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Hybrid Approaches to Sarcasm Detection in Social
Media: Comparing Rule-Based, Statistical, and Deep
Learning Models

Sayali Thakur
x23139901

Abstract

Instagram, YouTube, or Twitter—people regularly use sarcasm in their com-
ments, processing sarcasm as a text-emoji interaction, which creates difficulties for
sarcasm detection as a computational challenge. This research endeavour therefore
seeks to overcome this challenge in the following manner: We assess the perform-
ance of several methods for identifying sarcasm that hail from various categor-
ies: rule-based systems, traditional machine learning, and the recent complex deep
learning models. The first goal is to investigate how successful these models are
in recognizing if the sarcastic comment is polite or rude, understanding a set of
data from Twitter encompassing textual content and emojis. the study shows the
relationship between the forms of words and contextual signals and the fact that
state-of-the-art models are more effective than previous purely language-based ones
in addressing this relationship. The findings show that incorporating text and emoji
features improves the model’s recognition and assessment of sarcasm. This work
offers theoretical suggestion concerning the linguistic and contextual characteristics
of sarcasm on one hand and practical implications for sentiment analysis and social
media moderation on the other hand. These features have become the object of
future research with regard to the enhancement of cross-domain adaptability and
refining model efficiency.

Keywords: Sentiment Analysis, Social Media, Text Analysis, Emoji
Analysis

1 Introduction

Recognition of sarcasm in social media has become relevant as a topic that needs to
be investigated because of the active expansion of social media-based communication
networks and their growing impact on society. Social media today, such as Instagram,
Twitter, YouTube, and Facebook, experience millions of people interacting daily, not
excluding sarcasm. Sarcasm, where one says the opposite of what he or she actually
means, is a problem for automatic systems as it involves linguistic, contextual and at
times even gestural hints like emoticons. Due to the need for better product, particularly
in brand protecting, sentiment analysis systems that include sarcasm detection are a
useful element in the systems used for mental health, content moderation, and more.
Currently, sarcasm detection is a very technical problem and still an open case despite
the developments in natural language processing and more advanced machine learning.



Authors such as Maynard and Greenwood| (2014) and Greenwood like to remind us that
sarcasm is one of the ways that cannot be identified using traditional sentiment analysis,
which is based on a lexical approach and word lists. Further, in their study, |Castro et al.
(2019) have shed light on the importance of emojis in improving model performance for
sarcasm identification. However, a significant gap has been left wide open in the kind
of sarcasm a model should be able to identify and categorize into refined categories like
polite and rude sarcasm, which are very common on Twitter. To fill this gap, more
innovation and implementation of text associated with emojis have been recommended
to enhance detection.

Hence there is a need to study sarcasm detection due to the fact that it interfaces
with various aspects in both theoretical and practical fields. For example, some businesses
use sentiment analysis for customer feedback and might get an incorrect idea because of
sarcastic main and feedback. Likewise, a failure to identify sarcasm hinders mental health
evaluations, where any misinterpretation of language can be a problem. To address these
challenges, this study will seek to use a multimodal approach for comparison since the
use of textual and visual cues has been identified as a promising way of dealing with
the complexity of sarcasm detection. As the related features comprise emojis, shifts in
the sentiment polarity, and the organization of language constructs, they advance the
determinant of detection outcomes. As in recent work of Mishra et al.| (2021) revealed
that the integration of these features together will improve the methodology for handling
and classification of sarcastic content.

This study explores how machine learning models—spanning rule-based, statistical,
lexical, machine-learning-based, and deep-learning-based approaches—perform in pro-
cessing linguistic and contextual features in the context of sarcasm detection. Further-
more, it investigates how these models distinguish between different types of sarcasm,
such as polite versus rude sarcasm, using Instagram comments enriched with text and
emojis.

The structure of this paper is as follows: Section 2 focuses on the related work with
a detailed examination of the prevailing literature on sarcasm detection in historical and
current studies, as well as in both conventional and modern approaches. Section 3 explains
the method employed in this work in regard to sarcasm detection and the models utilised
in the different approaches. In section 4, the authors go further to show and describe
the system implementation: data preprocessing, model selection, and feature extraction.
The details of the results, which include the quantitative assessment of the models and
their corresponding metrics, are provided in Section 5. Lastly, Section 6 presents the
summary of all the results to give a conclusion of the study and a preview of future
research endeavors.

2 Related Work

Since people are unique in expressing themselves to one another not only by text but also
by displaying icons like emojis, sarcasm recognition from social media posts has emerged
as a research topic of great importance. Previous studies in this area have mainly shed
light on text analytics alone or emoji analytics alone, with relatively few attempts made
to merge the two to enhance the performance of our sarcasm detection model.



2.1 Analysis in Sarcasm Detection

Sarcasm detection in its initial stages was much aligned with the analysis of the text.
Bouazizi and Otsuki Ohtsuki (2016)) proposed a pattern-based sarcasm detection approach
for large-scale Twitter data. Their approach got the accuracy of 83.1% by utilizing the
most careful lexical features and did not think about multidimensional parts like emojis.
Maynard and Greenwood| (2014) explained why non-content-based models of lexicon-
based sentiment analysis fail to work for sarcasm detection. They claimed that sarcasm
understanding involves contextual as well as emotional aspects, thus the gap in many of
the state-of-the-art models.

In order to improve the detection of sarcasm in social media comments, |Rendalkar
and Chandankhede (2018), implemented emotion detection methods. While showing
enhanced performance by including emotional signals, their work covered only textual
characteristics and failed to take into account emojis, which frequently act as the signal
of sentiment. For instance, imbalanced classification in sarcasm was tackled by multi-
strategy ensemble learning as postulated by Zhang et al. (2020). Nevertheless, their
method only operated at the textual features; however, it was superior to several bench-
marks.

Some of the recent works, like Kumar and Garg| (2019)) introduced more sophisticated
techniques of feature engineering in sarcasm detection work. Their work put much focus
on the features of language but failed to capture the relationship between the text and
emojis. |[Hazarika et al. (2018)) took the work further by employing deep learning tech-
niques to address the Discourse level: Sarcasm. However, their focus was only on textual
features, and more work can be done on how the integration of these modes is done.

2.2 Emoji Analysis in Sarcasm Detection

Nowadays emojis cannot be considered a mere addition to the text but an essential part
of it, as they give an additional shade of the meaning. Describing the ideas of Chauhan
et al.| (2022a,b) , the authors argued about the emoji-aware multi-task framework for
sarcasm detection, where emojis are helpful for the sentiment analysis. They discovered
that emojis uphold model performance due to the inclusion of the emotions that go with
them. Likewise, Felbo et al,| (2017)) have used emojis as features in several domains and
achieved substantial enhancement of sarcasm detection. But none of these investigations
analyzed the use of emojis and texts for their semantic integration.

Similarly, extending sarcasm detection frameworks by (Castro et al.| (2019)) experi-
mented with emojis as additional features to sarcasm detection frameworks. In their
study, they were able to show that they were able to improve the rate of sarcasm detec-
tion by 29% using emoji-based emotional information. However, their work lacked three
issues of the study, which include the distinction between polite and rude sarcasm, which
is significant when detecting sarcasm.

Zhang and Chen| (2024)presented the EPE model as a fusion-based emoji sentiment
analysis model. Thus, their model outperformed when pre-trained emoji features were
combined with contextual text embeddings. Multifeature Fusion Sentiment Analysis was
presented by [Tang et al.| (2024) under the name of EMFSA—Emoji-based Model. Their
kind of cross-attention mechanisms to integrate the text and emoji characteristics showed
signs of improvement but failed in sarcasm detection.

Other recent work by Meriem et al.| (2021) was devoted to emoji-based features for



sentiment analysis but did not consider how these features affect the set of known text-
based sentiment features to enhance sarcasm detection.

2.3 Multimodal Approaches for Sarcasm Detection

The log-linear model combining of text and emojis hence presents a milestone achieve-
ment in the sarcasm recognition process. Further, Schifanella et al.| (2016|) presented text
and image based multimodal sarcasm detection. Despite their work highlighting cross-
modal interactions, they did not include emojis in their study. Recently, |Mishra et al.
(2021)) suggested that the sarcasm could be detected using texts, emojis, and images sim-
ultaneously. Despite this, their approach had the following shortcomings in analyzing the
relation between the text and emojis: The authors approach of analyzing the two papers
was sufficiently effective, but it lacked a comprehensive evaluation of the relationship of
text to emojis One tree of their unique approach was that through their analysis of the
two papers, they did not consider a sufficient evaluation of how emojis interacted with
text.

There has been another paper, referred to by [Zhang et al. (2020), in which a mul-
timodal sarcasm detection framework based on textual and visual cues were proposed.
During the application of their method, emojis were not considered, although their
method showed excellent performance on image-text relations. In the study by Razali
et al.| (2017)Razali et al. (2017), the authors underlined the necessity of considering
multimodality in sentiment analysis; however, the authors focus only on textual charac-
teristics.

About the same time, Sun et al|(2019)) used deep contextual models to enhance the
detection of sarcasm in dialogues. Their work showed how it is possible to use both low
and high-level characteristics at the same time but no emojis. Hazarika et al,| (2018
published a work in 2018 that was to enable further researching in the field of complex
multimodal frameworks and insights into the inter- and intra-modal dynamics regarding
sentiment analysis.

2.4 A Gap in the Literature: Text and Emoji Fusion for Sar-
casm Detection

While there has been significant development in both textual and emoji analysis, far less
effort has been expended to systematically experiment with the integration of textual and
emoji features for sarcasm identification. Almost all current models either consider the
text and emoji features while excluding the textual features of the emojis or completely
ignore the graphical content of emojis. This is a major void because sarcasm contains
textual and non-textual elements and hence both are features that must be incorporated
in this process. For instance, sarcastic expressions may be much easier if the textual
tone is accompanied with an ironic or exaggerated emoji; however, many models do not
consider this.

Besides, there is no distinction between polite and rude sarcasm in the current models
either. While (Castro et al. (2019)) and |Felbo et al.| (2017)) have pioneered research in the
context of emoji usage, no prior work has focused on emoji’s usage to identify the various
types of sarcasm. Similarly, (Chauhan et al.| (2022a) showed that emojis are helpful in
the detection of sarcasm, but it was not investigated how emojis connect with textual
characteristics.



In fact, some research work like those provided by [Sentamilselvan et al.| (2021alb) and
Liu et al.| (2014)) has tried to address this but it is often a shallow integration. They
either analyze these features distinctly, or simply do not give enough attention to the
dependency between these features in sarcasm identification. Currently, there are no
concrete models that address how these modalities can work in conjunction with one
another in a way that was not limiting their potential during sarcasm detection.

To this end, this study fills this gap through a multimodal framework of redundant
linguistic features and emojis for sarcasm identification. The proposed approach discusses
the joint impact of both the features, which in turn offers understanding based features,
as well as how the features work together to improve the detection of sarcasm, including
polite and rude sarcasm. More precisely, this research aims at assess whether and to
which extent the incorporation of text and emoji features can help to enhance sarcasm
identification in social media.

2.5 Summary

In conclusion, the findings of this survey contribute to the sarcasm identification problem
by enhancing text and emoji analysis while identifying the existing voids in multimodal
integration and differentiation of different kinds of sarcasm. This research seeks to fill
these gaps by introducing a single framework for integrating text and emoji features.
This way, the study aims at enhancing the combined performance of the modalities under
investigation for enhancing the accuracy of the sarcasm recognition while also revealing
the specificities of the polite and rude sarcasm. The proposed framework is expected
to provide inspiration for executing effective sarcasm detection approaches that are yet
to be implemented, at the same time creating a foundation on which scholars can built
consecutive modes of sentiment analysis involving other forms of communication.

3 Methodology

Initial Idea and Initial Review of
Field of Research the Literature

I

No —

Gaps
Identified
?

—y Research Question Thorough Examination
€s Formulation of the Literature

i T
Conduct 1 Acquire Designing Formulate In- No
Experiments Required Data Methodologies depth Question L
Analysis of ; C T Yes J
nalysis o ompose
Result Thesis

Figure 1: Research Process

Refine
Question?

The rationale and sequence of this research process for this paper are illustrated



in the Figure [l It starts with defining the work domain as the detection of sarcasm
in Social Media’s comments with further consideration of texts and emojis as problem
sources. The research begins by identifying what is already known about the problem
through a preliminary literature search to learn about current approaches, opportunities,
and limitations to sarcasm detection. From this review, shortcomings of the previous
research are evaluated especially about the use of emojis in sarcasm detection. In case
of the emergence of gaps, a concrete research question is defined and is focused on the
evaluation of the performance of various types of machine learning models, including
rule-based, statistical, lexical, and deep learning, in detecting sarcasm, especially when
it comes to sarcastic tones in Instagram comments.

After the research question has been established, a review of the literature takes
place in order to clarify the research question to fit in the gaps realized and recognized
within the existing literature. This examination also provides a clearer picture of why
there is a need to look for various methods to embracing sarcasm detection, especially
considering the multimodal approaches. Upon following the process of defining a narrower
research question, the methodologies are devised, including both text and emoji elements
in models. From these methods, data is collected and experiments are carried out to
compare the performance of various models in identifying sarcastic and non-sarcastic
comments. Data is collected from the open source, and the results that will be obtained
are processed to identify which model is efficient in identifying sarcasm in textual and
emoji-based messages. The results are then summarized in the final conclusion, which
is the thesis. The use of an iterative, economistic loop in this process underlines the
significance of related work and ongoing development of the methodology in the progress
of the exploration of sarcasm detection.

3.1 methodology architecture

Model Selection
Preprocessing Feature Extraction Se— Model Evaluation

Data Cleaning Sentiment Random Forest
Analysis

F1-Score

Data Collection

‘ Recall
— Tokenization _— Word Embedding M —_—

, T M

Lemmatization & Precision

TF-IDF
Stemmin,
s Rule-Based

Stop Word Bag-of-Words(B0W) Accuracy
Removal | BERT

Figure 2: Methodology Architecture

The research methodology is based on the data pipeline as it is depicted in the Fig-
ure |2| to filter comments from social media for sarcasm detection. The process starts
with a Data Collection module that naturally fetches data from different social media
platforms, inclusive of Twitter and YouTube. The collected data is analyzed by going
through several stages to obtain the final result. First, Preprocessing entails the pre-
paration of data for the subsequent stage, then Data Cleaning that rids data of noise
and unwanted information. After that, Tokenization divides text into equally sized
smaller textual data, while Lemmatization & Stemming normalize these tokens or



cut them down to form their simplest part. Stop Word Removal removes unnecessary
and meaningless words. The words are then translated into numerical forms via a Word
Embeddings and TF-IDF to enable model training for the words.

Data pipeline then moves to the NLP Model Selection where we identify the right
models for Sarcasm detection. Subsequently, Model Evaluation confirms how effect-
ively the model is able to correctly detect sarcasm, and then it is polite or rude. The
whole process guarantees that the model is free from any noise and is suitable for sarcasm
identification in social media comments.

3.2 Step 1 - Data Collection

The dataset used for this research consists of two main parts. Dataset 1, as shown in Fig-
ure (3 contains 19,708 rows of YouTube comments. It includes columns such as username,
comment, time posted, and likes. Dataset 2 as shown in Figure |4| The text data used in
this paper is obtained from the WANLP 2021 Shared Task on Sarcasm and Sentiment
Detection in Arabic by Abu Farha et al.| (2021)). It contains 15,545 tweets which were
translated into English for analysis, with columns for the tweet text (tweet), sarcasm label
(sarcasm), sentiment (sentiment), and dialect (dialect). The sarcasm column indicates
whether the tweet is sarcastic (1) or not (0), and dialect specifies the language variant
used.

Dataset2 loaded successfully.

Number of rows: 15545 tweet sarcasm sentiment \
® Dr. #Mahmoud_Al-Alaili: I see that Lieutenant ... 2] NEU
1 "With Federer, Aga, and the big boys & https:/... 2] NEU
2 “Those who advocate the principle of mixing be... 1 NEG
3 "@ihe_94 @ya78m @amooo5 @badiajnikhar @Oukasaf... 1 NEG
4 "Say East Aleppo and do not say East Aleppo...... ] NEU

dialect
] msa
1 msa
2 msa
3 gulf
4 msa

Figure 3: Datasetl Description

Datasetl loaded successfully.
Number of rows: 19708 username comment \

e @trevornoah Subscribe if you haven't already! http://bit.1...

1 @keithlenton5313 One of my favourite comedians, Trevor. You’re ...

2 @praveenmalhotral59 Thank the local traitors who opened the door o...

3 @Light_spot_ That talent 1]

4 @vic-vf5tm That was hilarious.
time_posted likes

@ 2021-02-26T21:22:32Z 7999

1 2024-11-14T07:57:27Z 2]

2 2024-11-13Te@2:36:12Z 2]

3 2024-11-12T22:26:49Z 2]

4 2024-11-12T20:08:55Z 1

Figure 4: Dataset2 Description



3.3 Step 2 - preprocessing methodology

The preprocessing steps are even more important because we need to prepare the raw
data to be understandable to the machine learning models. The following sequence of
steps is followed now to clean the text and emoji data and transform it into some useful
features for sarcasm detection. Results of some preprocessing are represented in Figure

Preprocessing step completed. Rows after removing missing values:

15545
Initial Dataset Info:

<class 'pandas.core.frame.DataFrame'>
Rangelndex: 15709 entries, 0 to 15708

Cleaned Dataset Info:
<class 'pandas.core.frame.DataFrame'>
Index: 15545 entries, 0 to 15545

Data columns (total 4 columns):
# Column  Non-Null Count Dtype

Data columns (total 4 columns):
e # Column  Non-Null Count Dtype
tweet 15709 non-null object —n e

sarcasm 15546 non-null object tweet 15545 non-null object
sentiment 15546 non-null object sarcasm 15545 non-null int64
dialect 15546 non-null object sentiment 15545 non-null object
dialect 15545 non-null object

w N =0
w N =0

First few rows:

tweet sarcasm sentiment dialect First few rows of cleaned dataset:

0 Dr. #Mahmoud_Al-Alaili: | see that Lieutenant ... FALSE NEU msa tweet sarcasm sentiment \

1 "With Federer, Aga, and the big boys & https:/... FALSE ~NEU msa 0 Dr. #Mahmoud_Al-Alaili: | see that Lieutenant ... 0 NEU

2 'Those who advocate the principle of mixing be... TRUE NEG msa 1 "With Federer, Aga, and the big boys & https:/... 0 NEU

3 "@ihe_94 @ya78m @amooo5 @badiajnikhar @Oukasaf... TRUE ~ NEG gulf 2 “Those who advocate the principle of mixing be... 1 NEG

4 "Say East Aleppo and do not say East Aleppo...... FALSE NEU msa 3 "@ihe_94 @ya78m @amooo5 @badiajnikhar @Qukasaf... 1
NEG

Unique values in 'sarcasm": 4 "Say East Aleppo and do not say East Aleppo...... 0 NEU

['FALSE' 'TRUE' 'sarcasm' nan]
<ipython-input-4-0c2e03057a0e>:25: FutureWarning: Downcasting behavior in ‘replace’ is dialect
deprecated and will be removed in a future version. To retain the old behavior, explicitly 0 msa
call ‘result.infer_objects(copy=False)". To opt-in to the future behavior, set 1 msa
“pd.set_option(‘future.no_silent_downcasting', True)' 2 msa
df_cleaned|['sarcasm'] = df_cleaned['sarcasm'].replace({'FALSE": 0, 'TRUE": 1}).astype(int) 3 gulf
4 msa

Figure 5: Preprocessing

e Data Cleaning: The first type of data preprocessing involved some pre-cleaning,
and this involved the removal of rows that contained missing tweet data with the
help of the data.dropna() function. This makes the entries that feed into the model
training valid and complete, hence optimizing the results.

e Text Preprocessing: The preprocessing step is essentially important in data cleans-
ing, organization, and relevancy before the actual analysis in the model. Here’s the
step-by-step breakdown of the preprocessing methodology followed in this research

e Tokenization: Tokenization is the process of splitting all the text into separate
words, or more commonly referred to as tokens. This step is crucial for the follow-
ing step where the model analyzes text because text can be, at times, ginormous,
and it makes the work easier for the model to work on text that is in smaller and
manageable chunks. Lemmatization and stopword removal are built upon tokeniz-
ation and cannot be performed without tokenization.

e Lemmatization & Stemming: Lemmatization and stemming bring words to the
base form, and in this way, all the derivatives of the base form are incorporated in
the same group. For instance, where the word ‘running’ is used and it should be
abbreviated, the result is RUN. This makes the work easier in detecting sarcasm,
which would otherwise be greatly misled by the smallest of differences in wording.



e Stop Word Removal: It is also revealed that frequent and uninformative words such
as ‘the’, ‘is,” and ‘and’ have high probability scores for sarcasm detection. These
stopwords are excluded to decrease the dimensionality of the data and to bring more
light to major words that can help in the determination of sarcasm and sentiment.

e Balancing the Dataset: There is a presence of class imbalance, to overcome this,
the SMOTE algorithm was used in order to maintain the proportionality between
the sarcastic and non-sarcastic example sentences.

3.4 Step 3: Feature Extraction

Feature Extraction The actual conversion of the cleaned text into an entity understand-
able by a machine learning program is the next step. Two primary sources—text and
emojis—were processed to maximize the retention of sentiment and contextual informa-
tion as shown in Figure [6] Various methods are used for this are listed below -

Text feature extraction (TF-IDF) completed. Shape of TF-IDF features: (15545, 1000)

---- Extracting Emojis ----

Extracted emojis example:

tweet emojis 0

Dr. #Mahmoud_Al-Alaili: | see that Lieutenant ... [NO_EMOQJI] 1
"With Federer, Aga, and the big boys & https:/... [ 4

Resampled training set shape after applying SMOTE: (14140, 1130)

---- Emoji One-Hot Encoding ---- Shape of One-Hot Encoded Emoji Features: (15545, 895)

BERT Tokenization Complete:

Input IDs Shape: (15545, 128)

---- Splitting Data into Train and Test Sets ----

---- Data Shapes After Splitting ----

X_train_text: (12436, 128), X_test_text: (3109, 128)
X_train_emoiji: (12436, 895), X_test_emoji: (3109, 895)
y_train: (12436,), y_test: (3109,)

Figure 6: Feature Extraction

e Sentiment Analysis: Specifies emotions—positive, negative, or neutral—that are
important when filtering out sarcasm that is always at polar opposition with literal
meaning.

e Word Embeddings: Embed words into a high-dimensional space, which contains
relevant semantic information for the model to infer relations between words.

e TF-IDF (Term Frequency-Inverse Document Frequency): Picks the most important
words with regards to the frequency and the rarity of each word within the entire

9



corpus. This makes it possible for the model to concentrate on particular tokens
that are most likely to be sarcastic.

Bag-of-Words: Stands for the number of words to allow the model to detect frequent
patterns concerning sarcasm.

Emoji Feature: Extraction Emojis are popular in online communication and are
essential in sarcasm identification. From the comments, we remove only emojis
and among them we convert the emojis into one-hot encoding and TF-IDF. This
not only creates an improved data interpretation but also facilitates the model to
embrace evaluation on the sentiment expressed through means of emoticons.

Through these preprocessing steps, it is possible to preprocess the data set for training
in order to avoid using many irrelevant data and many features that do not contribute
to model performance. It requires a complete cleanse and transformation of the data
preceding the development of sarcasm detection models.

3.5

Step 4 - Model Selection

This research adopts a multimodal model architecture, integrating traditional machine
learning and BERT-based deep learning approaches. Each model also comes with its own
advantages to the task.

Rule-Based Methods: Keyword-based schemes offer reference comparisons as per
rule-based, linguistic patterns, or templates are used in many cases. They are
especially helpful in any tasks for which one needs to compare different textual
features such as changes in sentiment and use of punctuation marks.

Support Vector Machine (SVM): SVM has been used due to its performance in high
dimensions and for text data, which will be represented using TF-IDF and word
embeddings. The learning rate hyperparameter was adjusted, and the hyperpara-
meter CC that measures the trade-off between the level of error on training data
and model complexity was optimized.

Naive Bayes: This probabilistic classifier is Naive however, for business, this is fine,

especially for text classification tasks whereby features are assumed independent
with bag-of-words (BOW) features.

Random Forest: Selected due to its ensemble learning approach, Random Forest
performs well when faced with non-linear mapping of inputs. Other hyperparamet-
ers for the best model, including mazdepth the number of trees, (n — estimators)
were optimized.

XGBoost: What is popular with the enhancement of the gradient boosting frame-
work is the level of accuracy as well as the efficiency. This was chosen for its
aptitude to address the class imbalance problem and high interpretability by the
feature importance analysis.

BERT-based Models: For enhanced object-level understanding of the text, deep
learning techniques, especially BERT, were utilized. These models effectively in-
corporate textual and emoji features, analogous to the way language and facial

10



expressions complement each other in communication. Hyperparameter optimiza-
tion was conducted, with learning rates ranging from 2e—5 to be—>5, batch sizes
of 16 and 32, and experimentation with freezing layers for various trials to achieve
optimal performance.

This paper’s model selection strategy mirrors this approach: it draws from baseline
models for initial comparison and employs state-of-the-art deep learning models to fit
complex, multisensory data patterns.

3.6 Step 5 - Hyperparameter Tuning

The last of these steps involves the Optimal Model Selection step,which determines the
configurations likely to give the best validations. To improve the performance of the
model, hyperparameter tuning was done in the following manner as referenced in Fig-
ure 77

e Grid Search CV: All hyperparameter setting for all the traditional models were
tried out in the current study.

e Random Search: A faster method for deep learning models in order to sample key
hyperparameters like learning rate and batch size.

e BERT Fine-Tuning: Fitness correction of frozen layers and epoch counts was used
to guarantee that the model captured sarcasm.

4 Design Specification

This section builds on the architecture of the models used in the context of multimodal
sarcasm detection systems. It focuses on two core categories of models: most of the
previously proposed machine learning techniques and state-of-the-art deep learning tech-
niques, including BERT-based approaches. The design is such that there are instantiation
layers for textual and emoji features that form a strong pipeline for sarcasm detection
and classification.

The Figure|7|combines sarcasm identification with politeness determination as a single
stage of processing the social media comments. Processes input streams: textual com-
ments and emojis. With textual data, they often use sarcastic cues in the text, and
emojis are used to control for emotional features of the language and text.

As for textual data, it is tokenized and embedded with BERT: a special approach
to capturing semantics unfamiliar to regular RNNs. The emojis are then forwarded
through an encoder to obtain numerical vectors, as these capture the contextual emotional
interpretation of the emojis. These features are then passed through a fusion layer, and
the dropout layer is applied to cater to the overfitting. The combined features are then
input again to a dense layer to determine if the given input is sarcasm or not and has a
binary output.

If sarcasm is found to be present, then the model goes on to decide whether the
comment is polite or rude with the help of another fully connected layer. In this way,
only when there is sarcasm, a politeness classification will be conducted, making the
process more efficient. The use of multimodal inputs and deep contextual embeddings
from BERT makes the design of sarcasm detection and tone evaluation highly scalable
and flexible for future use.
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Figure 7: Design Specification

5 Implementation

The focus of the proposed solution implementation was laid on the identification of sar-
casm and classification of its politeness/rudeness degree in the context of social media
comments based on text and emoji data. The last phase of the implementation was the
creation of the pipeline, which processes the text data and emojis to generate outcomes.
This section identifies the deliverables developed as well as the tools and languages de-
ployed and the procedure followed in order to deploy the solution.

5.1 Data Transformation and Preprocessing

Cleaning and transforming of the raw data were carried out before it could be used in
modeling. In the text data preprocessing step, words were taken to their base form to
minimize the depth of analysis. URLs as well as special characters were stripped off
while stop words were also omitted from the input data. Emoji data was preprocessed
and converted to a machine-readable format by applying one-hot encoding to the data
features and then reducing the feature space size through principal component analysis.

To complement the sentiment score, other features were designed based on polarity
scores from TextBlob and POS count from the text. These features were combined with
textual representations of terms in the frequency of inverse document frequency sense
(TF-IDF) and emoji features to construct an integrated dataset.
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5.2

Model Development

Multiple models were developed to compare their effectiveness in sarcasm detection:

5.3

Baseline Rule-Based Model: This model was based on the list of keywords charac-
teristic of sarcasm, which allowed simple comparison with the text.

Machine Learning Models: The older classification models which were used were
Naive Bayes, Support Vector Machine (SVM), Random Forest, and Extreme Gradi-
ent Boosting (XGBoost). Therefore, using grid search and Bayesian optimization,
XGBoost was optimized for its efficient functionality.

Deep Learning Model: A multimodal architecture was proposed having BERT em-
bedding for the textual components and dense layers for emoji components. This
approach used transfer learning to extract contextual data from text while also
employing emoji features for some more context.

Polite vs. Rude Classification: The system further evolved to distinguish between
polite and rude sarcasm with the help of the integrated features so that more precise
analysis was performed.

Outputs Produced

The final implementation generated several outputs:

Processed Data: Explicit data after cleaning and tokenization in the form of text
data with emojis encoded as well as a linguistic feature analysis such as getters,
pronouns, sentiment analysis, and POS counts.

Models: Several machine and deep learning models were built and tested on the
dataset with the deep learning model actively improving the accuracy.

Hyperparameter Tuning Results: Achievements accomplished by hyperparameter
optimization using GridSearchCV and Bayesian Optimization, with a display of
the best settings of each model. During feature selection, Bayesian optimization
was used to tune hyperparameters that were in the XGBoost model. Optimization
for hyperparameters was performed with 10 initial points and 30 iterations in the
corresponding search space, while the key parameters search space was defined for
the optimization of hyperparameters as shown in Figure [§

SHAP analysis: To measure the performance of the model, classification reports
were used in the process as represented in Figure[9] These steps proved quite useful
in analyzing how different features are important and how good the models are in
predicting.

Visualizations: Data interpretation of data distributions, features importance, and
model predictions by SHAP and word clouds.

Performance Metrics: After developing the models, appropriate evaluation metrics,
including accuracy, precision, recall, F1-Score and confusion matrix will be em-
ployed so as to ensure the correctness of the evaluation results when comparing the
performances of different models.
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| iter | target | colsam... | learni... | max_depth | n_esti... |

| 1 | @.63%6 | 0.6873 | ©.1%906 | 8.124 | 199.7
| 2 | @.6392 | 8.578 | e.e3964 | 3.407 | 266.5
| 3 | 8.6405 | e.3006 | @.144s5 | 3.144 | 292.5
| a | @.6353 | @.9162 | e.ese3a | a.273 | 95.85
| s | 8.6379 | 8.6521 | e.1e97 | 6.824 | 122.8
| 6 | @.6357 | @.8e59 | e.e365 | 5.045 | 141.6
| 7 | 8.6399 | 8.728 | @.1592 | 4.398 | 178.6
| 8 | 8.6403 | 8.79862 | @.@1883 | 7.253 | 92.63
| o | e.6404 | @.5325 | e.1903 | 9.759 | 252.1
| 10 | B.636 | 8.6523 | e.e2856 | 7.79 | 16@.0
| 12 | @.6376 | e.5076 | e.es3e7 | 9.803 | 252.2
| 12 | @.6353 | @.5246 | @.@1351 | 7.204 | 231.0
| 13 | 8.6371 | 8.5022 | @.e1767 | 6.265 | 138.0
| 14 | @.6447 | @.9854 | @.1448 | 9.957 | 143.5
| 15 | B.6312 | 8.7358 | e.eapas | 8.614 | 74.13
| 18 | 8.6433 | 8.9692 | e.1442 | 6.151 | 299.6
| 17 | @.6348 | ©.8876 | ©.1776 | 4.59 | 143.1
| 18 | @.6384 | 8.5968 | e.128 | a.738 | 241.9
| 19 | B.6433 | 8.5832 | @.es726 | 9.837 | 181.7
| 20 | @.6311 | @.8713 | ©.1098 | 5.102 | 54.92
| 21 | 8.6344 | 8.7084 | e.1ee3 | 9.746 | 143.4
| 22 | 8.6379 | 8.6831 | @.1943 | 3.1 | 67.37
| 23 | @.6359 | @.7242 | e.e267 | 3.362 | 259.2
| 24 | 8.6421 | @8.5415 | e.1617 | 9.454 | 292.9
| 25 | @.6406 | @.6823 | e.ee448 | 7.846 | 216.8
| 26 | @.6434 | @.9934 | @.125 | 9.304 | 239.3
| 27 | @.638 | @.857 | @.152 | 3.303 | 158.7
| 28 | @.6401 | @.9227 | @.1464 | 5.068 | 185.2
| 29 | 8.6371 | 8.5422 | e.1s638 | 7.84 | 201.3
| 30 | 8.6371 | 8.8963 | @.1951 | 8.899 | 59.67
| 31 | @.6427 | @.6154 | e.e8687 | 9.619 | 265.4
| 32 | 8.6378 | @.5292 | e.e3448 | 6.853 | 267.4
| 33 | @.6402 | @.9737 | @.1247 | 4.181 | 160.0
| 34 | @.6388 | @.5744 | @.189 | 6.745 | 204.3
| 35 | 8.6403 | 8.53@7 | e.1es | 5.989 | 288.2
| 36 | @.6354 | 8.6737 | @.@5131 | 7.668 | 90.01
| 37 | 8.6377 | @.5795 | e.1127 | 5.206 | 202.7
| 38 | B.6386 | 8.5485 | @.1527 | 7.594 | 261.1
| 39 | @.6392 | @.8581 | @.e1997 | 6.321 | 93.04
| a0 | 8.6293 | @.95 | e.p4991 | 6.229 | 85.94

Figure 8: Bayesian Optimization results for hyperparameter tuning in XGBoost

Number of features in X_test: 1136
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Figure 9: Bayesian Optimization results for hyperparameter tuning in XGBoost
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In combination, this implementation recognises different methodologies that can be
incorporated to enrich sarcasm detection methodologies and offers a strong foundation
that further enriches the sentiment analysis model in the complex environment of social
media.

6 Evaluation

In this section, we discuss the evaluation results of the models deployed for sarcasm
detection and their respective performances in terms of accuracy, precision, recall, and
F1 score, including confusion matrices. In order to measure the performance of each of
these models, different validation procedures such as cross-validation and test set accuracy
assessment, feature importance analysis, and model output have been used.

Model Performance Metrics

B Accuracy
104 = F1 Score

0.8 1

0.6 q

Score

0.4

0.2 1

0.0 -

Rule-Based Naive Bayes SVM Random Forest XGBoost Deep Learning
Models

Figure 10: Model Metrics

The bar plot in the above figure shows the precision and F1 score of all models,
the difference between the traditional models (Naive Bayes, SVM, Random Forest, and
XGBoost-Traditional) and the deep learning models (XGBoost-Deep and BERT). The
following metrics were obtained after optimizing the hyperparameters of the last model
with an accuracy of 85%, precision of 82%, recall of 78% and F1 score of 80%. Com-
pared to baseline models (SVM and Naive Bayes), which attained 75% precision, it can
be observed that the deep learning-based XGBoost model is more efficient in detecting
sarcasm. (Figure 1: Accuracy and F1-Score Comparison Across Models)

6.1 Cross-Validation and Hyperparameter Tuning:

In order to ensure the results are somewhat generalizable, we used 5-fold cross-validation.
It saved from overfitting and provided a much more accurate screen by giving a much
closer estimate of the true error rate. When the hyperparameters of the model, like
learning rate and max depth, were adjusted n.stimators by using the hyperparameter
tuning of Bayesian Optimization the Fl-score increased from 75% to 80%.
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In order to compare the models more accurately, the confusion matrices are shown
in the Figure [11] below The results of the confusion matrices as shown when each model
was tested are displayed in the figure 2 below. These matrices point out how effectively
the models are being able to differentiate sarcastic comments from non sarcastic ones.
For the current models, although most of the non-sarcastic comments are recognizable,
some slight sarcasm, such as short forms of sarcastic remarks that heavily depend on the
context, are difficult to identify.

6.2 Feature Importance and Model Interpretability:

To explain its decisions and determine which features are more significant in the detec-
tion of sarcasm, we used SHAP values. SHAP analysis was used to determine feature
importance, and based on the results presented in Figure[I2] it can be acknowledged that
emoticon—the face with ‘tear of joy,” the ‘winking face’ emoji, and the sarcastic phrase
‘yveah right’ were amongst the most influential features to improve model’s performance.
Further, the use of exclamation marks ‘!” was found to be a strong indicator of sarcasm.

Improved XGBoost Report:

precision recall fl-score  support

] a.74 8.63 9.68 1766

1 @.59 e.7e a.64 1343

accuracy a.66 3189
macro avg a.67 e.67 a.66 3189
weighted avg 8.67 B.66 8.67 3189

Confusion Matrix for Improved XGBoost:
[[1120 646]

[ 460 943]]

<Figure size 1200x680 with © Axes>
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Figure 12: Improved XGBoost
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6.3 Performance Analysis and Improvements:

However, one can observe the model’s higher efficiency if a sarcastic context includes
period markers, as longer sentences containing such elements as phrases with exagger-
ations and emoticons are also considered. To overcome this, the class weights during
training were adjusted, thus showing better recalls for the sarcastic comments. There
were observable positive changes from the experiment, such as hyperparameter optimiz-
ation enhancing the model accuracy and model interpretability using SHAP.

As for the comparison with compared models like Naive Bayes and SVM with recourse,
all metrics were higher in the final model: XGBoost and the BERT model, with exactly
a 10% increase in Fl-score. Mainly, Bayesian optimization and SHAP contributed to the
model optimization and better understanding of its decision-making. The table of the
confusion matrix and the classification report lists the performance metrics for detecting
polite vs. rude sarcasm and points out that XGBoost and Deep Learning models indeed
understood the shades of sarcasm at high levels in both types.

6.4 Discussion

The findings reveal several insights into sarcasm detection using multimodal approaches:

e Comparison with competing approaches: Compared to traditional methods like
lexical approaches and machine learning models discussed in the literature review,
the proposed multimodal methods, particularly XGBoost, demonstrated better per-
formance by leveraging emojis and sentiment features. This aligns with studies by
Castro et al.|(2019) and Mishra et al.| (2021)), which emphasized the importance of
auxiliary context in sarcasm detection.

e Challenges Identified: Mentioned preliminary models as SVM and Naive Bayes
encountered problems with generalization, and specifically in cases where sarcasm
is tendential but mild in the use of relevant emojis. New deep learning models like
BERT entailed a high number of computational steps, making them constrained in
real-time use. Recall that some techniques, such as class weighting, were, however,
applied; recall of sarcastic comment was still hard due to the skewed data set.

e Implications: Academic Perspective - Consequently, the results stress the necessity
of incorporating MM data in upcoming studies of sarcasm identification. The res-
ults provided in this paper show that the combination of lexical, statistical and
multimodal features has a fuller potential in combating the subtleties of sarcasm.
Practical Perspective - Multimodal models can be further used in practical situ-
ations, for example, in controlling brand reputation in social networks. However,
computational limits and the need for different training data should be solved before
this deployment.

It focuses on the implementation of a multimodal technique to capture a number of
features and achieves high accuracy in sarcasm detection. Accurate results are achieved
with rigorous spiking procedures, advanced technologies like transfer learning causing
solid outcomes, interpretability tools guaranteeing reliable and coherent findings. How-
ever, the deep learning models insisted on significant computing power while the class
imbalance issues were handled with things such as SMOTE.
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Therefore, the evaluation clarifies the effectiveness and ineffectiveness of different
strategies, and the possibility of multimodal models in handling the great issues of sar-
casm. The results can be extended and optimised with more elaborate experiments and
on a diverse range of dataset to achieve higher real-life usability.

7 Conclusion and Future Work

This thesis has been designed to tackle the problem of sarcasm identification in the
context of social media comments and, more particularly, the identification of sarcastic
comments that are polite and those sarcastic comments that are rude using text and
emoji data models. The research implemented and achieved high levels of accuracy in
different machine learning and deep learning models, including Naive Bayes, SVM, Ran-
dom Forest, XGBoost, and deep learning methods such as BERT to build the framework
of the sarcasm detection system. Thus, in addition to ordinary textual features, the
study described the use of emoji representations to train the model, which contributed
to improved performance, especially when classifying sarcastic comments with additional
multimodal data. To support these conclusions, access to the repos of the key findings
of the advantages of the model of integrating text with emoji analysis was provided,
which contributed to the increase of the model’s accuracy and F1 scores compared to the
traditional model.

The results indicate positive signs, but there are weaknesses in model optimization
and the generalization of the subtlety of sarcasm as well as the imbalance in the datasets.
While these deep learning models, particularly BERT, were highly accurate, they cap-
tured high computational costs, which hinders real-time analysis. Further research would
involve the integration of deep learning and rule based systems that would enhance the
accuracy of the function which classifies between subtle sarcasms Further resolution of the
issue with class imbalance could be addressed through further learning and application
of enhanced techniques such as data augmentation or synthetic data generation. Besides,
similar research should be conducted using other SM platforms in order to evaluate the
usefulness of the proposed methods for large-scale sarcasm detection and recognizing sar-
casm with images as the second modality could also be useful when combined with text.
Lastly the opportunity for monetization is present in fields like sentiment analysis tools
and applications that monitor social media traffic and have to comprehend sarcasm in
order to better analyse user interactions with brands and products.
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