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ABSTRACT

People often express thoughts and emotions through text, which can include sarcasm. Sar-
casm detection is a difficult task because of noisy social media labels and a lack of high-quality 
datasets. It is necessary to identify sarcastic texts that affect mental health. The proposed novel 
method, Convolutional Neural Network and Long-Short Term Memory CNN+LSTM, which 
utilizes selectively frozen LSTM input layers, enhances sarcasm recognition to identify poten-
tial signs of depression, offering a unique approach for more precise mental health evaluation. 
For identification of sarcastic text, the News headline dataset and Reditt dataset were used 
together. For identification of sarcastic text, datasets were taken from Kaggle. To evaluate the 
efficiency of different approaches on sarcastic text, the suggested hybrid approach was com-
pared with state-of-the-art methods like machine learning ML and deep learning DL. The ML 
and DL methods like logistic regression, decision tree, support vector classifier, multinomial 
Naïve Bayes, XG Boost, CNN, and LSTM were compared. The hybrid dataset was applied to 
all ML and DL methods. The proposed method outperformed, with an accuracy of 84%, recall 
of 83%, precision of 84%, and F1 score of 83% on the hybrid dataset, which is higher than the 
accuracy obtained from traditional ML methods. The hybrid method is well suited for the 
complex text. It performs well for detecting sarcastic language features.
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INTRODUCTION

The sarcasm identification in literature for depression 
analysis [1,2] can be done in many ways. The conventional 

ML methods were widely employed for text classification; 

nevertheless, they frequently proved ineffective when han-

dling sarcastic content. The effectiveness of DL techniques, 
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particularly CNN and LSTM, has improved when it comes 
to finding patterns in text data. The majority of earlier 
research concentrated on techniques for smaller data sets, 
which constrained the range of text areas. The methods 
XG Boost and random forest combinely enhance the per-
formance [3,4]. Sarcastic text detection may seem simple, 
but it’s not always that way. Due to the lack of high-qual-
ity datasets and noisy labeling from social media sites like 
Twitter, Instagram, and Facebook, sarcasm detection has 
proven difficult. These networks frequently employ collo-
quial language and hashtags, which makes it challenging for 
DL and ML methods to recognize sarcasm with good accu-
racy. Dataset labeling by hand can be expensive and lead 
to short annotator agreements. There is no hybrid dataset; 
sarcasm detection and depression address the small dataset, 
and there is also a dearth of research on hybrid approaches 
[3,4]. Past work on sarcasm detection focused more on 
accuracy metrics with little attempt of the process’s mod-
els use to detect sarcasm [5]. This research covers a gap by 
exploring how CNN+LSTM models identify sarcastic pat-
terns in complex datasets. 

This research will make use of advanced machine 
learning algorithms such as Bi-LSTM and CNN + LSTM. 
These algorithms have some important architectures used 
in natural language processing and sequential data analy-
sis. Bi-LSTM enables the model to use the past and future 
context while processing a sequence and better relate the 
context to a given task, which could be sentiment analy-
sis, language translation, or even anything of that kind. 
Another architecture which has garnered attention because 
of its adaptability in image processing is CNN. Successfully 
applied to sequential data analysis [6,7]. In NLP, it captures 
local patterns in text that would be helpful to tasks such 
as text classification or sentiment analysis [8,9]. Among 
other modern technologies, CNN, LSTM, and BERT 
advance the complexity of finding these precise patterns in 
text and improve text understanding through the context. 
Techniques in sequential modeling could capture complex-
ities of contextual use in sarcasm, and pre-trained models 
may be fine-tuned using datasets specifically designed to 
emphasize sarcasm. Sarcastic language processing and the 
application of appropriate measures for determining the 
performance of the model make the systems for sarcasm 
detection even more efficient [10,11]. LSTM is a type of 
recurrent neural network (RNN) designed to capture long-
term dependencies within sequences. It is significantly bet-
ter for language modeling or text generation by retaining 
and utilizing information over longer spans of text. These 
architectures were trained on extensive datasets comprising 
annotated examples of sarcastic and non-sarcastic head-
lines. By utilizing the capabilities of these architectures to 
capture hidden patterns and context dependencies in text 
data. The aim is to enhance the computational understand-
ing of sarcasm. 

The comparison of classic ML methods like multino-
mial naïve bayes classifiers, decision trees, random forests, 
logistic regression, and support vector machines.
•	 By doing a comparative study and evaluating the perfor-

mance of advanced architectures alongside traditional 
methods to demonstrate their effectiveness in recogniz-
ing sarcasm.

•	 A new dimension can be added to the existing work to 
treat complexities involving sarcasm identification in 
short and rich context data by focusing on the frozen 
input layer of LSTM.
The paper is sectioned into four sections which include 

literature review, dataset description, research methodol-
ogy, model interpretation and result analysis with implica-
tions of our findings for the future of sarcasm detection.

Literature Review
This has become a significant challenge for the detection 

of sarcasm in text due to the indirect nature of expression 
found in sarcastic speech often made in informal language, 
especially on social media sites. Various angles have been 
addressed by researchers through both machine learning 
(ML) and deep learning (DL) techniques in addition to 
rule-based systems in order to improve identification of 
sarcastic content. 

Author found the use of rhetorical questions to attempt 
to solve sarcasm in text; on the other hand, since much of 
sarcasm relies on nuances of the greater context of commu-
nication, it is quite hard for machines to perform such acts. 
It has been observed that techniques like SVM and Random 
Forests have also been used to identify sarcasm, which 
however loses precision when it is deployed in the case of 
multiturn conversations where the context itself changes 
with the passage of time [4]. In order to solve this issue, 
it was shown that implementing deep learning techniques 
significantly upgraded the detection of sarcasm because 
these techniques can grasp nuances of the discourse as well 
as features over multiple turns in a conversation [2].

This has been further refined with annotated datasets 
from platforms such as Twitter to improve the performance 
of deep learning models. Attention-based models were 
adopted as a way of improving this, significantly enhanc-
ing the accuracy of sarcasm detection compared with tradi-
tional models and outperforming these traditional models 
in complex data environments [12]. Additionally, a behav-
ioral approach combined with machine learning was used 
to detect sarcasm in tweets, highlighting the value of histor-
ical context and conversation history in improving detec-
tion [13,14].

The growing need to detect sarcasm in social media 
posts as an indicator of mental health, particularly depres-
sion, has been recognized in several studies. By analyzing 
datasets from platforms like Reddit and Twitter, models 
were able to achieve an 80% accuracy rate in detecting 
depressive posts using ML methods [1]. Sarcastic seen-
tence tend to mislead machines and humans due to their 
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irony behaviour. The methods using SVM and Random 
Forests have shown accuracy rates of 70 to 75% for iden-
tifying sarcasm in tweets [2]. The combined convolutional 
neural networks (CNN) with RNNs, specifically LSTMs, 
in an ensemble model. Which has demonstrated an 83% 
accuracy rate in detecting sarcasm [3]. In contrast, the 
CASCADE method, which integrates context with conver-
sation history, outperformed traditional methods, achiev-
ing an accuracy of 85% in sarcasm detection [2].

Yet another research approach developed an innova-
tive hybrid model that incorporated the CNN and LSTM 
network combining word and emoji embeddings for con-
text-aware sarcasm detection. The model was able to achieve 
great success with an accuracy of 97.35% with F-score, 
precision, and recall highly outperforming the traditional 
models, especially by utilizing emojis to illustrate intent 
while interpreting sarcastic tweets [15]. In this region, more 
research is carried out in combining deep learning with the 
NLP techniques to perform better. MFO has been utilized 
with a MHSA-GRU model with the task of sarcasm detec-
tion that outperformed all models, and further results were 
checked on Kaggle’s News Headlines dataset [16].

Apart from these developments, a many other stud-
ies have tested the strength of different feature extraction 
methods. One work proposed a hybrid combination of 
TF-IDF, dependency parsing bigrams, and lexicon-based 
features. This achieved 95.60% accuracy for detecting 
sarcasm using SVM over social media datasets including 
Twitter [17,18]. Another was the detection of sarcasm in 
the MUStARD dataset using an attention-based LSTM 
model, which obtained an F1 score of 60.1, that beat other 
deep learning models for sarcasm-context detection [19]. 
Key role of context was observed in sarcasm detection as 
shown by the research on sarcasm detection in Hinglish, 
which included sarcastic posts from social media posts. The 
Extra Tree Classifier and the Gradient Boosting Classifier 
ranked high. Their F-scores were 95.43 and 95.29, respec-
tively. These studies highlight that in the detection of sar-
casm, besides a linguistic feature representation, some sort 
of social feature has to be taken into consideration as well 
[20,21].

One major problem with sarcasm detection lies in the 
case of news headlines, where sarcasm goes unnoticed and 
sometimes results in false results in false information. The 
researchers found it possible to use neural networks partic-
ularly RNN and LSTMs for detecting sarcasm among news 
headlines. The current model achieved 85 percent, show-
ing a high accuracy of LSTM networks while reading out 
sarcasm from short, context-dependent texts of news head-
lines [22]. Also, a few have proposed architectures in deep 
learning for detecting sarcasm in news headlines applying 
multiple datasets such as The Onion and HuffPost. The 
applied models used LSTM towards temporal dependen-
cies capturing in various architectures. They obtained 
state-of-the-art accuracy of 0.925 in their test data. These 
models drastically outperformed the other classifiers which 

included decision trees, random forests, SVMs and estab-
lished new benchmarks for the news article classification 
with respect to sarcasm [23]. Others have examined the 
integration of deep learning with handcrafted contextual 
features. Interesting research on the integration of CNN 
architectures along with crafted contextual features demon-
strates that the deep learning along with handcrafted fea-
tures highly boosts the accuracy, precision, and recall of 
sarcasm detection in intricate textual data [24]. Finally, a 
different set of studies provided evidence for further refin-
ing sentiment analysis and sarcasm detection by moving 
beyond more traditional contextual variables, such as the 
relationship between authors and audiences. A GAT-based 
framework achieved some breakthroughs by taking into 
account not only user history but also social dynamics in 
a conversation. This context-aware model holds immense 
promise in the prediction of sarcastic intent with an impli-
cation toward the significance of social context in the detec-
tion of online sarcasm [25].

The other challenge lately identified by studies is the 
procedure of handling imbalanced datasets, especially when 
performing sarcasm detection on datasets where there is 
an imbalance distribution of sarcastic and non-sarcastic 
examples. An example that used an agglomerative cluster-
ing method to identify some of its outliers and eliminate 
them along with using ensemble techniques like Bi-LSTM 
networks had an accuracy of 99.3%, which sets up a new 
benchmark for determining performance in sarcasm detec-
tion [26,27].

The issue of distinguishing sarcasm from other types 
of sentiment, especially in user reviews and posts, was 
also addressed through the development of new classifi-
cation systems based on decision trees and neuro-fuzzy 
rules. These methods, tested on Twitter data. Which helps 
to produced promising results in classifying sarcastic and 
non-sarcastic sentences, contributing to the broader field 
of sarcasm detection [28]. Therefore, the sentiment analysis 
and sarcasm detection are often treated as separate tasks, 
but researchers have begun integrating them. A multi-
task learning approach proposed by one study achieved an 
F1-score of 94%. It outperforming traditional methods and 
showing potential for applications in behavior analysis and 
sentiment classification [29,30].

Several studies have also examined sarcasm through the 
lens of its emotional and contextual components, classify-
ing sarcasm into categories such as polite, rude, and rag-
ing. The results majorly helpws to identifies the sracsm. 
Utilizing ensemble feature selection methods, for example, 
authors were able to achieve 92.7% to 99.79% accuracy 
across other classes of sarcasm. This further informs emo-
tional subtleties of sarcasm in social media platforms [31].

However, this remains an ongoing challenge but keeps 
changing to the implementation of new techniques of 
machine and deep learning. The efforts ranged from the use 
of attention-based models up to hybrid CNN-LSTM net-
works and context-aware frameworks that showed context 
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as well as feature extraction to be as integral a part of the 
algorithm for improving the precision of sarcasm detection. 
As these methods advance, they promise to improve applica-
tions in mental health monitoring, sentiment analysis, even 
the development of more human-like conversational agents.

Problem Statement
Challenges in sarcasm detection datasets available for 

the development of the system are of a small size and lack 
diversity; the contextual factors that are included are very 
narrow; also, there is a huge impact because of cultural and 
linguistic variations. All these variations are important, 
as there is a difference in presentation of sarcasm across 
cultures, contexts, and communication styles. Differences 
have been addressed within these presentations to gener-
ally extend the capability of the model in being sarcastic 
in more real scenarios, thus making it more robust and 
adaptable in different populations. To this end, the News 
Headlines and Reddit datasets were added, which showed 
greater diversity and have helped the model capture more 
nuanced contexts to improve its performance in different 
styles of communication. 

About Dataset
The sarcasm detection dataset is fetched from Kaggle. The 

news headlines dataset was downloaded from two websites, 
TheOnion and HuffPost [32,33]. Another dataset is added 
and named Reditt dataset. The combination of both News 
Headlines and Reddit datasets uses formal and informal 

language styles. News Headlines offer fo rmalised, profes-
sional language, while Reddit gives it a more casual, everyday 
tone. This blend results in a balanced dataset that captures a 
wide range of language, hence leading to a model that under-
stands and adapts better to varied communication styles. The 
dataset contains a mix of non-sarcastic and sarcastic com-
ments [33]. Twitter datasets are generally noisy regarding 
labels and text, which makes it hard to classify sarcasm with 
high accuracy. The intention behind the dataset is to provide 
good-quality labels with as less noise as possible, since head-
ings of news are written by experts in a formal manner. In the 
dataset, each record has the following attributes:

‘is_sarcastic’: Indicates whether the headline is_sarcas-
tic- yes that means 1 or is_sarcastic-no that means 0 (0).

‘headline’: The heading of the news article.
‘article_link’: It is the Link to the news article, which 

helps to gather supplementary data.
The dataset offers a resource for training and evaluating 

sarcasm detection models. It provide a more reliable and 
structured source of data compared to Twitter datasets.

Research Methodology
The methodology for the conduct of the study on sar-

casm detection in news headline is briefly depicted. This 
includes many crucial steps such as data collection and 
preprocessing. The data investigation and imagining model 
development, and assessment and analysis, as showed by 
Fig. 1. Each step was carefully designed to ensure that our 
sarcasm-detection model is robust and effective.

Figure 1. System architecture.



Sigma J Eng Nat Sci, Vol. 44, No. 1, pp. 478−489, February, 2026482

Data Collection and Preprocessing
Two such datasets of news headlines were annotated 

for sarcasm detection from Kaggle according to the study. 
These datasets are properly analyzed for relevance and 
content diversity in headlines. After collection, extensive 
preprocessing steps applied for cleaning textual data. This 
includes a process such as lowercasing; removal of punc-
tuation, URLs, digits, and emojis; followed by tokenization 
and stop-word removal for improving the text’s suitability 
for further analysis.

Data Exploration and Visualization
After preprocessing techniques, analyze the nature of 

datasets. Imagining of data through count plots, pie charts, 
and word clouds. The distribution of sarcastic and non-sar-
castic headlines as represented in Figure 2. The visual-
izations served an overall description of the dataset and 
emphasized common words associated with each class of 
headlines. 

Model Development
Construct a sophisticated model with an indepth under-

standing of the data to detect sarcasm. A custom archi-
tecture of the neural network has been developed, which 
combines embedding layers, bidirectional LSTM networks, 
dense layers with both batch normalization and dropout, 
and sigmoid output layer. This architecture is well-designed 
to catch all the intricate patterns and much-needed context 
in news headlines. 

Embedding Layer
In this layer, it converts the input text data X of shape 

(batch_size, sequence_length) to dense vectors of the shape 
(batch_size, sequence_length, embedding_dim) with the 
help of embedding matrix E. 

The word index in the Input mapping will map to the 
embedding space-dense vector. Construct a sarcasm detec-
tion model with a detailed understanding of the information. 
Developed a custom neural network architecture to fit in 
embedding layers, bidirectional LSTM networks, dense layers 

with batch normalization and dropout, and a sigmoid output 
layer. This architecture was accurately designed to capture the 
complex patterns and context inherent in news headlines.

BiLSTM architecture consists of several major layers 
that sequentially process the given input text data to detect 
sarcasm. The architecture includes the following layers for 
the performance of sarcasm detection:

Bi-LSTM Architecture
•	 Embedding Layer: In this layer, it converts the input 

text data X of shape (batch_size, sequence_length) to 
dense vectors of the shape (batch_size, sequence_length, 
embedding_dim) with the help of embedding matrix E. 
The word index in the input mapping will map to the 
embedding space-dense vector.

	 For example, if X is the input text [I, love, sarcasm] and 
E is an embedding matrix, then the output X_embedded 
will be a tensor containing dense vectors for each word.

	 In this embedding freezing the input layer means lever-
aging the knowledge embedded in those embeddings. 
This can help maintain the richness of the pre-trained 
representations, which could be especially useful for 
detecting nuanced features in sarcasm and depression.

•	 Spatial Dropout1D Layer: This layer randomly drops 
entire 1D feature maps (words) along the sequence 
dimension. Let X_embedded be the input tensor with 
shape (batch_size, sequence_length, embedding_dim), 
and dropout_rate be the dropout rate. 

	 For example, if X_embedded is the embedded input 
tensor, applying spatial dropout would randomly drop 
certain words from the sequence.

•	 Bidirectional LSTM Layers: This layer processes the 
input sequence X_dropout in both forward and back-
ward directions. Let h_t^f and h_t^b represent the 
hidden states at time t for the forward and backward 
LSTMs, respectively. 

	 For example, In the sequence “I love sarcasm”, a bidi-
rectional LSTM would process it both ways, forwards 
and in reverse. This will capture context from both the 
beginning and the end.

      

Figure 2. Word cloud of sarcastic headlines (left) and non-sarcastic headlines (right).
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•	 Dense Layers with Batch Normalization and Dropout: 
Let h_concat of the forward and backward hideen states. 

	 Apply dense layers to this concatenated representation, fol-
lowed by batch normalization and dropout. For instance, 
after concatenation of the forward and backward states of 
the hidden layers, the output representation is passed to 
dense layers to generate higher-level features.

•	 Flatten Layer: It will flatten the output of the dense lay-
ers into a one-dimensional array. For example, the output 
from the dense layers, being typically a multi-dimen-
sional tensor, is flattened into a one-dimensional array.

•	 Output Layer: Here, there is only one neuron of type 
sigmoid. Let h_flat be the flattened representation. 
Example- For a dense layer, let us take the output. This 
needs to go through the sigmoid function in order to 
derive the final prediction probability for sarcasm.

•	 Equations involved for BiLSTM layered architecture: 
For example, Given the sequence “I love sarcasm”, the 
bidirectional LSTM would process it in both forward and 
backward directions, capturing context from both ends.
Equations representing BiLSTM layered architecture:

1.	 Embedding Layer:X_embedded = E(X) #(make train-
able =False)

2.	 Spatial Dropout1D Layer: X_dropout = Spatial 
Dropout1D(X_embedded)

3.	 Bidirectional LSTM Layers: h_t^f = LSTM(X_dropout) 
and h_t^b = LSTM (reverse(X_dropout))

4.	 Dense Layers with Batch Normalization and Dropout: 
h_concat = Concatenate (h_t^f, h_t^b) and h_dense = 
Dense(h_concat)

5.	 Flatten Layer: h_flat = Flatten(h_dense)
6.	 Output Layer: y_hat = σ(Dense(h_flat))

The Table 1. Represents the Sequential BiLSTM model 
summary.

CNN and LSTM Architecture
The input layer freeze, which is trainable=False, within 

the embedding layer forms one of the very important 
architectural choices in our hybrid CNN-LSTM model 
for sarcasm detection [34]. This will preserve the seman-
tic relationships of the pre-trained word embeddings while 
allowing subsequent layers to adapt to the features that 
comprise sarcasm [35,36]. The frozen embedding layer can 
therefore be represented as:

E(x) = W_e * x, where ∂E/∂W_e = 0
Where:

•	 E(x) represents the embedding function
•	 W_e represents the embedding weights matrix
•	 x represents the input token
•	 ∂E/∂W_e = 0 indicates the gradient with respect to 

embedding weights is zero during backpropagation
This frozen architecture allows the model to maintain 

stable semantic relationships while allowing the CNN and 
LSTM layers to focus on learning about higher-level sar-
castic features and further optimization of the model’s abil-
ity to detect subtlety in linguistic patterns and emotional 
undertones without loss of foundational language under-
standing encoded into these pre-trained embeddings [37].

This model should generalize well on different text 
samples without memorizing non-informative patterns. 
Freezing the input layer also reduces the number of 

Table 2. CNN+LSTM sequential_2 Model summary

Layer (type) Output Shape Param #
embedding_2 (Embedding) (None, 100, 32) 320000
conv1d (Conv1D) (None, 96, 32) 5152 
max_pooling1d (MaxPooling1D) (None, 24, 32) 0
Lstm_2 (LSTM) (None, 64) 24832
dropout_1 (Dropout) (None, 64) 0
dense_2 (Dense) (None, 1) 65

Table 1. BiLSTM sequential_2 Model summary

Layer (type) Output Shape Param #
embedding_2 (Embedding)  (None, 25, 100) 2253100 
spatial_dropout1d_2 (SpatialDropout1D)  (None, 25, 100) 0 
 bidirectional_4 (Bidirectional)  (None, 25, 392) 465696
bidirectional_5 (Bidirectional)  (None, 392) 923552 
dense_4 (Dense)  (None, 64) 25152 
flatten_2 (Flatten)  (None, 64) 0 
dense_5 (Dense)  (None, 1) 65	  
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parameters that the model needs to update during train-
ing, thus resulting in faster convergence and more efficient 
learning where the model can focus more on learning high-
er-level features by looking at the CNN and LSTM layers.

Equations representing CNN + LSTM layered 
architecture:
1.	 X_embedded = E(X) #(make trainable =False)
2.	 X_conv = Conv1D(X_embedded) 
3.	 X_pooled = MaxPooling1D(X_conv)
4.	 h_t^f = LSTM(X_pooled)
5.	 y_hat = σ(Dense(h_flat))

The Table 2. Represents the CNN+LSTM sequential 
model summary. 

RESULT AND DISCUSSION

The news headline contains a sarcastic statement. The 
dataset of news headlines is taken from Kaggle. Which is 
approximately 200000 news headlines. The dataset is the 
diverse dataset. Which contains news, including sports, 
technology, entertainment, and politics. The dataset was 
divided into training data and test data. The preprocessing 
methods were used, such as text cleaning, tokenization, 
stemming, and stop-word removal. To convert text into 
vectors, the TF-IDF method is used. This section discusses 
the results achieved with BiLSTM, CNN + LSTM, and other 
machine learning models. 
•	 The BiLSTM model exhibited promising performance 

over 10 epochs, with initial accuracy of 66.3% on train-
ing data and 74.5% on validation data, improving to 
85.1% and 84%, respectively, by the end of the training 
period, as shown in Figure 3. This indicates that the 
model effectively learned from the data and general-
ized well to unseen examples, as evidenced by the com-
parable performance on both training and validation 

datasets. The loss function decreased consistently 
throughout training, further demonstrating the model’s 
learning capability. Figure 4. represents the confusion 
matrix with true label and corrected label. 
Over 10 epochs, the BiLSTM model showed strong 

improvement. Starting with 40.45% accuracy on train-
ing data and 62.24% on validation, it reached 97.51% and 
91.91%, respectively, by the final epoch (Fig. 5). With a 
larger dataset, these results surpassed those in Figure 4. 

The BiLSTM model outperforms traditional models like 
Decision Trees and Random Forests because it can capture 
the sequential nature of text, understand context, and learn 
complex relationships between words. Traditional mod-
els, though effective for some tasks, struggle to grasp the 

Figure 3. BiLSTM model train verses validation – accuracies (left) and losses (right).

Figure 4. Confusion matrix for true and predicted Label.
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nuances of text data. BiLSTM, with its deep learning capa-
bilities, is better suited for sarcasm detection, where mean-
ing depends on context, tone, and subtle word connections.

6.2 The CNN + LSTM model performed well across five 
training epochs. Initially, it achieved 76.3% accuracy on the 
training data and 84.6% on the validation data. By the final 
epoch, these scores reached 99.3% for training and 83% for 
validation, though minor overfitting was noted. The loss 
function stayed low, reflecting the model’s consistent accu-
racy, as illustrated in Figure 6. 

The classification reports of all models evaluated in sar-
casm detection provide valuable insights into their perfor-
mance (Fig. 7). A comprehensive overview of each model’s 

recall, precision, accuracy, and F1-score, comparison is 
shown in the Table 3 to show their effectiveness in detect-
ing sarcasm. 

From this analysis, several key observations can be 
made:
1.	 Logistic Regression: It was able to yield 83.23% accu-

racy. Both the precision, recall, and F1-score were in 
balance with respect to both classes. Distribution in the 
confusion matrix was highly reasonable. This would 
suggest it generally performed better.

2.	 Decision Tree: The accuracy of the model was 73.43%. 
The precision, recall, and F1 scores were acceptable but 
had false positives and false negatives.

Figure 6. CNN + LSTM model train verses validation – accuracies (left) and losses (right).

       

Figure 5. BiLSTM model train verses validation – accuracies (left) and losses (right) hybrid dataset.
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3.	 Support Vector Machine also closely had similar accu-
racy with logistic regression. It obtained an accuracy 
of 82.77% and had balanced performance metrics. 
The confusion matrix showed a balanced number of 
true positives and true negatives, which confirmed the 
robustness of the model in the classification process.

4.	 Multinomial Naive Bayes had an accuracy of 82.41%. 
The performance metrics were just about as good as 
logistic regression and SVM. The confusion matrix also 
showed that there were good numbers of true positives 
and true negatives in it.

5.	 The result of the random forest test is 79.35% accuracy, 
which is lesser than in any of the previous models. A 
greater number of false positives and false negatives are 
seen in the confusion matrix. Thus, it so happens that 

results obtained through random forest happen to be less 
optimal as compared to logistic regression and SVM.

6.	  With an accuracy of 98.00% in the model’s trainabil-
ity and an accuracy of 84.00% on testing CNN + LSTM 
Classifier, the balancing in its precision, recall, and 
F1-scores for both classes shows a great generalization 
to unknown data.

7.	  The model overfits a little just because of the lesser set 
of trainings and sometimes even makes judgement by 
tone or topic or context. 

8.	 BiLSTM Classifier gave 84.00% accuracy, and precision 
and recall are balanced with F1-scores for both classes. 
There was a slight imbalance in the precision and 
recall of both classes, but the model had overall robust 
performance.

Figure 7. CNN+LSTM Train data accuracy and loss for 5 epoch.

Table 3. Performance Comparison of Classification Algorithms for Sarcasm Detection

Algorithm Precision Recall F1-Score Accuracy
Logistic regression 0.83 0.83 0.83 0.83
Decision tree 0.73 0.74 0.74 0.74
SVM classifier 0.82 0.82 0.82 0.82
MNB classifier 0.82 0.82 0.82 0.82
Random forest 0.79 0.79 0.79 0.79
LSTM 0.72 0.76 0.72 0.72
CNN+LSTM Classifier 0.84 0.83 0.83 0.83
Bi-LSTM 0.83 0.82  0.82 0.82
CNN+LSTM+Bi-LSTM 0.83 0.82 0.82 0.82
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9.	 BiLSTM Classifier gave 98.00% accuracy, and precision, 
recall, along with F1-scores for both classes were there 
as their concatenation with the Raditt dataset is avail-
able. The Training accuracy is 91.80%.
The related comparison of the accuracy from classifica-

tion algorithms as presented in Fig. 8 gives a relatively clear 
view related to the performance regarding the detection of 
sarcasm from each model. It is thus crucial to determine the 
strength and weaknesses of a particular model so further 
efforts in optimizing and refining the efforts in detecting 
sarcasm can be made.

Logistic regression achieved an accuracy of 83.23% with 
relatively balanced precision, recall, and F1 scores for both 
classes. Balancing characteristics are portrayed by the conf 
When all classifiers are considered, the BiLSTM model 
falls in the range of well performing algorithms along with 
logistic regression, SVM, multinomial naive Bayes, and the 
CNN + LSTM Classifier. Decision tree and random for-
est algorithms showed potential issue areas with relatively 
lower performance.

CONCLUSION

Hence, it can be concluded that the study demonstrates 
the effectiveness of the BiLSTM and CNN + LSTM mod-
els in identifying sarcasm with maximum accuracy. These 
models have a good understanding and analysis of attaining 
complex patterns of sarcasm in textual data by developing 
great robustness and reliability. Traditional machine learn-
ing approaches, though outperformed by deep learning 
models, emphasized exploitation of advanced techniques 
in tasks that involve sarcasm detection. Hybrid models and 
ensemble techniques are candidates for finding even better 
accuracy and generalization in future sarcasm detection sys-
tems. New possibilities open up for improvements in natu-
ral language understanding with the help of overcoming the 

above limitations. Future directions are outlined here, but 
can be even more specific in listing several ways that will 
make sarcasm detection even better. Traditional machine 
learning approaches were outperformed by deep learning 
models.
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