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 The detection of sarcasm is a difficult task in Natural Language Processing 

(NLP) because to the presence of implicit meaning and contextual ambiguity. 

This is particularly problematic in social media, where emojis are used 

frequently to indicate tone and intent. The study proposes a multimodal deep 

learning strategy that combines both textual and emoji features, by utilizing a 

BiLSTM with attention mechanisms. The goal of this method is to improve 

the performance of sarcasm detection. The model makes advantage of 

bidirectional contextual learning and preferentially focuses on informative 

tokens and emojis in order to do more effective work of capturing complex 

expressions. According to the findings of the experiments, the Text+Emoji 

model that was proposed achieves an F1-score of 96.44%, an accuracy of 

97.08%, and an area under the curve (AUC) of 99.23%, which is a significant 

improvement over the unimodal baselines. Future research will focus on 

enhancing the proposed model by investigating transformer-based 

architectures to achieve deeper and more contextualized representation 

learning. 
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1. INTRODUCTION 

Sarcasm detection is still a difficult task in Natural Language Processing (NLP), as sarcasm detection 

is based on implicit meaning, contextual incongruity, and nuanced linguistic clues. This means that sarcasm, 

unlike a literal expression, often means the opposite of what is openly expressed, making it challenging for 

computational models to appropriately interpret. Conventional techniques that solely utilize textual features 

frequently fail to capture the particulars in real-world applications like sentiment analysis, opinion mining, and 

social media monitoring, based on their experience [1]. In informal communication contexts, the usage of 

distinctive and unusual language by users amplifies this issue. 

Social media have proliferated rapidly, resulting in communication that now encompasses a variety 

of multimodal features, including emoticons, pictures, hashtags, and more. Emojis play a vital role in 

expressing emotions, tone, and purpose. They frequently function as contextual modifiers that change or even 

invert the meaning of a statement. Recent study indicates that emojis can improve the comprehension of user 
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intent, especially in sentiment and sarcasm processing tasks [2]–[5]. Numerous existing studies underestimate 

or regard emojis as simple additional features, hence limiting models' capacity to utilize their emotional and 

semantic potential. Deep learning models, namely Bidirectional Long Short-Term Memory (BiLSTM) 

networks, have demonstrated significant capability in modeling sequential relationships in textual data by 

incorporating both past and future context [6]. The integration of attention mechanisms, including additive 

attention and self-attention, enhances performance by selectively prioritizing the most informative segments 

of the input sequence. Nonetheless, research remains restricted about the interaction of attention mechanisms 

with multimodal inputs, particularly the combination of text and emojis, which increase sarcasm detection 

capabilities. 

The existing literature on sarcasm detection demonstrates a clear progression in both modality and 

methodology, which directly informs the objectives of this study. Early work by Schifanella et al. [7] explored 

sarcasm detection in multimodal social platforms by incorporating textual and visual, highlighting the 

importance of cross-modality, however, the approach primarily relied on traditional feature engineering 

techniques and did not consider emojis as a distinct modality. In contrast, Poria et al. [8] focused on text-only 

sarcasm detection and introduced deep convolutional neural networks (CNNs) to capture semantic 

representations, marking a shift toward neural-based methods but without leveraging multimodal information. 

Extending this line of research, Hazarika et al. [9] proposed the CASC model, which integrates contextual 

information from conversation threads, allowing a deeper understanding of sarcasm although it remains limited 

to textual modality. Recent advancements further reflect a shift from conventional transformer-based models 

toward large language models (LLMs) with enhanced generalization capabilities, though gaps remain in 

multimodal integration and evaluation rigor. Kumar et al. [10] utilized a transformer-based architecture that 

incorporates contextual cues within textual data, demonstrating improved performance over earlier neural 

approaches while remaining task-specific and unimodal. Extending this direction, Chen et al. [11] introduced 

an approach that combines LLMs with transfer learning for cross-domain sarcasm detection, focusing on 

improving robustness and adaptability across different datasets and domains. However, these approaches 

predominantly emphasize textual understanding and often overlook the role of emojis as complementary 

signals, as well as the explicit evaluation of attention mechanisms in multimodal settings. Furthermore, limited 

attention has been given to comprehensive metric-based evaluation to ensure robustness and reliability across 

diverse scenarios. Therefore, this study addresses these gaps by exploring emojis as a supplementary modality, 

developing a multimodal deep learning model integrating text and emoji features, evaluating the effectiveness 

of attention mechanisms, and employing a comprehensive set of evaluation metrics to ensure reliable 

performance assessment. Considering these challenges, the aims of this study are to (1) explore how emojis 

can help as an supplementary modality for detecting sarcasm; (2) develop a multimodal deep learning model 

that incorporates text and emoji modalities; (3) evaluate the effectiveness of attention mechanisms on model’s 

performance for sarcasm detection; and (4) review the evaluation process by performing a comprehensive 

metric evaluation to ensure robustness and reliability. The following is a discussion of the full research 

workflow: The suggested approach is described in Section 2. The results of the experiment are discussed in 

Section 3. The paper's conclusion is discussed in Section 4. 

 

2. METHOD 

Data collection, data preprocessing, data labeling, feature extraction, and classification are the five 

stages of the proposed model. Figure 1 shows the end-to-end workflow. The pre-processing step involves 

removing numbers, tokenizing sentences, lemmatizing words, converting text to lowercase, and eliminating 

stop words. The input data is first gathered from open-source datasets like Facebook and Twitter reviews. Data 

labeling is carried out using valence scores, label encoding, compound scores, and polarity labels following 

data pre-processing. The review dataset is used in this study. There are 22,290 emoji-filled texts in this dataset, 

with 9,245 records classified as sarcastic and 13,045 records classified as non-sarcastic. We speculate that a 

review data intends to express a strong emoji if it uses a single emoji or repeatedly uses an emoji in text. 

Therefore, the most popular emoji might be able to convey the underlying irony in the text. Therefore, this 

work uses attention mechanisms and sarcasm-aware emoji embeddings to allow machines to identify sarcasm 

even when users use the emojis in ways that deviate from their intended meaning. 

To investigate how adding emojis affects sarcasm classifier performance, we test and compare three 

models that we run on BiLSTM attention architectures. Text-only and emoji-only models are contrasted with 

the proposed model. The following is a list of the models: (1) Model-1 is text-only. There is solely text data in 

this baseline model. In this model, we remove all emoticons from the text in the dataset, leaving only the words; 

(2) Model-2 is just emojis. Only emoji data is used in this baseline model. In this model, the dataset's text is 

removed, leaving only the emoji; (3) Model-3 is emoji and text. The text in the dataset that contains emojis is 

used by this model. 
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Figure 1. End-to-end workflow of the proposed model 

 

Data Preprocessing 

Using the correct pre-processing techniques increases the number of instances that can be successfully 

identified, making pre-processing the data a crucial step. A range of techniques are used in the preprocessing 

stage to transform unprocessed textual input into a format appropriate for additional analysis. Preprocessing 

techniques include tokenization, lemmatization, deleting stop words, removing punctuation and numerical 

values, and converting lowercase letters [12]. 

 

Eliminating numbers and punctuations 

To allow the reader to focus solely on textual information, the numerals and punctuations are removed 

from the text so the text can be more readable and consistent. This process removes all numeric characters (0-

9) and punctuation symbols (e.g., commas, periods, exclamation marks) from the text. The objective is to 

minimize noise while maintaining only significant lexical tokens, hence enhancing consistency and 

streamlining subsequent text analysis activities such as tokenization and feature extraction [13][14]. 

 

Conversion of lowercase 

The text consistently use various capitalizations to highlight proper nouns and the beginnings of 

sentences. This stage transforms all text into lowercase. It reduces redundancy and improves the reliability of 

textual analysis. Converting text to lowercase enhances output homogeneity, rendering it beneficial for diverse 

text mining and natural language processing (NLP) applications [15]–[17]. 

 

Tokenization 

Tokenization is the process of converting text into tokens prior to transforming them into vectors. This 

stage facilitates systematic analysis by converting unstructured text into manageable parts that can 

subsequently be handled in later stages, including stop word removal, normalization, and feature extraction 

[18]–[21]. This essential phase in text data analysis assists in the classification of terms from the text. 

 

Lemmatization 

Lemmatization is the process of reducing words to their lemma or root form [22]. The objective is to 

standardize various inflected forms of a word to facilitate study and comparison. In contrast to stemming, which 

only shortens words, lemmatization takes into account the morphological and contextual significance of a 
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word, guaranteeing that the resulting lemma is linguistically accurate. This process improves consistency and 

reduces redundancy in textual data. This is very useful for NLP and text analysis. 

 

Stop words removal 

Words that are usually removed before NLP are known as stop words [23]–[25]. Stop words in English 

include articles, prepositions, and conjunctions. Because fewer tokens are needed for training, removing stop 

words undoubtedly decreases the dataset and shortens the training time. The example of preprocessing 

technique’s output can be seen in Figure 2.  

Every step in the data preprocessing, as shown in Table 1, helps with the preprocessing of the data. 

First, the punctuation and number are removed in Stage-1. The second stage involves converting all text to 

lowercase. Unlike some earlier techniques, Stage-3 involves tokenization. Lemmatization is introduced at 

Stage-4 to preserve the semantic meaning of words. Stop words are eliminated in Stage-5. The cleaned reviews 

are then added to the dataset for further processing. 

 

Table 1. Sample output for preprocessing technique 
Stage Preprocessing Technique Text Output 

1 Eliminating numbers and punctuations  Learning from my guru Happy teacher Day 

2 Conversion of lowercase learning from my guru happy teacher day 

3 Tokenization [learning, from, my, guru, happy, teacher, day] 

4 Lemmatization [learn, from, my, guru, happy, teacher, day] 

5 Stop words removal [learn, guru, happy, teacher, day] 

 

Data Labeling 

Data labelling in this study is divided into two stages which are sentiment labelling (emoji-based and 

text-based sentiment) and sarcasm labelling. Data labeling is the process of adding labels in order to produce 

a labelled dataset for training models. Because machine learning algorithms require ground truth labels for 

testing and training, data labelling is crucial. First, sentiment polarity is assigned independently to both textual 

and emoji modalities. For textual content, a lexicon-based approach is employed to classify each instance into 

positive, negative, or neutral. Similarly, emoji sentiment is derived using an established emoji sentiment 

lexicon, where each emoji is mapped to a corresponding polarity score and aggregated at the instance level. It 

is important to emphasize that these sentiment labels are not directly used as sarcasm detection. Instead, they 

function as auxiliary signals to capture sentiment incongruity, which is a defining characteristic of sarcastic 

expression. 

The sarcasm labeling is then constructed based on the relationship between the two modalities. 

Specifically, an instance is labeled as “sarcastic” when there is a polarity mismatch between textual sentiment 

and emoji sentiment, for example, positive text accompanied by negative emojis, or negative text with positive 

emojis. Conversely, instances exhibiting sentiment consistency across modalities are labeled as non-sarcastic. 

Neutral label is handled by considering their relative contribution to polarity alignment, instances with 

ambiguous or weak sentiment signals are excluded or assigned based on dominant polarity to reduce noise. 

 

Emoji-based sentiment labelling 

The process for extracting the emojis from the dataset is depicted in Figure 2. We use the data 

from the current emoji sentiment lexicon developed by [26]–[29] to generate the emoji sentiment lexicons. 

We only chose a subset of the corpus's emoji-containing data by looking for any emoji-containing data. 

To create our unlabeled emoji sentiment lexicon, we follow the steps as follows: (a) to extract emoji characters 

and translate them into a Unicode representation. Characters are converted into bytes using a Unicode 

string encoding standard using regular expressions.; (b) to prevent duplication in the emoji sentiment 

lexicons, we compile a list of distinct emojis. This implies that self-repeating emojis only occur once in 

the vocabulary.; (c) to search the current emoji sentiment lexicon and use word sentiment lexicons to 

determine the polarities of the words based on their descriptions without the need for human intervention. 
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Figure 2. A process to extract Emojis’ sentiment label 

 

Text-based sentiment labelling 

Many sentiment lexicons have been created in a variety of ways, such as automatically and semi-

automatically, as well as manually, which is seen to be a costly and time-consuming operation. Sentiment 

lexicons are usually collections of words that have sentiment polarity ascribed to them. Numerous sentiment 

classification has employed sentiment lexicons to ascertain the texts’ semantic orientation [30], [31]. These 

sentiment lexicons have shown that a sentence’s polarity values can be combined. These sentiment lexicons 

have shown that sentiment may be computed on a continuous scale by combining the polarity values from a 

sentence [32]. Annotators validated our sentiment English lexicons. Additionally, throughout the sentiment 

annotation process, the annotators marked some of the sentiment-bearing terms. 

 

Emoji and text-based sentiment 

We suggest the following algorithm for emoji and text-based sentiment labelling, as shown in Figures 

3, 4, 5, and 6, which uses texts and emojis for sentiment ranking [26], [27], [33]. The steps are as follows: (a) 

find and extract a subset of data containing emojis, use emoji Unicode as seen in Table 2.; (b) categorize data 

containing sentiment-bearing emojis into three groups: negative, neutral, and positive as depicted in Table 3.; 

(c) create lists of words that express sentiment and use the translated word lexicon to assign a score as illustrated 

in Table 4, gather every word from data that are positive, neutral, and negative; and eliminate terms that appear 

in one or both of the other lists.; (d) based on the highest word coverage with the lists of sentiment-bearing 

words.; (e) categorize the remaining data without sentiment-bearing emojis, for example, data without 

sentiment-bearing emojis, into the classifications negative, neutral, and positive using the emoji sentiment 

lexicon scores from the emoji sentiment lexicon, classify all the data with and without sentiment-bearing emojis 

into the classes negative, neutral, and positive based on the highest word coverage with the lists of sentiment-

bearing words. 

 

Table 2. The example of emoji’s unicode and its sentiment. 

Emoji Unicode Negative Neutral Positive Sentiment score Unicode name 

      0x1f60d 0.052 0.219 0.729 0.678 Smiling face with heart-shaped eyes 

       0x1f62d 0.436 0.220 0.343 -0.093 Loudly crying face 

         0x1f618 0.053 0.193 0.754 0.701 Face throwing a kiss 

       0x1f60a 0.060 0.237 0.704 0.644 Smiling face with smiling eyes 

 

Table 3. Classification based on emoji 

Review data Emoji Negative Neutral Positive Sentiment score Sentiment label  

That's fantastic.             0.052 0.219 0.729 0.678 Positive 
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       all the feels. TAKE MY MONEY        0.436 0.220 0.343 -0.093 Negative 

Cuteness overload                   0.053 0.193 0.754 0.701 Positive 

Almost looks like mine               0.060 0.237 0.704 0.644 Positive 

 

Table 4. Classification based on text 

Review data Negative Neutral Positive Sentiment score Sentiment label  

That's fantastic. 0.0 0.256 0.744 0.5983 Positive 

all the feels. TAKE MY MONEY 0.0 1.0 0.0 0.0000 Neutral 

Cuteness overload 0.0 0.364 0.636 0.4404 Positive 

Almost looks like mine 0.0 1.0 0.000 0.000 Neutral 

 

Sarcasm labelling 

The sarcasm labeling procedure begins by converting both textual content and emojis into continuous 

sentiment scores rather than simple categorical labels. Specifically, each text is assigned a sentiment score 

within a range from -1 (strongly negative) to +1 (strongly positive), and the emojis are similarly aggregated 

into a sentiment score within the same range. These continuous scores are then transformed into discrete 

polarity labels using a small threshold value. If the sentiment score is greater than the threshold, it is considered 

positive; if it is less than the negative of the threshold, it is considered negative; and if it falls within the 

threshold range around zero, it is treated as neutral. This process produces three possible polarity values for 

both text and emoji: positive, negative, or neutral. 

Sarcasm is subsequently determined based on the relationship between the polarity of the text and the 

emoji. An instance is labeled as sarcastic when the text and emoji express opposite sentiments, for instance, 

one is positive while the other is negative. In contrast, if both modalities share the same sentiment orientation 

(both positive or both negative), the instance is labeled as non-sarcastic. 

Special consideration is required for cases involving neutral sentiment. To avoid ambiguity, a 

common and recommended approach is to remove instances where either the text or the emoji is neutral. 

Alternatively, if retaining more data is necessary, the final label can be determined by relying on the modality 

with the stronger sentiment, or by conservatively labeling all neutral-involved cases as non-sarcastic. 

Finally, a confidence filtering step is applied to improve label reliability. Only samples with 

sufficiently strong sentiment signals are retained, meaning that both text and emoji scores must exceed a 

predefined minimum magnitude. It helps eliminate weak or ambiguous cases that may introduce noise. 

 

Classification: Deep-layered Architectures and Hyperparameters 

To assess the effectiveness of the proposed approach, experiments were conducted using a 

Bidirectional Long Short-Term Memory (BiLSTM) network enhanced with a self-attention mechanism [34]–

[36]. The attention mechanism adopted in this study is additive in nature, employing a hyperbolic tangent (tanh) 

transformation combined with a learnable context vector to compute attention weights over the BiLSTM 

hidden states. Model hyperparameters were optimized a grid search strategy. The best-performing 

configuration includes 16 attention units, a dropout rate of 0.02, the Adam optimizer with a learning rate of 

0.01, and a sigmoid activation function in the output layer. Although configurations with 16 and 32 attention 

units yielded comparable performance, 16 units were selected due to their more favorable balance between 

predictive performance and computational efficiency, while still outperforming the configuration with 8 units. 

To reduce overfitting, all models were trained for 25 epochs with a batch size of 32, and early stopping was 

applied with a patience of 6 epochs based on validation loss. The overall architecture of the proposed BiLSTM 

with self-attention model is illustrated in Figure 3. 

To effectively capture contextual dependencies in sequential data, the BiLSTM processes the input 

sequence in both forward and backward directions, producing a sequence of hidden representations, where 

each representation encodes contextual information derived from both preceding and succeeding tokens. To 

further highlight the most informative parts of the sequence, a self-attention layer with a learnable context 

vector is applied on top of these BiLSTM outputs. Rather than relying on uniform or fixed pooling strategies, 

this mechanism assigns adaptive importance weights to each time step. 

Specifically, for each hidden state, an attention score is computed by applying a linear transformation 

followed by a tanh activation function, where the transformation involves a trainable weight vector and a bias 

term. These scores are then normalized across all time steps using a softmax function, producing attention 

weights that sum to one and reflect the relative importance of each hidden state. The final context vector is 
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obtained by computing a weighted sum of all hidden states, where each hidden state is scaled by its 

corresponding attention weight. This context vector captures the most relevant semantic information in the 

sequence and is subsequently passed to a dense layer with a sigmoid activation function for binary 

classification. 

It is important to note that the employed attention mechanism is additive, as it relies on a nonlinear 

tanh transformation with learnable parameters to derive attention scores. However, unlike classical Bahdanau 

or Luong attention mechanisms, the proposed approach does not explicitly model query key interactions. 

Instead, it can be interpreted as a simplified self-attention mechanism with a single global context vector, which 

has been shown to be effective for sequence representation learning. 

 

 
Figure 3. Bi-LSTM with attention [37] 

 

Performance Metrics 

A confusion matrix is a table that summarizes the performance of a classification model by 

comparing its predicted labels to the true labels. Figure 4 shows a confusion matrix table. 
 

  Actual values 

  True False 

Predicted values 
True True Positive (TP) False Positive (FP) 

False True Negative (TN) False Negative (FN) 
 

Figure 4. Confusion matrix 

 

Accuracy measures a model’s performance by quantifying how often predictions align with true labels [38], 

[39]. It is calculated as Eq. (1). 

 

Accuracy= 
1

𝑚
∑

𝑇𝑃𝑖+𝑇𝑁𝑖

𝑇𝑃𝑖+𝑇𝑁𝑖+ 𝐹𝑃𝑖+𝐹𝑁𝑖

𝑚
𝑖=1       (1) 

 

Precision represents the average proportion of ground-truth relevant labels among those predicted as relevant 

[40]. It is calculated as Eq. (2). 

 

Precision= 
1

𝑚
∑

𝑇𝑃𝑖

𝑇𝑃𝑖+𝐹𝑃𝑖

𝑚
𝑖=1        (2) 
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Recall represents the average proportion of ground-truth relevant labels that are correctly identified [41]. It is 

calculated as Eq. (3). 

 

Recall= 
1

𝑚
∑

𝑇𝑃𝑖

𝑇𝑃𝑖+𝐹𝑁𝑖

𝑚
𝑖=1          (3) 

 

The F1-score represents the harmonic mean of precision and recall, providing a balanced measure of both [42]. 

It is calculated as Eq. (3).  

 

F1-score= 
2 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙 𝑥 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
       (4) 

 

Area Under Curve (AUC) measures the area under the ROC curve [43]. A higher AUC value indicates better 

model performance as it suggests a greater ability to distinguish between classes. An AUC value of 1.0 

indicates perfect performance while 0.5 suggests it is random guessing. 

 

3. RESULTS AND DISCUSSIONS 

Description of The Dataset 

 

 
Figure 5. Sarcasm labels vs emoji sentiment distribution on dataset 

 

  Figure 9 shows the correlation between sarcastic labels and the predominant emoji sentiment. Non-

sarcastic text is mostly linked to negative emojis (7342 instances) and positive emojis (5401), with very few 

neutral examples (307) in the count-based heatmap. Positive emojis (7945) predominate in sarcastic text, but 

negative (803) and neutral (492) emojis are far less common. The normalized heatmap makes this tendency 

much more evident: 85.98% of sarcastic instances are linked to positive emojis, whereas just 8.69% are 

negative and 5.32% are neutral. Non-sarcastic content, on the other hand, is more evenly divided, with only 

2.35% neutral and 56.26% negative and 41.39% positive emojis. Non-sarcastic content displays a more 

uniform distribution of emojis, however the overall data indicates a substantial inclination for sarcasm to 

coincide with positive emojis. This undoubtedly underscores the disparity between the expressed sentiment 

and genuine intent. Figure 5 illustrates the correlation between the primary utilization of emojis and 

classifications of sarcasm through both count-based and normalized distributions. Results indicate a substantial 

correlation between the use of positive emojis and caustic discourse. Sarcastic instances are much more 

associated with positive emojis (7945) in the count-based analysis than with negative (803) and neutral (492) 

emojis. The statistics, which show that 85.98% of sarcastic data equates to positive emojis, further support this 

tendency. Non-sarcastic text, on the other hand, exhibits a more evenly distributed distribution, with 56.26% 

negative and 41.39% positive emojis, and just 2.35% neutral usage. These results imply that sarcasm frequently 

depends on a polarity contrast, in which ironic or opposing interpretations to the textual content are conveyed 

through the use of positive emojis. Emoji information is therefore a crucial contextual indicator for sarcasm 

identification. 

 



248 Dina, et. al. / J. Soft Comput. Explor., Vol. 7, No. 2, June 2026:  240 - 251 

 

 

 

 

 

 
Figure 6. Sarcasm labels vs text sentiment distribution on dataset 

 

  Figure 6 illustrates the relation between sentiment polarity and sarcastic labels on text dataset. Non-

sarcastic content is very evenly distributed across sentiments in the count-based heatmap, with neutral 

sentiment being the most common (4782 instances), followed by positive (4520) and negative (3768). Sarcastic 

material, on the other hand, exhibits a different pattern: neutral sentiment is far less common (1195), while 

positive sentiment predominates (4579), followed by negative sentiment (3486). The normalized heatmap 

makes this distribution more evident: sarcastic incidences are mostly linked to positive sentiment (49.45%), 

negative sentiment (37.65%), and neutral sentiment (12.90%). In contrast, the distribution of non-sarcastic 

content is more uniform, with 28.83% negative, 34.58% positive, and 36.59% neutral. The results indicate that 

non-sarcastic text demonstrates an equal sentiment distribution, but sarcasm is more commonly associated with 

positive sentiment scores. This likely signifies an inconsistency between reported sentiment and the actual 

intention. Figure 6 illustrates the cross-tabulation of sentiment polarity and sarcasm labels. The sentiment 

distributions reveal a more complex pattern than those obtained from emoji-based study. Non-sarcastic data is 

balanced, with neutral sentiment slightly predominating (36.59%), followed by positive (34.58%) and negative 

(28.83%). Sarcastic content, however, has a stronger correlation with positive sentiment (49.45%), negative 

sentiment (37.65%), and neutral sentiment (12.90%). This implies that sarcastic expressions tend to show 

greater sentiment polarity and are less likely to look neutral. The concept of semantic incongruity, where the 

surface attitude deviates from the intended meaning, is further supported by the predominance of positive 

sentiment in sarcastic contexts. 

 

Results and Discussion 

Performance comparison of the proposed models across three modalities can be seen in Figure 11. 

There are three modalities: Text-only, Emoji-only, and the Text+Emoji model that are evaluated using 

accuracy, F1-score, precision, recall, and AUC. The multimodal strategy regularly overcomes the unimodal 

strategy across all evaluation metrics. The Text+Emoji model demonstrates its resilience and great 

generalization capacity by achieving the highest accuracy (97.09%), F1-score (96.44%), recall (95.61%), and 

AUC (99.24%). This suggests that the model's capacity to identify complex patterns in the data is greatly 

improved by incorporating textual and emotional modalities. Among three models compared in this study, the 

Text-only model performs the best in terms of precision (98.64%), indicating that it produces accurate positive 

predictions. Its low recall (70.93%), however, indicates that it is unable to identify true positive instance, 

leading to a less balanced overall performance.  On the other hand, compared to the Text-only model, the 

Emoji-only model performs mediocrely, with a greater recall (84.27%), but poorer precision (77.74%), F1-

score (80.87%), and accuracy (83.54%), indicating limitations when depending only on sentiment. The results 

indicate that the unimodal model captures only a part of the data. The multimodal model offers a more thorough 

representation, resulting in enhanced and more consistent performance across all evaluation metrics. These 

results highlight how necessary it is to combine various modalities in order to successfully handle complex 

tasks like sarcasm detection. Multimodal approaches are crucial for sarcasm detection, as the integration of 

data from many modalities enhances the classification model. The Text+Emoji model's enhanced efficacy 

illustrates that neither textual nor emotional features alone can adequately express the complexity of sarcasm. 

Emoji and emotions exhibit contrasting polarity patterns that are challenging to identify with a single modality. 
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The emoji-based model may produce ambiguity [44], whereas the text-based model can achieve great precision 

but often lacks contextual awareness [45]. The model exhibits superior performance overall due to its enhanced 

ability to detect implicit clues and anomalies, related to the integration of both modalities. These findings 

underscore the importance of employing multimodal data necessary for complex language comprehension 

tasks such as sarcasm detection. 

 

 

 
Figure 7. Results of proposed model on the dataset 

 

The features of the BiLSTM with attention mechanisms, designed to capture sequential dependencies 

and contextual significance within input data, reveal the performance variances between modalities. Figure 7 

demonstrates that the Text+Emoji modality surpasses both text-only and emoji-only inputs, attaining the 

highest overall performance (F1-score: 96.44%, AUC: 99.23%). The combination advantages of the attention 

mechanism and BiLSTM contribute for this enhancement. The model may capture contextual dependencies 

from both the past and future, as the BiLSTM component processes the input sequence bidirectionally. This is 

effective for textual content; however, the inclusion of emojis significantly enhances its efficacy, as emojis 

frequently function as emotional and semantic modifiers that clarify the meaning of a statement. The attention 

mechanism augments this BiLSTM by allocating more weight to the most prominent segments of the sequence. 

In a multimodal context, attention can selectively concentrate on two factors: (a) emotionally significant emojis 

and (b) contextually relevant words. This allows the model to more effectively address ambiguities like as 

sarcasm, implicit sentiment, or informal idioms that are challenging to decipher from text alone. The 

Text+Emoji model has a balanced performance, attaining high precision (97.29%) and high recall (95.60%), 

resulting in an enhanced F1-score. Conversely, the Text-only model exhibits a high precision of 98.64% but a 

far lower recall of 70.93%, suggesting it is overly strict and overlooks numerous relevant instances. This 

indicates that the attention mechanism lacks sufficient signals to identify all pertinent patterns in the absence 

of emojis.    

The emoji-only model, on the other hand, achieves lower precision (77.73%) but balanced recall 

(84.27%), indicating that while emotional factor help identify relevant instances, they are not sufficiently 

discriminative when applied alone. This indicates that the optimal performance of attention requires extensive 

contextual input. Overall, these results demonstrate that the effectiveness of the attention mechanism is 

significantly impacted by its informative input. The more informative representation created by the 

combination of text and emojis allows the attention layer to focus on the most relevant semantic and emotional 

factor. The BiLSTM-attention model’s ability to obtain both high accuracy and robustness thus validates the 

advantage of multimodal learning. 

To evaluate the contribution of each input modality, an ablation study was conducted by 

systematically removing modalities of the multimodal input. An overview of the results is shown in Figure 11. 

The integrated model (Text+Emoji), which outperforms across all parameters, validates the efficacy of 

integrating text and emojis. The removal of emojis results in a reduction in the F1-score from 96.44% to 

82.52%f, primarily related to a decline in recall. This indicates that emojis are important for identifying factors 

that may be ambiguous or implicit. Nonetheless, when solely emojis are applied, the model demonstrates 

balanced recall but diminished accuracy, indicating that emoji features alone are inadequate for precise 

classification without linguistic context. These results demonstrate that: (a) text provides structural and 

semantic context; (b) emojis provide emotion; and (c) the combination of Emoji+Text modalities enhances the 



250 Dina, et. al. / J. Soft Comput. Explor., Vol. 7, No. 2, June 2026:  240 - 251 

 

 

 

 

 

effectiveness of the attention mechanism. The ablation results strongly support the performance of the models 

but rather increase from the complementary interaction across modalities within the BiLSTM-attention. 

 

4. CONCLUSION 

The purpose of this study was to examine how emojis may be used to detect sarcasm, create a 

multimodal deep learning model, and assess how attention mechanisms contribute to sarcasm detection. The 

results indicate emojis as a useful supplemental modality that enhances textual content by offering emotional 

and contextual indications that are frequently lacking in plain text. The proposed model performs better than 

text-only model by applying both modalities to produce a more reliable and context-aware representations. The 

proposed model achieves an F1-score of 96.44%, an accuracy of 97.08%, and an area under the curve (AUC) 

of 99.23%. Furthermore, it is demonstrated that the effectiveness of sarcasm detection is improved by the 

addition of attention processes. It enables the proposed model to interpret complicated relationships between 

text and emojis by highlighting the importance of the input.  

Future research will focus on enhancing the proposed model by investigating transformer-based 

architectures to achieve deeper and more contextualized representation learning. The integration of additional 

modalities such as images and contextual metadata will be examined to augment the model’s ability to 

recognize emotions. The study will use cross-domain and multilingual datasets to ensure broader applicability, 

facilitating a more comprehensive assessment of the model's generalizability. Future study will investigate the 

application of emoji embeddings to develop context-sensitive sentiment tagging techniques tailored for 

specialized systems, emphasizing the significance of emojis. 
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