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[bookmark: _TOC_250001]ABSTRACT

Sarcasm involves using words that convey a meaning different from what is actually intended, often to offend, irritate, or amuse. It is a sophisticated system of communication in which the speaker says the contrary of what is implied. For example, the statement "I love being hated" illustrates sarcasm by expressing enjoyment in something inherently negative. The inherent ambivalence in sarcasm makes it challenging to detect, as it lacks a definitive definition and is further complicated by the rapid creation of new slang words daily. Consequently, accurately identifying sarcasm using current sentiment analysis tools, which rely on positive and negative word corpora, is difficult. Detecting sarcasm is crucial for numerous NLP-based classifications, like text summarization and sentiment analysis. This paper focuses on the issue of sarcasm detection with emojis and text, particularly phrases that exhibit "good sentiment tied to an adverse situation," the most emblematic form of sarcasm. The dataset used is from Twitter, incorporating emojis. This paper compares existing and proposed models for classification, specifically utilizing LSTM (Long Short-Term Memory) and GNN (Graph Neural Network), incorporating emojis into graph structures and Bidirectional-LSTM classifier techniques 

Keywords: Sarcasm Detection, Long Short-Term Memory, Graph Neural Network, Sarcasm Detection using Emojis, NLP-based classifications.

[bookmark: _bookmark1]INTRODUCTION

In recent days, social network sites have gained popularity and significance (Smith & Anderson, 2018). Microblogging networks are a kind of social network that enables users to communicate by exchanging their thoughts, emotions, and perspectives about current events in real-time through live tweets (Kouloumpis et al., 2011).  The network permits users to read and send messages as short communications within 280 characters. Sarcasm is one of the most challenging aspects of sentiment analysis on Microblogging Platforms, which offer a valuable means for end-users to exchange ideas. This is invaluable for businesses to gauge public sentiment about their products and services, enabling them to provide real-time client support (Pak & Paroubek, 2010). Feedback from diverse consumers in various areas and contexts is unparalleled in its relevance, and such information is utilised in numerous applications, offering benefits to segments such as marketing and politics (Pang & Lee, 2008). In politics, citizen feedback can measure the popularity of a candidate near election time, providing campaign managers with accurate and timely information (Tumasjan et al., 2010). The advantages in marketing extend to both consumers and producers. Nowadays, studying reviews before decision-making on any purchase or subscription is mandatory (Cambria et al., 2017). 

However, predicting emotions, moods, or opinions from written text is complex. Many perspectives, including denial and sarcasm, are nuanced and sophisticated. This complexity has triggered the emergence of a research area known as Sentiment Analysis or Opinion Mining (Liu, 2012). With growing digital information, product reviews on e-commerce sites are greatly influencing purchasing decisions (Hu & Liu, 2004). As reviews serve as a valuable source of information, we established an algorithm to enhance Senti-Word Net, focusing on machine learning to extract product attributes, which is used for searching products (Esuli & Sebastiani, 2006). Sentiment analysis is an essential field in text mining that gathers varying opinions of users in a specific category into a single dataset for analysis, typically using machine learning techniques (Pang & Lee, 2008). Identifying emotions in text, known as sentiment analysis, is frequently used in the financial industry for trading and investment purposes (Bollen et al., 2011). Financial analysts and traders monitor social networks to quickly identify trending stocks and market fluctuations.    

Sarcasm is a critical comment envisioned to express scorn or ridicule, posing a challenge in sentiment analysis (Riloff et al., 2013). Successfully classifying text as ironic or not is known as sarcasm detection. Writing lacks tone and facial expressions, making this task difficult. It is crucial to recognise sarcasm to avoid misinterpreting sarcastic remarks as literal assertions (Ghosh et al., 2015). Sarcastic sentiments presented in social media affect the accuracy of NLP models. Thus, extracting noisy data from training inputs is vital for numerous NLP tasks (Felbo et al., 2017). Sarcasm detection is essential for reliable sentiment analysis and opinion mining.  In this paper, we propose an archetypal approach to determine whether a sentence or tweet with emoji is sarcastic, enhancing the accuracy of sentiment analysis.

Manual analysis of large amounts of online data of users’ opinions is very tough, so there is a sensible need for computer processing to emerge. Sarcasm is commonly overlooked during social network examination. Due to this, the consequence of the analysis is severely affected. The object of this paper is to find sarcastic tweets from the Microblogging network using Bi-LSTM with GNN, and to improve the accuracy of classification. The anticipated methodology is described in the figure below and detailed in further subsections.
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[bookmark: _bookmark4]Figure 1: Proposed Methodology with Bi-LSTM and GNN

LITERATURE REVIEW

Researchers have extensively explored various features and methods for detecting sarcasm in emoji and text datasets. Parveen et al. (2020) suggest three approaches for creating sarcastic tweet datasets: manual annotation, hashtag-based, and context-based methods. They demonstrate the use of feature extraction techniques like Bag of Words (BOW), Bag of Emojis (BOE) and bi-grams, and evaluate Support Vector Machine (SVM) for opinion mining. 

Dhawal et al. (2020) highlight the importance of feature engineering using n-grams and sentiment analysis tools like SentiWordNet. Their study compares classifiers such as SVM, Naive Bayes, and Logistic Regression, concluding that while SVM is more effective, n-grams alone are insufficient for precise classification. Prasad et al. (2020) introduce an innovative approach that incorporates emojis and slang dictionaries for sarcasm detection in tweets. They preprocess data to label emojis and utilise features like blob polarity and sentiment. Among several classifiers, Gradient Boosting outperforms others in their real-time model testing. LeCompte and Chen (2020) explore the use of emoji data to classify Twitter moods. They apply Multinomial Naive Bayes (MNB) and SVM classifiers, finding that SVM performs better with smaller vocabularies, whereas MNB excels with larger datasets. Their findings suggest that a bag-of-words representation combined with MNB achieves optimal accuracy for large datasets. Jain et al. (2020) employ ensemble classifiers and a seeding strategy to develop a training corpus for sarcasm detection. Using Random Forest and Weighted Ensemble classifiers, they achieve high accuracy, particularly with the latter. Their model also integrates emoticons and pragmatic classifiers to identify sarcasm based on the overall polarity of text and emoticons.

Dharmavarapu and Bayana (2020) use Naive Bayes and AdaBoost algorithms to classify tweets as sarcastic or non-sarcastic. Their emphasis on sentiment analysis provides insights into distinguishing positive and negative tweets, aiding in understanding public opinion on products. Sindhu et al. (2020) discuss various techniques for sarcastic text detection, including lexical, semantic, and pragmatic methods. They compare multiple classifiers, identifying Random Forest, Gradient Boosting, and ensemble classifiers as the most effective for sarcasm detection. These studies collectively underscore the complexity of sarcasm detection and highlight the effectiveness of combining multiple features and classifiers to enhance accuracy.

Utilizing Deep Learning Approaches, Kouloumpis et al. (2011) employed Part-of-Speech (POS) tags for recognition and extracted patterns indicative of sarcasm in tweets, achieving notable results. Their methodology, which proposed four sets of criteria to capture different types of sarcasm, resulted in an accuracy of 83.1% and a precision of 91.1%. They assessed the contribution of each feature set to the overall classification performance.  In addition to Twitter data, various other datasets have been extensively used in sarcasm detection research, such as the Internet Argument Corpus (IAC), SARC, SemEval 2018 Task 3, and SemEval 2015 Task 11. For instance, Mandal et al. utilized a news headline dataset comprising 26,709 headlines, of which 43.9% are satire, and 56.1% are real. They achieved an accuracy of 86.16% using a CNN-LSTM-based architecture, noting that this dataset had not previously been used to train neural networks. Sinha and Choudhary (2023) explored the detection of rhetorical irony within their corpus. Rhetorical sarcasm, exemplified by statements such as "Do you want to look slim without losing weight?" involves non-literal meanings that are challenging to detect. This type of irony had not been widely studied by researchers until LeCompte and Chen (2020) used a convolutional neural network (CNN) with an emoji embedding method to capture the semantic and emotional nuances of the context effectively.

According to the prediction methodologies described by Poria et al. (2016), using deep learning approaches like CNNs can significantly enhance the detection of such complex forms of irony by fully capturing the contextual semantics and emotional undertones of the text. 

CHALLENGES IN SARCASM DETECTION 

As per the literature review, detecting sarcasm presents several challenges across different datasets and approaches, as listed below: 

Datasets enriched with hashtags, such as WhatsApp, enable sarcasm identification more directly than datasets from news headlines since they lack contextual clues. Therefore, availability and composition of datasets significantly influence sarcasm detection models (Riloff et al., 2013; Filatova, 2012). Often, messages are short and noisy, which complicates the task of sarcasm recognition (Poria et al., 2016; Ghosh et al., 2015). The expression of emotions and sarcasm varies across languages and platforms, often deviating from standard grammar and vocabulary rules. This is a challenge in developing a universal sarcasm detection model that applies across different languages and contexts (Cliche, 2014; Joshi et al., 2017). Standard rule-based methods are inconsistent and unreliable for sarcasm detection and require manual rule customisation that has limitations in specific datasets or settings (Rajadesingan et al., 2015). However, machine learning and deep learning approaches show promising results in sarcasm detection from text; integrating non-verbal messages like emojis and voice tone remains a big challenge for datasets (Poria et al., 2016; Schifanella et al., 2016). 

Advanced models like BERT have improved accuracy in sarcasm detection by leveraging large-scale pre-training on text corpora. However, complex sarcastic expressions that rely heavily on contextual knowledge may still pose challenges for these models, especially when the context is ambiguous or subtle (Devlin et al., 2019; Chakrabarty et al., 2020). Finally, the existing approaches and algorithms are insufficient for directly detecting sarcasm conveyed through typographic images, emoji, or other non-verbal textual elements. Thus, a novel method is required for such kinds of communications to interpret visual (emojis) and textual cues simultaneously (Felbo et al., 2017; Cai et al., 2019). The proposed framework addresses these challenges through innovative approaches that combine linguistic analysis with broader contextual understanding using emojis to effectively detect sarcasm across diverse datasets and communication channels.

DATA PREPROCESSING 

Noisy and unlabeled raw datasets from social networks like WhatsApp or Twitter exhibit certain drawbacks since they are not straightforward. Thus, classification is challenging due to the subjective nature of sarcasm, for example, "what a great vacation I have been having so far! 😂". Data cleaning and preprocessing are needed to address these issues and to maintain consistency.  Data preprocessing is a crucial step to convert unstructured raw data into a structured format suitable for analysis, which is collected from diverse sources such as comedy series like MUStARD and various online platforms. It addresses inherent human errors, inconsistencies, and incompleteness in the raw data, ensuring dataset efficiency for accurate machine learning model development. It addresses inherent human errors, inconsistencies, and incompleteness in the raw data, ensuring dataset efficiency for accurate machine learning model development. Data preprocessing steps are as follows:

Step 1: Filter out URLs (http), special characters and symbols, remove whitespace and user tags (@user), and eliminate non-ASCII characters from the text corpus.
Step 2: Split text from Hashtags and remove the symbol (#). Any mentions or indications of sarcasm (like explicit tags or words) are stripped from the remaining texts. Identify emojis and its types.
Step 3: Apply Tokenization technique to infringe the corpus into words or tokens, including punctuation marks. Remove common words like articles and pronouns that do not add significant meaning.
Step 4: Convert all text to lowercase to ensure uniformity and to facilitate analysis. Stemming is applied to decrease words to their root form using the Snowball stemmer in SVM and NB algorithms, aiding in the simplification and normalization of the vocabulary. Stemming is not required in the proposed model, since embeddings learn morphology naturally.
Step 5: Categorize words into parts of speech (POS) (nouns, verbs, adjectives) to aid in sarcasm recognition.

To prepare the dataset for model training, various techniques are employed as shown in the Table.1

Table.1 Techniques for Sarcasm Detection

	Technique
	Description

	Bag of Words 
	Representing text data as a matrix of word frequencies.

	Bag of Emojis
	Representing Emojis as a graph with nodes and edges.

	N-Grams
	Capturing sequences of adjacent words.

	Word and emoji Embeddings (e.g., word2vec)
	Mapping words and emojis to dense vectors based on contextual similarity.

	TF-IDF (Term Frequency-Inverse Document Frequency)
	Weighing the reputation of words in a article relative to the entire corpus.



METHODOLOGY

The proposed methodology utilizes a dataset where authenticity and reliability are paramount. A microblogging network is an ideal platform for gathering text data, offering a vast array of samples and fulfilling the need for brevity due to its character limits. This conciseness aids in efficient text analysis. The raw data collected from Twitter undergoes pre-processing, where noise is removed, and features are extracted from each tweet to improve the quality of the input data. Using the Microblogging network API1 and the Tweety library2, tweets are collected over two months based on hashtags. Tweets containing the terms 'sarcasm' or 'sarcastic' are classified as sarcastic, while those without these terms are considered non-sarcastic or regular. The dataset comprises 6,000 tweets, including those with emojis. All tweets with emojis are in English, and sentiment is labelled as '0' for non-sarcastic and '1' for sarcastic tweets. A sample dataset is shown in Figure 2
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[bookmark: _bookmark5][image: ]Figure 2: Dataset

To classify sarcasm, various classifiers are employed, treating sarcasm detection as a binary classification problem. The SVMs for effective separation in high-dimensional spaces, Naive Bayes for simplicity and efficiency in text classification, Random Forests for ensemble learning and robustness, and RNNs for handling sequential dependencies and contextual information. Figure 3 describes the flow of data in Bi-LSTM and GNN for sarcasm detection.

[image: ]
Figure 3. Workflow using Bi-LSTM and GNN in sarcasm detection

Long Short-Term Memory (LSTM) networks are a deep learning approach specifically designed to address the limitations of traditional Recurrent Neural Networks (RNNs) (Hochreiter & Schmidhuber, 1997). The RNNs struggle with capturing long-term dependencies in sequential data, which is crucial for tasks like understanding sarcasm in text. In contrast, LSTMs incorporate three gates that regulate the flow of information within the cell: (i) forget gate, (ii) input gate and (iii) output gate. This mechanism enables LSTMs to maintain information over extended time intervals, thereby improving their ability to predict and understand text sequences (Graves, 2012). Convolutional Neural Networks (CNNs) are widely used in deep learning, particularly for tasks involving image and text analysis (Kim, 2014; Collobert & Weston, 2008). They consist of multiple layers capable of learning hierarchical representations of data. Each layer in a CNN performs convolution operations to extract local features from input data, which are then aggregated and transformed into a global feature vector. In the context of text, CNNs excel at capturing contextual features within sentences through convolutional filters, making them effective for tasks such as sentiment analysis and sarcasm detection (Ghosh and Veale, 2017; Zhang et al., 2015). 

Graph Neural Network

BERT capture the contextual semantic representations, and CNN extract local and spatial features associated with emoji usage patterns within the tweets. In the proposed method, we combine CNN and BERT to identify sarcasm-related emojis in social media text. Construct a GNN to model the complex relations among emojis with nodes (emojis), edges (relationships), and edge weight (EFC). 
Initially, cluster emojis based on their polarity, such as positive or negative. Group sarcastic type emojis in a separate cluster that represents a set of explicit sarcasm cues. In inference, as depicted in Figure 4, the model detects the occurrence of emojis in this cluster and finally incorporates with word embedding to identify the level of sarcasm in the tweet. 
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Figure 4. Architecture diagram of Sarcasm detection with Bi-LSTM and GNN using Emojis
VECTORIZATION 
Vectorization is a word embedding process that converts text into numbers for classification or regression in deep learning architectures. For a text, there can be various numerical representations that can be processed directly in machine learning environments. Vectorization is essential for extracting knowledge and building applications. Sentiment analysis of reviews on Amazon and document or news classification by Google are some of the common applications of text processing. This transformation is achieved through the Bag of Words (BoW) for the text corpus and the Bag of Emojis (BoE) for the emojis vectorizer, which converts words into features. Additional approaches include TF-IDF, N-grams, and Word2Vec models. In this work, the N-grams model is employed as shown in Table 1. Both BoW and BoE approaches operate by counting the frequency of words or emojis in the message or comments. This approach creates a “Bag” of words and emojis, a representation of word and emoji distribution in a document without considering grammatical conventions or word-emoji order. This approach focuses solely on word frequency and emoji category, disregarding positional or structural details of words. As such, this model only identifies whether specific words appear in the document, irrespective of their location and the type of emoji. The size of the resulting document-term matrix depends on the number of documents and the size of the vocabulary. Each token's vector size corresponds to the number of documents in the corpus. For example, a large corpus results in longer vectors, while a smaller corpus produces shorter ones. Similarly, , the BOE forms vocabulary of Emojis, and represents each tweet using sarcastic emoji frequency counts (EFC) as listed in Figure 5. 
EFC== [count{😂,🙃,😏,😭,😉,😒,🤦,🤷}]
In this paper, 8 sarcastic emojis are considered in this model. They are,
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Figure 5. Eight Sarcastic Emojis
Each emoji is assigned a sentimental score based on its positive or negative, or sarcasm level. For example, 

emoji = 0
if emoji_type == happy:
	emoji= emoji + 0.9
else if emoji_type ==angry:
	emoji = emoji - 0.8

Thus, similar to BoW, BoE convert emojis to signed numbers. Emojis’ frequency (EFC) and their position in the text determine the sarcastic level. Vectorisation in emojis is represented by a dense vector based on semantics, emotion and place of the emoji in the text, which is known as emoji embeddings. These embeddings are combined with Bi-LSTM, GNN and attention layers. Considering the following sample data, 
[image: ]

Using the Count Vectorizer from scikit-learn, a document-term matrix can be generated to represent these sentences numerically, as depicted in Figure 6.
[image: ]
Figure 6. Document-Term Matrix

Each column in the document-term matrix represents a word from the corpus, while each row corresponds to a document. For example, the word that appears twice in document five and once each in documents two and three. Conversely, the word flour occurs only once each in documents one and two. The vocabulary of the matrix is often closely tied to the context of the text, for instance, the word flour is specific to recipes, whereas the is a more general term. The BoW model is a widely used method in natural language processing (NLP) as a feature extraction technique for text data. This approach is particularly useful for converting variable-length texts into fixed-length vectors. Each word's occurrence in a document is scored by counting the number of times each word appears in the document. Based on the emoji_type, emojis are converted to numerical data, and EFC determines the level of sarcasm. This straightforward method enables the transformation of text and emojis into numerical data that can be processed by machine learning models.

[bookmark: _bookmark7]RESULTS AND DISCUSSION 
LSTM and Bi-directional LSTM are highly useful and needed for the detection of sentiment related to text. Long Short-Term Memory (LSTM) units are foundational components of Recurrent Neural Networks (RNNs) that enable the network to effectively model sequential data and long-term dependencies. An LSTM unit comprises a cell, an input gate, an output gate, and a forget gate, which manage the flow of information. These gates help LSTMs overcome issues like exploding and vanishing gradients common in traditional RNNs, making them suitable for tasks like time-series prediction and sequence learning. In sarcasm detection, the LSTM-based model processes inputs after feature extraction. Word embeddings are used to convert words into lower-dimensional vectors, capturing contextual similarities effectively. The model comprises multiple layers, including RNN, LSTM, dense, dropout, and activation layers. Dropout layers reduce overfitting, and the SoftMax activation function categorises inputs as sarcastic or non-sarcastic. The Adam optimiser is employed to enhance performance, leveraging an efficient and memory-friendly approach for large datasets. The architecture excels in extracting n-gram features, processing sequences, and integrating learned information to make predictions with high accuracy.

The Bidirectional Long Short-Term Memory (Bi-LSTM) model is adept at encoding long-distance word dependencies by leveraging its architecture, which includes Long Short-Term Memory (LSTM) units designed to address the vanishing gradient problem. By feeding weighted word vectors into the Bi-LSTM, the model captures context information more effectively, thereby enhancing the representation of comment vectors. The Bi-LSTM considers both preceding and subsequent contextual information, integrating forward and reverse sequence data to capture semantic nuances more comprehensively. After feature extraction, the processed input is fed into a deep learning architecture for sarcasm detection on the dataset. Recurrent Neural Networks (RNNs) operate by storing the output of a particular layer and reusing it as input for subsequent layers, a foundational principle of their operation. Bi-LSTMs, a specialized type of RNN, excel at learning long-term dependencies, crucial for tasks that require understanding context over extended sequences. This capability is inherent in Bi-LSTMs as they remember information for long periods. 

In a Bi-LSTM, the value of a term depends on its previous meaning and future use, aiding in determining the correct usage of the term. All RNNs are structured as chains of repeating neural network modules. The described model consists of two simple RNN layers, two dropout layers, an LSTM layer, two dense layers, an Exponential Linear Unit (ELU) layer, and another dropout layer, as shown in Figure 7. The input layer takes an order of inputs, where the input post is tokenized into words and emojis, and each word and emoji is transformed into word and emoji embeddings. These embedding vectors are passed as input to the next layer. The embedding layer is initialized with random weights and learns an embedding for all the emojis and words in the training dataset, converting them into lower-dimensional vectors through the embeddings. Graph Neural Networks are built with nodes (emojis), and edges, where edges represent co-occurrence in sarcastic and non-sarcastic tweets. Initially, group the emojis with their positive or negative. All emojis do not signify the same way of communication; some are strongly linked with sarcasm, representing an ironic signal, mockery or exaggeration. These emojis are clustered into a group. Finally, the model detects the presence of emojis from this group to determine the sarcasm. The emojis are “explicit sarcasm cues”. 
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(a)                                                                                              (b)
Figure 7. Layers in (a) LSTM and (b) Bi-LSTM model (Python Programming)

Assess this model’s performance using a confusion matrix as illustrated in Figures 8 and 9. This enables the provision of a detailed breakdown of the classifier’s predictions by highlighting the relationship between correctly and incorrectly classified tweets. By presenting the counts of true positives, true negatives, false positives, and false negatives, the confusion matrix offers a comprehensive evaluation of the model’s ability to identify both positive and negative tweets accurately. Both the LSTM and Bi-LSTM confusion matrices with emoji-GNN are plotted for comparison. In Bi-LSTM, the meaning of a term is derived from its usage in both the prior and its subsequent contexts, enhancing its ability to accurately interpret the semantic meaning within the tweets. This bidirectional approach permits the Bi-LSTM with GNN to consider the complete context of each term, leading to improved accuracy in sentiment prediction.
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[bookmark: _bookmark8]Figure 8. Confusion matrix for LSTM classification


In LSTM classification, it shows an accuracy of 97.50%.
In Bi-directional LSTM with GNN, it shows an accuracy of 99.50% which is greater than LSTM.
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[bookmark: _bookmark9]Figure 9. Confusion matrix for Bi-LSTM with GNN classification

A comparative analysis is conducted between baseline LSTM and proposed Bi-LSTM + GNN. Baseline model achieved an accuracy of 97.50%, which demonstrates strong performance in capturing sequential textual patterns. However, the unidirectional nature of this model limits its ability to fully exploit contextual dependencies of the sarcastic expressions, especially when sarcasm cues are located later in the sentence or conveyed through emojis.  Whereas our Bi-LSTM+GNN architecture achieved 99.50% accuracy, which is significantly higher, indicating the advantage of bidirectional context with graph-based relational learning. GNN enables effective identification of emojis that function as explicit sarcasm cues. 



Table 2. Comparison of Proposed Model with Existing Sarcasm Detection Methods
	Methodology
	Dataset Source
	Classifier / Model
	Accuracy (%)

	Traditional machine learning with handcrafted features
	Twitter
	Support Vector Machine (SVM)
	93

	
	
	Decision Tree (DT)
	86

	
	
	Naive Bayes (NB)
	83

	
	
	k-Nearest Neighbors (k-NN)
	65

	Contextual text modeling
	
	Long Short-Term Memory (LSTM)
	97.5

	Contextual text modeling + emoji relationship learning
	
	Bidirectional-LSTM  with Graph Neural Network (Bi-LSTM + GNN)
	99.5



Table 2 illustrates the comparative accuracy of existing sarcasm detection methods and the proposed Bi-LSTM with GNN model. Traditional machine learning approaches such as Naive Bayes, Decision Trees, k-NN, and SVM achieve accuracies ranging from 65% to 93%. In contrast, the proposed Bi-LSTM + GNN model significantly outperforms all baseline methods, achieving an accuracy of 99.5%, demonstrating the effectiveness of contextual modelling and emoji-based graph learning.


Performance Evaluation

The proposed sarcasm model with Bi-LSTM + GNN performance is evaluated using standard classification metrics, including Accuracy, Precision, Recall and F1-Score. This model yields a recall of 97.34%, which reflects its strong capability to identify precisely sarcastic instances. The precision is 94.20%, which suggests a low rate of false positives, while the F1-Score of 97.67% demonstrates a balanced trade-off between precision and recall. On the whole, these results confirm that the performance of the proposed model not only improves overall accuracy but also the reliability of sarcasm classification. The observed performance gains highlight the importance of capturing both linguistic context and emoji-driven relational cues, making the proposed approach particularly suitable for sarcasm detection in social media text.


CONCLUSION

Users worldwide express and publicly share their opinions on various topics through different platforms. Given the vast amount of such data, manual analysis becomes impractical, necessitating computer-based processing. Sentiment analysis delves into individuals' feelings on numerous issues, including politics, social gatherings, business strategies, and products and services. Textual documents with emojis of particular interest for sentiment analysis include reviews (from sources like TripAdvisor, Amazon, and IMDB) and social network posts (primarily from Twitter and Facebook). For the task of sarcasm detection with emojis and categorization on Twitter, the Bidirectional Long Short-Term Memory (Bi-LSTM) model with GNN for emojis is utilized. This model offers significant advantages in understanding the context of each term by considering both preceding and succeeding words, thus capturing semantic information more effectively.  The Bi-LSTM and GNN classification significantly increases prediction accuracy while reducing the number of learnable weights needed for prediction. Based on the model's predictions, the output is classified as Sarcastic (1) or Non-Sarcastic (0) with emojis. The Bi-LSTM with GNN model enhances prediction accuracy due to its ability to consider the full context of each word with emojis in a tweet. This bidirectional GNN approach ensures a comprehensive understanding of the text, leading to more precise sarcasm detection. 
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Lil kids forever asking " Do you have games on your phone " ? ... BITCH NOOOOOOOOO ! #sarcasm
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imagine a boy praying to god that he gets to marry you #sarcasm

Beautiful Morning ! #HappyMonday #AlmostDecember #CantWait #sarcasm

I hate being sick all I want is soup and a slurpee

@JoDavies93 @121Training @avid Simpsonl7 haha very funny | #NOT & #sarcasm




