to distinguish between sarcasm and non-sarcasm. The game is played between 
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two players, Player A and Player B, maximizing Player ‘𝐴’ and minimizing Player ‘B.’ The 

respective strategies of players A and B in the game are A-, A1, B-	and	B1 respectively. Table 

4.12 shows the MaxiMin-MiniMax game between two players. We obtain the normalized 

overall value of the game (𝜓D), which is termed the optimal game score of the sentence. 

Table 4.12 MaxiMin-MiniMax game played with PQR values 

Pl
ay

er
 A

 

Player B  

 𝐵& 𝐵3 MaxiMin 

𝐴& 𝜔& 𝜔3 𝑀𝑖𝑛	{𝜔&, 𝜔3} 𝑀𝑎𝑥	{𝑀𝑖𝑛	{𝜔&, 𝜔3}, 

𝑀𝑖𝑛	{𝜔4, 𝜔*}}

= 𝑓(𝜔&, 𝜔3, 𝜔4, 𝜔*) 

𝐴3 𝜔4 𝜔* 𝑀𝑖𝑛	{𝜔4, 𝜔*} 

 MiniMax Max 

{𝜔&, 𝜔4} 

𝑀𝑎𝑥	{𝜔3, 𝜔*} Value of game 𝜓5 =

𝑚𝑎𝑥 �𝑓
(𝜔&, 𝜔3, 𝜔4, 𝜔*),
𝑔(𝜔&, 𝜔3, 𝜔4, 𝜔*)	

� 
𝑀𝑖𝑛{𝑀𝑎𝑥	{𝜔&, 𝜔4},𝑀𝑎𝑥{𝜔3, 𝜔*}}

= 𝑔(𝜔&, 𝜔3, 𝜔4, 𝜔*) 

 

To detect the sarcasm in a text, we compare the value of the game (obtained in Step 3) with the 

threshold value of sarcasm. Eqn.  (4.21) encapsulates the formula used to calculate the sarcasm 

detection threshold value (𝜏D) using Kullback-Leibler (KL) divergence. It is a relative entropy 

measure that is used to calculate the value of 𝜏D. 

                                              𝜏D = ∑𝑝(𝜓D) log
!(��)
Èz�

                                                         (4.21) 

The 𝑝(𝜓D) is the probability distribution of optimal game score 𝜓D, and 𝜇�� is the mean of all 

values of all game scores. The computed 𝜏D for Dataset-1 is obtained as 𝜏D = 19.714 ≈ 20. 

Similarly, for Dataset-2, the = 19.80 ≈ 20. The value of the game 𝜓D ≥ 𝜏D signifies the “non-

sarcastic”, and 𝜓D < 𝜏D	tells that the text is “sarcastic.” Algorithm 4.7 demonstrates the 

proposed methodology of sarcasm detection using UCRT-CGKO.  

4.4.1 Numerical Illustration of Proposed Method: UCRT-CGKO 

Two sentences are considered for the working of the UCRT-CGKO model for the task of 

sarcasm detection. We have taken sample examples from the datasets utilized in the proposed 

study. 
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In step 1, the calculation of individual sentence scores using algorithms 4.1 and 4.2 is done 

based on BOW and Tf-Idf, as shown in Table 4.13.  

ALGORITHM 4.7: Detection of sarcasm using UCRT-CGKO 

Input: four PQR values 𝟏 ≤ 𝒌 ≤ 𝟒, sarcasm detection threshold value (𝝉𝟖) 

Output: sarcasm and non-sarcasm (𝝍𝟖)  

1. Play the MaxMini-MiniMax game with PQR values obtained from Algorithm 4.6: 

MiniMax = min (𝝎𝒊	values) and MaxMini = max (𝝎𝒊 values) 

2. 𝝍𝟖 = max (MiniMax, MaxMini) 

3. Classify the sentence as sarcastic or non-sarcastic based on optimal game score 𝝍𝟖 

and 𝝉𝟖: if  𝝍𝟖 < 𝝉𝟖: classification = “sarcasm” 

else: classification = “non-sarcasm” 

4. Exit  

 

S2: “New Study finds reading comprehension down amongst dumb bullshitt perusing this 

headline” 

S3: “Oh please, don't care too much.” 

 

In step 2, the target of sarcasm indicator is depicted using the Python library YAKE to get the 

triggered context (𝑘(:;A ). Table 4.14 depicts the sarcastic triggered indicator presence with the 

help of the keyword extractor it utilized.  

Table 4.13 Sentence scores representation using Tf-Idf and BOW 

Sentences  𝑰𝑺𝑺𝟓  𝑰𝑺𝑺𝟔  

S1 12 3.46  

S2 6 2.4  

 

Table 4.14 Triggered scores of sarcasm indicator representation 

Sentences  Triggered signal of sarcasm (𝒌𝒎𝒂𝒙𝟓 ) Target 

S1 0.2973  “dumb bullshitt perusing this headline ” 

S2 0.896  “don’t care too much” 
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In step 3, we perform the CRT model implementation to get the PQRs values (𝜔) using 

algorithm 4.6. Table 4.15 gives the PQR values of the sentences S1 and S2, respectively. 

Table 4.15  PQR values using CRT analysis 

Sentences  𝝎  

S1 {8.569, 28.10, 7.746, 55.21}  

S2 {29.39, 21.94, 1.439, 4.888}  

 

Additionally, the sarcasm detection task is to be performed using the cooperative gameplay of 

the maximin-minimax procedure, which represents the likelihood distribution model. Based on 

the obtained value of the game (𝜓D) using algorithm 4.4, we perform sarcasm detection on it. 

Table 4.16 shows the numerical representation. 

Table 4.16 Sarcasm detection task using UCRT-CGKO 

Sentences  𝝍𝟖  Tag 

S1 8.569  Sarcasm  

S2 21.94  Non-sarcasm   

 

Therefore, on the basis of decision analysis, we deduce that 𝜓D < 𝜏D implies that sentence S1 

is tagged as “sarcasm” and for sentence S2 𝜓D ≥ 𝜏D is tagged as “non-sarcasm,” respectively.  

4.5 Proposed Method 9: Sarcasm Detection Based on Gumble 
Distributional Wilson’s Optimization    

In this section, we presented the proposed method of sarcasm detection using Wilson’s theorem, 

utilizing ensemble language models (SDWT-ELM). It is a mathematical optimization-based 

model that employs three content-based techniques, i.e., Glove, Word2Vec, and ElMo, with 

Wilson’s theorem, to ascertain whether the text is sarcastic. The proposed method works by 

taking different ensemble approaches and combining them to achieve better outcomes. The 

result of all three components is a vector space of embeddings, which is then concatenated and 

gives a summed value. This value is sent to optimize Wilson’s theorem, which detects sarcasm 

and non-sarcasm with the help of a summed value in the given text. Fig. 4.4 suggests the 

proposed method flowchart. 

The construction of the given proposed approach utilizes word-embedding strategies where 

words are converted into vectors using GloVe, Elmo, and Word2Vec, which are then added to 
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give a combined numeric value we termed as epitome score. This epitome score is then fetched 

into Wilson’s theorem, which generates the entire sentence value, either prime or non-prime. 

The value in terms of the prime score tagged the sentence as sarcastic, and the non-prime score 

tagged the sentence as non-sarcastic. 

 

Fig. 4.4  Architectural framework of SDWT-ELM for sarcasm detection 

 

Given dataset 𝑋 in Eqn. (4.22) with sentence 𝑥[, 1 ≤ 𝑖 ≤ 𝑚, and 𝑚 is the total number of 

sentences. 

                                                   𝑋 = {𝑥-, 𝑥1, 𝑥<, . . . . , 𝑥[}                                                   (4.22) 

We initialize here each text of the dataset 𝑋 and extract predefined word vectors numeric value 

from embeddings, i.e., GloVe denoted as 𝑒[Ì¢¯, ElMo denoted as 𝑒[Í¢Z and Word2vec denoted 

as 𝑒[º1¯ where, 𝑒 is the embedding vector. Algorithms 4.8, 4.9, and 4.10 depict the computation 

of each of these word embeddings to get the defined sentence value 𝐼𝑆𝑆C, 𝐼𝑆𝑆D and 𝐼𝑆𝑆E for 

glove, word2vec, and Elmo, respectively, using them.  

After getting the sentence scores, the epitome score is computed, which is defined as the 

summation of all three-word embedding values, denoted as 𝜓E	obtained in Eqn. (4.23). 

                                      𝜓E = ∑ (𝐼𝑆𝑆C[
(
[i- + 𝐼𝑆𝑆D[ + 𝐼𝑆𝑆E[)                                              (4.23) 
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This 𝜓E of each text is then passed to Wilson’s algorithm to obtain the Wilson score. Wilson’s 

score is defined as an optimal value utilizing Wilson’s Theorem (defined in Eqn.  (4.22)) in 

Eqn.  (4.24) dealing with the given 𝜓E[ formulated as, 

                                                     (𝜓E[ − 1)! ≡ −1	mod	𝜓E[                                            (4.24) 

ALGORITHM 4.8: Calculate the sentence value using the glove 

Input: 𝑾 = w𝒘𝟏, 𝒘𝟐, 𝒘𝟑,…, 𝒘𝒋,x where 𝒘𝒋 represents the 𝒋𝒕𝒉	(𝟏 ≤ 𝒋 ≤ 𝒎)	 word in X.  

Output: sentence value 𝑰𝑺𝑺𝟕	using a glove.  

1. Load pre-trained glove embedding vector → glove_model. 

2. Tokenize and retrieve the vectors for the sentence. 

3. Sum the vectors to create a sentence vector embedding 𝒗𝒆𝒄𝒕𝒐𝒓𝒆𝒎𝒃𝒆𝒅𝒋:  

             Sum vector of sentence 𝑭 = ∑ 𝒗𝒆𝒄𝒕𝒐𝒓𝒆𝒎𝒃𝒆𝒅𝒋
𝒋i𝒎
𝒋i𝟏 . 

4. Initialize 𝒆𝑮𝑳𝑽 = 0 

for each 𝒘  

𝒆𝑮𝑳𝑽 = 𝒆𝑮𝑳𝑽 + 𝑭𝒋 → 𝑰𝑺𝑺𝟕 (output) 

5. End 

 

ALGORITHM 4.9: Calculate the sentence value using word2vec 

Input:	𝑾 = w𝒘𝟏, 𝒘𝟐, 𝒘𝟑,…, 𝒘𝒋,x where 𝒘𝒋 represents the 𝒋𝒕𝒉	(𝟏 ≤ 𝒋 ≤ 𝒎)	 word in X.  

Output:  sentence value 𝑰𝑺𝑺𝟖 using word2vec. 

1. From genism. models import KeyedVectors 

2. Calculate sentence score (sentence, word2vec): 

           embedding = word2vec.embed_sentence(tokens) 

          sentence_embedding = mean(embedding)  

          sentence_vector = sum(sentence_embedding) 

3. For each embedding of the set of words 𝒘𝒋,  

         Sentence embeddings, 𝒖𝒆 = ∑ (𝒔𝒆𝒏𝒕𝒆𝒏𝒄𝒆_𝒗𝒆𝒄𝒕𝒐𝒓𝒋)
𝒋i𝒎
𝒋i𝟏 . 

4. Initialize 𝒆𝑾𝟐𝑽 = 𝟎 

for each 𝒘𝒋 

𝒆𝑾𝟐𝑽 = 𝒆𝑾𝟐𝑽 + 𝒖𝒆𝒋 → 𝑰𝑺𝑺𝟖 (output) 

5. End 
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ALGORITHM 4.10: Calculate the sentence value using ElMo 

Input:	𝑾 = w𝒘𝟏, 𝒘𝟐, 𝒘𝟑,…, 𝒘𝒋,x where 𝒘𝒋 represents the 𝒋𝒕𝒉	(𝟏 ≤ 𝒋 ≤ 𝒎)	 word in X.  

Output:  sentence value 𝑰𝑺𝑺𝟗 using ElMo. 

1. Load pre-trained ELMo model 

2. Tokenize sentence X into words: Let 𝑾 = ã𝒘𝟏, 𝒘𝟐, . . . , 𝒘𝒋ä 

3. For each word 𝒘𝒊 in 𝑾: Pass 𝒘𝒊 through the ELMo model 

4. Extract the ELMo representation for 𝒘𝒊 

(ELMo typically gives 3 layers of vectors: [L1, L2, L3] per word) 

Combine the 3 layers into a single vector: vi = sum(L1, L2, L3)  // For simplicity 

5. Aggregate word vectors to form sentence embedding:𝑰𝑺𝑺𝟖 = 	𝒔𝒖𝒎(𝒗𝒊) 

6. Return 𝑰𝑺𝑺𝟗 as the sentence embedding 

7. End 

 

ALGORITHM 4.11: SDWT-ELM algorithm for detection of sarcasm 

Input: 𝑋, each context 𝑥[ ∈ 𝑋 and 1 ≤ 𝑖 ≤ 𝑚 where 𝑚 is the total number of sentences, 𝜓E 

Output: Prime score and non-prime score 

1. Define → 𝜓E 

2. if 𝜓E ≥ 1: 

3. execute → (𝜓E − 1)! ≡ −1	𝑚𝑜𝑑	𝜓E 

4. return 𝜓E 	→ (prime score)→ sarcasm 

5. else: return → non-sarcasm 

6. end 

 

The 𝜓E[ is used to give the value in terms of prime and non-prime. Based on this prime value, 

we deduced that if 𝜓E is computed as the prime score, the sentence is tagged as “sarcastic.” 

Else, it is tagged as “non-sarcastic” in nature. The elaborated text of it is shown in Eqn. (4.26) 

and Eqn.  (4.25).  

                                                    𝜓E[ = Prime score (sarcastic)                                         (4.25) 

                                      𝜓E[ = Non-Prime score (non-sarcastic)                                       (4.26) 
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Our proposed method SDWT-ELM aims to learn with mathematically optimized word 

embeddings to detect text as sarcastic or not. Algorithm 4.11 derives a fixed size representation 

of a context set for this purpose by computing the elementwise maximum addition for every 

word vector and the final size of the sentence representation given by the 𝜓E. This score uses 

Wilson’s theorem to get the text value, with a prime score represented as sarcasm and a non-

prime score as non-sarcasm. 

4.5.1 Numerical Illustration of Proposed Method: SDWT-ELM 

The exemplar sentences have been taken for the proposition of the proposed method SWD-

ELM system. The sentences taken here are from the datasets utilized in this study. 

S1: “The first professional baseball team was from an Ohio city.” 

S2: “speak up and give back if you want the economy to improve.” 

 

Table 4.17 Word embedding scores computation 

Sentences  𝑰𝑺𝑺𝟖  𝑰𝑺𝑺𝟕  𝑰𝑺𝑺𝟔  

S1  4.8 4.3 4.3 

S2  1.1 1.3  1.1 

 

Table 4.18 Sarcasm evaluation based on Wilson’s Theorem 

Sentences  Wilson’s theorem (𝝍𝟗)  Tag   

S1  (13 − 1)! ≡ −1	mod	13 = 0  Sarcasm  

S2  (4 − 1)! ≡ −1	mod	4 ≠ 0  Non-sarcasm  

 

In step 1, we determine the word embedding of text using Elmo, Word2Vec, and GloVe. Table 

4.17 shows the computed score of text from these embeddings. After fetching these scores into 

Wilson’s theorem, we get the optimal score for sarcasm detection. Table 4.18 shows the 

computation of Wilson’s score for sarcasm detection. The statement S1 is deduced to a 

“sarcastic” label, where 𝜓E is the prime value, whereas S2 is labeled as “non-sarcastic” as it 

is an obtained non-prime value. 
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4.6 Experimental and Result Analysis  

In this section, we present the analysis of the different collected datasets utilized in defined 

models. The performance of proposed methods over these datasets are compared with existing 

state-of-the-art approaches, respectively. Additionally, several metrics are analyzed, and their 

efficacies are inspected in this subsection. Language datasets are analyzed, with encouraging 

results. 

4.6.1 Dataset Utilisation by Proposed Methods  

Table 4.19 represents the statistics of the datasets used by the three proposed methods. This 

involves the utilization of four benchmark datasets for the task of sarcasm detection. The details 

of each dataset are given in Chapter 2, “Literature review,” in section 2.5. 

Table 4.19 Statistical variations of datasets 

S. No.  Datasets Renamed as Total number of sentences 

1. SARC [149] Dataset-1 12,257 

2. Reddit comments [150] Dataset-2  7,895 

3. Semeval 2018 task [151] Dataset-3  11,025 

4. News Headlines [152] Dataset-4  12,506 

 

4.6.2 Performance Evaluation of Proposed Methods on Dataset-1 

Whilst the sarcasm detection task on dataset-1, UCRT-CGKO, SD-GKOT, and SLIOEN 

reached the highest levels of performance, with all four metrics- accuracy, precision, recall, 

and F1 score- close to 0.955, clearly surpassing most leading contemporary models. The 

proposed method, SWDT-ELM, also performed well, with slightly lower scores but still above 

0.89 across all metrics. Conventional systems like HMM, GMM, SVM, M2Seq2Seq, and 

handcrafted feature methods, such as SVM+Tf-Idf+BOW, produced moderate results, 

generally between 0.7 and 0.8 on all metrics. Deep learning models such as DNN, CNN, LSTM 

[165], and GRU [166] provided competitive results, but the newer systems, especially UCRT-

CGKO and SLIOEN, consistently performed better.  

Overall, the findings showed that UCRT-CGKO, SLIOEN, and SWDT-ELM set a new standard 

for sarcasm recognition in text, with SD-GKOT also showing clear improvement over earlier 

approaches. A comparison analysis or proposed methods with state-of-the-art methods in terms 

of accuracy, precision, recall, and f1 score is shown in Fig. 4.5.  
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Fig. 4.5  Comparison plot of SLIOEN, UCRT-CGKO, SDWT-ELM and SD-GKOT with the 
predefined models on dataset-1 [149] 

 

4.6.3 Performance Evaluation of Proposed Methods on Dataset-2  

For the sarcasm detection dataset-2, proposed methods SD-GKOT, UCRT-CGKO, and 

SLIOEN showed the best performance, with accuracy, precision, recall, and F1 scores all 

approaching 0.969, clearly exceeding the results of most state-of-the-art solutions. The 

algorithm of SDWT-ELM also performed strongly, with all metrics slightly lower but still 

above 0.88. 

 

Fig. 4.6  Comparison plot of SLIOEN, SD-GKOT, UCRT-CGKO, and SWD-SEO with the 
predefined models on dataset-2 [150] 

 

In contrast, classic models like BERT [166], RCNN+RoBERTa [110], and KnowleNet [2], as 

well as rule-based detection methods such as CNN [156], Bi-LSTM [158], SIARM [74], NF-

CL [167], and FAT-MTL [168], achieved moderate scores, typically between 0.7 and 0.8 for all 

metrics. Transformer-based and ensemble models such as RoBERTa [166], SDCKatt+BERT, 

and M2Seq2Seq delivered competitive results, but the proposed methods, especially SLIOEN 

and SD-GKOT, consistently outperformed them.  
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Overall, the analysis revealed that SLIOEN, SD-GKOT, and UCRT-CGKO set a new 

benchmark for sarcasm detection, while SDWT-ELM also showed significant progress over 

traditional techniques. Fig. 4.6 shows the performance evaluation metric of SLIOEN, SD-

GKOT, LDL-SDTE, and SWD-SEO methods. 

4.6.4 Performance Evaluation of Proposed Methods on Dataset-3 

In the sarcasm classification task, proposed methods, SLIOEN, SD-GKOT, SDWT-ELM, and 

UCRT-CGKO achieved the highest results, with all four metrics-accuracy, precision, recall, 

and F1 score-reaching nearly 0.975, clearly outperforming most existing advanced methods. 

These proposed methods performed well, with recall scores above 0.94 for every metric. In 

comparison, traditional approaches such as the S-E model, SVM+Tf-Idf+BOW, and H-Scale 

SVM, Random Forest, and RNN, as well as feature-based techniques, produced moderate 

outcomes, generally ranging from 0.68 to 0.86 across all metrics. CNN-based and LSTM-based 

models delivered competitive results, but the proposed architectures, especially SLIOEN and 

SD-GKOT, consistently surpassed them. Overall, the results showed that SLIOEN, SD-GKOT, 

and SDWT-ELM set a new standard for sarcasm classification on this dataset, with UCRT-

CGKO also demonstrating notable improvement over previous methods. Fig. 4.7 shows the 

performance evaluation metric of SLIOEN, SD-GKOT, LDL-SDTE, and SWD-SEO methods. 

 

Fig. 4.7  Comparison plot of SLIOEN, SD-GKOT, UCRT-CGKO, and SDWT-ELM with the 
predefined models on dataset-3 [151] 

 

However, the proposed methods capture better optimality in conditions with essential capturing 

of subtleties in sarcasm detection, which are overlooked by RNN, TCSD, SDCKatt+BERT, 

M2Seq2Seq, and CNN+Transformer. This concluded that our proposed method accomplished 

outstanding results for all datasets, surpassing all existing methods for every indicator. The 
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comparison graphs of the proposed method with other state-of-the-art methods depict the 

robust performance of SLIOEN, SD-GKOT, SDWT-ELM, and UCRT-CGKO. 

4.6.5 Performance Evaluation of Proposed Methods on Dataset-4  

On Dataset-4, UCRT-CGKO, SDWT-ELM, and SD-GKOT achieved the highest performance, 

with all four metrics-accuracy, precision, recall, and F1 score-reaching close to 0.9, clearly 

surpassing most existing state-of-the-art methods. SLIOEN also performed strongly, with 

slightly lower scores above 0.85 for all metrics. In contrast, traditional models like CASCADE-

CNN, Vanilla-CNN [156], and SMSD-BiLSTM [158], as well as pattern-related feature 

methods [167], [168] showed moderate results, generally ranging from 0.7 to 0.8 across 

metrics. Experimental results indicated that the proposed method SD-GKOT and SDWT-ELM 

outperformed the robust baseline MTL-DNN [46] and RNN-GRU-SVM  [169] by averaged 

7.66% and 8.02% in terms of accuracy respectively. 

BERT-based models [110],  BERT+Comet [170], and ELMo-BiLSTM delivered competitive 

results, but the proposed methods, especially UCRT-CGKO and SDWT-ELM, consistently 

outperformed them. Overall, the graph demonstrated that UCRT-CGKO, SDWT-ELM, SD-

GKOT, and SLIOEN set a new benchmark for sarcasm detection on this dataset, showing 

marked improvement over earlier approaches. The efficacy indicators of these proposed 

methods for dataset 4 are illustrated in Fig. 4.8.   

 

Fig. 4.8  Comparison plot of SLIOEN, UCRT-CGKO, SDWT-ELM and SD-GKOT with the 
predefined models on dataset-4 [152] 

 

4.7 Discussion  

In this section, we present a discussion of the five proposed methods with certain suitable 

findings. In this section, we present the statistical validation tests and their effectiveness for the 
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proposed methods. Additionally, we discuss the computation cost of time of each of the 

proposed methods. Furthermore, we present the challenges possessed by the defined proposed 

methods for sarcasm detection that need to be tackled in future aspects.  

4.7.1 Statistical Validations Tests Performed on Four Proposed Methods  

4.7.1.1 Statistical Validation using Z-Test 

We have already given the formula and its explanation in chapter 3. Tables 4.20 and 4.21 show 

the final results of the proposed methods. 

Table 4.20 Two Proportion Z-Test statistics across datasets 

 SLIOEN SD-GKOT 

Parameters  Sample 1 Sample 2 Sample 1 Sample 2 

Sample size (𝑵) 1047 769 1433 664 

Sample proportion (𝒄) 0.8299 0.8231 0.8855 0.8885 

Favorable cases (𝑿) 869 633 1269 590 

𝑷  0.8270 0.8886 

𝒛  0.3788 0.2016 

Hypothesis status  𝐻( is not rejected 𝐻( is not rejected 

 

Table 4.21 Two Proportion Z-Test statistics across datasets 

 UCRT-CGKO SDWT-ELM 

Parameters  Sample 1 Sample 2 Sample 1 Sample 2 

Sample size (𝑵) 925 497 2557 1277 

Sample proportion (𝒄) 0.9189 0.9008 0.8263 0.8285 

Favorable cases (𝑿) 850 447 2113 1058 

𝑷  0.9153 0.8270 

𝒛  0.669 0.1697 

Hypothesis status  𝐻( is not rejected 𝐻( is not rejected 

 

For two population proportions (𝑐- and 𝑐1), null hypotheses (H0) and alternative hypotheses 

(Ha) are defined as follows: 
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𝐻G: 𝑐- = 𝑐1, i.e., the accuracy score of sample 1 = accuracy score of sample 2 

𝐻:: 𝑐- ≠ 𝑐1, i.e., the accuracy score of sample 1 ≠ , the accuracy score of sample 2 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 4.9  Statistical z-test plots for the proposed methods (a) SLIOEN, (b) SD-GKOT, (c) 

UCRT-CGKO, and (d) SDWT-ELM 

 

In the proposed method, the condition of the null hypothesis is accepted when the critical range 

z– value at 𝛼 = 0.05 in Eqn. (3.15) gives the value of the two sum proportions of two samples 

less than the computed z score, also called z-statistics in Eqn. (3.16). 

Figs. 4.9 (a), (b), (c), and (d) graphically depict the accepted critical region of the hypothesis 

test. The null hypothesis (𝐻G) was not rejected, indicating that there is insufficient evidence to 

suggest that the population proportions (𝑐-) and (𝑐1) do not differ at a significance level of 
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(𝛼 = 0.05). This finding implies that the accuracy of our model remains consistent across 

different sample sizes from the same datasets. 

4.7.1.2 Statistical Validations using Kolmogorov-Smirnov (KS) Test 

In the Kolmogorov-Smirnov (KS) test, we compared two independent samples taken from the 

two datasets. The aim is to determine whether the two samples have similar distributions 

without assuming any change in the particular distribution of the data based on the empirical 

cumulative distribution function (ECDF). Table 4.22 shows how this test works.  

For two population proportions (𝑐- and 𝑐1), null hypotheses (H0) and alternative hypotheses 

(Ha) are defined as follows: 

𝐻G: 𝑐- = 𝑐1, i.e., accuracy of sample 1 = accuracy of sample 2 

𝐻:: 𝑐- ≠ 𝑐1, i.e., the accuracy of sample 1 ≠ accuracy of sample 2 

 

Table 4.22 Two Proportion KS-Test statistics across datasets 

 SD-GKOT 

Parameters  Sample 1 Sample 2 

Sample size (𝑵) 1147 828 

Sample proportion (𝒄, ECDF) 0.9546 0.9553 

Favorable cases (𝑿) 1095 791 

D- value (𝐷S.,	S8) 0.9553 

𝐷U  0.3101 

Hypothesis status  𝐻( is not rejected 

 

 
Fig. 4.10  Statistical validation of SD-GKOT using the Kolmogorov-Smirnov Test 
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Figs. 4.10 depicts the given D- value calculated as 0.9553, greater than the significance level 

𝛼 = 0.05 where the two curves’ peaks meet. This implied that the null hypothesis had been 

accepted, signifying that the two given samples belonged to the same distribution.  

4.7.1.3 Statistical Validation using Mann-Whitney U Test 

The Mann-Whitney U test is used to determine whether or not two distinct samples originating 

from different populations have the same distribution. Based on the provided sample data, we 

constructed a distribution by employing the mean and standard deviation from the number of 

appropriately categorized sentences in each sample shown in Table 4.23. 

Figs. 4.11 (a) and (b) depicts the given z-value calculated as 0.07 (using Eqn. (3.21)) and 1.18 

(using Eqn. (3.22)), greater than the significance level 𝛼 = 0.05 where the two curves’ peaks 

meet. This implied that the null hypothesis had been accepted, signifying that the two given 

samples belonged to the same distribution.  

 

Table 4.23 Computation of Mann-Whitney U test results for SDO-BCRT and SD-GKOT 

 SLIOEN SD-GKOT 

Parameters  Sample 1 Sample 2 Sample 1 Sample 2 

Sample size (𝑵) 1661 515 1668 520 

Sample proportion 

(ECDF) 

0.8687 0.8679 0.8663 0.8750 

Favorable cases (𝑿) 1443 447 1445 455 

U- value 0.8679 0.8679 

𝒎𝒆𝒂𝒏𝑵𝟏,𝑵𝟐  0.3769 0.3769 

𝑺𝒕𝒅𝑵𝟏,𝑵𝟐  0.4146 0.4146 

𝒛𝑩  0.07 1.18 

Hypothesis status  𝐻( is not rejected 𝐻( is not rejected 
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(a) 

 
(b) 

Fig. 4.11  Statistical validation of (a) SLIOEN and (b) SD-GKOT using the Mann-Whitney U 
Test 

4.7.2 Ablation study of SLIOEN, UCRT-CGKO and SD-GKOT  

An ablation test has been conducted to determine the impact of essential parameters used in 

the proposed method. The essential parameter whose change in value affects the performance 

of the proposed method is a threshold value for sarcasm detection (τB, τC, τD). Table 4.24 

revealed the change in these values compared to the actual computed scores of 0.4, 0.5, and 20, 

respectively. 

In the proposed sarcasm detection models, various threshold scores significantly influenced the 

evaluation results across all datasets. When the threshold parameter ω was changed from the 

optimal value of 0.5 to values greater than 0.5, there was a noticeable drop in performance. 

Specifically, the number of false negatives has increased, which caused sarcastic sentences to 

be incorrectly labelled as non-sarcastic. This misclassification reduced the recall and accuracy 

scores. Similarly, using τB values less than 0.5 led to a rise in false positives, where non-

sarcastic sentences were wrongly predicted as sarcastic. This caused a decline in precision and 

overall model accuracy. These outcomes highlighted that deviating from τB =	0.5 weakened 

the performance of the SLIOEN model in terms of accuracy, precision, recall, and F1-score. 

Moreover, the parameter τC played a vital role in enhancing the semantic understanding of 

sarcasm in the SD-GKOT method. When τC was set at 0.4, the model achieved improved 

performance with fewer false positives and false negatives. However, using τC values greater 

than 0.4 led to more false negatives and lower recall. On the other hand, setting τC below 0.4 

increased false positives, reducing precision and accuracy. These changes confirmed that the 

fixed  τC = 0.4 value was essential for stable performance. 
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Table 4.24  Ablation study on proposed methods SLIOEN, SD-GKOT and UCRT-CGKO 

Dataset Removed module Accuracy Precision Recall F1- score 

Dataset-1 [149] 𝜏� > 0.5  0.8782 0.8656 0.9075 0.8860 

𝜏� < 0.5  0.8454 0.9218 0.8980 0.9097 

SLIOEN 𝝉𝟔 = 𝟎. 𝟓  0.9543 0.9386 0.9693 0.9537 

𝜏𝟕 < 0.4  0.8263 0.7879 0.8997 0.8380 

𝜏𝟕 > 0.4  0.7447 0.8819 0.7082 0.7855 

SD-GKOT 𝝉𝟕 = 𝟎. 𝟒  0.9446 0.9460 0.9396 0.9428 

𝜏� < 20  0.8116 0.7706 0.8672 0.8215 

𝜏� > 20  0.7564 0.8901 0.7143 0.7954 

UCRT-CGKO 𝝉𝟖 = 𝟐𝟎  0.9355 0.9380 0.9429 0.9386 

Dataset-2 [150] 𝜏� > 0.5  0.8849 0.8322 0.9080 0.8684 

𝜏� < 0.5  0.8683 0.9167 0.8568 0.8857 

SLIOEN 𝝉𝟔 = 𝟎. 𝟓  0.9539 0.9405 0.9796 0.9596 

𝜏� < 0.4	  0.8001 0.7631 0.8725 0.8141 

𝜏� > 0.4   0.7388 0.8738 0.7030 0.7791 

SD-GKOT 𝝉𝟕 = 𝟎. 𝟒  0.9457 0.9743 0.9107 0.9414 

𝜏� < 20	  0.8895 0.8472 0.9470 0.8951 

𝜏� > 0.4	  0.7780 0.9087 0.7644 0.7383 

UCRT-CGKO 𝝉𝟖 = 𝟎. 𝟒  0.9678 0.9419 0.9800 0.9626 

Dataset-3 [151] 𝜏� > 0.5  0.8788 0.8517 0.8996 0.8749 

𝜏� < 0.5  0.8625 0.9371 0.8232 0.8764 

SLIOEN 𝝉𝟔 = 𝟎. 𝟓  0.9516 0.9236 0.9751 0.9486 

𝜏� < 0.4	  0.8559 0.8108 0.9204 0.8621 

𝜏� > 0.4	  0.7503 0.8987 0.7254 0.7149 

SD-GKOT 𝝉𝟕 = 𝟎. 𝟒  0.9488 0.9282 0.9607 0.9442 

𝜏� < 0.4	  0.8459 0.8268 0.8724 0.8456 

𝜏� > 0.4	  0.7735 0.9044 0.7641 0.7464 

UCRT-CGKO 𝝉𝟖 = 𝟎. 𝟒  0.9426 0.9379 0.9520 0.9631 

Dataset-4 [152] 𝜏� < 0.5  0.8759 0.8422 0.9376 0.8829 

𝜏� > 0.5	  0.7746 0.8647 0.7954 0.7656 

SLIEON 𝝉𝟔 = 𝟎. 𝟓 0.9632 0.9420 0.9584 0.9527 

𝜏� < 0.4	  0.8559 0.8108 0.9204 0.8621 

𝜏� > 0.4	  0.7503 0.8987 0.7254 0.7149 

SD-GKOT 𝝉𝟕 = 𝟎. 𝟒  0.9508 0.9382 0.9532 0.9647 

𝜏� < 20	  0.8895 0.8538 0.9156 0.8701 

𝜏� > 20	  0.7677 0.8848 0.7531 0.7249 

UCRT-CGKO 𝝉𝟖 = 𝟐𝟎  0.9745 0.9672 0.9521 0.9533 
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In addition, modifying the τD threshold beyond 20 or below 20 in the UCRT-CGKO model 

caused a deflection in the predicted outcomes, resulting in lower sarcasm detection rankings. 

This showed that maintaining τD = 20 was critical for consistent results. Finally, the contextual 

presence of primes, formed using a combination of four prime numbers, also influenced 

detection quality, especially when paired with the threshold τD = 20. 

4.7.3 Computation Cost of Proposed Methods 

The time complexity (𝑇) measures the number of computational steps needed to accomplish a 

given task on a specific input dataset.  

Table 4.25 Computational time complexities of the four proposed methods 

S. no. Proposed methods Time complexity 

1 SLIOEN 𝑂(𝑚 + 𝑙𝑜𝑔𝑚) 

2 SD-GKOT 𝑂(𝑚 + 𝑙𝑜𝑔(𝑚𝑛)) 

3. UCRT-CGKO 𝑂(𝑛𝑚) 

4. SDWT-ELM 𝑂(𝑛 + log(𝑛)) 

We evaluate the time complexity (𝑇(𝑛,𝑚)) of the algorithms under different scenarios, where 

𝑛 denotes the number of alternative operations and 𝑚 represents the number of sentences. The 

values of 𝑇(𝑛,𝑚) Indicate the performance of the three defined algorithms in Table 4.25. 

4.7.4 Challenges of the Four Proposed Methods 

There are some challenges undertaken by the four proposed methods based on optimization 

techniques using different probabilistic distributions. Table 4.26 shows the tags that are 

mislabelled by the proposed methodologies for sarcasm detection.  

Table 4.26 Misclassification by four proposed methods 

Sentences Actual tag  Proposed method tags 

“Oh fantastic!!!! Another meeting that could have been 

an email 

Sarcasm Non-sarcasm 

Damn… man Youuuul ok greattt nerdy… Sarcasm Non-sarcasm 

Wow.. it was soo organized, loved waiting in long lines. Sarcasm Non-sarcasm 



106 

a) The proposed methods failed to give up the interpretation of sentence type in terms of

literal and non-literal speech, with most rhetorical questions.

b) It also showed the difficulty in understanding the long-range dependence of implicit

and explicit sarcastic tone in sentences.

4.8 Summary 

This chapter introduces four hybrid optimization-based methods for sarcasm detection, each 

leveraging advanced mathematical optimization techniques. The proposed method, SLIOEN, 

detects sarcasm using logistic distribution-based ion motion optimization. The other proposed 

method, SD-GKOT, provides a method for sarcasm detection with subtle cues using the Gauss-

Kuzmin optimization technique. Additionally, SDWT-ELM applies Wilson’s technique with 

Gumbel distribution for probabilistic analysis, effectively identifying sarcasm through full 

language marker interpretation. Furthermore, UCRT-CGKO combines the Chinese Remainder 

Theorem with Game Theory to detect sarcasm.  

These proposed methods collectively address the shortcomings of existing sentiment analysis 

approaches, especially in handling erroneous or ambiguous content in social media. The 

proposed techniques demonstrate improved accuracy and contextual understanding in sarcasm 

detection with novel interpretations of mathematical optimization techniques. The chapter 

highlights the importance of mathematical optimization and contextual interpretation in 

advancing sarcasm analysis. Future work may involve refining these models to detect different 

sarcasm types and further analysing linguistic traits. 

The following are some major issues faced by the proposed methodologies: 
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Chapter 5 
Categorization and Detection of Types of 

Sarcasm in English Text 

Once we detect that the text or comment is sarcastic, the follow-up step is to detect the type of 

sarcasm. Types of sarcasm refer to the distinct stylistic and emotional variations present in 

sarcastic sentences conveying negative intent in text. Types of sarcasm come in different forms, 

such as hyperbole, rhetorical devices, dropped negation, offensive, humorous, humblebrag, and 

oxymoron in nature. Each of these types differs in its tone, purpose, and linguistic structure, 

posing a unique and clearer interpretation. 

Understanding and classifying types of sarcasm helps in developing more nuanced and 

effective models. This leads to better working of NLP models with more accurate sarcasm 

analysis across various applications. It is important to categorize types of sarcasm to better 

understand the real meaning behind words and help machines interpret text more accurately.  

Traditional models for sarcasm detection focus on a binary classification problem, but neglect 

classifying and detecting its types. This chapter introduces categorization and detection for 

types of sarcasm in English text using various optimization techniques. 

The sections in this chapter are structured as follows. In Section 5.1, we provide background 

knowledge of types of sarcasm and their usefulness. Sections 5.2 to 5.4 give details for 

categories of sarcasm with their subtypes. Sections 5.5 to 5.7 give the elaborated working of 

the proposed methods using various optimization techniques for the categorization of sarcastic 

English text. Section 5.8 provides detailed experimentation and results analysis of all the 

proposed methods. Finally, in Section 5.9, we summarize the proposed methodologies. 

5.1 Introduction 

Types of sarcasm involve categorizing sarcastic expressions into their specific sub forms. The 

types of sarcasm include learning linguistic, communicative, and intentional characteristics [7] 

of sarcastic sentences.  
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For example, consider a sarcastic statement, “I’m a genius when it comes to chatting up new 

acquaintances”. This statement is classified as ‘humblebrag sarcasm’ due to its self-mocking 

nature. Fig. 5.1 gives an illustration of some of the types of sarcastic comments in English text.  

 

Fig. 5.1  Types of sarcastic comments in English text  

We have also categorized various subtypes of sarcasm into different groups. The three 

subcategories present this thesis are given below: 

• Meaning Inversion Sarcasm 

• Surface-Depth Sarcasm 

• Masked Intentions Sarcasm 

Understanding types of sarcasm significantly enhances various NLP tasks, including opinion 

mining, information retrieval, and market research [45]. Additionally, it enhances the intent of 

tonal traits, giving clarity in communication, like customer service, social media monitoring, 

and mental health support [171]. Furthermore, it helps AI systems to interpret nuanced human 

communication more effectively, with context-aware interactions.  

Each type of sarcasm conveys a different intent and inherent undertone, making it crucial for 

accurate sarcasm interpretation. Some studies [172] and [173] have emphasized the need to 

classify types of sarcasm for capturing sarcasm as a negative intent of expression. Despite the 

advancements in sarcasm detection, the area of classification of its types has received less 

attention. Some of the conventional classification techniques [29], [109], [50] showed effective 

sarcasm detection but ignored the task of identifying its types.  
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Various machine learning [42], [97], [45] and ensemble models [53], [50] have performed the 

sarcasm detection task, but neglected to give the interpretation of its subtypes. Similarly, deep 

learning [70], [174], [171] and transformer-based studies [31], [87] focused only on sarcasm 

detection yet failed to further distinguish between varying sarcastic subtypes. Many studies 

[69], [110], [157] relied on unrealistic dataset balancing, often using balanced sarcasm datasets. 

However, in the case of types of sarcasm, there are relatively rare annotated real-world datasets.  

Limited contextual understanding is another limitation, where utterances are not clearly 

analysed without background knowledge [174], [171]. Moreover, a lack of fine-grained 

differentiation prevents models from recognizing specific sarcasm types, which often leads to 

vague or incorrect categorisation. 

To address these limitations, we propose novel frameworks for detecting types of sarcasm in 

English text using various optimization techniques. 

5.2 Meaning Inversion Sarcasm  

This categorization learns those sarcastic sentences where the literal meaning of a statement is 

intentionally flipped to express the opposite of what is said. The speaker says one thing but 

means another, typically the reverse. This is a core mechanism of sarcasm, helping to express 

criticism, humour, or mockery in indirect ways.  

For example, a friend arrives very late, and the other friend says, “Wow, you’re so punctual!”  

The speaker in the sentence did not actually mean to say punctual to that person, but used it in 

a taunting way. Within meaning inversion, several specific subtypes of this categorization are 

identified as follows.  

• Rhetorical devices  

• Hyperbole  

• Dropped negation  

• Like-prefixed  

Detecting the meaning inversion sarcasm is crucial for sarcasm detection because the literal 

words alone often misinterpret the speaker’s true intent. Without recognizing meaning 

inversion, readers or listeners may misinterpret sarcastic remarks as sincere. This can lead to 

misunderstandings in communication and weak model performance in NLP tasks. Fig. 5.2 

gives the subcategories of meaning inversion sarcasm.  
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Meaning inversion sarcasm happens when a person says something positive, but the real 

intention is negative or opposite to the literal words. This type of sarcasm depends on language 

twists where the speaker deliberately uses exaggeration, or reversed expressions to mock or 

criticize.  

It often includes features such as hyperbole (overstatement), like-prefixed phrases (e.g., “like 

that’s ever going to happen”), or dropped negation (omitting “not” to change the tone). For 

example, “Oh, you’re such a genius for forgetting your wallet again.” Here, the speaker does 

not actually praise the person; instead, the statement is intended to ridicule them for being 

careless. 

5.2.1 Rhetorical Devices 

This type of sarcasm often leverages understatement and rhetorical questions to achieve its 

effect. For example, asking “Do you even know how to drive?” instead of knowing that the 

other person doesn’t know how to drive, but asking in a sarcastic tone, with an insult. Consider 

another statement saying, “What planet are you living on? Romulus?” This sentence shows the 

presence of mocking by the speaker to the other person, asking such stupid questions 

sarcastically.  

5.2.2 Hyperbole 

This type of sarcasm involves exaggeration to emphasize the absurdity or criticize the 

behaviour of the other person. For example, saying “You’re as smart as a genius!” to someone 

who has done something foolish. Consider another example, “I waited a thousand years for 

you!” said by the person after a short delay, to emphasize impatience.    

• Hyperbole  
• Like-prefixed  
• Rhetorical devices  
• Dropped negation 

Fig. 5.2  Subtypes of meaning inversion sarcasm 
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5.2.3 Dropped Negation  

This type of sarcasm occurs when a word or phrase, initially used mockingly with positive wit, 

drops the negation “not” in the context. For example, the word “awesome” is used sarcastically 

to describe something “not-awesome,” to the point where this negative connotation is widely 

understood.  

The phrase “I love how...” almost universally means “I hate how...” in certain contexts, used 

sarcastically to express displeasure. “You’re doing just fine!” is said when someone is clearly 

failing, implying they are not doing well. The sentence omits a negation, flipping the literal 

meaning. 

5.2.4 Like-Prefixed 

This specific type of sarcasm is identified in linguistic analysis. It is characterized by the use 

of “like” as a prefix. The sentence starts with “like” to mock a statement. For example, “What 

are you, like, stuck in the 1950s?” The speaker indirectly mocks or teases the other person in a 

taunting way, using “like” as positive sentiment. Consider another sentence, “Like I care what 

you think.” The speaker clearly does not care, despite using the positive phrasing “Like I care”.  

5.3 Surface-Depth Sarcasm  

In this categorization, the sarcasm is directly stated either as explicitness or subtle indirect cues 

as implicitness. The example for explicit sarcasm, “Oh, you’re just so helpful!” In this 

sentence, the person refuses to help, shown as clear, direct, hidden negative intent.  

Consider another example, “Must be nice to leave early every day.” In this sentence, the speaker 

sounds like a simple comment, but implies envy or criticism, giving rise to implicit sarcasm.  

 

 

 

 

 

 

 

• Implicit  
• Explicit  

Fig. 5.3  Subtypes of surface-depth sarcasm 
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Understanding these types is essential for correctly detecting sarcastic tone in communication. 

Recognizing these types of sarcasm helps in building better sarcasm detection models. Ignoring 

them can lead to misinterpreted sarcasm, affecting dialogue understanding and intent 

recognition of text. Fig. 5.3 shows the types of sarcasm as implicit and explicit nature. 

5.3.1 Implicit sarcasm  

In this type of sarcasm, the speaker still says something that seems ordinary, but the real 

meaning is hidden beneath [127]. This sarcasm doesn’t come with strong vocal or visual clues. 

Instead, the listener must rely on context, background knowledge, or shared understanding to 

figure out the sarcastic intent.  

For example, “That’s really helpful,” said when someone makes things worse, giving explicit 

sarcasm. There’s no obvious sign of mockery, but the sarcasm is there, just tucked into the 

situation. Implicit sarcasm can be dry, and it’s often missed unless the listener understands the 

speaker’s intent. 

5.3.2 Explicit sarcasm  

This type of sarcasm happens when someone says something that sounds positive, but their 

tone of delivery clearly suggests they mean the opposite [130]. It usually includes exaggeration, 

mocking emphasis, or a noticeable change in expression that signals the listener not to take the 

words at face value. For example, “Wow, that was brilliant!” is said after someone makes a 

silly mistake.  

Even without much context, it’s clear to the speaker which is being sarcastic and doesn’t 

actually think the action was smart. It relies heavily on cues like tone of voice, facial 

expression, or obvious exaggeration, especially in spoken language. 

5.4 Masked Intentions Sarcasm  

In this categorization, sarcasm occurs when the speaker’s true intent is hidden, often using tone 

or context to signal the opposite meaning. The sarcasm lies not in the words themselves, but in 

the speaker’s intended message. This type reveals how sarcasm depends on pragmatic 

understanding, not just what is said, but why it is said. 

For example, “Oh sure, take your time, we’re only waiting on you.” Here, the words in the 

sentence sound polite, but the speaker’s intention is to express annoyance, not patience. Within 

masked intentions, specific subtypes of sarcasm are presented as follows.  
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• Callousness  

• Humour   

• Offensiveness 

• Humblebrag  

• Oxymoron 

Detecting the speaker’s true intention is crucial for interpreting sarcasm accurately, especially 

in subtle or complex conversations. Without understanding the speaker’s intent, sarcasm may 

be misunderstood as sincere. Fig. 5.4 shows the subcategories for masked intention sarcasm.  

 

 

 

 

 

 

 

 

 

Whereas, masked intentions sarcasm is more subtle and indirect. The speaker hides negative 

feelings behind neutral or polite words. The surface meaning seems normal or kind, but the 

underlying tone carries criticism or disapproval. This type focuses on concealed emotional 

intent, where sarcasm is delivered softly to avoid direct confrontation. For example, “Thanks 

for your helpful advice.” Here, the speaker appears to show gratitude, but the real meaning is 

opposite implying the advice was unhelpful or unwanted. 

In this type, sarcasm is context-dependent and often recognized through tone, situation, or prior 

conversation, rather than through explicit reversal of meaning. 

 

• Callousness  
• Humour 
• Offensiveness 
• Humblebrag  
• Oxymoron 

Fig. 5.4  Subtypes of masked intentions sarcasm 
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5.4.1 Callousness  

This type of sarcasm sounds emotionally detached or unsympathetic in nature. It’s often used 

when someone mocks others feelings or situations in a cold or dismissive way [114]. The 

sarcastic tone adds to the harshness, making the comment sound more biting or uncaring. For 

example, “Oh no, your phone battery died? What a tragedy!” In this sentence, the speaker 

shows the maximization of someone’s frustration in a mocking form. 

5.4.2 Humour 

This type of sarcasm is used playfully, with the main goal of making someone laugh or 

lightening the mood. Though the words may contradict the meaning, the intention is to amuse, 

not insult. For example, “You’re clearly a morning person!” This sentence gives the presence 

of playful sarcasm. 

5.4.3 Offensiveness  

This type of sarcasm is sharper and often carries a personal insult. It’s used to indirectly 

criticize, ridicule, or express anger in a more veiled way [115]. The message is usually negative, 

even if wrapped in a seemingly polite phrase. For example, “Thanks for all your help, oh wait, 

you did nothing!” This sentence conveyed a sarcastic tone, disguised as gratitude. 

5.4.4 Humblebrag  

Humblebrag sarcasm involves pretending to be modest while actually showing off. It often 

masks self-praise under a fake complaint or exaggerated humility. For example, “Ugh, I have 

to wake up early for my award ceremony again”. In this sentence, the speaker gives a 

complaint, but in actuality, he is bragging about the scenario. 

5.4.5 Oxymoron  

This type of sarcasm uses contradictory words or phrases to emphasize irony. It creates a 

sarcastic effect by placing opposing ideas side by side for humorous or critical impact. For 

example, “What a beautifully disastrous presentation!” In this sentence, the speaker combines 

praise with criticism in a single phrase as “beautifully disastrous”. 

5.5 Proposed Methodology for Meaning Inversion Sarcasm  

After defining sarcasm and its various types in the previous section, we now introduce the 

methodologies for these categorizations and detection. In this section, we propose a method 
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that focuses on meaning inversion sarcasm using the parabolic fractal optimization technique. 

We categorise it into four subtypes: hyperbole (HPS), rhetorical devices (RDS), like-prefixed 

(LPS), and dropped negation (DNS) sarcasm. 

This method helps to capture the subtle variations in sarcastic expression. By doing so, the 

method becomes more sensitive to context, tone, and structure. We detect these types of 

sarcasm in the SOBH-REB method (explained in Chapter 3) in English text. Initially, we 

separate all sarcastic sentences derived from the proposed (SOBH-REB) method, each 

accompanied by its optimal sarcasm score (𝜓-). We divide the types of sarcasm into two sets. 

The first set Z1 = {DNS, RDS} and the second set Z2 = {LPS, HPS}.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

We first employed the RAKE model to extract the highest keyword value (𝑘(:;C ). Then, 

calculate the optimum sarcasm kind value (𝛼-) by using the minimised parabolic fractal 

distribution function. This objective function is subject to two constraints, i.e., 𝜓- and 𝑘(:;C . 

If 𝜓> ≤
𝜏>: 

Sarcasm 

 If 𝛼> < 𝑄�"
> , 	classify the 

sentence as belonging to 
“S1” else in “S2” 

If 𝜓> >
𝜏>: Non-
Sarcasm 

Generate non-linear 
optimization problem 
using parabolic fractal 
distribution:  Minimise 
	𝜓>

=�#$%
&

𝑒𝑥𝑝(−	𝜓>(	𝜓>)H
Subject to,  𝜓> ≥ 0,  

𝑘E���  ≥ 0 
Threshold value 
for sarcasm kind: 

Gumbel 
distribution 

Optimum 
sarcasm 

kind value: 
(𝛼>) 

Sarcasm 
detection using 

SOBH-REB 
method 

 If 0 ≤ 𝛼> < 𝑄�"
> , 

classify the sarcasm as 
“DNS”, Else If 𝑄�"

H ≤
𝛼> < 𝑄�"

> , classify the 
sarcasm as “RDS” 

If  𝑄�"
> ≤ 𝛼> < 𝑄�"

� , 
classify the sarcasm as 
“LPS”, Else If 𝑄�"

� ≤
𝛼> < 2, classify the 
sarcasm as “HPS” 

Highest keyword value 
using keyword 

extraction: (𝑘E��� ) 

Fig. 5.5  Flowchart of SOBH-REB method for categorization of types of sarcasm as 
hyperbole, like-prefixed, dropped negation and rhetorical devices 
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Eqn. (5.1) defines the minimised non-linear optimisation problem with parabolic fractal 

distribution. 

                                   𝛼- = 		Minimise	𝜓-
VeVWY

3
exp(−𝜓-	(log𝜓-)1)

𝑆𝑢𝑏𝑗𝑒𝑐𝑡	𝑡𝑜, 𝜓- ≥ 0	𝑎𝑛𝑑	𝑘(:;C ≥ 0
ë                              (5.1) 

The main task of this function is to minimise the defined optimisation problem to get the 𝛼-. 

Fig. 5.5 shows the flowchart of the proposed method, SOBH-REB, for the classification of 

types of sarcasm. 

Then 𝛼- is compared with the defined threshold values for types of sarcasm-1 (𝑄F-
- ), sarcasm-

2 (𝑄F-
1 ) and sarcasm-3 (𝑄F-

< ). The Gumbel distribution [175] has been utilised to calculate the 

threshold value for sarcasm kinds shown in Tables 5.1, 5.2, and 5.3. Eqn. (5.2) demonstrated 

the formula of the Gumbel distribution used for the calculation of 𝑄F-
- , 𝑄F-

1  and 𝑄F-
< . 

                     𝑄F-w𝑚𝑒𝑎𝑛eVWY
3 ; 𝑚𝑒𝑎𝑛F- , 𝜎x = 𝑒V%

S(V8W:XVWY3 SV8W:�-)

�                                   (5.2) 

Table 5.1 Numeric score computation of the threshold value 𝑄F-
-  

Parameter Values 

Threshold value for types of 

sarcasm-1 (𝑄U.
& ) 

Dataset -1 [149]: 𝑄U.
& = 𝑒'@

/(;.;;.0/0.;809)
0.=0;> = 0.9999 ≈ 1 

Dataset -2 [150]: 𝑄U.
& = 𝑒'@

/(...>9=/..89=)
0.2>9? = 0.9765 ≈ 1 

Dataset -3 [151]: 𝑄U.
& = 𝑒'@

/(?.>9?/0.?>@8)
0.8@0. = 0.9893 ≈ 1 

 

Table 5.2 Numeric score computation of threshold value 𝑄F-
1  

Parameter Values 

Threshold value for types of 

sarcasm-2 (𝑄U.
3 ) 

Dataset -1 [149]: 𝑄U.
3 = 𝑒'@

/(=.099/9.99)
0.;2= = 0.5437 ≈ 0.5 

Dataset -2 [150]: 𝑄U.
3 = 𝑒'@

/(@.?9@/>.=?@)
0.22=? = 0.5671 ≈ 0.5 

Dataset -3 [151]: 𝑄U.
3 = 𝑒'@

/(=.?2@/>.;?2)
0.@@20 = 0.5501 ≈ 0.5 
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Table 5.3 Numeric score computation of threshold value 𝑄F-
<  

Parameter Values 

Threshold value for types of 

sarcasm-3 (𝑄U.
4 ) 

Dataset -1 [149]: 𝑄U.
4 = 𝑒'@

/(.=.2@/0.?220)
0.??2@ = 1.5572 ≈ 1.5 

Dataset -2 [150]: 𝑄U.
4 = 𝑒'@

/(.2.;9/0.;2=0)
0..89= = 1.6013 ≈ 1.5 

Dataset -3 [151]: 𝑄U.
4 = 𝑒'@

/(.9.8>/0.;=9)
0.>>9= = 1.4934 ≈ 1.5 

 

ALGORITHM 5.1: Classification of sarcastic sentences in terms of meaning inversion 
types of sarcasm   
Input:  𝝍𝟏, 𝒌𝒎𝒂𝒙𝟕 , 𝑸𝜶𝟏

𝟏 , 𝑸𝜶𝟏
𝟐  and 𝑸𝜶𝟏

𝟑  

Output: 𝜶𝟏	(optimum sarcasm kind value), sarcasm kinds, i.e., HPS, RDS, LPS, and DNS 

 

1. Define two pre-defined sets Z1 and Z2 as Z1= {𝑫𝑵𝑺,𝑹𝑫𝑺} and Z2 = {𝑳𝑷𝑺,𝑯𝑷𝑺} 

2. Generate the non-linear optimization problem consisting of parabolic fractal 

distribution: 𝜶𝟏 = Minimise 𝝍𝟏
V𝒌𝒎𝒂𝒙𝟕

𝒆𝒙𝒑(−𝝍𝟏	(𝒍𝒐𝒈𝝍𝟏)𝟐) 

Subject to, 𝝍𝟏 ≥ 𝟎, and 𝒌𝒎𝒂𝒙𝟕 ≥ 𝟎 

3. Print the output → “optimum sarcasm kind value (𝜶𝟏)” 

If 𝜶𝟏 < 𝑸𝜶𝟏
𝟏 ,	the sentence contains sarcasm from set Z1, else from set Z2 

If 𝟎 ≤ 𝜶𝟏 < 𝑸𝜶𝟏
𝟐 , classify the sarcasm as “DNS.” 

Else If 𝑸𝜶𝟏
𝟐 ≤ 𝜶𝟏 < 𝑸𝜶𝟏

𝟏 , classify the sarcasm as “RDS”. 

If 𝑸𝜶𝟏
𝟏 ≤ 𝜶𝟏 < 𝑸𝜶𝟏

𝟑 , classify the sarcasm as “LPS.” 

Else, If 𝑸𝜶𝟏
𝟑 ≤ 𝜶𝟏 ≤ 𝟐, classify the sarcasm as “HPS.” 

 

The 𝑚𝑒𝑎𝑛F- is defined as the mean value of 𝛼- shown in Eqn. (5.3) and 𝜎 as the standard 

deviation of 𝛼-, where 𝑚𝑒𝑎𝑛F-taken as the sample mean of all 𝜓- shown in Eqn. (5.4). 

                                                   𝑚𝑒𝑎𝑛F- =
∑ F-9
96V
96-
(

                                                             (5.3) 

                       𝜎 = ¸∑ vF-9V(%:$�-w
.96�

96-
(

 Where, 𝑠𝑎𝑚𝑝𝑙𝑒(%:$ =
∑ �-9
96V
96-
(

                             (5.4) 

𝑚𝑒𝑎𝑛eVWY
3  denotes the mean value of all 𝑘(:;C  shown in Eqn. (5.5) where 𝑖 is from 1 to 𝑚 

(total number of sentences). 
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                                                     𝑚𝑒𝑎𝑛eVWY
3 =

∑ F-9
96V
96-
(

                                                       (5.5) 

First, we compare the value of 𝛼-	with the 𝑄F-
- . This helps to select between the two sets of 

sarcasm. If 𝛼- ≥ 𝑄F-
- , then the sentence belongs to 𝑍1 = {𝐿𝑃𝑆, 𝐻𝑃𝑆} and if 𝛼- < 𝑄F-

- ,	 then 

the sentence belongs to 𝑍- = {𝐷𝑁𝑆, 𝑅𝐷𝑆}. If 𝑄F-
1 ≤ 𝛼- < 𝑄F-

- , then we classify the sarcasm as 

“RDS,” and for 0 ≤ 𝛼- < 𝑄F-
1 , It is classified as “DNS”.  

Similarly, for the set 𝑍1, if 𝑄F-
- ≤ 𝛼- < 𝑄F-

< , then the sentence is classified as “LPS,” and 𝑄F-
< ≤

𝛼- ≤ 2, we tag it as “HPS.” Algorithm 5.1 describes the classification of sarcastic comments 

into different categories.  

5.6 Proposed Methodology for Surface-Depth Sarcasm  

This section presents the methodology for surface-depth sarcasm using the optimisation 

technique. This type shows two categories, i.e., implicit or explicit sarcasm, that reflect how it 

is delivered either through obvious contradictions or context-driven hints.  

We introduce a classification framework based on the LDL-SDTE method, guided by a 

mathematical optimisation technique. This method helps to capture strong verbal cues in 

explicit sarcasm and trace hidden linguistic patterns in implicit cases. By learning linguistic, 

tonal, and contextual features through optimisation, the proposed method adapts to give various 

sarcastic expressions. 

 

 

 

 

 

 

 

 

The threshold value for sarcasm detection type using 
Shannon entropy: QA! 

If 𝛼B > QA!: 
Implicit sarcasm   

If 𝜓C > 𝜏C: 
“sarcasm” 

Variance {𝜓C, sentiment score}: 𝛼B 

Proposed LDL-SDTE model for sarcasm detection  

If 𝛼B ≤ QA!: 
Explicit sarcasm   

If 𝜓C ≤ 𝜏C: 
“non-sarcasm” 

Fig. 5.6  Flowchart of the LDL-SDTE method for categorization of types of sarcasm as 
implicit or explicit in nature 



119 
 

First, we isolate all sarcastic sentences produced by LDL-SDTE in sarcasm detection and pair 

them with their respective optimal sarcasm scores (𝜓@). Applying the statistical measure, i.e., 

calculating the variance of the 𝜓@ and an average of positive and negative sentiments from 

SentiWordNet for each sentence gives the optimal sarcasm kind value 𝛼<. The following steps 

are followed in the proposed method, as shown in Fig. 5.6. The comparison between 𝛼<, and 

the threshold value for types of sarcasm 𝑄F/ help in deduction for the type of sarcasm. 

                                𝑄F/ = −i∑ i𝑝w𝜓@[x log i𝑝w𝜓@[xjj[ j = 0.7                                       (5.6) 

The 𝑄F/ is calculated using Shannon entropy as depicted in Eqn. (5.6). The 𝑝(𝜓@[) is the 

conditional probability of the variance of the final score. Based on the defined comparison, we 

deduce that if 𝛼< > 𝑄F/ → implicit sarcasm else, it is explicit sarcasm. 

5.7 Proposed Methodologies for Masked Intention Sarcasm  

In this part of the thesis, we shift focus to sarcasm that is driven by the speaker’s underlying 

intention, rather than just the surface-level contradiction of words. This category, referred to as 

meaning intentions, influenced sarcasm. It captures the sarcastic tone, which is shaped by social 

emotions, intent, or interpersonal context directly. We develop optimization-based methods that 

interpret sarcasm by analysing its intent in this categorization.  

We classify such sarcasm into subtypes: callous and non-callous, humorous and non-humorous, 

offensive and non-offensive, and humblebrag and oxymoron. These groupings help decode the 

intended prosodic layers beneath the surface of the text. The proposed methods applied 

optimization techniques to learn features like tone, sentiment polarity, and contextual cues. 

With the help of learning these types, one can further identify whether a sarcastic comment is 

intended to mock, amuse, downplay, or subtly boast.  

The following subsections detail the behaviour of each subtype along with its detection 

methodology. 

5.7.1 Proposed Method for Callous and Non-Callous 

In this subsection, we use the Gauss-Kuzmin distribution-based optimization technique in the 

proposed SDO-BCRT method (explained in Chapter 3) to detect sarcastic sentences as either 
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callous or non-callous. Fig. 5.7 shows the SDO-BCRT method for categorization of types of 

sarcasm in terms of callous and non-callous. 

First, we extract the sarcastic sentences identified by the SDO-BCRT and assign each 

corresponding optimal sarcasm score (𝜓1). Afterwards, we formulate the non-linear 

optimization problem using the Gauss-Kuzmin distribution for this categorization depiction. 

The Gauss-Kuzmin distribution is taken as the maximized objective function in the formulated 

optimization problem. This function is subject to the obtained constraints, i.e., k57�- , 𝜓1, 𝑟, and 

𝜙1. The formulated optimization problem helps in detecting the presence of the inherent intent 

nature of sarcasm, as shown in Eqn. (5.7). 
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                             (5.7) 

Fig. 5.7  Flowchart of SDO-BCRT method for categorization of types of sarcasm as 
callous and non-callous 
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Non-Sarcasm 

Formulate 
optimization 

problem 
using Gauss- 

Kuzmin 
distribution 

The threshold value 
for sarcasm nature: 
Shannon Entropy 

(𝑄U8) 

Feasible 
solution: 

(𝛼3) 



121 
 

The final computed value obtained from the defined optimization problem is termed as 

optimum sarcasm kind value (𝛼1). The 𝛼1 is then compared with the defined threshold value 

for types of sarcasm (𝑄F.). The 𝑄F. is calculated using the Shannon entropy [176] as shown in 

Eqn. (5.8).  

                                       𝑄F. = −∑ 𝑃(𝛼1[) log1 i𝑃w𝛼1[xj
$
[i-                                             (5.8) 

The 𝑃(𝛼1) showed the probability-taking value on the optimal sarcasm score 𝜀. Eqn. (5.8) 

gives the formula for calculating 𝑄F. = 0.5, as shown in Table 5.4.  

Table 5.4 Threshold computation using Shannon entropy 

Parameters Values 

Threshold value of 

sarcasm nature 

(𝑸𝜶𝟐) 

(Dataset-1 [149]): 𝑄U8 = −∑ 𝑃(𝛼3Y) 𝑙𝑜𝑔3 w𝑃n𝛼3Ypx
&36(9
YZ& = 0.501 ≈ 0.5 

(Dataset-2 [150]): 𝑄U8 = −∑ 𝑃(𝛼3Y) 𝑙𝑜𝑔3 w𝑃n𝛼3Ypx
364;5
YZ& = 0.556 ≈ 0.5 

(Dataset-3 [151]): 𝑄U8 = −∑ 𝑃(𝛼3Y) 𝑙𝑜𝑔3 w𝑃n𝛼3Ypx
&&56;
YZ& = 0.540 ≈ 0.5 

Dataset-4 [152]): 𝑄U8 = −∑ 𝑃(𝛼3Y) 𝑙𝑜𝑔3 w𝑃n𝛼3Ypx
&&(36
YZ& = 0.550 ≈ 0.5 

 

ALGORITHM 5.2: Sarcasm inhibits intent nature classification viz non-linear 
optimization problem using Gauss Kuzmin distribution  
Input: 𝑺𝒔𝒂𝒓𝒄𝒂𝒔𝒎, 𝝍𝟐, 𝜼, 𝝓𝟐, 𝐤𝐦𝐚𝐱𝟏  and 𝒓 

Output: callous or non-callous classification based on 𝜶𝟐	 

 

1. For each sentence, S repeats steps 2 to 5. 

2. Formulate the non-linear optimization problem using the Gauss- Kuzmin 

distribution:𝜶𝟐 = Maximise  𝐥𝐨𝐠𝟏𝟎 i𝟏 +
𝟏
𝝍𝟐
j   

subject to, 𝝍𝟐 = Ã𝒓¼
x𝝓𝟐	𝐤𝐦𝐚𝐱

𝟑
V𝟏x

К
½ ≥ 𝟎, 𝐢𝐟	𝝓𝟐 ≠ 𝟎

	𝐥𝐨𝐠(𝝓𝟐) ≥ 𝟎, 𝐢𝐟	𝝓𝟐 = 𝟎	
≥ 𝟎 and  𝝓𝟐 =

𝟏

𝝅𝒓Ó𝟏J�(𝑷𝑺𝑺S𝑵𝑺𝑺)
𝟐

𝟐 �Ô
≥

𝟎 and 𝒓 = (𝑷𝑺𝑺J𝑵𝑺𝑺)
𝟐

≥ 𝟎 

3. Output → “feasible solution (𝜶𝟐)” 

4. If 𝜶𝟐 > 𝑸𝜶𝟐 → “callous” 

5. Else “non-callous” 
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The classification is done based on comparison between 𝛼1 and 𝑄F.. If 𝛼1 > 𝑄F., we classify 

the context as “callous,” else it would be classified as “non-callous.” This classification 

provides information about the sarcastic nature of a sentence as either misleading or insensitive 

in the public domain. Algorithm 5.2 defines the depiction of the inherent intent of sarcastic 

context as either callous or not. 

5.7.2 Proposed Method for Humblebrag and Oxymoron 

This subsection addresses sarcasm expressed through humblebrag and oxymoron 

constructions, both of which mask intent behind contrasting meanings. To detect these forms 

of sarcasm, we apply the Logistic distribution as a minimized function in SD-GKOT to model 

the subtle polarity flips. The function captures the gradual shift in sentiment strength, often 

present in masked or dual-toned phrases. Fig. 5.8 gives the classification for types of sarcasm 

that appear in the flowchart of the proposed SD-GKOT method. 

 

 

 

 

 

 

 

 

 

 

 

The hunter-prey optimization technique (HPO) is used to solve this minimization problem 

effectively. It mimics predator-prey dynamics to iteratively search for optimal sarcasm 

indicators. It adjusts the feature weights for contrast, phrase contradiction, and indirect 

sentiment indicators. By minimizing the Logistic distribution through HPO, the method 

identifies phrases where the literal and implied meanings diverge subtly.  

Sarcasm 

Non-linear 
Logistic  

distribution using 
hunter-prey 
optimization 

technique 

Oxymoron  

Humblebrag 

Optimal sarcasm 
indicator score  

The threshold 
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sarcasm 
indicator 

classification  

Optimal 
sarcasm score 

of sarcastic 
sentences  

Highest Key-
phrase value 
using RAKE  

Average of 
Optimal sarcasm 
score and highest 
key-phrase value 

Fig. 5.8  Flowchart of SD-GKOT for categorization of types of sarcasm as Humblebrag 
and Oxymoron 
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This method enhances the system’s ability to handle complex sarcasm patterns that standard 

classifiers may overlook due to hidden intent or reversed meaning structures. First, we 

segregate all the sarcastic sentences obtained from the SD-GKOT methodology with their 

obtained optimal sarcasm score (𝜓C). Afterwards, key-phrase extraction is performed on all 

sarcastic sentences to acquire the highest key-phrase value (𝑘(:;@ ) using the RAKE model. 

Then, apply the logistic distribution-based hunter-prey optimization technique [177].  

The formulated optimization technique is subject to an average of 𝜓C and 𝑘(:;@ , denoted as 𝛽, 

respectively. The choice of taking the logistic distribution as a minimized objective function 

allows for efficient optimization searching for the minimum solution with the best 

convergence. Eqn. (5.9) shows the optimization technique using the logistic distribution as the 

objective function. This function helps to determine the psychological features and 

arrangement of sarcastic gestures with affective traits.  

                                            
𝛼@ = 𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒	 #𝛾 − %S�

Üv-J%S�w
.#
1

𝑆𝑢𝑏𝑗𝑒𝑐𝑡	𝑡𝑜,𝛽 = 𝝍𝟕JeVWY
0

1
≥ 0	

%                                         (5.9) 

The aim of the minimized logistic distribution function using the hunter-prey optimization 

technique is to get the optimum sarcasm kind value (𝛼@). The value of 𝛾 in Eqn. (5.9) is 

obtained using the hunter-prey optimization technique. It is a bio-inspired optimization that 

simulates the hunting behaviour observed while chasing prey. The algorithm provides the 

interactions between hunters and prey, where hunters adapt their strategies to capture prey, and 

prey attempt to escape from the hunters.  

This interaction provides a powerful framework for exploring and exploiting the search space 

to find the optimal sarcasm indicator score from the defined objective function. First, the 

initialization of the population of hunters and prey is randomly done within the search space. 

Then, simultaneously define the maximum and minimum speed range of both hunters and prey. 

The SD-GKOT method has taken the search space within the bounds, i.e., 𝛾	𝜖	[𝛾([$ =

−10, 𝛾(:; = 10] with a maximum of one hundred iterations.  

                                      𝛾[ = 𝑟𝑎𝑛𝑑(1, 𝑉) × (𝛾(:; − 𝛾([$) + 𝛾([$                                  (5.10) 

The initial position of the hunter is calculated using Eqn. (5.10). The initial position of the 

hunter 𝑖 is represented by 𝛾[, while 𝑟𝑎𝑛𝑑 is a random value within the range of the dimension 
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𝑉, which indicates the number of variables in the problem. The following step calculates the 

position 𝛾[ for the hunter’s search process, as described in Eqn. (5.11). 

              𝛾[(𝑧 + 1) = 𝛾[(𝑧) + 0.5 &i2𝛿𝑛𝐵!"# − 𝛾[(𝑧)j + w2(1 − 𝛿)𝑛𝜃 − 𝛾[(𝑧)x)           (5.11) 

Eqn. (5.11) provides the updated rules for the hunter’s positions, where 𝛾(𝑧) represents the 

current position of the hunter, 𝛾(𝑧 + 1) which is the updated or next position, 𝐵!"# denotes the 

prey’s position, 𝜃 represents the average of all hunters positions, and 𝑛 is an adaptive parameter 

determined using Eqn. (5.12). 

                                                   𝐵 = 𝑅- < 𝛿;𝜕 = (𝐵 == 0);
𝑛 = 𝑅1 × 𝜕 + 𝑅< × (~𝜕)

Å                                         (5.12) 

The vectors 𝑅-, 𝑅1, and 𝑅< are randomly generated within the interval [0,1], while 𝐵 is a binary 

vector containing values of 0 or 1, corresponding to the number of variables in the problem. 

The index 𝜕 refers to the positions in 𝑅- where the condition 𝐵 == 0 holds. It is important to 

note that these values are randomized and reshuffled with each iteration. Additionally, 𝛿 is a 

balancing parameter that decreases progressively from 1 to 0.02 in each iteration, and its value 

is determined using Eqn. (5.13). 

                                                             𝛿 = 1 − 𝜍 i G.ED
(:;Ý

j                                                   (5.13) 

Here, 𝜍 denotes the current iteration, while max𝜍 represents the maximum number of iterations 

considered in the study. To determine the prey’s position, 𝐵!"# , it is first necessary to compute 

the average of all hunters’ positions (𝜃) using Eqn. (5.14). The distance of each hunter from 

this average position, 𝜀([), is then calculated using the Euclidean distance shown in Eqn. (5.15). 

                                                               𝜃 = -
$
∑ 𝛾[$
[i-                                                         (5.14) 

                                                       𝜀([) = (∑ (𝛾[ − 𝜃[)1¯
[i- )-/1                                           (5.15) 

The search agent farthest from the average of all positions is identified as the prey (𝐵!"#). At 

this stage, the prey moves away from the hunters in an attempt to evade capture. The prey’s 

updated position is described by Eqn. (5.16). 

                                 
𝐵!"# = 𝛾[|𝑖	𝑖𝑠	𝑠𝑜𝑟𝑡𝑒𝑑	𝑏𝑦max𝑣𝑎𝑙𝑢𝑒	𝜀[

𝐵!"# = 𝐺!"# + 𝛿𝑍𝑐𝑜𝑠(2𝜋𝑟@) × i𝐺!"# − 𝛾[(𝑧)j
r                              (5.16) 
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In this context, 𝑟@ is a random number within the range [−1,1], and 𝐺!"# represents the global 

position of the agent. The hunter’s position is updated to the most favorable position for 

pursuing the prey using the 𝛾[ values. This updated position is then evaluated using the fitness 

function 𝑓(𝛾[), which corresponds to the 𝑖b_ objective function. The best solution is stored at 

each iteration based on the fitness function, aiming to minimize the score.  

In the final step, the positions of both hunters and prey are evaluated. The updated positions, 

with the best-known fitness value, are input into the fitness function. The hunter or prey with 

the lowest score, representing the best fitness, is considered the optimal solution 𝛾. From the 

hunter-prey optimization, the value of 𝛾 is computed in the defined objective function, and 

finally, the value of the optimum sarcasm kind value (𝛼@) is calculated.  

Afterward, the value of 𝛼@ is compared with the calculated threshold value for types of sarcasm 

(QF0) computed as 4.86. This value is obtained from Shannon entropy shown in Eqn. (5.17). 

Table 5.5 demonstrates the threshold value scales used in the proposed method, SD-GKOT. 

Where 𝑄F0 is the Shannon entropy, 𝑝w𝛼@[x is the probability distribution of 𝛼@, and 𝜇F0[ 

represents the average of optimal sarcasm scores.  

                                            𝑄F0 = −
∑ !vF09w R39 !vF09w
96V
96-

∑ È�09
96V
96-

                                                   (5.17) 

Table 5.5 Parameters used in the proposed method 

Parameters Values 

The threshold value for 

sarcasm indicator 

classification (𝑸𝜶𝟒) 

Dataset 1 [149]: 𝑄U9 = −w− 683.368
&3&.66

x 				= 4.8721 ≈ 4.86 

Dataset 2 [150]: 𝑄U9 = −w− ;(;.&8
&*6.6(

x 				= 4.8604 ≈ 4.86 

Dataset 3 [151]: 𝑄U9 = −w− 949.*;5
&4&.4;

x 				= 4.8446 ≈ 4.86 

 

The humblebrag and oxymoron labeling is done based on a comparison between 𝛼@ and 𝑄F0. 

If 𝛼@ ≤ 𝑄F0, the sentence is tagged as an “oxymoron,” and if 𝛼@ > QF0, then the sentence is 

tagged as “humblebrag.” Algorithm 5.3 conveys the interpretation of sarcasm indicators 

classification in terms of humblebrag and oxymoron.  
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ALGORITHM 5.3: Classification of affective indicators of sarcasm using non-linear 

logistic hunter-prey optimization technique  

Input: 𝑺𝒔𝒂𝒓𝒄, 𝒌𝒎𝒂𝒙𝟒 , 𝝍𝟕, maximum number of iterations (max𝝇), 𝑸𝜶𝟒 

Output: Classification of sarcasm indicators as humblebrag and oxymoron based on optimal 

sarcasm tonal indicator score (𝜶𝟒) 

1. For each sentence, 𝑺𝒔𝒂𝒓𝒄 repeats steps from 2 to 6. 

2. Calculate 𝒌𝒎𝒂𝒙𝟒  using the RAKE model. 

3. Compute 𝜶𝟒 by formulating a non-linear logistic distribution using the hunter-prey 

optimization technique: 𝜶𝟒 = Minimize #𝜸− 𝒆S𝜷

𝜷v𝟏J𝒆S𝜷w
𝟐#
𝟐
= 𝒇(𝜸) = objective function 

Subject to 𝜷 = 𝝍𝟕J𝒌𝒎𝒂𝒙𝟒

𝟐
≥ 𝟎 

4. Initialize the hunter's and prey's position randomly within bounds [𝜸𝒎𝒊𝒏,𝜸𝒎𝒂𝒙] 

5. For iteration 1 to max𝝇:  

For each hunter move towards prey, calculate its position within bounds: 𝜸𝒊(𝒛+ 𝟏) =

𝜸𝒊(𝒛) + 𝟎.𝟓 &i𝟐𝜹𝒏𝑩𝒑𝒐𝒔 − 𝜸𝒊(𝒛)j + w𝟐(𝟏 − 𝜹)𝒏𝜽− 𝜸𝒊(𝒛)x)  

For each prey move away from the hunter, calculate its position within bounds: 𝑩𝒑𝒐𝒔 =

𝑮𝒑𝒐𝒔 + 𝜹𝒁𝒄𝒐𝒔(𝟐𝝅𝑹𝟒) × i𝑮𝒑𝒐𝒔 − 𝜸𝒊(𝒛)j 

6. After max𝝇 iterations, calculate the optimal objective function value by evaluating the 

fitness function:𝒇(𝜸𝒊) 

Evaluate 𝑮𝒑𝒐𝒔  

7. The best prey’s position with minimized fitness value gives the optimal solution “𝜸”. 

8. Decision-based on comparison between 𝜶𝟒 and 𝑸𝜶𝟒: 

If 𝜶𝟒 > 𝑸𝜶𝟒, classify the sentence as “humblebrag.” 

Otherwise, classify the sentence as an “oxymoron.” 

9. End  

 

5.7.3 Proposed Methods for Offensive and Non-Offensive 

In this subsection, we target sarcasm that varies by degree of offensiveness in its intent and 

tone. Offensive sarcasm is often sharp, insulting, and masked under indirect wording. To model 

this difference, we employ the Poisson distribution as a minimized likelihood function in the 

UCRT-CGKO method. It helps in detecting sudden spikes in sentiment intensity with sparse 
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textual patterns. Offensiveness often appears as low-frequency yet high-impact phrases, which 

this distribution captures effectively. 

The optimization process adjusts weights for lexical intensity, target relevance, and aggression 

cues. The objective is to minimize the Poisson-based function, thereby identifying sarcastic 

expressions with offensive connotations. In addition, we propose a second method using the 

Gumbel distribution in SDWT-ELM for depicting types of sarcasm. The Gumbel distribution 

optimizes sarcastic sentences, focusing on high polarity shifts, hyperbolic tone, or sharp 

targeting. This optimization helps in accurate classification even when the offensive sarcasm 

is veiled or context-dependent. The flowchart of the UCRT-CGKO method classifies the types 

of sarcasm shown in Fig. 5.9. 

 

 

 

 

 

 

 

 

 

 

 

First, we categorize types of sarcasm in the UCRT-CGKO method. Initially, the sarcastic 

sentences obtained from the UCRT-CGKO method are extracted with their optimal sarcasm 

score (𝜓D). The 𝑘(:;A  and sarcastic sentences with their 𝜓D are further interjected into the 

optimization technique using the Poisson distribution as a minimised objective function.  

Utilization of this distribution as an objective function potentially incorporates the complex 

traits retrieved from the dataset. The Eqn. (5.18) gives the formulation of a non-linear 

optimization technique using the Poisson distribution.  

Sarcastic 
sentences   

Extract all sarcastic 
sentences  

Key-phrase extraction: 
highest triggered 

sarcasm signal score 

Sarcasm signal 
threshold value 
using perplexity 

entropy  

If optimal sarcasm signal 
score ≤ sarcasm signal 

threshold value: Offensive  

If optimal sarcasm signal score > sarcasm 
signal threshold value: Not- offensive  

Optimal game score of 
sarcastic sentences   

Non-linear optimization 
technique using Poisson 

distribution   

Optimal sarcasm 
signal score   

Fig. 5.9  Flowchart of UCRT-CGKO for categorization of types of sarcasm as offensive and 
non-offensive 
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                       𝛼A = »Minimise	 %
XVWY1

×eVWY
1 S�z�𝟏𝟎¡

zz�𝟏𝟎{!
», Subject to: 𝑘(:;A ≥ 0 and 𝜓D ≥ 0      (5.18) 

The optimal value obtained from this optimization technique is termed the optimum sarcasm 

kind value (𝛼A). The 𝛼A is then compared with the computed threshold value for types of 

sarcasm (𝑄F1). It is calculated as 0.577 using the perplexity entropy structure shown in Eqn. 

(5.19).  

                                                   𝑄F1 = 2∑ !vF19w R39.vF19w
V
96-                                                (5.19) 

The sarcasm indicator classification is done based on the comparison between 𝛼A and 𝑄F1. If 

𝛼A ≤ 𝑄F1, then the sentence is tagged as “offensive,” else it is tagged as “non-offensive.” 

Algorithm 5.4 defines the procedure of depicting the implicit intent of sarcasm signals in terms 

of offensive and non-offensive nature. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Sarcastic sentences   

Optimal sarcasm kind score 

Non-Offensive  

Triggered 
sarcasm indicator  

Gumbel distribution  

YAKE key phrase 
extraction  

Threshold value for type of 
sarcasm: shannon entropy 

Offensive  

Fig. 5.10  Flowchart of SDWT-ELM for categorization of types of sarcasm as 
offensive and non-offensive 
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ALGORITHM 5.4: Classify inherent sarcasm tonal trait signal 

Input: 𝑆#:\', 𝑘(:;A , 𝜓D, and sarcasm signal threshold value (𝑄F1). 

Output: Optimal sarcasm signal score (𝛼A) based on which classify sarcasm signals as 

offensive or not-offensive 

1. Compute 𝛼A by formulating discrete optimization problem using poison 

distribution: 𝛼A = »𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒	 %
XVWY1

×eVWY
1 S�z�𝟏𝟎¡

zz�𝟏𝟎{!
», Subject to: 𝑘(:;A ≥ 0 and 𝜓D ≥ 0 

2. Classification based on comparison between 𝛼A and 𝑄F1: 

if 𝛼A ≤ 𝑄F1:  return “offensive” 

Else return “not- offensive”  

3. End 

 

Fig. 5.10 gives a detailed illustration of offensive language depiction in the SDWT-ELM 

method. First, we filter the sarcastic sentences generated through SDWT-ELM, associated with 

its optimal sarcasm score (ψE). Additionally, the YAKE model is utilized to get the highest 

sarcasm-triggered score (k57�C ). Furthermore, we perform the Gumbel distribution mechanism 

to depict abusive content with the obtained optimum sarcasm kind value (𝛼B). The Gumbel 

distribution employed in the proposed investigation is shown in Eqn. (5.20) which gives the 

optimum sarcasm kind value (𝛼B). 

                                                     𝛼B = 𝑒V%
S(𝛙𝟗S~𝛙𝟗)

	XVWY3
                                                          (5.20) 

The µà¤ is the average value taken for the combined ψE scores over the dataset, i.e., µà¤ =

∑ à¤4
46�
46-
1

, where m is the total number of sentences. This 𝜓E is then compared with the threshold 

value for types of sarcasm (QF2) calculated using Shannon entropy as shown in Eqn. (5.21).  

                                                 𝑄F2 = −∑𝑝(𝜓E) log(𝑝(ψE))                                           (5.21) 

The 𝑄F2 is the probability of the optimal score taking on the value ψEP, where 1 ≤ 𝑖 ≤ 𝑚 and 

𝑚 is the total number of sentences in the dataset. The value of 𝑄F2 is computed as 2.7. If 𝛼B <

𝑄F2, then the sentence is tagged as “offensive,” and if 𝛼B ≥ 𝑄F2, then the sentence is tagged as 

“non-offensive.” Algorithm 5.5 defines the abusive content interpreted using the probability 

distribution structure. 
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ALGORITHM 5.5: Offensive content depiction from sarcastic sentences 

Input: ψE, 𝑘(:;C  and 𝜇à¤ 

Output: Offensive and Non-offensive 

1. Calculate the veracity disposition of sentence: 𝛼B = 𝑒V%
S(¥¤S~¥¤)

	XVWY3
 

2. If 𝛼B ≥ 𝑄F2 → “Offensive” 

3. Else “Non-offensive” 

 

5.7.4 Proposed Method for Humour and Non-Humour 

In this subsection, we address types of sarcasm in terms of humour and non-humour text. 

Humorous sarcasm is light-hearted, witty, and intended to amuse or gently mock. Fig. 5.11 

shows the framework of the proposed method to detect types of sarcasm. 

 

 

 

 

 

 

 

 

 

 

 

 

 

We apply the SLIOEN model, which focuses on fine-grained humour hierarchy generation, to 

distinguish between them. The model extracts and weighs features like exaggeration, surprise, 

tone, and incongruity, which are strong indicators of humour. The Poisson function models 

Highest triggered 
sarcasm indicator score 

If the optimal sarcasm nature 
score is less than equal to the 
threshold value, Non-humour 

Formulate a non-linear 
Poisson distribution-
based optimization 

technique 

Extract all sarcastic 
sentences with their 

optimal sarcasm 
scores 

Key-phrase extraction 
using the RAKE model 

Optimal sarcasm 
nature score  

If the optimal sarcasm 
nature score is greater than 
the threshold value, humor 

Sarcasm nature threshold 
value computed using 

Perplexity entropy  

Fig. 5.11  Architectural diagram of SLIOEN for categorization of types of sarcasm as 
humour and non-humour 
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sporadic humorous cues structure, where laughter triggers and occur at low but impactful 

frequencies. By minimizing the Poisson function, the model effectively isolates humour-driven 

indicators from general sarcasm cues.  

The optimization process ensures that the SLIOEN model does not confuse criticism with 

comedy, allowing for more accurate classification across real-world sarcastic expressions. 

After getting ψB from SLIOEN, we extract sarcastic sentences and apply the RAKE model to 

get the highest keyword value (k57�< ). The 𝑘(:;<  and 𝜓B	are further interjected into the 

formulated non-linear optimization technique using the Poisson distribution. Utilization of this 

distribution helps in determining the syntactic markers, sentiment features, use of punctuation 

sets, and language transmission.  

The aim of the formulated optimization technique is to get the optimal solution of the 

minimized objective function. The optimal value obtained from this optimization technique is 

termed the optimal sarcasm nature score (𝛼C). Eqn. (5.22) shows the optimization technique 

using the minimized Poisson distribution as the objective function. 

                                          αC = #Minimise	 6
����/

×áS¥2

à2!
# 	× 100

𝑆𝑢𝑏𝑗𝑒𝑐𝑡	𝑡𝑜,ψB ≥ 0	and	k57�< ≥ 0
Á                                     (5.22) 

In this step, we determine the inherent intent of sarcasm signals in terms of humour and non-

humour. The proposed method used a threshold value for the type of sarcasm as (QF3) defined 

in Eqn. (5.23), which is calculated using Shannon entropy as shown in Eqn. (5.24).  

                                                              QF3 = 2â                                                              (5.23) 

                                                𝜎 =
∑ !v�29w R39.v�29w
¦
96-

-G
                                                        (5.24) 

The 𝑝(𝜓B) is the probability distribution of obtaining the optimal sarcasm nature score of the 

sentence. With the help of this structure, the  QF3 is computed as 0.688. Table 5.6 demonstrates 

the threshold value scales used in the proposed method.  

The classification of the type of sarcasm is done based on the comparison between 𝛼C and QF3. 

If 𝛼C > QF3, then the sentence is tagged as “humour”, else it is tagged as “non-humour.” 

Algorithm 5.5 defines the procedure of depicting the inherent, implicit intent of intonations 

affecting sarcasm in terms of humor and non-humor. 
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Table 5.6  Parameters employed in the proposed method 

Parameters  Values  

Sarcasm 

Type 

Threshold 

value (𝑸𝜶𝟕) 

Dataset -1 [149]:𝜎defe>@f'& =
∑ <!h2F" D=A8!h2F"
G
FH.

&(
= −0.5837; 𝑄U2 = 2i =

2'(.654; = 0.6672 ≈ 0.688; 

Dataset -2 [150]: 𝜎defe>@f'3 =
∑ <!h2F" D=A8!h2F"
G
FH.

&(
= −0.5183; 𝑄U2 = 2i =

2'(.6&54 = 0.6981 ≈ 0.688 

Dataset -3 [151]: 𝜎defe>@f'4 =
∑ <!h2F" D=A8!h2F"
G
FH.

&(
= −0.5261; 𝑄U2 = 2i =

2'(.639& = 0.6944 ≈ 0.688 

 

ALGORITHM 5.5: Classify inherent indicators affecting sarcasm using a non-linear 
optimization problem 
Input: 𝑆#:\', 𝜓B, 𝑘(:;< , and sarcasm nature threshold score (QF3). 

Output: Optimal sarcasm nature score (𝛼C) based on which to classify sarcasm indicators 

as humour or non-humour 

1. Compute 𝛼C by formulating a non-linear optimization problem using a poison 

distribution: 

    𝛼C = #𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒	 %
XVWY/

×ãSz2

�2!
# × 100, Subject to: 𝜓B ≥ 0 and 𝑘(:;< ≥ 0 

2. Classification based on the comparison between 𝜂 and sarcasm nature threshold score 

(𝜕): if 𝛼C > QF3; return “humour” 

       Else return; “non-humour.”  

3. End 

 

5.8 Experimental and Result Analysis 

The primary focus of this thesis is sarcasm detection. We validated each of the proposed 

methods on established datasets and benchmarked them against current state-of-the-art 

methods. These experiments confirm that the proposed methods maintain competitive accuracy 

and robustness in detecting sarcastic expressions in English text.  

In addition to the main task of sarcasm detection, we introduce novel concepts for the types of 

sarcasm categorization. This categorization of sarcastic statements into distinct types includes 

humour, rhetorical devices, like-prefixed, dropped negation, hyperbole, implicit, explicit, 
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callous, and offensive, using optimization techniques. Since the proposed methods for the types 

of sarcasm are entirely new, there are no annotated datasets for quantitative comparisons. 

Therefore, evaluation is primarily qualitative, and it highlights the potential benefits of 

distinguishing between various types of sarcasms.  

To assess the reliability of our proposed methods, SDO-BCRT and UCRT-CGKO, we carried 

out an inter-annotator agreement analysis focused on classifying different types of sarcasm. 

For this task, we engaged human annotators who were asked to review and label each sarcastic 

sentence types. This helped us gauge how consistently sarcasm types were interpreted and 

provided meaningful feedback on the accuracy and sensitivity of our models. 

The annotator first performs an analysis of the callous nature of sarcastic sentences within the 

proposed SDO-BCRT method. The three annotators were assigned to tag the sarcastic 

sentences as callous or non-callous. The annotators are from various domains, such as computer 

enthusiasts, social media analysis experts, and English linguistics experts. Each expert 

independently labelled the sarcastic sentences of the datasets as callous or non-callous, as 

shown in Table 5.7.  

Table 5.7  Statistics of callous and non-callous comments among three annotators 

Dataset Sarcastic 

sentences 

Annotator 1 Annotator 2 Annotator 3 Average 
Callous Non-

Callous 

Callous Non 

callous 

Callous Non 

callous 

Callous Non 

callous 

Dataset-

1 [149]  

5975 2463 3512 1476 4499 1511 4464 2496.6 

≈ 

2497 

3478.3 

≈ 3478 

Dataset-

2 [150] 

14592 6586 8006 3782 10810 4953 9639 6603 7989 

Dataset-

3 [151] 

5743 2539 3204 1537 4206 1481 4262 2085.6 

≈ 

2086 

3657.3 

≈ 3657 

Dataset-

4 [152] 

5156 2322 2834 1781 3375 1466 3690 2323 2833 

 

For each pair of annotators (1 vs. 3, 1 vs. 2, and 2 vs. 3), we compute the Cohen’s kappa score 

between annotators 1 and 2, 1 and 3, and 2 and 3 pairwise as shown in Table 5.8. Cohen’s 

Kappa is defined as in Eqn. (5.25). 
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                                                               𝜀 = _7V_8
-V_8

                                                             (5.25) 

Where ℎG is the observed proportion of agreement between the annotators. ℎ% is the expected 

proportion of agreement by chance, based on the marginal probabilities of each category. Once 

we have the pairwise values, we compute the average Cohen’s kappa score. Averaging all these 

𝜀:>& gives an overall indication of very high inter-annotator agreement, as shown in Eqn. 

(5.26). 

                                                    𝜀:>& =
(ä-Jä.Jä/Jä0)

<
                                                      (5.26) 

Table 5.8  Cohen’s Kappa score between three annotators for datasets 2, 3, and 4 

 𝜺 for  

Dataset-1 

[149] 

𝜺 for 

Dataset-2 

[150] 

𝜺 for 

Dataset-3 

[151] 

𝜺 for 

Dataset-4 

[152] 

Annotators 1 and 2 0.90 0.92 0.91 0.83 

Annotators 2 and 3 0.80 0.84 0.82 0.90 

Annotators 1 and 3 0.70 0.77 0.74 0.91 

Cohen’s Kappa averaged 

score (𝜺ejA)  

0.80 0.84 0.82 0.88 

 

 
 

Fig. 5.12  Cohen’s kappa scores of three annotators for dataset-1, 2, 3, and 4 with a 
substantial agreement line 
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The computed 𝜀:>&-, 𝜀:>&., 𝜀:>&/, and 𝜀:>&0 are 0.80, 0.84, 0.82, and 0.88 for datasets 2, 3, 

and 4, respectively. We calculate the final average Cohen’s kappa score for each of the four 

datasets, resulting in a combined kappa value of 0.83. Fig. 5.12 shows the overall kappa score 

among annotators 1, 2, and 3, which gives substantial agreement and confirms consistency in 

labelling callous and non-callous sarcasm. This high inter-annotator reliability validates our 

unsupervised callousness classification approach.  

After obtaining the annotated datasets, we evaluate the performance metrics of the proposed 

(SDO-BCRT) method. Then, we assessed callousness by averaging the annotations from three 

annotators, as shown in Table 5.7. Table 5.9 illustrates the distribution of callous and non-

callous statements found within sarcastic sentences by the proposed SDO-BCRT method. 

Table 5.10 shows the comparison analysis between three annotators and the proposed method 

in terms of performance metrics, i.e., accuracy, precision, recall, and F1 score.  

Table 5.9  Distribution of sentences over the four datasets 

Datasets  Callous   Non-callous Total number of sarcastic sentences 

Dataset-1 [149] 2,214 3,761 5,975 

Dataset-2 [150] 6,433 8,159 14,592 

Dataset-3 [151] 1,570 4,173 5,743 

Dataset-4 [152] 2,489 2,667 5,156 

 

Table 5.10  SDO-BCRT analysis with averaged scores from three annotators on dataset-1, 2, 
3, and 4 

 Dataset-1 [149] Dataset-2 [150] 

 Accuracy  Precision  Recall  F1 score Accuracy  Precision  Recall  F1 score  

SDO-BCRT 0.9255 0.9072 0.9183 0.9127 0.9633 0.9365 0.9759 0.9558 

 Dataset-3 [151] Dataset-4 [152] 

 Accuracy  Precision  Recall  F1 score Accuracy  Precision  Recall  F1 score  

SDO-BCRT 0.9058 0.8588 0.9164 0.8867 0.9057 0.8982 0.8838 0.8909 

 

Fig. 5.13 shows the ROC curve for callousness classification with enhanced AUC values of 

0.92, 0.97, 0.91, and 0.90 for datasets 2, 3, and 4, respectively. This ensures that the callousness 

classification is empirically validated and effectively benchmarked in SDO-BCRT. 
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Fig. 5.13  ROC curve for callousness classification on datasets 1, 2, 3, and 4 

Fig. 5.14 (a), (b), and (c) give the distribution plot of the obtained humblebrag and oxymoron 

sentences taken from the sarcastic sentences using the proposed methodology (SD-GKOT).  

Now, we again perform inter-annotator agreement analysis on the SLIOEN method to depict 

the presence of humour and non-humour contexts in sarcastic sentences. As in the previous 

section, we recruited the same human annotators to perform the task. These annotators are 

assigned the task of tagging the sarcastic sentences as humorous or non-humorous. Each expert 

independently labelled the sarcastic sentences as humour or non-humour, as shown in Table 

5.11. For each pair of annotators (1 vs. 3, 1 vs. 2, and 2 vs. 3), we compute the Cohen’s kappa 

score between annotators 1 and 2, 1 and 3, and 2 and 3 pairwise as shown in Table 5.12.  Cohen 

kappa score is defined as in Eqn. (5.26). 

(a) 
 

(b) 
 

(c) 

Fig. 5.14  Distribution plot for oxymoron and humblebrag comments on (a). dataset-1, (b). 
dataset-2 and (c). dataset-3 
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Table 5.11  Statistics of humour and non-humour comments among three annotators 

Dataset Sarcastic 

sentences 

counts 

Annotator 1 Annotator 2 Annotator 3 Average 
Humo

ur  

Non-

Humour  

Humour Non-

Humour 

Humour Non-

Humour 

Humour Non-

Humour 

Dataset-

1 [149]  

5755 2122 3633 2064 3691 2247 3508 2144.3 

≈ 2144 

3610.6 

≈ 3611 

Dataset-

2 [150] 

7367 2538 4829 1996 5371 2471 4896 2353 5032 

Dataset-

3 [151] 

4884 2780 2104 3251 1633 2995 1889 3008.6 

≈ 3009 

1875.3 

≈ 1875 

 

Table 5.12  Cohen’s Kappa score between three annotators for dataset-1, 2 and 3 

 𝜺 for Dataset-1 

[149] 

𝜺 for Dataset-2 

[150] 

𝜺 for Dataset-3 

[151] 

Annotator 1 and 2 0.89 0.91 0.83 

Annotator 2 and 3 0.80 0.84 0.90 

Annotator 1 and 3 0.79 0.80 0.82 

Cohen’s Kappa averaged score (𝑘ejA)  0.82 0.85 0.85 

 

 

 
 

Fig. 5.15  Cohen’s Kappa scores of three annotators for dataset-1, 2, and 3, with a substantial 
agreement line for SLIOEN 
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Once we have the pairwise values, we compute the average Cohen’s kappa score. The 

computed 𝜀:>&-, 𝜀:>&., and 𝜀:>&/ is 0.82, 0.85, and 0.85 for dataset-1, 2, and 3 respectively. 

We calculated the final average Cohen’s kappa score for each of the four datasets, resulting in 

a combined kappa value of 0.84. Figure 5.15 shows the overall kappa score among annotators 

1, 2, and 3, indicating a substantial agreement, confirming consistency in labelling humour and 

non-humour sarcasm. This high inter-annotator reliability validates the unsupervised humour 

classification methods. 

After obtaining the annotated datasets, we evaluate the performance metrics of the proposed 

method. Then, we assessed humour by averaging the annotations from three annotators, as 

shown in Table 5.12. A comparison between these averaged values and the proposed method’s 

results for humour and non-humour comments is presented in Table 5.13. Table 5.14 illustrates 

the distribution of humour and non-humour statements found within sarcastic sentences by the 

proposed method. 

Table 5.14 shows the comparative analysis between three annotators and the proposed method 

in terms of performance metrics, i.e., accuracy, precision, recall, and F1 score.  

Table 5.13  Distribution of sentences over the four datasets 

Datasets Humour Non-humour Total number of sarcastic 

sentences 

Dataset-1 [149] 2,606 3,149 5,755 

Dataset-2 [150] 3,350 4,017 7,367 

Dataset-3 [151] 2,242 2,642 4,884 

 

Table 5.14  SLIOEN analysis with averaged scores from three annotators on dataset-1, and 2 

 Dataset-1 [149] Dataset-2 [150] 

 Accuracy Precision Recall F1 

score 

Accuracy Precision Recall F1 

score 

SLIOEN  0.9109 0.8973 0.9027 0.8999 0.9333 0.9164 0.9480 0.9319 

 Dataset-3 [151] 

 Accuracy Precision Recall F1 score 

SLIOEN  0.9005 0.9352 0.8953 0.9148 
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Fig. 5.16 shows the ROC curve for humour classification with enhanced AUC values of 0.92, 

0.91, and 0.90 for dataset-1, 2, and 3, respectively. This ensures the humour classification is 

both empirically validated and effectively benchmarked in SLIOEN. 

 
 

Fig. 5.16  ROC curve for humour classification on dataset- 1, 2, and 3 

In this section, the study about the inter-annotator agreement scheme of the offensive nature of 

sarcastic sentences is performed in UCRT-CGKO. We have taken three annotators, who are 

assigned to tag the sarcastic sentences as offensive or non-offensive. Each expert independently 

labelled the sarcastic sentences of the datasets as offensive or non-offensive, as shown in Table 

5.15.  

After obtaining the annotated datasets, we evaluate the performance metrics of the proposed 

method. Then, we assessed offensiveness by averaging the annotations from three annotators, 

as shown in Table 5.16.  

Table 5.15  Statistics of offensive and non-offensive comments among three annotators in 
UCRT-CGKO 

Dataset No. of 
sarcastic 
sentences 

Annotator 1 Annotator 2 Annotator 3 Average 
Offensive Non-

Offensive 
Offensive Non-

Offensive 
Offensive Non-

Offensive 
Offensive Non-

Offensive 
Dataset-1 

[149]  

2038 1375 663 1478 560 1434 736 1429 653 

Dataset-2 

[150] 

2270 1415 855 1400 870 1511 759 1442 828 
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Table 5.16  Cohen’s Kappa score between three annotators for dataset-1 and 2 for UCRT-
CGKO 

 𝒌 for Dataset-1 [149] 𝒌 for Dataset-2 [150] 

Annotator 1 and 2 0.944 0.948 

Annotator 2 and 3 0.923 0.927 

Annotator 1 and 3 0.943 0.961 

Cohen’s Kappa averaged score (𝒌𝒂𝒗𝒈)  0.936 0.945 

 

The computed 𝑘:>&-, and 𝑘:>&. is 0.936 and 0.945 for dataset-1 and 2 respectively. We 

calculate the final average Cohen’s kappa score for each of the two datasets, resulting in a 

combined kappa value of 0.9405. The Fig. 5.17 shows the overall kappa score among 

annotators 1, 2, and 3 indicates substantial agreement, confirming consistency in labelling 

offensive vs. non-offensive sarcasm. This high inter-annotator reliability validates the 

unsupervised offensiveness classification method.   

 
 

Fig. 5.17  Cohen’s Kappa scores of three annotators for dataset-1 and 2 with a substantial 
agreement line in UCRT-CGKO 
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Table 5.17 illustrates the distribution of offensive and non-offensive statements found within 

sarcastic sentences by the proposed method. 

Table 5.17  Distribution of sentences over the two datasets in UCRT-CGKO 

Datasets  Offensive   Non-Offensive Total number of sarcastic sentences 

Dataset-1 [149] 1,417 6,21 2,038 

Dataset-2 [150] 1,456 7,14 2,270 

 

Fig. 5.18 shows the ROC curve for offensiveness classification with enhanced AUC values of 

0.97 and 0.98 for dataset-1 and dataset-2, respectively. It ensures the offensiveness 

classification is both empirically validated and effectively benchmarked in UCRT-CGKO. 

Table 5.18 shows the comparison analysis between three annotators and the proposed method 

in terms of performance metrics, i.e., accuracy, precision, recall, and F1 score. 

 
 

Fig. 5.18  ROC curve for offensiveness classification on dataset- 1 and 2 

 

Table 5.18 UCRT-CGKO analysis from three annotators on dataset-1 and 2 

 Dataset-1 [149] Dataset-2 [150] 

 Accuracy  Precision  Recall  F1 score Accuracy  Precision  Recall  F1 score  

UCRT-

CGKO  

0.9546 0.8993 0.9592 0.9282 0.9687 0.9375 0.9044 0.9206 
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These experimental findings suggest that the new classification for types of sarcasm features 

promises a more nuanced linguistic analysis application. However, due to the absence of 

annotated datasets for the types of sarcasm, we suggest future research focusing on developing 

standardized benchmark datasets for sarcasm types. Such efforts will enable more rigorous 

quantitative comparisons and further advances in this emerging area. 

In conclusion, the experimental results support the effectiveness of all proposed methods for 

demonstrating the innovative potential of incorporating classification for types of sarcasm. This 

study has given new ideas for future research, leading to more sophisticated models with the 

capability of capturing the multifaceted nature of sarcastic communication. 

5.9 Summary 

This chapter presented a comprehensive categorization and detection of types of sarcasm, 

focusing on how each form shows underlying intention using various optimization techniques. 

This chapter gives study for types of sarcasm analysis through meaning inversion, implicit and 

explicit cues, and masked intentions driven context.  

To address the detection challenges for types of sarcasm, we introduce various optimization-

based methodologies. Distributions such as parabolic fractal, Gauss-Kuzmin, Poisson, logistic, 

and Gumbel are minimized or maximized to capture specific behavioural patterns in sarcastic 

English text. Additionally, metaheuristic algorithms like hunter-prey optimization are applied 

to tune feature weights, sentiment contrasts, and polarity shifts. 

By aligning the nature of sarcasm with suitable mathematical frameworks, this chapter 

demonstrated that sarcasm detection can move beyond binary classification. The proposed 

methods support fine-grained sarcasm interpretation, improving accuracy and contextual 

sensitivity. The outcomes of this chapter form a foundation for developing intelligent sarcasm 

detection methods for future perspectives.
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Chapter 6 

Sarcasm Detection of Hindi Text 
 

The amount of Hindi content on the internet continues to rise through weblogs and reviews. It 

is crucial to understand sarcasm in Hindi as it can change the meaning of a sentence entirely. 

Understanding sarcasm in Hindi text helps in analysing opinions, which is useful in social 

media analysis and customer feedback.  

Most existing research on sarcasm detection focuses on English and other widely used 

languages, with limited attention to Hindi. Additionally, the use of optimization techniques in 

this context remains largely unexplored. This chapter presents an unsupervised method for 

detecting sarcasm in Hindi text using optimization-based techniques.  

The organization of sections in this chapter is as follows. In section 6.1, we introduce the 

proposed method, namely - “simulated probabilistic optimisation Zipf Mandelbrot distribution 

via entropy paradigm for sarcasm detection (SPOZ-ESD)”. In section 6.2, we present the 

description of the Hindi datasets and a comparison analysis of the proposed method with the 

state-of-the-art systems. Section 6.3 provides details about the statistical validation tests used 

in the proposed study. 

The challenges and time complexity are also included in this section. Finally, Section 6.4 

concludes the chapter and presents the key findings. 

6.1 Introduction  

Hindi serves as the official language of India, playing a significant role in day-to-day 

communication [26]. It is one of the most spoken languages in the world, with a vast number 

of native speakers. Hindi holds a strong presence on the internet, especially across social media 

and digital web platforms. Its use in online education, entertainment, and public discourse 

continues to expand rapidly [98]. This rising digital footprint highlights Hindi’s growing 

importance in global language networks [178].  

Understanding sarcasm in Hindi is important due to its frequent use in everyday conversations. 

It appears in humour, criticism, and social commentary, often carrying layered meanings. 

Learning to detect it helps improve communication and emotional interpretation in society. It 
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also supports better analysis of online content, especially on social media platforms. Sarcasm 

detection in Hindi is thus essential for both linguistic research and real-world applications. 

Sarcasm detection in Hindi text involves identifying instances where the intended meaning 

contrasts sharply with the literal expression. This phenomenon is particularly complex in Hindi 

due to its rich linguistic structure and culturally embedded forms of expression. Hindi follows 

the free-word order arrangement of the words. Fig. 6.1 shows three sentences that depict similar 

meanings with different free word order rearrangements.  

 
Fig. 6.1 Example of Hindi comments demonstrating free word order 

Lot of work in sarcasm detection is done in English [14], [15] text. However, when it comes to 

Hindi, limited resources are available to fully capture the aspects of the figure of speech [16]. 

The field of sarcasm detection in Hindi has been limited by the absence of categorized datasets, 

fewer sentiment ratings, and a lack of sentiment analysis tools, such as part-of-speech (POS) 

taggers [25], [26].  

Some existing methods have used machine learning [39], [46], deep learning [179], [180], and 

transformer [181], [182] based techniques for sarcasm detection in the Hindi text. However, 

these methods do not correctly and consistently classify the Hindi sentences. Speakers often 

use different tones and complex patterns, which makes it hard to detect sarcasm in Hindi text 
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[183]. Hindi exhibits considerable tonal, phonetic, and structural variation across different 

regions of India, making its interpretation highly dependent on geographical and linguistic 

context. These variations are shaped by regional languages that influence pronunciation, 

accent, and word usage in spoken Hindi [23]. Many of these languages, such as Marathi, 

Bengali, and others, use the Devanagari script, leading to shared vocabulary but differing 

speech patterns. For instance, speakers in Uttar Pradesh may pronounce ‘वचन’ (vachan) as 

‘बचन’ (bachan), replacing ‘व’ (va) with ‘ब’ (ba), while Bengali speakers may pronounce ‘आप’ 

(aap) as ‘ओप’ (op), substituting ‘अ’ (a) with ‘ओ’ (o). Similarly, a Marathi speaker might say 

“तुमको क्या करन ेका ह?ै”, while a Delhi speaker may use “तुम क्या करोग?े”, both expressing similar 

intent with distinct regional influence shown in Fig. 6.2.  

 
(a). 

 
(b). 

Fig. 6.2  Tonal variations in Hindi text in distinct regions, such as (a). Marathi and (b). Delhi 

Sarcasm, which often relies on tone, wordplay, and cultural context, becomes even harder to 

detect when layered with regional influences and informal speech [17], [184]. This complexity 

highlights the need for robust sarcasm detection models tailored specifically for Hindi, 

accounting for dialectal shifts and tonal ambiguity. 

To address the given issues, we performed sarcasm detection of Hindi text using a mathematical 

optimization technique.  

6.1.1 Proposed Method  

The proposed method aims to detect sarcasm based on a mathematical optimization technique 

in Hindi comments. The SPOZ-ESD works in three core steps to perform sarcasm detection.  

Step 1: Compute Individual Sentence Values (ISV) and Average Embedding Score 

Step 2: Determine the Optimal Sentiment Score and Highest Triggered Sarcasm Indicator 

Score 
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Step 3: Detect Sarcasm in Hindi Text 

The architectural flow of the proposed method SPOZ-ESD is shown in Fig. 6.3. The detailed 

explanations of steps for the proposed SPOZ-ESD method for sarcasm detection are given in 

subsequent subsections.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6.3 Architectural flow of the proposed method (SPOZ-ESD) for sarcasm detection in 
Hindi text 

6.1.1.1 Compute Individual Sentence Values (ISV) and Average Embedding Score 

In the first step, the numeric values for the sentence incorporating four-word embedding 

algorithms, viz., BOW, Tf-Idf, word2vec, and GloVe are calculated. We generate four values - 

the sum of BOW (𝐼𝑆𝑆A), sum of Tf-Idf (𝐼𝑆𝑆B), sum of word2vec (𝐼𝑆𝑆C), and sum of glove 

(𝐼𝑆𝑆D) respectively. The ISV is the set of four individual sentence scores, such that ISV = {𝐼𝑆𝑆A, 

𝐼𝑆𝑆B, 𝐼𝑆𝑆C, 𝐼𝑆𝑆D} 

Eqns. (6.1) to (6.4) depict the calculation of 𝐼𝑆𝑆A, 𝐼𝑆𝑆B, 𝐼𝑆𝑆C, and 𝐼𝑆𝑆D, respectively. Here, 𝑒 

represents the embedding vector for each method. 

Sarcastic Non-Sarcastic 

Hindi sentences 

Translate Hindi 
Text to English 

via Google 
Translate 

Non-linear optimization problem using Zipf- 
Mandelbrot Distribution 

An average embedding 
score of a sentence 

Shannon Entropy 

Compute innate sentence 
values via Hindi Word 

Embedding Scores 

Key-phrase 
extraction via 

RAKE 

Positive Senti 
score 

HindiSentiWordNet 

Optimal sentiment score 

Negative Senti 
score 

Sentiment analysis 

Perplexity Entropy 

Optimal sarcasm score 

Bag-Of-Words, Glove, 
Word2vec, Term frequency-
inverse document frequency  

Step-1   Step-2   

Step-3   



147 
 

                          𝐼𝑆𝑆A  = ∑ 𝑒­¹ºd[
[i»
[i- , total summation value from BOW                          (6.1) 

                         𝐼𝑆𝑆B = ∑ 𝑒=j�d[
[i»
[i- , total summation value from Tf-Idf                            (6.2) 

                    𝐼𝑆𝑆C = ∑ 𝑒º1¯
d[

[i»
[i- , total summation value from word2vec                          (6.3) 

                          𝐼𝑆𝑆D = ∑ 𝑒Ì¢¯d[
[i»
[i- , total summation value from glove                            (6.4) 

After calculating the ISV of a sentence, we further calculate the average embedding score 

(𝑒:>&) by taking an average of four ISV values as shown in Eqn. (6.5). 

                                             𝑒:>& = (jff1Jjff2Jjff3Jjff�)
@

                                                     (6.5) 

6.1.1.2 Determine the Optimal Sentiment Score and Highest Triggered Sarcasm Indicator 
Score 

In the second step, we employ the HindiSentiWordNet (HSWN) to determine the overall 

sentiment of the Hindi sentence. The sentiment of the sentence obtained from HSWN is 

determined in terms of two polarities, i.e., the positive senti-score (PSS) and the negative senti-

score (NSS). We compute the optimal sentiment score (𝜙A) by considering the average absolute 

difference between PSS and NSS, as shown in Eqn. (6.6).	 

                                                      𝜙A =
|]ffV§ff|

1
                                                                (6.6) 

ALGORITHM 6.1: Calculate Optimal Sentiment Score using HSWN 

Input: 𝑊 − set of words in a sentence, HSWN, 𝜆A 

Output: 𝜙A, positive sentiment or negative sentiment. 

 

1. Let 𝑊 = {	𝑤-, 𝑤1, 𝑤<, … , 𝑤_	} where 𝑤[ represents the 𝑖b_  1 ≤ 𝑖 ≤ 𝑚	 words in 

the input sentence. 

2. For all 𝑤[ in the sentence 

If 𝑤[ ∈	HSWN, 

PSS = !"#[b[>%	#%$b[(%$b	>:*)%	",	d9
e

 and NSS	= $%)b\:*	#%$b[(%$b	>:*)%	",	d9
e

 

3. Compute 𝜙A =
|]ffV§ff|

1
 

4. End 
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The method to perform the sentiment classification and calculate the value of PSS and NSS is 

shown in Algorithm 6.1. 

The sentiment of the sentence is analysed based on a sentiment threshold value (𝜆A).  If 𝜙A ≤

𝜆A, the sentence is tagged as “positive sentiment,” else, the sentence is tagged as “negative 

sentiment.” The value of 𝜆A	is calculated using the absolute Shannon entropy shown in Eqn. 

(6.7).  

                                            𝜆A = −∑ pw𝜙APx log1w𝜙APx
5
Pi-                                                  (6.7) 

The 𝑝(𝜙A) is the probability distribution of the 𝜙A of the sentence and 𝑚 is the total number 

of sentences. The value of 𝜆A is computed as 0.3 using Shannon entropy, as shown in Table 6.1. 

Table 6.1 Computation of sentiment threshold value 

Parameter  Value  

Sentiment threshold 

value (𝜆6)  
Dataset-1: 𝜆6 = −∑ 𝑝(𝜙6Y) 𝑙𝑜𝑔3n𝜙6Yp

9969
YZ& ≈ 0.3 

Dataset-2: 𝜆6 = −∑ 𝑝(𝜙6Y) 𝑙𝑜𝑔3n𝜙6Yp
;&98
YZ& ≈ 0.3 

 

Once we deduce the sentiment of the sentence, the next step is to identify the sarcasm indicator. 

We use the RAKE method to calculate the supreme keyword value (𝑘(:;B ). We first translate 

the Hindi text into English and then apply the RAKE method to get the tuple of words with 

respective numerical scores. Thus, we take keywords with the maximum score as a triggered 

sarcasm indicator. The highest keyword value, 𝑘(:;B , is used in optimization.  

6.1.1.3 Detect Sarcasm in Hindi Text 

In the final step, sarcasm detection is performed using a probabilistic non-linear optimization 

method. The optimization uses the Zipf-Mandelbrot distribution as the minimized objective 

function. The Zipf-Mandelbrot distribution used as an objective function helps to reduce errors 

by approximating the target function in sarcasm. Eqn. (6.8) shows the formulated optimization 

problem consisting of the Zipf-Mandelbrot distribution. 

         
𝜓E = 	Minimise		

-

Q8Wq;§XVWY
2 T

|©1|

�V,XVWY
2 ,|©1|

× 100

Subject	to, 𝐻(,eVWY
2 ,|h1| = ∑ -

v[JeVWY
2 w

|©1|
(
[i- ≥ 0	and	 -

v%Wq;JeVWY
2 w

|©1| ≥ 0
⎭
⎪
⎬

⎪
⎫

             (6.8) 
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The formulated non-linear optimization problem aims to minimize the objective function to get 

the sentence’s optimal sarcasm score (𝜓E). The 𝜓E is then compared with the computed 

sarcasm detection threshold value (𝜏E). It is calculated as 0.5 using the perplexity entropy [179] 

structure shown in Eqn. (6.9). Its formulation is shown in Table 6.2. 

                                                               𝜏E = 2�(�¤)                                                            (6.9) 

                                                𝐻(𝜓E) =
∑ !v�¤9w R39.v�¤9w
V
96-

-GG
                                               (6.10) 

The modified Shannon entropy (𝐻(𝜓E)) is shown in Eqn. (6.10), computed based on 𝜓E. The 

𝑝(𝜓E) is the probability distribution of 𝜓E.  

Table 6.2 Computation of the sarcasm detection threshold value 

Parameter  Value  

Sarcasm detection threshold 

value (𝜏8) 
Dataset-1[185]: 𝜏8 = 2k(h;) = 2'&.&(*98 = 0.4657 ≈ 0.5 

𝐻defe>@f'&: 𝐻(𝜓8) =
∑ 𝑝n𝜓8Yp 𝑙𝑜𝑔3n𝜓8Yp
9969
YZ&

100
= −1.1046 

Dataset-2[186] [187]: 𝜏8 = 2k(h;) = 2'&.(955 = 0.4773 ≈ 0.5 

𝐻defe>@f'3:	𝐻(𝜓8) =
∑ <!h;F" D=A8!h;F"
2.?;
FH.

&((
= −1.0668  

 

ALGORITHM 6.2: Sarcasm Detection using the Proposed Method SPOZ-ESD 

Input: 𝒆𝒂𝒗𝒈, 𝒌𝒎𝒂𝒙𝟔 , 𝝓𝟓, 𝝉𝟗 

Output: Sarcasm and non-sarcasm detected based on optimal sarcasm score (𝝍𝟗) 

 

1. Compute 𝝍𝟗 by formulating the non-linear optimization problem:  

𝝍𝟗 = Minimise 

𝟏

ª𝒆𝒂𝒗𝒈§𝒌𝒎𝒂𝒙𝟔 ¬
|𝝓𝟓|

𝑯𝒎,𝒌𝒎𝒂𝒙𝟔 ,|𝝓𝟓|
× 𝟏𝟎𝟎;  

subject to,   𝑯𝒎,𝒌𝒎𝒂𝒙𝟔 ,|𝝓𝟓| = ∑ 𝟏

v𝒊J𝒌𝒎𝒂𝒙𝟔 w
¯𝝓𝟓¯

𝒎
𝒊i𝟏 ≥ 𝟎 and 𝟏

v𝒆𝒂𝒗𝒈J𝒌𝒎𝒂𝒙𝟔 w
|𝝓𝟓|

≥ 𝟎 

2. If 𝝍𝟗 ≤ 𝝉𝟗 → “sarcasm” 

Else “non-sarcasm” 

3. End  
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The decision of sarcasm detection is made based on the comparison between 𝜓E and 𝜏E. If 

𝜓E ≤ 𝜏E, the sentence is tagged as “sarcastic,” else, the sentence is tagged as “non-sarcastic.” 

Algorithm 6.2 defines the procedure of sarcasm detection based on the proposed method SPOZ-

ESD. 

6.1.2 Numerical Illustration of Proposed Method: SPOZ-ESD  

To demonstrate the implementation of the proposed method, the two examples are taken from 

the defined datasets.  

 
In accordance with step 1, first, we need to calculate the ISVs of 𝐼𝑆𝑆A, 𝐼𝑆𝑆B 𝐼𝑆𝑆C, and 𝐼𝑆𝑆D of 

S1 and S2 using Algorithms 6.1, 6.2, 6.3, and 6.4. Table 6.3 shows the calculation of the ISVs 

scores.  

Table 6.3 ISV scores for S1 and S2 

Sentences  𝑰𝑺𝑺𝟓  𝑰𝑺𝑺𝟔  𝑰𝑺𝑺𝟕  𝑰𝑺𝑺𝟖  𝒆𝒂𝒗𝒈  

S1 19 5.146 6.488 12.97 12.97 

S2 11 2.840 3.521 6.336 5.924 

 

In step 2, we perform sentiment evaluation to get 𝜙A using Algorithm 6.5 and applying key-

phrase extraction to get the triggered sarcasm score 𝑘(:;B . The computation of 𝜙A and 𝑘(:;B  

are shown in Tables 6.4 and 6.5, respectively. 

Table 6.4 Numeric scores of 𝜙A for S1 and S2 

Sentences  PSS NSS  𝝓𝟓  Sentiment tag 

S1 0.25 0.625 0.1875 Positive  

S2 0.625 1.25 0.3125 Negative  

 

In the final step, we perform sarcasm detection using Algorithm 6.6. Table 6.6 shows the 

computation of 𝜓E used for sarcasm detection. Based on the decision using Algorithm 6.6, we 
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deduce that sentence S1 is a “non-sarcastic” sentence while S2 is detected as a “sarcastic” 

sentence. 

Table 6.5 Computation of 𝑘(:;B  

Sentences  Translate to English  Triggered context  𝒌𝒎𝒂𝒙𝟔   

S1 “Is good to hear other people’s problem .. 

Because you will realise that your problems 

are small compare to them” 

“problems are small 

compare to them” 

4 

S2 “Wow! What a clean room, it’s just missing 

some trash to complete the look.” 

“missing some trash to 

complete the look” 

 

4 

 

Table 6.6 Computation of 𝜓E score using SPOZ-ESD 

Sentences  𝒆𝒂𝒗𝒈	  𝝓𝟓  𝒌𝒎𝒂𝒙𝟔   𝝍𝟏  Tag  

S1 12.97 0.1875 4 0.9768  Non-sarcasm  

S2 5.924 0.3125 4 0.4431  Sarcasm  

 

6.2 Experimental and Result Analysis 

In this section, we present the experimentation and results of the proposed SPOZ-ESD method. 

We begin by outlining the datasets used for the experiments. Following this, we evaluate the 

performance of SPOZ-ESD on the two datasets. A detailed macro and micro-level evaluation 

of the SPOZ-ESD method is then provided. Finally, we compare SPOZ-ESD with state-of-the-

art techniques using standard evaluation metrics on both datasets. 

6.2.1 Dataset Description 

The proposed method is tested on two benchmark datasets for sarcasm detection in Hindi text. 

Dataset 1 consisted of News Headlines [185], and the dataset-2 consisted of comments from 

Twitter [186], [187] in Hindi.  

Table 6.7 Statistics of datasets used in the proposed method (SPOZ-ESD) 

Datasets Sarcastic 

sentences  

Non-sarcastic 

sentences  

Total number of sentences 

Dataset-1 [185] 3,554 3,102 6,656 

Dataset-2 [186] [187] 4,407 2,762 7,169 
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Table 6.7 gives the statistics of the datasets used in the proposed method. Fig. 6.4 (a) and (b) 

depict the word cloud associated with the two datasets. Fig. 6.5 (a) and (b) represent the 

confusion matrices of the two datasets.  

 
(a). Word cloud for Dataset-1 

 
(b). Word-cloud for Dataset-2 

Fig. 6.4 Word cloud for (a) Dataset-1 and (b) Dataset-2 

 

 
(a). Confusion matrix for Dataset-1 

 
(b). Confusion matrix for Dataset-2 

Fig. 6.5 Confusion matrices generated for Dataset-1 and Dataset-2 

 

6.2.2 Performance Evaluation of the Proposed Method 

The evaluation metrics utilized for performance evaluation were accuracy, precision, recall, F1 

score, specificity, MCC, misclassification rate, false-positive rate, false-negative rate, and false 

discovery rate. The formulas for each of them are discussed in Chapter 1, Section 1.7 of the 

“Introduction”.  
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The accuracy scores achieved by the SPOZ-ESD are 0.9217 (dataset-1) and 0.9206 (dataset-

2). The precision values are obtained as 0.9270 (dataset-1) and 0.9281 (dataset-2). The recall 

metric achieved scores of 0.9225 (dataset-1) and 0.9439 (dataset-2). The F1-score is computed 

as 0.93162 (dataset-1) and 0.9359 (dataset-2), respectively.  

Meanwhile, the MCC was defined as a metric assessing the performance of learning methods 

in dual and multi-class categorization. It yielded values of 0.8426 (dataset-1) and 0.8397 

(dataset-2). The false positive rate, indicated the ratio of false positive predictions, possessed 

values of 0.0905 (dataset-1) and 0.0958 (dataset-2). Whereas, the false negative reflected the 

incorrectly identifying negative assertions computed as 0.05711 (dataset-1) and 0.04962 

(dataset-2).  

The false discovery rate, measured as false positive predictions relative to true positives, also 

stands at 0.08709 (dataset-1) and 0.08746 (dataset-2). The misclassification rate calculated as 

0.08020 (dataset-1) and 0.08567 (dataset-2) showing incorrectly classification. Fig. 6.6 showed 

the performance of the SPOZ-ESD across two datasets in terms of defined metrics.  

 
Fig. 6.6 Performance evaluation of SPOZ-ESD over two datasets 

 

6.2.3 Macro and Micro Evaluation of the Proposed Method 

Macro and micro statistics determine how a specific methodology functions with varied 

datasets. The mathematical formula of each of them has already been discussed in Chapter 1, 

Section 1.7 of the “Introduction”. The cumulative micro and macro precisions of the two 

datasets have been calculated as 0.9253 and 0.9275, respectively. The micro and macro recall 
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scores across the two datasets have been computed as 0.9377 and 0.9332, respectively. The 

proposed paradigm’s overall macro and micro evaluation on the two datasets is illustrated in 

Fig. 6.7. 

The macro and micro F1 scores for the two datasets are calculated as 0.9337 and 0.9314, 

respectively. Scores close to 1.00 indicated consistent findings. These values demonstrated that 

the SPOZ-ESD produced consistent results with confirmed efficacy when applied to various 

datasets.  

 

Fig. 6.7 Macro-micro evaluation of SPOZ-ESD on dataset-1 and dataset-2 

 

6.2.4 Comparison Analysis of the Proposed Method with Existing State-of-
the-Art Methods on Dataset-1 

While comparing the performance of SPOZ-ESD with existing state-of-the-art methods, we 

observed that SPOZ-ESD achieved enhanced results in terms of accuracy, precision, recall, and 

F1 score for sarcasm detection. PBCT [10] and CNN-LSTM [78] Methods used embedded 

parsing with supervised learning but ignored the contextual indicator interpretation of sarcasm. 

The SPOZ-ESD accomplished a better accuracy rate, surpassing the PBCT [10] and CNN-

LSTM [78] methods by 23.35% and 2.24%, respectively. 

According to the experimental findings, the SPOZ-ESD performed better than the most robust 

method, TANA [100], by 5.12% in terms of recall. Additionally, SPOZ-ESD accomplished a 

better recall score, surpassing the CBPSD [101] by 15.15%. The SPOZ-ESD accomplished a 

better F1score by 23.41% and 19.63%, surpassing SVM [25] and POS-HMM [26] respectively. 

Fig. 6.8 depicts the performance measure of SPOZ-ESD compared with other existing state-

of-the-art methods on dataset-1.  
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Fig. 6.8 Comparison analysis of SPOZ-ESD with existing state-of-the-art methods on 

dataset-1 

6.2.5 Comparison Analysis of the Proposed Method with Existing State-of-
the-Art Methods on Dataset-2 

The SPOZ-ESD exhibited a 25.05% and 3.65% gain in accuracy score compared to PBCT [10]  

and CNN-LSTM [78], respectively. According to the experimental findings, the SPOZ-ESD 

performed better than the SVM [25] method by 20.92% in terms of the precision score. It 

performed poorly due to the inconsistent specific discrepancies with neglected sentence 

polarity. Additionally, the SPOZ-ESD accomplished a better recall rate, surpassing POS-HMM 

[26] and TANA [100] by 18.59% and 6.14%, respectively.  

The decrement in the performance of these methods occurred due to ignorance of the utterance-

level collaboration of language and knowledge within it. The SPOZ-ESD performed well in 

terms of F1 rating, showing an 18.32% increment in its performance compared to CBPSD 

[101]. Fig. 6.9 depicts the performance measure of SPOZ-ESD compared with other existing 

state-of-the-art methods on dataset-2. The incremental performance of SPOZ-ESD in both 

dataset- 1 and 2 is due to the presence of the implicit intent expressed using a mathematical 

optimization technique.  
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Fig. 6.9 Comparison analysis of SPOZ-ESD with existing state-of-the-art methods on 

dataset-2 

The enhanced performance of the proposed method indicates that when contrasted with 

alternative approaches, i.e., the existing state-of-the-art methods, the SPOZ-ESD yielded better 

results. Fig. 6.10 (a) and (b) give the two datasets receiver operating characteristic (ROC) 

curves. The given curves aid in illustrating the relationship between false-positive and true-

positive rates. It shows how well the SPOZ-ESD worked based on binary classification across 

various limits, with good results. 

 
(a) ROC curve of dataset-1 

 
(b) ROC curve of dataset-2 

Fig. 6.10 ROC curve for (a) dataset-1 and (b) dataset-2 

 

Additionally, the proposed (SPOZ-ESD) method has implemented on two English datasets, i.e., 

semeval-2017 [188] and SARC [189]. These datasets were utilized to validate the performance 

of the proposed method for sarcasm detection in English. Table 6.8 shows the results obtained 
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for SPOZ-ESD on the two English datasets. Fig. 6.11 (a) and (b) show the confusion matrix 

generated for the two English datasets. 

Table 6.8 Results of SPOZ-ESD implemented on English datasets 

Datasets  Accuracy  Precision  Recall  F1 score  

Semeval-2017 [188] 0.8907 0.8643 0.9349 0.8982 

SARC [189] 0.8918 0.8821 0.9769 0.9271 

 

 
(a) Confusion matrix for Semeval-2017 

 
(b) Confusion matrix for SARC 

Fig. 6.11 Confusion matrices generated for Semeval-2017 and SARC datasets 

 

6.3 Discussion  

In this section, we present a comprehensive validation of the SPOZ-ESD method through four 

hypothesis tests. We also conducted an ablation study to evaluate the individual contributions 

of method components. Additionally, a case study is included to demonstrate the practical 

applicability of SPOZ-ESD. The computational cost analysis of the proposed method is also 

discussed in this section. Finally, we outline the key challenges encountered during the 

implementation and evaluation phases. 

6.3.1 Statistical Validation of the Proposed Method Using the z-Test 

A Z-test is performed to compare the proportions of two populations, one from the SARC 

dataset and the other from Twitter comments. Two distinct samples are extracted from these 

datasets, as shown in Table 6.9. The test analyzed the proportions under the null hypothesis, 

summarizing the results in Table 6.9. 
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Table 6.9 Two Proportion Z-Test statistics across two samples 

 SPOZ-ESD 

Parameters  Sample 1 Sample 2 

Sample size (𝑵) 999 573 

Sample proportion (𝒄) 0.8018 0.8062 

Favorable cases (𝑿) 801 462 

𝑷  0.8034 

𝒛  0.2113 

Hypothesis status  𝐻( is not rejected 

 

For two population proportions (𝑐- and 𝑐1), null hypotheses (H0) and alternative hypotheses 

(Ha) are defined as follows: 

𝐻G: 𝑐- = 𝑐1, i.e., the accuracy score of sample 1 = accuracy score of sample 2 

𝐻:: 𝑐- ≠ 𝑐1, i.e., the accuracy score of sample 1 ≠ accuracy score of sample 2 

In the proposed method, the condition of the null hypothesis is accepted when the critical range 

z-value (𝛼 = 0.05) is greater than the z-statistic value. The p-value is calculated using Eqn. 

(3.15) (defined in Chapter 3) computed as 0.8034. Now, the z-statistic value is computed using 

Eqn. (3.16) obtained as 0.2113. This showed that the calculated z-statistic is less than the 

critical region z-value at 𝛼 = 0.05 which claimed that there is less evidence to reject the null 

hypothesis (𝐻G). In Fig. 6.12, the critical region of the hypothesis is depicted graphically. This 

finding suggested that the consistency of the proposed method’s accuracy holds across diverse 

sample sizes.  

 
 

Fig. 6.12 Statistical validation of the SPOZ-ESD using the z-test 
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6.3.2 Statistical Validation of the Proposed Method Using the Kolmogorov-
Smirnov Test 

In the Kolmogorov-Smirnov (KS) test, we compared two independent samples taken from the 

two datasets. The aim is to determine whether the two samples have similar distributions 

without assuming any change in the distribution based on ECDF. Table 6.10 shows the working 

of this test.  

Table 6.10 Two Proportion KS Test statistics across two samples 

 SPOZ-ESD 

Parameters  Sample 1 Sample 2 

Sample size (𝑵) 1133 496 

Sample proportion (𝒄, ECDF) 0.8923 0.8951 

Favorable cases (𝑿) 1011 444 

D- value (𝑫𝑵𝟏,	𝑵𝟐) 0.8889 

𝑫𝜶  0.8901 

Hypothesis status  𝐻( is not rejected 

 

For two population proportions (𝑐- and 𝑐1), null hypotheses (H0) and alternative hypotheses 

(Ha) are defined as follows: 

𝐻G: 𝑐- = 𝑐1, i.e., accuracy of sample 1 = accuracy of sample 2 

𝐻:: 𝑐- ≠ 𝑐1, i.e., the accuracy of sample 1 ≠ accuracy of sample 2 

According to the Kolmogorov-Smirnov test for two samples, the condition to be satisfied, when 

𝐷-value (𝐷§-,	§.) must be less than 𝐷F, i.e., 𝐷§-,	§. < 𝐷F. If this condition is followed, the two 

samples would accept the given null hypothesis. We compute the 𝐷§-,	§., using Eqn. (3.17) 

(already defined in Chapter 3) obtained as 0.8889. Computing the 𝐷F value using Eqn. (3.18) 

(already defined in Chapter 3) obtained as 0.8901.  

This demonstrated that the given null hypothesis can be accepted without any failure under the 

given conditions of the Kolmogorov-Smirnov test. The final value in the KS test showed that 

the given null hypothesis has been accepted. Fig. 6.13 (a) represents the cumulative distribution 

curve for two samples meeting at the	𝐷F point. Fig. 6.13 (b) depicts the given 𝐷F value 

calculated as 0.8901 where the two curves’ peaks meet. 
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(a). Cumulative distribution frequency curve 

for two samples 

 
(b). Graphical representation using the 

Kolmogorov-Smirnov test 

Fig. 6.13 Statistical validation of the SPOZ-ESD using the Kolmogorov-Smirnov test 

 

This implied that the two samples have identical accuracy scores in terms of distribution, i.e., 

having a consistent distribution for varied datasets. 

6.3.3 Statistical Validation of the Proposed Method Using the Mann-Whitney 
U Test 

The Mann-Whitney U test has been used to determine whether or not two distinct samples 

originating from different populations had the same distribution. Based on the provided sample 

data, the computed mean and standard deviation of the number of categorized sentences in each 

sample are shown in Table 6.11. 

For two population proportions (𝑐- and 𝑐1), null hypotheses (H0) and alternative hypotheses 

(Ha) are defined as follows: 

𝐻G: 𝑐- = 𝑐1, i.e., the accuracy distribution of sample 1 = accuracy distribution of sample 2 

𝐻:: 𝑐- ≠ 𝑐1, i.e., the accuracy distribution of sample 1 ≠ accuracy distribution of sample 2 

In Fig. 6.12, the critical region of the hypothesis is depicted graphically. This finding suggested 

that the consistency of the proposed method’s accuracy holds across diverse sample sizes. The 

mean and standard deviation of the samples are obtained as 0.3087 and 0.6001 using Eqns. 

(3.20) and (3.21), respectively. The mean and standard deviation of the samples are obtained 

as 0.3087 and 0.6001 using Eqns. (3.20) and (3.21), respectively.  
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Therefore, the evidence does not support the claim that the population proportion 𝑐- 

significantly differs from 𝑐1 at 𝛼 = 0.05. Fig. 6.14 shows the critical region of the hypothesis 

𝑧­ value depicted graphically.  

Table 6.11 Two Proportion Mann-Whitney U Test statistics across two samples 

 SPOZ-ESD 

Parameters  Sample 1 Sample 2 

Sample size (𝑵) 1556 847 

Sample proportion (𝒄) 0.7853 0.7863 

Favorable cases (𝑿) 1222 666 

U- value 0.7853 

𝒎𝒆𝒂𝒏𝒎𝟏,𝒎𝟐  0.3087 

𝑺𝒕𝒅𝒎𝟏,𝒎𝟐  0.6001 

𝒛𝑩  0.7941 

Hypothesis status  𝐻( is not rejected 

 

 
Fig. 6.14 Statistical validation of SPOZ-ESD using Mann- Mann-Whitney U test 

 

This finding showed that the SPOZ-ESD holds a firm accuracy across diverse sample sizes 

derived from various datasets.  

6.3.4 Statistical Validation of SPOZ-ESD using Kruskal-Wallis Test (H-Test) 

A non-parametric statistical procedure called the Kruskal-Wallis test has been employed to 

determine if the medians of three or more distinct groups are considered in a meaningful way. 
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It is shown with an expansion of the t-test for distinct samples beyond two sets using a non-

parametric substitute. We conducted this test using random sentences from the two datasets 

used in the proposed method, as shown in Table 6.12. 

Table 6.12 Two Proportion Kruskal-Wallis H-Test statistics across three samples 

 SPOZ-ESD 

Parameters  Sample 1 Sample 2 Sample 3 

Sample size (𝑵) 1442 936 588 

Sample proportion rank (R) 0.8550 0.8547 0.8503 

Favorable cases (𝑿) 1233 800 500 

𝑯𝑵𝟏,𝑵𝟐,𝑵𝟑  0.8356 

𝝌𝟎.𝟎𝟓𝟐   5.99 

Hypothesis status  𝐻( is not rejected 

 

For three population proportions, null hypotheses (H0) and alternative hypotheses (Ha) have 

defined as follows: 

𝐻G: accuracies of sample 1, sample 2, and sample 3 are equivalent 

𝐻:: The accuracies of sample 1, sample 2, and sample 3 are not equivalent 

According to the Kruskal-Wallis test, if the samples followed the condition 𝐻§-,§.	,§/ < 𝜒F1 (at 

significance level 𝛼 = 0.05), the null hypothesis is accepted. We computed 𝐻§-,§.,	§/ values 

using Eqn. (6.11). The value is computed as 0.8356. Here, 𝑁 denotes the total number of 

samples taken in the observation, 𝑘 is the number of groups, and 𝑅[ considers the sum of the 

ranks of the	𝑖b_ group. The total number of samples is computed as 𝑁 = 𝑁- + 𝑁1 + 𝑁<.  

                             𝐻§-,§.,§/ =
-1

§×(§J-)
&^-

.

§-
+ ^..

§.
+ ^/.

§/
− 3 × (𝑁 + 1))                               (6.11) 

In the case of the SPOZ-ESD, the null hypothesis is formulated as having a consistent accuracy 

score, and vice versa for the alternative hypothesis.  
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Fig. 6.15 Statistical validation of SPOZ-ESD using the Kruskal-Wallis test 

 

6.3.5 Ablation Study  

An ablation study is conducted to evaluate the influence of the sarcasm detection threshold 

(𝜏-G) on the performance of the proposed SPOZ-ESD method. By analysing the method’s 

behaviour with 𝜏-G < 0.5, 𝜏-G = 0.5, and 𝜏-G > 0.5 across the two datasets, the results revealed 

that 𝜏-G = 0.5 consistently outperformed other values, yielding the highest accuracy, precision, 

recall, and F1-score.  

Specifically, 𝜏-G < 0.5 led to lower recall and accuracy due to increased false negatives, where 

sarcastic content is misclassified as non-sarcastic. Conversely, 𝜏-G > 0.5 caused more false 

positives, misidentifying non-sarcastic as sarcastic, which lowered precision and accuracy. 

These results confirmed that 𝜏-G = 0.5 provides a balanced threshold that minimizes both false 

positives and false negatives, ensuring optimal sarcasm detection in SPOZ-ESD. Table 6.13 

shows the results of the ablation study.  

Table 6.13  Ablation study of SPOZ-ESD 

Dataset  Removed module Accuracy Precision  Recall  F1- score  

 

Dataset-1  

𝜏&( < 0.5  0.7306 0.8977 0.5008 0.6429 

𝜏&( > 0.5  0.8149 0.6891 0.9144 0.7859 

SPOZ-ESD with 𝜏&( = 𝟎. 𝟓 0.9217 0.9270 0.9225 0.9316 

 

Dataset-2 

𝜏&( < 0.5	  0.6952 0.8624 0.5256 0.6531 

𝜏&( > 0.5   0.8576 0.7152 0.9319 0.8092 

SPOZ-ESD with 𝜏&( = 𝟎. 𝟓 0.9206 0.9281 0.9439 0.9359 
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6.3.6 Case Study  

A case study is conducted to compare the proposed SPOZ-ESD method with the existing state-

of-the-art CNN-LSTM method. SPOZ-ESD accurately identified sarcasm through the 

recognition of implicit expression features, unlike the CNN-LSTM method. The proposed 

method effectively captured sentiment cues and tonal indicators linked to sarcastic intent. This 

study demonstrated that sarcasm detection is significantly influenced by the semantic 

relatedness component. 

 
Fig. 6.16  Case study visualisation of sample sentences showing better results by SPOZ-ESD 

in comparison to CNN-LSTM 

 

 
Fig. 6.17  Case study visualization of sample sentences showing better results by SPOZ-ESD 

in comparison to CNN-LSTM 
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SPOZ-ESD successfully extracted the sarcasm triggering terms, enhancing recognition of 

sarcastic signals. This precise extraction supported accurate sarcasm detection. Additionally, 

SPOZ-ESD preserved psychological cues within sentence structures, aiding in tonal 

interpretation. It also shows improved contrastive retention by integrating language-based 

learning features, as illustrated in Figs. 6.16 and 6.17. 

6.3.8 Challenges of the Proposed Method 

A few challenges contributing to the lower performance of SPOZ-ESD are outlined below. The 

first challenge involves a lack of ethnic and contextual uniqueness in the method. SPOZ-ESD 

struggles to accurately classify sentences that reflect strong cultural or situational nuances. The 

absence of such contextual understanding limits the method’s ability to interpret sarcasm 

effectively.  

The second challenge is the presence of veiled or polite sarcasm. Sarcasm expressed under the 

guise of respect is often subtle and difficult to detect. Identifying refined forms of sarcasm 

requires deeper pragmatic and tonal understanding beyond the current method’s capabilities. 

Table 6.14 gives the elaborated example in support of this context.  

Table 6.14  Sample sentences where the proposed method failed to correctly detect the sarcasm 

Sentences  Proposed Method 

Tag  

Actual 

Tag  

 
Non-sarcasm  Sarcasm  

 Non-sarcasm  Sarcasm  

 

6.4 Summary 

This chapter introduced a unique method to learn sentiment cues from sarcastic sentences 

through optimization-based learning in Hindi text. To the best of our knowledge, it is the first 

approach to specifically address the tonal nature of sarcasm indicators in Hindi using 

mathematical modelling. The SPOZ-ESD method captures the nuanced tonal expressions more 

effectively than existing approaches. The use of a mathematical optimization technique for 

detecting sarcasm in Hindi text offers a novel and promising direction. 

The proposed SPOZ-ESD achieved accuracy scores of 0.9217 and 0.9206 on Dataset-1 and 

Dataset-2, respectively. It also recorded precision scores of 0.9270 and 0.9281, and recall 
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scores of 0.9225 and 0.9439 on the two datasets. The corresponding F1 scores were 0.9316 and 

0.9359, indicating strong performance. These results confirm the method’s capability to detect 

sarcasm with high precision and robustness in Hindi language context.
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Chapter 7  

Conclusions, Contributions, and Future Work 

This chapter brings together the major findings and outcomes of the research work presented 

in this thesis. The study has been structured across six chapters that introduce, implement, and 

evaluate various statistical and computational methods to identify sarcasm in textual data. The 

methods included individual probability distribution-based approaches, hybrid optimization 

techniques, categorization of sarcasm types, and language-specific modelling. 

In Chapter 3, we proposed sarcasm detection models using statistical distributions such as the 

Bessel function, Box-Cox transformation, Cauchy distribution, Logistic distribution, and 

Weibull distribution as the core functions within optimization frameworks. Chapter 4 

expanded on this by integrating hybrid optimization methods, aiming for better performance in 

more complex scenarios. Chapter 5 addressed a novel aspect: detecting and classifying types 

of sarcasm, which had not been widely explored in previous research. In Chapter 6, we 

implemented sarcasm detection for Hindi language text, presenting a language-specific model 

that is both innovative and culturally inclusive. 

This final chapter summarizes the conclusions drawn from each of these methods, presents the 

major contributions made through the research, and identifies promising directions for future 

studies in this domain. 

7.1 Conclusions  

The proposed models demonstrated that statistical and distribution-based optimization 

approaches are efficient but also effective in accurately identifying sarcasm across different 

types of data and languages. This section provides the final thoughts and conclusions of the 

research work carried out in this thesis. The aim of this conclusion is to bring together all the 

major insights drawn from the research and to highlight their overall significance. The thesis 

presents several key findings, which are outlined below: 

• This research successfully demonstrated that optimization-based techniques, when 

combined with statistical distributions, offer a powerful way to detect sarcasm in text 



168 
 

data. By treating sarcasm detection as an optimization problem, the models could 

capture subtle patterns of word usage, sentiment inconsistency, and contextual clues. 

• The use of different probability distributions (such as Cauchy, Logistic, Weibull, Box-

Cox, and Bessel) proposed in Chapter 3 allowed us to explore how mathematical 

behaviors of data utilized to frame the sarcasm detection task in a performance-

enhancing way. These distributions served as the objective functions for maximization 

or minimization under specific constraints to get optimal sarcasm score. 

• Hybrid optimization methods proposed in Chapter 4 further improved detection 

accuracy by combining the strengths of multiple algorithms. These hybrid models 

outperformed basic optimization techniques in handling real-world, noisy social media 

data. 

• Chapter 5 contributed a new perspective by going beyond binary sarcasm classification 

as categorizing different types of sarcasm, such as callous, humour, offensive, 

humblebrag, and oxymoron sarcasms. This enriched the understanding of sarcasm as a 

multi-dimensional linguistic feature. 

• In Chapter 6, the work has been extended to Hindi texts, proving that the optimization-

based models are not language-dependent and can be customized for regional and 

under-resourced languages. This addressed a major gap in sarcasm detection for non-

English contexts. 

The results of this study confirm that optimization methods using mathematical distributions 

can successfully identify and categorize sarcasm. The developed models showed competitive 

performance compared to existing deep learning-based approaches, while offering better 

scalability and reduced computational requirements. This work lays a strong foundation for 

future research and practical deployment of sarcasm detection systems across diverse 

applications like social media monitoring, customer feedback analysis, and sentiment tracking. 

7.2 Contributions  

This section highlights the major contributions of this research work. Throughout the thesis, 

several new methodologies have been proposed using statistical distributions and optimization 

techniques to improve sarcasm detection. These contributions not only add value to the field 

of NLP but also introduce practical frameworks that can be extended to multiple domains and 

languages.  
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This thesis presents a novel mathematical optimization-driven framework for sarcasm 

detection. Within this framework, linguistic cues such as polarity inconsistencies and context-

dependent trigger expressions are mapped to quantitative features. These feature values are 

embedded within a minimised probabilistic objective function define through different 

statistical distribution functions. Each distribution contributes a distinct tail behaviour, 

enabling the model to capture varied patterns of linguistic deviation that characterize sarcastic 

expression. Solving this optimization problem yields an optimal sarcasm score for each text 

instance. 

Entropy measures are further employed to represent uncertainty and information divergence 

between literal statements and their implied meanings. It helps in capturing the predictability 

of linguistic patterns within the text. The associated optimization procedures operate under 

well-defined constraints that regulate threshold boundaries, maintain numerical stability, and 

delineate feasible regions for optimal sarcasm scores and sarcasm-type indicators.  

Collectively, these elements establish a rigorous, unsupervised mathematical framework for 

deriving optimal sarcasm and sarcasm-type methods across both English and Hindi datasets. 

The following points summarize the novel elements developed and implemented during the 

research. 

• Novel Optimization Frameworks: Introduced different novel sarcasm detection 

models where each used a different statistical distribution as the core function (Bessel, 

Box-Cox, Logistic, Weibull, and Cauchy). These models applied constrained 

optimization to identify optimal sarcasm scores based on sentiment and linguistic 

features. 

• Hybrid Optimization Approaches: Developed new models combining multiple 

optimization algorithms to achieve higher detection performance, such as Logistic ion 

motion optimization approaches. These hybrids offered better stability and convergence 

rates. 

• Categorization for Types of Sarcasm: Created a novel framework for identifying not 

just whether a text is sarcastic, but also what kind of sarcasm it represents. This includes 

detecting subtle sarcasm like humble-bragging or aggressive irony, thus adding 

semantic depth to analysis. 
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• Hindi Sarcasm Detection Model: Designed a domain-specific sarcasm detection 

model for the Hindi language using optimization techniques. This filled a critical 

research gap for sarcasm analysis in regional languages and expanded the model’s 

applicability beyond English. 

• Evaluation and Validation: Conducted thorough experiments using publicly available 

datasets such as SARC, Twitter, Semeval, and News Headlines. Employed performance 

metrics like accuracy, precision, recall, F1-score, and conducted statistical validation 

using z-tests and other non-parametric tests. 

• Scalable Framework: Demonstrated that all proposed methods are computationally 

efficient and can be scaled to large datasets, making them suitable for real-time sarcasm 

detection in social media applications. 

All these contributions reflect a meaningful step forward in the field of sarcasm detection. By 

integrating mathematical optimization with linguistic analysis, this research has expanded the 

boundaries of what traditional sarcasm detection systems can achieve.  

The work bridges the gap between statistical modelling and machine learning, offering flexible, 

efficient, and interpretable solutions. These developments can serve as a useful base for further 

academic exploration and real-world implementation in AI systems. 

7.3 Future work  

While this thesis presents strong results and methods for sarcasm detection, there are several 

directions in which the work can be extended in the future. This section outlines potential areas 

where further research can be done to enhance the current models and expand their 

applicability. The aim is to improve the system’s performance across different languages, 

platforms, and data types, while also addressing the limitations observed during the study. 

• Multimodal Sarcasm Detection: Future research can explore sarcasm detection using 

multimodal data (text, audio, video). Integrating facial expressions, tone of voice, and 

body language along with text can lead to more accurate sarcasm interpretation, 

especially in video-based content like vlogs and interviews. 

• Cross-Lingual Models: While this thesis addressed Hindi, future work could extend 

sarcasm detection to other regional and global languages (e.g., Tamil, Bengali, Arabic, 
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Spanish). Developing cross-lingual sarcasm models could facilitate inclusive and 

multilingual sarcasm detection systems. 

• Explainable AI: Implementing explainable components into the models will help users 

and researchers understand why a statement was flagged as sarcastic. This is especially 

important for building trust in systems used in customer service, sentiment analysis, 

and online moderation. 

• Integration in Chatbots and Assistants: The models can be embedded into intelligent 

systems like chatbots, virtual assistants, or content moderators, enabling them to 

understand and respond appropriately to sarcastic remarks in real time. 

• Low-Resource and Few-Shot Learning: Developing few-shot or zero-shot learning 

frameworks can help in adapting sarcasm detection models to new domains or 

languages with limited annotated data. 

• Real-Time Detection Engines: The optimization models developed can be 

implemented into live platforms such as Twitter sentiment dashboards or content 

moderation tools for real-time sarcasm detection, which is increasingly important in 

today's fast-paced online environments. 

Moving forward, there is great potential to combine these optimization-based models with 

transformer architectures like BERT or GPT for hybrid performance. Further research can also 

explore multilingual sarcasm detection, real-time sarcasm tracking, and multimodal sarcasm 

analysis involving audio and video cues. With the growing importance of emotional 

intelligence in AI systems, the proposed models can play a vital role in building smarter, 

context-aware machines that better understand human communication.
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