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Abstract. NLP has been one of the best frameworks used in text era especially
in today's world of social media and influence. Sentiment analysis though old is
still one of the most used tools; however, with increase of sarcasm in social me-
dia, traditional systems are failing to accurately understand and interpret. The
research proposes a Transformer based model helping in understanding sarcasm
which is crucial in sentiment analysis. To understand their clients and comments,
many institutions use sentiment analysis. However, the increase in sarcasm has
adversely affected sentiment analysis' efficiency and legitimacy. The proposed
system will help elevate the validity and legitimacy of sentiment analysis by in-
tegrating sarcasm detection, adding trust to the results.

Keywords: Sentiment analysis, BERT, NLP, Sarcasm detection, Recommenda-
tion systems.

1 Introduction

There has been an explosion of data and comments on social media over the past
few years, flooding the internet with public opinions and conversations. Enormous
number of thoughts, reactions and experiences are posted each day. This has become
a flood of data which can be put to use, providing valuable insights for many
institutions which can be used in a number of ways which cannot be even imagined.
This data helps business, government and researchers to grow and learn. Major
technology though being ancient, NLP (natural language processing) [1] helps in
processing this text data into valuable insights leading to practices of sentiment
analysis, topic modeling et cetera. These practices help in reshaping this data which
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helps in decision making. Sentiment analysis helps in identifying the sentiment
behind a text and classifying the text into multiple classes depending upon the need.
The prime example can be seen in YouTube studio which, in this context, a definite
yes, a definite no, a neutral yes, and a definite no are the five major categories.
Sentiment analysis not only in YouTube but also platforms like Amazon is being
used, helping in recommendation and improvements.

Recent advancement in Deep Learning especially in Transformers, specially in
Encoder Style Transformer with prime illustration of [2] BERT (Bidirectional
Encoder Representation of Transformer), helps in understanding languages and
relationships behind the words. Attention Mechanism (MHA: Multi head Attention)
allows these models to understand relationships behind the words making it easier to
understand complex sentences and its true meaning.

Sarcasm has highly affected NLP thus results from its applications are not that
relevant and trusting despite metrics performance. In this research, we propose a
sentiment analysis system that also takes sarcasm into account, reassuring results of
sentiment analysis. The proposed system combines a BERT based sentiment analysis
system with a sarcasm [3] detection model. The system first identifies sentiment of
the given text and then checks whether it contains sarcasm or not. If sarcasm is
detected then the result is modified accordingly, making results trusting and more
accurate.

It consists of the following main pillars: BERT-based transformer sentiment
analysis, an algorithm to detect sarcasm in social media, an integrated approach to
detecting sarcasm combined with sentiment analysis for increased classification
accuracy, analyzing benchmark datasets to assess the proposed model's performance.

IMDB movie reviews were used to train the sentiment classification model [4],
which contains thousands of reviews labeled as positive or negative. For sarcasm
detection, the TweetEval irony dataset was used. There are several types of social
media posts in this dataset, including those categorized as sarcastic or non-sarcastic.
The implementation of the models was performed using Python in a Google Colab
environment. Libraries such as PyTorch and HuggingFace Transformers were used to
fine-tune the BERT model for both tasks. During experimentation, the sentiment
model [5] and sarcasm detection model were trained separately and then integrated
into a combined pipeline. In the proposed system, the input text is first analyzed and
modeled based on sentiment. After that, the sarcasm detection model checks whether
the sentence contains sarcasm. If sarcasm is detected, the predicted sentiment polarity
is adjusted so that the final output better reflects the actual meaning of the sentence.
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Fig. 1. Systematic Flow. Architecture of the proposed sarcasm-aware sentiment analysis
system.

This study aims to enhance sentiment by enhancing [6] through the use of a
translation. Sarcasm can be detected in message analysis models based on regression.
By identifying sarcastic expressions before determining sentiment polarity, the system
attempts to better capture the actual meaning behind social media text.

Table 1 presents a summary of previous research related to sentiment analysis and
sarcasm detection.

Based on the literature review, it can be seen that transformer based models such as
BERT have significantly improved the performance of sentiment analysis systems.

2 Literature Review

Sarcastic comments have been detected using sentiment analysis with both a
machine learning and deep learning approach by various studies. Traditional
classification algorithms work in classification of content but lack understanding of
the context.

Recent advancement in deep learning, especially in transformers, improved the
ability to understand content, thus improving efficiency in text tasks and adding the
ability of capturing token relationships with each other, which earlier techniques
significantly lacked.
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Research contributions and studies in context to sentiment analysis, sarcasm
detection and NLP are as follows:

Table 1. Summary of Notable NLP Research Contributions

Author Year Method Dataset Result

Vaswani et al. 2017 Transformer WMT Introduced attention-based N
Devlin et al. 2019 BERT GLUE Improved contextual langu
Ghosh & Veale 2016 Neural Network Twitter Detected sarcasm using con
Liu 2012 Sentiment Analysis Reviews Early opinion mining techni

BERT is significantly an important aspect of sentiment analysis, improving its [7]
performance compared to traditional classification methods. However, lack of
understanding sarcasm around social media is still an issue. Thus, integration of
sentiment analysis with sarcasm detection is key for accuracy in real world legitimate
applications.

3 Methodology

The entire system is broken down into multiple stages including text [8]
preprocessing, classification using BERT, sarcasm utility and final sentiment result
modification.

The approach is to improve accuracy of sentiment analysis by accounting for
sarcastic expressions intended to alter the content.

Input data consists of tweets and user comments, Twitter being one of the most
sarcastic platforms. Data is preprocessed using Re (an NLP library) which involves
removing unwanted elements such as URLs, special characters et cetera, ensuring
relevant information only.

In order to assess and predict the performance of the model, the cleaned text is
tokenized using the BERT tokenizer.

After preprocessing, the [9] cleaned text is tokenized using the BERT tokens for
prediction and training. Through BERT-generated contextual embeddings, the
sentiment classification model predicts the sentiment polarity of an input text.
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Fig. 2. Workflow of the proposed sarcasm-aware sentiment analysis system.

The probability of a sentiment class can be represented as:
Py | x) = Softimax(W - BERT(x) + b) )

where x represents the input text, BERT(x) represents the contextual embedding
generated by the transformer model, and W and b are trainable parameters.

Sarcasm detection is performed using a classification function that determines
whether a sentence is sarcastic or not:

S=fv) 2

where S represents the sarcasm prediction and x represents the input text.
The final sentiment is adjusted based on sarcasm detection as follows:

FinalSentiment = 1 — Sentiment,.., if sarcasm = 1; Sentiment,.., otherwise 3)

The proposed system consists of two transformer-based models designed to [10]
perform sentiment analysis and sarcasm detection independently before combining
their outputs to generate the final sentiment prediction.

The sentiment classification model was trained using data from the IMDB movie
reviews, while the sarcasm detection model was trained using the TweetEval irony
dataset obtained from publicly available NLP benchmark repositories.

3.1 Dataset Description

Two datasets are used for the classification and sarcasm detection tasks. The
IMDB dataset is used for the classification task that includes 50,000 labeled reviews,
whereas for the sarcasm model the TweetEval irony dataset is used, consisting [11] of
social media posts labeled as sarcastic or non-sarcastic.
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Both the datasets are balanced in category. The dataset allows the model to learn
contextual patterns commonly associated with sarcastic language in online
communication. The training parameters used for fine-tuning the BERT models are
summarized in Table 2.

Table 2. Training Parameters Used in the Model

Parameter Value

Model Architecture BERT-base-uncased
Framework PyTorch

Library HuggingFace Transformers
Batch Size 16

Learning Rate 2e-5

Optimizer AdamW

Epochs 3

Max Sequence Length 128

Training Platform Google Colab GPU

3.2 Sentiment Classification Model

The classification model is trained on the IMDB dataset. The dataset includes a
[12] large number of reviews labeled either as positive or negative. The model used
for the task is BERT base uncased.

By the end of training, the model understands the relationships and patterns leading
to identifying whether the content is positive or negative.

3.3 Sarcasm Detection Model

The sarcasm model is [14] trained on the TweetEval irony dataset; the dataset
includes social media comments labelled as sarcastic or non-sarcastic. Same as for
classification, BERT Base Uncased is used for the task to maintain consistency and
performance.

By the end of training, the model understands the relationships and patterns leading
to [15] identifying whether the content is sarcastic or non-sarcastic.
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3.4 Combined Pipeline

After training the sarcasm and classification models, both models are combined
into unity, thus changing the flow of commands, and the [13] data is now parsed
through the sarcasm model and then to the classification model.

If the sarcasm model labels the content as sarcastic, it now directly affects the
produced sentiment from the classification model, making the predictions more
realistic and accurate, boosting performance.

4 Results and Analysis

An experimental evaluation of the proposed system to analyze sentiment with
sarcasm is presented in this section [13]. A Google Colab environment was used to
train and evaluate the models using Python and deep learning libraries. In addition,
accuracy metrics were used to quantify the performance of the sentiment analysis
model, sarcasm detection model, and the combined sarcasm aware system.
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Using device: cuda

/usr/local/lib/python3.12/site-packages/huggingface_hub/utils/_auth.py:96: UserWarning:

The secret "HF_TOKEN' does not exist in your Colab secrets.

To authenticate with the Hugging Face Hub, create a token in your settings tab
(https://huggingface.co/settings/tokens), set it as secret in (httpe. /bglice.Coltoe) and restart your session.
You will be able to reuse this secret in all of your notebooks.

Please note that authentication is recommended but still optional to access public models or datasets.
warnings.warn(

README.md [l 78.0kB [00:00<00:00, 851kB/s)

Warning: You are sending unauthenticated requests to the HF hub. Please set a HF_TOKEN to enable higher rate limits and faster downlod
'WARNING:huggingface_hub.utils._http:Warning: You are sending unauthenticated requests to the HF hub.

Please set a HF_TOKEN to enable higher rate limits and faster downloads.

pytorch_model-00001-0f-00002. safetensors: 100% (NN 2.01G/2.01G [00:24<00:00, 83.86M8/s]
pytorch_model-00002-0f-00002. safetensors: 100% (NN 2.93G/2.93G [00:30<00:00, 97.86MB/s]
pytorch_model.bin.index.json: 100% [ 62.0k/62.0k [00:00<00:00, 15.48MB/s]

Generating train split: 100% [ ( , 9373125 samples/s]
Generating test split: 100% [N 2800/2800 [00:00<00:00, 94847.98 samples/s]
Generating unsupervised split: 100% [ ( , 149800.16 samples/s]

baracor_config.json: 100% [ :2.8k/42.8k [00:00<00:00, 5.95MB/s]
vocab.txt: 100% [N 236k/236k [00:00<00:00, 8.74MB/s]
baracor.json: 100% [N <o0k/490k [00:00<00:00, 2.07MB/s]
map: 100% [ 2800/2800 [00:29<00:00, 93.14 samples/s]
map: 100% [ 2500/2800 [00:29<00:00, 93.76 samples/s]
vap: 100% [ 5000/5000 (00:44<00:00, 115.16 samples/s]
config.json: 100% [N s75/575 [00:00<00:00, 92.36kB/s]
model.safetensors: 100% [N 4:2M/442M [00:09<00:00, 52.98MB/s]

Loading weights: 100% | 151/191 [01:00<00:00, 48.28it/s], Materializing params: bert.pooler.dense.weight
BertForSequenceClassification LOAD REPORT from: bert-base-uncased

Key | Status ]
cls.seq_relationship.weight UNEXPECTED
cls.predictions. transform.dense.bias UNEXPECTED
cls.predictions. transform.dense.weight UNEXPECTED
cls.predictions. transform.LayerNorm.bias UNEXPECTED

| |
| |
| |
| |
cls.predictions.bias | UNEXPECTED |
| |
| |
| |
| |

cls.seq_relationship.bias UNEXPECTED
cls.predictions. transform.LayerNorm.weight UNEXPECTED
classifier.weight MISSING
classifier.bias MISSING
Notes:
- UNEXPECTED : can be ignored when loading from different task/architecture; not ok if you expect identical arch.
- MISSING : those params were newly initialized because missing from the checkpoint.
Consider training on your downstream task.
Epoch 1

100% [ 179/179 [00:38<00:00, 4.61it/s]
Average Loss: 0.5408602470459219

Epoch 2
100% N 179/179 [00:36<00:00, 4.84it/s]
Average Loss: 0.522145551343284

Epoch 3
100% [N 179/179 [00:37<00:00, 4.79it/s]
Average Loss: 0.3174488672555199

Sarcasm Accuracy: 0.6964285714285714

Fig. 3. Training Process and Accuracy.
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Using device: cuda
ReaDME.md: Il 23.0% (00:00<00:00, 2.24MB/s]

ironytain-00000-of-00001.parquet: 100% | 153/183 (00:01<00:00, 148M8/s]
ironytest-00000-of-00001.parquet: 100% [EEECGEGEGEGEGEGEEEE 5:.0/54.0k [00:00<00:00, 123kB/s)
ironyvalidation-00000-of-00001.parquet: 100% R 61.1k/61.1k [00:00<00:00, 133¢B/s]
Generating train spit: 100% [ EEEREEEEEEE :862/2862 (00:00<00:00, 96842.39 examples/s]
Generating test spit: 100% [ 784/784 (00:00<00:00, 32572.28 examples/s]
Generating validation spiit: 100% ENNNNNENNRR 955/955 [00:00<00:00, 49476.41 examples/s]
Map: 100% (DD 2362/2862 [00:00<00:00, 9142.25 examples/s]

map: 100% [ 7::/754 [00:00<00:00, 7452.32 examples/s]

Map: 100% [ o55/955 (00:00<00:00, 7382.78 examples/s]

weight]

Loading weights: 100% | 121/191 (00:00<00:00, 648.48it/s, Materializing pa

BertForSequenceClassification LOAD REPORT from: bert-base-uncased

Key | Status |
cls.seq_relationship.weight | UNEXPECTED |
cls.predictions.transform.dense.bias | UNEXPECTED |

cls.predictions. transform.dense.weight | UNEXPECTED |
cls.predictions. transform. LayerNorm.bias | UNEXPECTED |

cls.predictions.bias | UNEXPECTED |
cls.seq_relationship.bias | UNEXPECTED |
cls.predictions. transform. LayerNorm.weight | UNEXPECTED |
classifier.weight | MISSING |
classifier.bias | MISSING |
Notes:

- UNEXPECTED : can be ignored when loading from different task/architecture; not ok if you expect identical arch.

- MISSING : these params were newly initialized because missing from the dheckpoint.
Consider training on your downstream task.

Epoch 1
100% [ 179/179 [00:38<00:60, 4.61it/s]
Average Loss: 0.5408602470459219

Epoch 2

100% [ 179/179 [00:36¢00:00, 4.84it/s]
Average Loss: 0.522145551343284

Epoch 3

100% [ 179/179 [00:37<00:00, 4.79it/s]
Average Loss: 0.3174488672555159

Sarcasm Accuracy: 0.6964285714285714
Fig. 4. Accuracy of the sarcasm detection model.

Table 3. Performance Comparison of Models

Model Accuracy (%)
Sentiment Analysis Model (BERT) 85.1
Sarcasm Detection Model (BERT) 69.6

Combined Sentiment Pipeline 49.1

311
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Using device: cuda

Loading weights: 10% [N 201/201 [00:00<00:00, 622.84it/s, Materializing param=classifier.weight]
Loading weights: 10% [N 201/201 [00:00<00:00, 767.37it/s, Materializing param=classifier.weight]

Text: I love this phone
Sarcasm: 1
Final Sentiment: @

Text: This movie is terrible
Sarcasm: 0
Final Sentiment: @

Text: Great. Another Monday.
Sarcasm: 1
Final Sentiment: @

Text: Oh fantastic, my exam got postponed again
Sarcasm: 1
Final Sentiment: @

Fig. 5. Proposed System Prediction.

The result indicates a sharp decline in accuracy of the model when integrated with
[16] sarcasm awareness; the sarcasm polarity is one of the key factors behind the
sharp decline in accuracy though when tested independently both the models'
performance was good enough.

5 Discussion

Both of the tasks, whether classification or sarcasm detection, achieved good
accuracy independently, showcasing the performance and agility of [17] Transformer
based classification, capturing relationships and underlying patterns in the context, far
surpassing traditional machine learning methods.

The combined system illustrated [18] a sharp decline in the accuracy; the metrics
show low accuracy on the tasks but, in the end, the predictions made were accurate at
least for sarcastic content.

Some key reasons behind the sharp decline could be improper balance between
models' decisions, [19] sarcasm polarity indifference and some other integrating
factors.

Despite the limitations, adding [20] sarcasm awareness adds another layer of
complexity to the task, though necessary for real world application and deployment.
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6 Conclusion

The experiment allows us to understand the severity of sarcasm for applications
like sentiment analysis and content modeling; with the increase in sarcastic content
over the internet, it has become extremely important to account for it in measures.

Sentiment analysis is an important aspect of deep learning and when infused with
sarcasm detection makes its results more reliable. Though integration gaps and
methods are still a major concern, as the method used in the experimentation indicates
a sharp decline in metrics which is confusing.

The polarity of sarcasm infused with the results of the sentiment model could be
more finely integrated, and with better integration the metrics should rise. Two major
factors for such decline in metric are due to improper integration and polarity of
sarcasm.

7 Future Directive

Future work will be focused on improving generalization and reliability for
integration of modern Al methods to create a balance between the integration of
sarcasm and classification task to improve reliability of sentiment analysis.
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The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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