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Abstract 

Sarcasm is a form of expression in which 

individuals convey positive or negative sentiments 

using words that contradict their actual intent. This 

style of communication is increasingly prevalent in 

news headlines and on social media, making it 

difficult for readers to accurately identify sarcasm. 

To address this challenge, it is crucial to develop 

intelligent systems capable of detecting sarcasm in 

headlines and news articles. This research paper 

proposes a deep learning-based model for sarcasm 

detection in news headlines. The model is designed 

to achieve three primary objectives: (1) to 

understand the underlying meaning of the text or 

headline, (2) to learn the characteristics of 

sarcasm, and (3) to accurately identify sarcasm in 

the text. Previous studies on sarcasm detection 

have largely relied on tweet datasets, using 

hashtags to distinguish between sarcastic and non-

sarcastic content. However, such datasets are often 

noisy due to inconsistent language use and tagging. 

In contrast, this study leverages multiple datasets 

to provide a more comprehensive understanding of 

sarcasm in online communication. By 

incorporating various forms of sarcasm from the 

Sarcasm Corpus V2, as well as sarcastic news 

headlines from The Onion and HuffPost, the 

proposed model is intended to generalize 

effectively across different contexts. The model 

employs Long Short-Term Memory (LSTM) 

networks to capture temporal dependencies in text 

and utilizes a GlobalMaxPool1D layer for 

enhanced feature extraction. Evaluation on 

training and test datasets yielded accuracy scores 

of 0.982 and 0.952, respectively, demonstrating the 

model’s strong performance in sarcasm detection. 

 

Keywords: sarcasm detection; sarcasm; sentiment 

analysis; text data;  

 

1 INTRODUCTION 

The Oxford Language Dictionary defines 

sarcasm as the use of irony to mock or 

express contempt. It is a widely used form 

of expression, yet identifying sarcasm in 

written text remains challenging [1,2]. 

This difficulty arises from the ambiguity 

of language and the speaker’s or writer’s 

intent, which often contrasts with the 

literal meaning. Sarcasm is frequently 

employed to attract attention and to 

convey negative sentiments more directly. 

 

With the rise of online platforms such as 

Facebook, Instagram, and Twitter, 

individuals frequently share opinions on 

topics ranging from politics to 

entertainment and consumer products. The 

complex sentence structures and nuanced 

expressions used in these online messages 

make it challenging for both humans and 

machines to interpret their meaning, 

driving significant interest in sentiment 

analysis and sarcasm detection within the 

field of machine learning [3]. 

 

Previous research on sarcasm detection has 

predominantly focused on Twitter data, 

utilizing methods ranging from rule-based 

approaches to advanced machine learning 

techniques. Rule-based methods often 
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categorized text based on incongruity. 

However, these studies were limited by 

unclear labeling and datasets that were not 

explicitly designed for sarcasm detection. 

More recent efforts have aimed to improve 

detection by analyzing the distinct 

characteristics of sarcastic versus non-

sarcastic expressions. Despite these 

advances, sarcasm detection remains an 

ongoing area of research. 

 

Neural networks have been employed to 

develop sarcasm detectors for various 

content types, including tweets and Flickr 

posts. Building on this work, the present 

study proposes an enhanced Long Short-

Term Memory (LSTM) model for sarcasm 

detection, referred to as GMP-LSTM. This 

model integrates a GlobalMaxPooling 

layer, enabling it to capture critical 

features from temporal sequences and 

identify higher-level patterns in the data 

compared to the standard LSTM. 

 

The proposed GMP-LSTM was evaluated 

on two sarcasm datasets and demonstrated 

higher accuracy than the original LSTM 

model. These results indicate that the 

GMP-LSTM is a promising tool for 

detecting sarcasm in textual data. 

 

The paper is structured as follows: Section 

2 reviews prior research on machine 

learning-based sarcasm detection. Section 

3 details the methodology, including the 

proposed deep learning architecture for 

detecting sarcasm in news headlines. 

Section 4 presents the implementation of 

the classifier and the evaluation results. 

Finally, Section 5 summarizes the study’s 

findings and discusses their implications. 

 

2. LITERATURE REVIEW  

Previous research on sarcasm detection has 

primarily focused on Twitter datasets, 

although more recent studies have 

expanded to include written news 

headlines from professional journalists, 

such as those exclusively containing 

sarcastic content from The Onion. In 

contemporary natural language processing 

(NLP), convolutional neural networks 

(CNNs) and Long Short-Term Memory 

(LSTM) networks are commonly 

employed methodologies [4]. For example, 

M. S. Razali [5] proposed a multichannel 

attention-based Bidirectional LSTM 

(BLSTM) technique for detecting sarcasm 

in news headlines. Other approaches have 

applied classical machine learning 

methods, including Naive Bayes classifiers 

and support vector machines, using 

features such as punctuation, phrase 

structure, and hashtags, achieving 

accuracies above 75% across social media 

datasets. 

 

Deep learning techniques have 

increasingly outperformed traditional 

shallow models, leading most researchers 

to favor automatic feature extraction over 

manual methods [5,6]. Early sarcasm 

detection efforts focused on tweets, often 

using contextual clues such as hashtags 

(#sarcasm, #sarcastic, #notsarcasm) as 

indicators [3,7,8]. Feature sets from 

Twitter datasets, such as one consisting of 

9,400 tweets with 5,800 positive, 3,100 

negative, and 500 neutral examples [9], 

were commonly used. CNNs and LSTMs 

have remained central to NLP-based 

sarcasm detection [10], while attention-

based BLSTM models have been applied 

to news headlines [11]. 

 

Additional strategies included pattern-

based rules, such as counting 
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positive/negative words, emotional terms, 

or recurring sarcastic keywords like “yay!” 

and “nay!” [12]. The short length of tweets 

(historically 140 characters) poses a 

limitation, making it harder to detect 

sarcasm and understand intended meaning 

[15,16]. Previous work has classified 

tweets based on sentiment polarity, context 

(e.g., events, opinions, transactions, 

private messages), slang, and humor-

related features [17,18,19]. Hashtags and 

historical tweet context have also been 

leveraged to infer tone, although such 

approaches depend on the availability of 

sufficient historical data [20]. 

 

Recent advancements combine pre-trained 

word embeddings with deep learning 

architectures. For instance, CNN-LSTM 

models using embeddings such as 

Word2Vec have achieved state-of-the-art 

performance [21]. Attentive RNNs, when 

paired with pre-trained embeddings, 

effectively capture contextual patterns in 

textual data. In one study [21], a news 

headline dataset in JSON format included 

26,700 headlines (11,700 sarcastic from 

The Onion and 14,900 non-sarcastic from 

HuffPost). Headlines were tokenized using 

Keras, converted into sequences of 300 

words, and reduced to 20,000 unique 

words. A pre-trained embedding matrix 

([20,000 × 300]) from Stanford was then 

fed into a BLSTM model, followed by a 

dense neural network to output sarcasm 

labels. 

 

In another study [22], pre-trained user 

embeddings were initially considered but 

later removed, as sarcasm in news 

headlines does not depend on the author. 

The LSTM encoded word sequences 

bidirectionally, with forward and 

backward passes capturing context in both 

directions. The dataset was split into 

training, validation, and test sets in an 

80:10:10 ratio. This model achieved 89.7% 

accuracy, improving upon the baseline of 

84.88% by approximately 5%, 

demonstrating the effectiveness of LSTM-

based architectures for sarcasm detection. 

 

3 MATERIALS AND METHODS  

The methodology of this study 

encompasses several key components, 

ranging from data collection to model 

evaluation. The overall approach to 

sarcasm detection is illustrated in Figure 1. 

Additionally, a thorough review of the 

relevant literature was conducted to assess 

and evaluate the existing techniques for 

sarcasm detection. 

 
Figure 1. Methodology for sarcasm 

detection. 

3.1 Data Acquisition 

The news headlines dataset used in this 

study offers several advantages over 

typical Twitter datasets. It features formal 

language with minimal spelling errors, 

high-quality labels—thanks to The 

Onion’s exclusive focus on satirical 

news—and independent headlines that are 

not replies to other posts. Each entry in the 
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dataset includes three attributes: the 

headline text, a sarcasm label, and a link to 

the corresponding article [31]. 

 

The second dataset, The Sarcasm Corpus 

V2 [32], is a subset of the Internet 

Argument Corpus (IAC) and includes 

posts annotated for sarcasm. It covers three 

categories of sarcastic language: general 

sarcasm, hyperbole, and rhetorical 

questions. This dataset was selected for its 

diverse range of sarcastic expressions and 

annotated markers, making it well-suited 

for training and testing a sarcasm detection 

model. 

 

3.2 Data Preprocessing 

Data preprocessing involved cleaning and 

merging both datasets. The News 

Headlines dataset contains 26,709 entries, 

including 14,985 neutral headlines from 

HuffPost and 11,724 satirical headlines 

from The Onion. Preprocessing steps 

included removing article links and text in 

square brackets, converting all text to 

lowercase, and removing punctuation and 

numerals. Headlines were then sorted in 

ascending order based on length. 

 

For The Sarcasm Corpus V2, no 

preprocessing was required since the 

dataset already included sarcasm 

annotations. Both datasets were merged, 

and a common label “GEN” was assigned 

to all headlines. Combining the datasets 

increased corpus diversity: the News 

Headlines dataset contributed formal, 

structured language, while The Sarcasm 

Corpus V2 added sarcastic and humorous 

expressions. This diversity improved the 

robustness of the sarcasm detection model 

during training. 

 
Figure 2. Row count for sarcastic and 

non-sarcastic data 

 

In Figure 3, words are visualized as a word 

cloud, where the size of each word reflects 

its relative frequency of occurrence 

compared to the other words. 

 
Figure 3. Word clouds of sarcastic and 

non-sarcastic headlines. 

 

4 MODEL SELECTION  

In this study, experimentation began with 

classical machine learning (ML) classifiers 

to detect sarcastic entries within the 

datasets. The classifiers evaluated included 

Decision Tree, Random Forest, 

Multinomial and Bernoulli Naive Bayes, 

and Support Vector Machines (SVM). The 

Decision Tree model is a non-parametric 

method that partitions the input space into 

regions corresponding to specific classes, 

while the Random Forest is an ensemble of 

decision trees that aggregates predictions 

for improved accuracy. Multinomial and 

Bernoulli Naive Bayes models are well-

suited for multiclass and binary text 

classification tasks, respectively. SVM is a 
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linear model that separates the input space 

using a hyperplane and has demonstrated 

strong performance in text classification 

tasks. 

 

In addition to these classical classifiers, we 

implemented a standard Long Short-Term 

Memory (LSTM) model using a 

Sequential deep learning architecture. The 

model consisted of an embedding layer, 

followed by two dense layers with ReLU 

activation, two Dropout layers for 

regularization, and a final dense layer with 

Sigmoid activation for output. The 

embedding layer generated dense word 

representations, while the LSTM layer 

captured temporal dependencies within the 

sequences. The dense layers captured 

higher-level patterns in the data. Despite 

achieving reasonable performance 

(accuracies ranging from 64.87% to 

84.25%), these models highlighted the 

need for an improved approach. 

 

To address this limitation, we propose a 

novel deep learning architecture called 

GMP-LSTM, which integrates Global Max 

Pooling with LSTM networks. The 

experimental results, summarized in Table 

1, demonstrate that the GMP-LSTM model 

outperforms classical classifiers, achieving 

accuracy above 90%. This performance 

indicates that the GMP-LSTM is a robust 

and effective approach for detecting 

sarcasm in textual data. The following 

section provides a detailed description of 

the GMP-LSTM model and its potential 

applications. 

 

Table 1. Classifier scores. 

Classifie

r 

Precisi

on 
Recall F1 

Accura

cy 

Decision 71.240 70.484 70.860 74.646

Classifie

r 

Precisi

on 
Recall F1 

Accura

cy 

tree 7% 5% 6% 2% 

Random 

forest 

87.869

3% 

83.264

2% 

85.504

8% 

80.816

2% 

Multino

mial 

88.800

0% 

73.401

3% 

80.369

7% 

83.517

7% 

Bernoulli 
84.753

8% 

80.168

8% 

82.397

6% 

84.254

9% 

Support 

vector 

82.057

8% 

81.215

2% 

81.221

5% 

84.224

5% 

LSTM 

model 

62.319

6% 

78.367

1% 

69.428

1% 

64.879

3% 

 

In the proposed model, the original LSTM 

layer was replaced with a 

GlobalMaxPool1D layer, which performs 

max pooling operations over temporal 

sequences to capture the most salient 

features. The architecture also includes 

four dense layers with ReLU activation 

functions, interleaved with four Dropout 

layers for regularization, and a final dense 

layer with a Sigmoid activation function to 

produce the output. The dense layers 

extract higher-level patterns from the data, 

enhancing the model’s ability to detect 

sarcasm. 

 

To further improve performance, 

GlobalAveragePooling and pruning 

techniques were incorporated. The model 

was trained for 100 epochs and consists of 

a total of 10 layers, optimizing feature 

extraction while maintaining robustness. 

 

5 RESULTS  

In this study, machine learning techniques 

were employed to detect sarcastic 

headlines, including classifiers such as 

Random Forest, Multinomial Naive Bayes, 

Bernoulli Naive Bayes, Decision Tree, and 
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Support Vector Machines. The data were 

preprocessed using tokenization, with the 

Keras tokenizer converting headlines into 

a suitable format for analysis. An 

embedding matrix was created, and a 

GMP-LSTM model was constructed using 

binary cross-entropy as the loss function 

and the Adam optimizer. 

The performance of the GMP-LSTM 

model in detecting sarcastic headlines was 

evaluated using various metrics, including 

training, validation, and testing accuracy, 

as presented in Table 2. The GMP-LSTM 

model achieved a peak accuracy of 92%, 

outperforming Bernoulli Naive Bayes and 

Support Vector classifiers, demonstrating 

its effectiveness for sarcasm detection in 

news headlines. 

Table 2. Performance matrix for applied 

classifiers. 

Classifie

rs 

Precisi

on 
Recall F1 

Accura

cy 

Decision 

tree 

71.240

7% 

70.484

5% 

70.860

6% 

74.646

2% 

Random 

forest 

87.869

3% 

83.264

2% 

85.504

8% 

80.816

2% 

Multino

mial 

88.800

0% 

73.401

3% 

80.369

7% 

83.517

7% 

Bernoull

i 

84.753

8% 

80.168

8% 

82.397

6% 

84.254

9% 

Support 

vector 

82.057

8% 

81.215

2% 

81.221

5% 

84.224

5% 

LSTM 

model 

62.319

6% 

78.367

1% 

69.428

1% 

64.879

3% 

Propose

d GMP-

LSTM 

98.250

1% 

97.547

3% 

98.391

3% 

92.548

6% 

 

The performance of different classifiers 

was evaluated using the dataset, with 

results summarized in Table 2. The 

evaluation metrics included precision, 

recall, F1-score, and accuracy. Precision 

measures the proportion of true positive 

predictions among all positive predictions, 

while recall measures the proportion of 

true positives among all actual positive 

instances. The F1-score, the harmonic 

mean of precision and recall, provides an 

overall measure of classifier performance. 

Accuracy represents the proportion of 

correct predictions out of all predictions 

made. 

 

The results indicate that the GMP-LSTM 

model achieved the highest accuracy of 

92.55%, along with high precision, recall, 

and F1-scores. Other classifiers 

demonstrated varying levels of 

performance, with Decision Tree and 

Random Forest models showing the lowest 

accuracy scores of 74.65% and 80.82%, 

respectively. These findings highlight the 

GMP-LSTM model as a robust and 

effective approach for text classification 

and sentiment analysis tasks.  

 

6 CONCLUSIONS  

This research presents an effective 

approach for detecting sarcasm in text 

using the proposed GMP-LSTM model. 

Experimental results demonstrate that the 

model achieves high accuracy in 

distinguishing sarcastic from non-sarcastic 

sentences, outperforming other classifiers 

such as Decision Tree, Random Forest, 

Multinomial and Bernoulli Naive Bayes, 

and Support Vector Machines. 

 

The findings underscore the potential of 

machine learning techniques for sarcasm 

detection and provide valuable insights for 

developing more accurate and efficient 

models. The proposed GMP-LSTM model 

can be applied to a variety of real-world 

tasks, including social media monitoring, 
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sentiment analysis, and online customer 

service, enhancing both effectiveness and 

efficiency. Future research may further 

improve performance by exploring 

additional features and optimization 

techniques. Overall, this study contributes 

to advancements in natural language 

processing and machine learning. 
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