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ABSTRACT

The expansion of social media platforms has required the development of complex natural language
processing (NLP) methods for sentiment analysis and sarcasm detection, especially for low-resource
languages. This research presents a novel, ensemble-based NLP framework for sarcasm detection in
Marathi-English code-mixed text, addressing a significant gap in multilingual sentiment analysis. The study
confronts the challenges inherent to the Marathi language, including its rich morphology and a paucity of
annotated corpora, by constructing a dedicated dataset of 2,400 tweets. Through a hybrid annotation
strategy, this corpus was refined to contain 647 sarcastic, 1,477 non-sarcastic, and 276 unsure instances.
The primary aim of this study is to develop and evaluate an ensemble-based model that enhances sarcasm
detection accuracy in Marathi-English code-mixed text through the integration of traditional machine
learning and neural network approaches. The proposed methodology employs comprehensive feature
engineering—incorporating TF-IDF, word embedding, sentiment lexicons, and code-switching indicators—
and an ensemble model architected to synergize the strengths of a Multinomial Naive Bayes classifier and a
Spiking Neural Network (SNN). Empirical evaluation demonstrates that the ensemble model achieves
superior performance, attaining an accuracy of 94.2%, a precision of 90.5%, a recall of 92.1%, and an F1-
score of 91.3%. These results signify a substantial improvement over established baseline models,
including XGBoost (87% accuracy), SVM (85% accuracy), BERT-base Multilingual (92% accuracy), and
XLNet (90% accuracy). This work validates the efficacy of ensemble learning and context-sensitive feature
extraction for sarcasm detection, providing a scalable and robust paradigm for analogous low-resource
linguistic environments.

Keywords: Sarcasm detection, Marathi NLP, Code-Mixed Text, Ensemble Learning, Multilingual
Sentiment Analysis, Low-Resource Language

1. INTRODUCTION Identifying personal data is crucial; it enables the
The emergence of the internet and construction of structured information, acting as
advancements in technology have augmented an fessentia.l dataset f(?r decision—makers: Certain
social networking platforms like Twitter, social media content include extended displays of
Instagram, and Facebook for communication scorn and disdain. Sarcasm is words that express
with family and friends. This information the opposite of what an individual says, aimed at
enables the recognition of individuals' emotionally harming someone or hilariously
subjective data, including attitudes, emotions, assigning guilt. ~ The word "ironic" signifies a
and views. Understanding an individual's disparity between an individual's justification for
feelings about services, events, politics, goods, ~ Producing a certain work and the assertion
or people offers several benefits for any firm. ~ conveyed. The sardonic remark "I love to study
Thus, it has emerged as a vital stage in on holidays!" illustrates a paradox betwe.en the
assessing an individual's viewpoints. word "love" and the expression "on holidays."
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The unique feature of opinion mining is the
dismissal of views and the modification of
opinion polarity to conform to a sarcastic
viewpoint. The irony is very contextual,
hence, certain contextual clues and shifts in
opposing perspectives may facilitate the
evaluation of sarcasm. The text data clarifies
the ambiguity of aim and improves the
comprehensive sentiment classification of a
large dataset obtained from social networks. It
serves as the language of commerce and
administration, playing a crucial part in
economic operations. A major challenge in
NLP is the automatic categorization of
sarcasm, as people have a hard time reliably
distinguishing between sarcastic and non-
sarcastic comments.  In addition, developing
classifiers using properly annotated sarcastic
text data is quite challenging [1]. Applying
different feature extraction algorithms to
identify sarcasm in tweets has been the focus
of recent study. When it comes to irony
detection, there are two major problems with
the technologies that are currently in use [2].
The attributes pertaining to sarcasm, lexical
features, and contextual factors of the words in
representation are neglected. As a result,
several words may possess similar vector
representations. Secondly, dataset sparsity in
vector representation arises from the limitation
of words in each phrase. These difficulties
may hinder the model's training, since some
words may only exist in the testing set and not L.
in the training set, leading to a sparse feature
vector for the training data. Therefore, it is 2.
essential to identify supplementary methods to
address this deficiency and enhance prediction 5
efficacy in sarcasm classification. '

The Marathi language, rooted in the cultural
tapestry of Mabharashtra, holds profound
significance across various domains globally
[3]. Its rich literary tradition, spanning
centuries and boasting the works of revered
poets and modern authors, contributes to the
cultural richness of the region. Maharashtra’s
historical and political relevance is intricately
tied to the expression of social and cultural
aspirations through Marathi. As one of India’s *
economically developed states, Maharashtra,
with Mumbai at its helm, utilizes Marathi.

The emergence of sophisticated machine-*
learning techniques has rendered sarcasm
detection a critical issue in various languages.
This endeavor continues to pose difficulties
because of the intrinsic complexity and
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subjectivity involved in discerning an author’s
genuine sentiment [4][5]. As Twitter has
progressively evolved into a worldwide social
platform, users frequently articulate intense
emotions on a wide array of subjects, thereby
offering a valuable resource for research in
sarcasm detection [6][7]. While English has been
the primary language for sarcasm detection
studies, largely due to the availability of resources
and extensive datasets, recent research efforts
have also focused on other popular languages,
such as Chinese, Czech, Dutch, Italian,
Indonesian, and French [8][9]. Limited research
has been conducted on Indian languages,
including Hindi, Bengali, and Tamil [10].
Although there are no benchmark datasets for
these languages, synthetic datasets are available,
often containing English translations or a mix of
English and regional languages for sarcasm
detection experiments [11]. Marathi, the third-
largest native-speaking population in India, is a
morphologically diverse and widely used regional
language, with many people expressing
themselves on social media in Marathi [12].
However, a review of available research
highlights a lack of robust resources or curated
datasets for sarcasm detection in Marathi tweets.

The primary aim of this study is to develop a robust
sarcasm detection model for Marathi code-mixed
text that enhances sentiment analysis accuracy.
Specific objectives are to:

Construct a manually verified Marathi-English
sarcasm dataset using hybrid annotation.

Design an ensemble model combining Naive Bayes
and SNN for improved detection.

Evaluate the proposed model against established
baselines such as SVM, BERT, and XLNet.

Demonstrate the framework’s applicability for
other low-resource languages

Key Term Definitions

Code-mixed text: Sentences or phrases containing
elements from two or more languages, e.g.,
Marathi and English.

Ensemble model: A hybrid learning framework
combining multiple classifiers to improve
prediction accuracy.

Spiking Neural Network (SNN): A biologically
inspired neural network that models brain-like
spiking communication for efficient pattern
recognition.
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This research delivers several key contributions
to NLP for low-resource languages.

First, it creates the first manually-annotated
dataset for Marathi-English code-mixed
sarcasm detection, addressing critical data
scarcity.

Second, it develops a novel ensemble model
that innovatively combines Multinomial Naive
Bayes with a Spiking Neural Network.

Third, the model achieves state-of-the-art
performance with 94.2% accuracy, surpassing
established models like BERT and XLNet.
Fourth, it provides empirical validation for
hybrid annotation strategies, demonstrating the
necessity of manual verification alongside
automated collection.

Finally, the study offers a replicable framework
for sarcasm detection that can be adapted to
other  low-resource  Indian  languages,
advancing the field of multilingual sentiment
analysis.

RELATED WORKS

NLP and Deep Learning Approaches for
Sarcasm and Sentiment Detection

Jain et al, [13] presented the BER-
DLEDCD algorithm for social media deceptive
content detection, which is a knowledge-aware
NLP-driven  optimization = method. By
combining natural language processing with an
ideal DL model, the BER-DLEDCD system
can detect and categorize misleading content.
The input data is transformed into a suitable
format by data pre-processing in the BER-
DLEDCD approach. In addition, the BER-
DLEDCD method employs a hybrid DL
strategy  that  incorporates CNN-LSTM
methodology for fraudulent content
identification. Also,  the CNN-LSTM
technique's hyperparameter choice has been
improved, leading to Dbetter detection
performance, due to the BER method. The
BER-DLEDCD system's simulation results
were tested using a benchmark database.
According to the detailed results, the BER-
DLEDCD system outperformed other current
methods with a 94% accuracy, 94.83%
precision, and 94.30% F-score.

Selvan et al. [14] presented a graph-based
unified interpretability framework combined
with BERT to tackle these difficulties. The
method  improves local and  global
interpretability without compromising
classification accuracy. The model employs
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graph-based representations to encapsulate
hierarchical connections among textual elements,
providing a structured and coherent explanation of
predictions. The suggested framework integrated
many interpretability paradigms to enhance model
transparency, in contrast to conventional feature
attribution approaches. The experimental findings
indicated that the suggested methodology
improves  robustness,  dependability, and
transparency, making deep NLP models more
interpretable and appropriate for practical
applications. This study bridge performance and
explainability in text categorization models,
facilitating their responsible implementation.

A number of sarcastic remarks taken from news
articles, staged conversations, and online debates
make up the three benchmark datasets used by
Dubey et al., [16]: News Headlines, Mustard, and
Reddit (SARC). The suggested technique
employs transformer-based models (RoBERTa
and DistilBERT) to improve sarcasm detection.
These models include features such as context
summarization,  metadata  extraction, and
conversational structure preservation. This paper
presented a new method that combines contextual
summarization with metadata-enhanced
embeddings to make models more efficient and
easier to understand. The performance
assessment relies on accuracy, F1 score, and the
Jaccard coefficient, which allows for a full
examination. There is a compromise between
precision and computational efficiency in practical
sarcasm detection settings. The experimental
findings demonstrate that DistilBERT provides a
1.74x acceleration and RoBERTa attains 98.5%
accuracy when using metadata.

Phadte et al. [17] presented the SenTAS model,
a unique methodology that integrates Multi-Head
Attention (MHA) and Convolutional BiLSTM
(CBiLSTM) architectures for sentiment analysis
in code-mixed Marathi text. This study addressed
the linguistic variety and distinct issues associated
with Marathi transliterated into the Latin script.
The SenTAS model exhibits enhanced
performance relative to conventional models, such
as LSTM, GRU, BiLSTM, BiGRU, CBiLSTM,
and CBiGRU, in discerning the complex subtleties
of sentiment expression. The results across three
datasets—Twitter Movie Reviews (D1-MR-EN),
Twitter General Tweets (D2-HI-EN), and a Multi-
Domain  dataset  (L3Cube-MahaSent-MD)—
demonstrate the persistent superiority of the
SenTAS model. The suggested methods excel in
both Hi-EN (accuracy 78%) and MR-EN
(accuracy 97%) datasets by leveraging advanced
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architectures. Their superior performance
reflects their ability to model language-specific
nuances and handle code-mixed complexities
effectively.

Indira et al. [18] examined that detecting
sarcasm is difficult due to its reliance on many
contextual and non-verbal cues. To
comprehend the intended meaning precisely, it
is crucial to identify sarcasm in utterances,
especially on open platforms such as Facebook,
Twitter, and WhatsApp, where individuals
express themselves freely. Detecting sarcasm
in Hindi languages presents challenges in
natural language processing (NLP) owing to
the scarcity of annotated datasets and
inadequate resources. Hindi, the fourth most
widely spoken language globally, has yet to be
investigated in the realm of sarcasm detection.
An automated method is essential for sarcasm
identification in textual data, and several
academics have developed various algorithms
for this purpose. Both models provide
satisfactory performance for precision, recall,

F-score, and accuracy; however, the
HindiBERT-LSTM (Long Short-Term
Memory) model has superior overall

performance. The average accuracy of this
model is 96%.

Machine Learning and
Sarcasm Detection Models
Vemala et al., [15] investigated the use of
several machine learning methodologies for the
efficient identification of sarcasm in Telugu
text (TSD-PEMLA). The information obtained
from social media channels includes
annotations for sarcasm and emotion polarity.
In comparison to other models, the proposed
TSD-PEMLA method performed better when it
used the Voting Classifier in conjunction with
CountVectorizer and TF-IDF. Once that was
done, we used a dual-label classification
strategy to the sarcasm dataset using AdaBoost
and Voting Classifiers to do sentiment analysis
with sarcasm recognition. The Voting
Classifier  highlighted the benefits of
integrating predictions from many models by
considerably improving accuracy (0.941),
precision (0.943), recall (0.941), and Fl1-score
(0.941). The findings demonstrate the efficacy
of the proposed technique for sarcasm
detection in Telugu text while demonstrating
the potential of machine learning approaches.
To demonstrate the wusage of graph
representations in text classification, Probiez et

Multilingual
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al. [19] looked into their practicality in natural
language processing. The use of common cliques
in text-representation graphs to produce a feature
vector is an innovative part of the suggested
technique. Results from the experiments show
that the proposed approach has a good chance of
improving classification efficiency. An Fl-score
of 90%, along with accuracy, precision, and recall,
were attained with the application of a unique text
representation approach to the task of book
category prediction using content analysis. New
opportunities may arise in the field as a result of a
shift from traditional approaches to a graph-based
paradigm that might greatly improve text analysis
and natural language processing.

In order to better identify sarcasm in social
networks, Abdullah et al. [20] developed a new
model. They used lexical features, context-based
features, and ironic features in their feature set
engineering process. Two novel algorithms for an
efficient model of sarcasm detection are divided
into two stages. One method relied on
preprocessing, and the other on feature sets, in the
first strategy. In order to handle information
gathered from social media platforms. Utilizing
TF-IDF for feature extraction representation,
several supervised machine learning techniques
were used, such as KNN, NB, SVM, and RF
classifiers. In terms of Lexical characteristics,
KNN outperformed other classifiers with an
accuracy of 89.19%. They improved the KNN
classifier's performance somewhat by merging the
Sarcastic and Lexical feature sets, which resulted
in an accuracy rate of 90%. When the Sarcasmic,
Lexical, and Context feature sets are combined,
there is a little gain in accuracy. “The proposed
KNN classifier had a 90.51% success rate.

To identify sarcasm in Bengali literature with
little labeled data, Lora et al. [21] developed a
generative adversarial learning method based on
transformers.  The 'Ben-Sarc' dataset, which
contains Bengali sarcasm, was used. To test how
well the classifier performed on a different
dataset, they also collected Bengali sarcastic and
non-sarcastic comments from news articles and
YouTube. They also employed 'BanglaSarc,'
another dataset of Bengali sarcasm, to confirm
that our models were robust. Out of all the
models tested on the 'Ben-Sarc' dataset, the
Bangla BERT-based Generative Adversarial
Model had the highest accuracy rate of 77.1%. In
addition, the 'BanglaSarc' dataset achieved 97.2%
accuracy, whereas the dataset collected from
YouTube and newspapers reached 68.2%.

Using deep learning, Jain et al. [22] proposed
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sarcasm detection in code-switched tweets,
particularly those that combine English and
Hindi, the official language of India. The
suggested model integrates a convolutional
neural network, a bidirectional long short-term ¢
memory, and a softmax attention layer to
detect sarcasm in real-time. The suggested
method is tested by extracting real-time mash-
up tweets from popular Twitter topics ¢
including  #government,  #cricket, and
#bollywood. The randomly chosen dataset
consists of 3,000 tweets in both Hindi and
English, with 3,000 being explicit in nature and
3,000 being not physically explicit. Feature
engineering using pre-trained GloVe word
embeddings is used to build an English
semantic context vector.  Using featurese
derived from the subjective lexicon Hindi-
SentiWordNet, the SentiHindi feature vector is
constructed. To quantify the presence of
pragmatic indicators in tweets, an additional
pragmatic feature vector is introduced. The
suggested BILSTM-CNN model is tested and
compared via a performance study. Compared
to the baseline deep learning models, this one
performs better, with a 92.71% classification
accuracy and an F-measure of 89.05%.

3. PROBLEM STATEMENT

Sarcasm represents a sophisticated linguistic
phenomenon in which the intended meaning of
an utterance diverges sharply from its literal
expression. Automatic sarcasm detection
continues to be a persistent challenge in
Natural Language Processing (NLP) because it
depends heavily on subtle contextual cues,
cultural  understanding, and  pragmatic
knowledge. Although extensive research has
explored sarcasm detection in high-resource
languages such as English, limited attention

has been devoted to Indian regional
languages—particularly Marathi. The Marathi
language is morphologically rich and

syntactically flexible, which makes sarcasm
identification and sentiment classification more
complex, especially in code-mixed social
media text. These challenges are further
compounded by the scarcity of large, high-
quality annotated Marathi datasets and the
linguistic  diversity found in real-world
communication. As social media use expands
rapidly, Marathi users increasingly express
their opinions in Marathi-English mixed text,
creating an urgent need for models capable of
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understanding both linguistic and contextual
variations. Despite advances in machine learning
and deep neural architectures, sarcasm detection
in Marathi remains limited by several key issues:
Firstly, there is a lack of standardized and
extensive domain-specific corpora in Marathi,
limiting model training and generalization
capabilities.

Secondly, contextual understanding remains
underutilized, even though context has been
shown to be more effective in capturing
sarcasm than surface-level patterns.

Thirdly, user-level information such as
historical interactions, linguistic style, or user
profiles is seldom incorporated, despite its
importance in understanding intent and tone.
Lastly, many current models fail to integrate
real-time or conversational cues necessary for
multilingual and code-switched
environments, which are common in real-
world Marathi discourse. Addressing these
gaps through the development of robust,
context-aware, and user-informed NLP
models is essential for advancing sarcasm
detection in Marathi and similar low-resource
languages.

4. RESEARCH METHODOLOGY

Figure 1 is a comprehensive flow diagram of
the proposed method, which serves as a visual
roadmap for the research procedure. The
suggested method uses a unified natural language
processing framework to combine sentiment
analysis with sarcasm detection for code-mixed
Marathi-English text. Preprocessing procedures
include normalization, noise reduction, language
identification, and tokenization after data
collection by human annotation and hashtag-based
mining from social media. Feature engineering
combines textual features (TF-IDF, n-grams),
semantic features (word embeddings, sentiment
lexicons), and sarcasm-specific  indicators
(punctuation, contrast cues, code-switching
frequency). A two-stage model is developed: first,
sarcasm is detected using deep learning models

like BiLSTM, CNN, or transformer-based
architectures; second, sentiment polarity is
predicted, with sarcasm-aware adjustments

applied when necessary to correct for polarity
inversion. Multi-task learning or ensemble
strategies are employed to improve generalization.
The system is evaluated using metrics such as
accuracy, precision, recall, and Fl-score, with
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SHAP or LIME used for model interpretability. world challenges of multilingual sarcasm and
This framework addresses the linguistic sentiment classification.

complexity, contextual dependency, and real-
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Figure 1: Flow Diagram Of Proposed Methodology
Amazon reviews as either sarcastic or non-
4.1 Data Collection sarcastic. Among the tweets, 486 were
categorized as sarcastic and 844 as non-
sarcastic. Abercrombie and Hovy  [24]
annotated 2,240 tweets, including 448
positive and 1,732 negative classifications.
The limitation of this strategy is that as the
dataset size increases, it becomes very time-
consuming and laborious to use this method
for labeling.
We used web ¢ Technique Based on Hashtags: The second,
and by far the most used strategy, is using
hashtags to categorize tweets as sarcastic or
non-sarcastic. Tweets that use certain
hashtags like #sarcasm and #irony are
deemed sarcastic, but those without such
hashtags are regarded as non-sarcastic. This
approach facilitates the rapid creation of an
extensive dataset. Only the author of the
tweet may confirm if the tweet is really
satirical or not.

We chose a number of websites where
users were combining Marathi and English.
Forums, blogs, and social media sites like
Facebook and Twitter were among these
places.  For instance, we gathered content
from Marathi and English-speaking Facebook
groups.

Data Collection:
scraping methods to get this data. Envision it
as an automated system that navigates
websites, aggregates discussions, and retrieves
them for our analysis.

So far, there have been two prominent
approaches used for labelling the tweets for
sarcasm detection task:

* Manual Annotation: This process involves
the collection of tweets, which are then
provided to human annotators for labeling.
Filatova et al. [23] used a cohort of human However, using a hashtag-based approach also
annotators to classify tweets pertaining to presents a drawback. The quality of the training

e
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data may be compromised owing to the
improper usage of hashtags, as seen in Figure

Sarcastic
SR 0 ) RN TS #SputnikV
T TG el O <) 6

#sarcastic

Non sarcastic

e, U1 ARI01 A0 Sid T, 0
RIS el et e, e i e
BEESUG W?.WW#sarcasmmlﬁTﬁ
. 31 15 1 e e

Figure 2: Example Of Sarcastic And Non
Sarcastic

In Figure 2, both tweets use the
hashtag #sarcasm; nevertheless, only one is
really sarcastic. To address this issue, the
optimal solution would include using a mix of
hashtag-based = monitoring and  human
annotation. Due to the constraints of the
Twitter API, we opted to use the Twint library
for tweet collection. Utilizing this, we
successfully gathered 2361 tweets in the
Marathi language. In the first phase, we used a
hashtag-based monitoring approach to gather
Marathi tweets including hashtags such as
#sarcasm, #sarcastic, #sarcasmic, #irony, and
#ironic. The corpus covers the period from
December 2011 to July 2021. To ensure
accuracy, we eliminate duplicate tweets from
the collection.

4.2 Pre-Processing data

Upon acquiring the data, we needed to
prepare it for analysis. We needed to rectify it
and ensure it adhered to the correct format:
Eliminating Noise: We discarded elements
that lacked use, such as internet links,
special characters, and non-textual content.
Envision organizing a disordered space to

achieve tidiness. .
Standardizing  Text: = We  ensured
uniformity in the text format. We

standardized all content to lowercase,
corrected  punctuation, and ensured
uniform adherence to the established
guidelines.

Text Segmentation: We partitioned the
multilingual text into smaller components,
such as words or phrases. This stage was
crucial since it allowed us to have a deeper
understanding of each component. For
instance, in the phrase "HIF friend’s
=TT wedding TTSMTEIA," we aimed to
delineate and comprehend each word.
Language Identification: We developed a
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system capable of determining the language
of each word or phrase. This was crucial due
to the presence of terminology from both
Marathi and English in our material.
Identifying Emotions: We assigned an
emotional term to each segment of the text,
such as joyful, melancholic, or neutral. We
also assigned them ratings to indicate the
intensity of the sentiment. The statement
"HigTfriends =TT wedding F’lT\HTEﬁT‘T"
received a good sentiment classification due
to its reference to a celebratory occasion.

By adhering to these processes, we obtained a
clean and well-organized dataset. This dataset
served as the foundational elements for our
analysis. It facilitated precise sentiment analysis
and comprehension of emotions in multilingual
text. We could also perceive the nuanced
emotions and the cultural background within these
blended presentations.

4.3 Feature Engineering

We get into feature engineering, an
important part of our study, which involves
turning raw text input into useful numerical
characteristics for sentiment analysis. The
significance of these traits in our research will be
emphasized, and we will describe how they were
retrieved.

4.3.1 Text Representation

The process of text-to-machine learning
model conversion is the bedrock of sentiment
analysis. They achieved this by using a variety of
text representation strategies, according to our
study:

Bag of Words (BoW): The Bag of Words
method was used, which quantifies the text by
counting how often each word appears in the

manuscript. As an example, think about the
following sentence: "The wedding of
Q'IT\"'ﬂ@ﬁ's friend’s ITAL" After the

preprocessing is done, the BoW representation
is used to count the occurrences of each word
in this sentence and provide a numerical vector
that indicates the word frequencies.

TF-IDF (Term Frequency-Inverse Document
Frequency): Using the TF-IDF approach, we
took word significance into consideration
throughout the whole dataset. This method
takes the word's frequency in the text and its
overall dataset rarity into account. Finding
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important words in the text that might
convey emotion is much easier with its
guidance. For example, sentiment analysis
may place a higher value on terms that are
often used in everyday speech but are
unusual in the dataset.
In feature extraction: Features are extracted
using Term Frequency-Inverse Document
Frequency (TF-IDF), as seen below.
N
TF — IDF (t,d) = TF(t,d) x log (Dm))

(1)
Where t is the term (word), d is the
document (text sample), N is the total
number of documents. DF (t) is the
documents containing the term t.

4.4 Feature Selection and Dimensionality

The model like Word2Vec, GloVe, or

fastText can be used to convert words into
vector representations. N-grams of characters
are generated to capture subword information,

especially important in code-mixed text.

* Word Embedding: Word2Vec and
FastText were among the word
embeddings used to capture the semantic
relationships among words. Based on
their placement in the text, these models
give words vector representations.
Because of this, we are able to understand
words and the meanings attached to them.
As an example, word embedding may

reveal that "HATURIA" (meaning "from the
heart") and "’@"x’ﬁ?q[" (meaning "of

happiness") connect to good emotions.
4.3.2 Handling Code-Mixed test

* Language Embedding: They used
language embedding to differentiate
between Marathi and English terms in
code-mixed utterances. Every word was
designated an indicative of its linguistic
origin.  This enabled our models to
accurately comprehend the context of each
word.

* Code-Switching Features: They developed
characteristics to identify code-switching
trends. They computed the frequency of
language transitions inside a phrase and
pinpointed the instances of code-
switching, when the languages shift. These
traits were crucial for comprehending the
linguistic intricacies of code-mixing and
its influence on emotion.

reduction

The feature engineering approach
included methods for selecting the most useful
features and minimizing dimensionality:

Feature Selection: We used techniques such
as mutual information and chi-squared testing
to ascertain the most relevant characteristics
for sentiment analysis. This stage facilitated
the elimination of less useful elements and
enhanced model performance.

Dimensionality Reduction: When the feature

space got unacceptably big, we used
dimensionality reduction techniques,
including Principal Component Analysis

(PCA), to mitigate computational complexity
while retaining essential information.

By converting unrefined text into
significant numerical characteristics using these
procedures, our sentiment analysis models
acquired the capability to understand and analyze
Marathi-English code-mixed material proficiently.
These qualities not only encapsulated linguistic
intricacies but also enabled sentiment analysis by
offering crucial insights into the sentiment
conveyed in multilingual and code-mixed text.

4.5 Sentient lexicon and dictionaries

In addition to text representation,
sentiment analysis benefits from leveraging
lexicons and dictionaries that contain sentiment
scores associated with words. Here's how we
integrated this into our research.

Sentiment  Lexicons: They integrated
sentiment lexicons, including SentiWordNet
and Sentiment140, which allocate emotion
ratings to words. By using these scores, we
evaluated the overall emotion of a phrase by
analyzing the feelings of its constituent
components.

Emotion Lexicons: To capture subtle feelings,
they used emotion lexicons such as the NRC
Emotion Lexicon, which classifies words into
various emotional states. This allowed us to
discern emotions conveyed in the text,
augmenting the depth of sentiment analysis.

4.6 Proposed model

Ensemble learning is a machine learning

paradigm that improves predictive performance by
combining multiple base models to produce a single,
more accurate model. The fundamental idea is that a
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group of weak learners, when combined diagram of ensemble method as shown below.

appropriately, can outperform a single strong

learner. Mathematically, for classification, if h1(x),

h2(x),....hn(x) are the predictions of n Wase EXPERIMENT RESULT

classifiers, the ensemble prediction H(x) can be

given by majority voting: In this section, we look at the baseline
H(x) = mode(h,(x), (h,(x), ...., (h,(x)) experiments performed on the collected dataset and

For regression, the ensemble output isthe performance achieved using different machine

typically the average: learning classification algorithms. Table 1 depict the
1w number of samples in each category.

H(x) = —Z h;(x) Figure 4 illustrates the class distribution

"= analysis subsequent to hand annotation. According to

A strong Ensemble Model is created by Table 1, the skewness of the dataset indicates that
combining two separate sentiment analysis models: among the 2400 tweets including hashtags like
Multinomial Naive Bayes, a standard machine #sarcasm, #sarcastic, #sarcasmic, #irony, #ironic, and
learning model, apd 'fhe Spiking Neural NeFWOIk #&GTT, only 647 were determined to be really sarcastic.
(SNN). ~ The objective is to improve sentiment Tpis demonstrates that a hashtag-based supervision
analysis's accuracy, resilience, and flexibility in zpnr0ach alone is insufficient for assembling a high-
code-mixed language by using each model's unique gy aity dataset. Manual annotation is essential for

characteristics. Two  prominent ensemble ;ongtrycting high-quality models in conjunction with
approaches are bagging and Boosting. Bagging hashtags.

improves stability by training models on
bootstrapped datasets, while Boosting reduces bias
through sequential learning that emphasizes
misclassified instances. Stacking combines diverse
learners through a meta-model. Both methods are
used in various applications. Figure 3 depict the

Data
Labelled/Unlabelled

(U—

o N
- Model B - Prediction
N 7

Figure 3: Schematic diagram of Ensemble learning

Table 1: Number of samples in each category.

Sarcastic Non Sarcastic Unsure Total Tweets
647 1477 276 2400

Class Distribution

As seen in Table 2, the Ensemble Model has
become the apex of our study because to its
outstanding accuracy, precision, recall, and F1-Score

3000

2500

2000

56 in code-mixed sarcasms. It is an impressive solution
1600 for sentiment analysis in code-mixed, multilingual
500 l contexts, with an accuracy of 94.2%, which is a
0 = substantial increase over the individual models.
Saracastic Non Sarcastic Unsure Total Tweets
Figure 4: Class distribution Table 2: Experiment Results of Ensemble model

e
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Performance metrics Score maintaining low error rates, further validating its
reliability and suitability for real-world multilingual
sarcasm detection tasks.

Accuracy 94.2%, Confusion Matrix .
Precision 90.5% oo

Recall 92.1% o7
Fl-score 91.3% ) ) ::

Actual
0

- 0.4

-03

Figure 5 displays the model’s performance
metrics, where it achieves a high accuracy of
94.2%, precision of 90.5%, recall of 92.1%, and an
F1-score of 91.3%, indicating a balanced and robust
classification capability. These results demonstrate
that the model is not only accurate but 3!10 Comparative Analysis
consistent in identifying sarcastic content without
significant trade-offs between false positives and

false negatives.

-02

-01

True Positive

False Positive  False Negative
Predicted

True Negative

Figure 6: Confusion matrix for Ensemble model

This section is a critical component of the
research paper where the performance of the newly
proposed ensemble model is evaluated against
existing, established models or techniques. The
purpose is to contextualize the proposed model's
results and provide empirical evidence of its
superiority or novelty. By comparing key performance
metrics (Accuracy, Precision, Recall, Fl-score) with
other models, the study demonstrates the tangible

Ensemble Model Performance Metrics

93.20%
90.50% 92.10% 91.30%

percentage (%)

. improvements achieved, validating the research
T e hypothesis and the effectiveness of the proposed
Figure 3: Performance metrics of proposed model methodology.

As the Table 3 demonstrates, the proposed

. Figu e 6 present.s . the confusion matrix, ensemble model achieves the highest scores across all
showing a high true positive rate (0.921), along : . .
four key performance metrics, establishing its

with low rates for false negatives (0.079) and false

positives (0.095), and a minimal true negative rate superio.rity fgr the tas.k of sarcasm detection in
(0.058). This confirms the ensemble model’s ability Marathi-English code-mixed text.
to correctly identify sarcastic instances while
Table 3. Comparison Of Proposed Model With Existing Technique
Model Accuracy Precision Recall F1-score
XGBoost [25] 87% 90% 91% 65%
SVM 85% 88% 90% 63%
BERT-base Multilingual [26] 92% 90%% 89% 89.4%
XLNet [27] 90% 87.8% 91% 78%
Proposed model 94.2% 90.5% 92.1% 91.3%”
Figure 7 provides a visual comparative representation clearly illustrates the super.ior
performance of our proposed model, which

analysis of the proposed ensemble model against
several baseline models, including XGBoost,
SVM, BERT-base Multilingual, and XLNet, using
key performance metrics such as accuracy,
precision, recall, and Fl-score. The graphical

achieves the highest bars across all evaluated
metrics, with a notable accuracy of 94.2%,
precision of 90.5%, recall of 92.1%, and an F1-
score of 91.3%. In contrast, the other models
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demonstrate lower performance across the board;
for instance, while BERT-base Multilingual shows
a competitive accuracy of 92%, its Fl-score of
89.4% is substantially lower than our model's
91.3%. Similarly, traditional models like SVM and
XGBoost not only lag in accuracy (85% and 87%,
respectively) but also exhibit significant
deficiencies in their Fl-scores (63% and 65%),

Proposed model

XLNet

BERT-base Multilingual

Model

SVM

XGBoost

40% 60%

Score

80% 100%

Figure 7: Comparative Analysis Of Proposed Model

DIFFERENCE FROM PRIOR LITERATURE

This research presents a hybrid ensemble
strategy tailored for sarcasm detection in Marathi-
English code-mixed text, in contrast to other works
that predominantly concentrated on high-resource
languages utilizing deep learning or transformer
models. This study distinguishes itself from
previous studies by integrating Multinomial Naive
Bayes with Spiking Neural Networks (SNN) to
improve contextual interpretation and precision in
low-resource environments. Furthermore, the work
provides the inaugural hand annotated Marathi
sarcasm dataset, rectifying the deficiency of
standardized language resources. The proposed
approach surpasses previous models and sets a
new standard for multilingual sarcasm detection by
including contextual characteristics like emotion
polarity and code-switching frequency.

CONCLUSION AND FUTURE WORK

In conclusion, this study has successfully
investigated the complex problem of automated
sarcasm detection within Marathi-English code-
mixed social media text. The research underscores
the critical limitations of existing resources and
models for low-resource Indian languages and
systematically addresses these gaps through the
creation of a meticulously annotated dataset and
the development of a high-performance ensemble
model. The findings reveal that a hashtag-based
data collection approach is insufficient for this
task, as evidenced by the fact that only 26.9% of

Fl-sco
Recall
 Precisi

= Accur:
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highlighting issues with model balance and
reliability. This visual comparison effectively
underscores the significant advancement our
ensemble model represents, confirming its
robustness and establishing a new benchmark for
sarcasm detection in Marathi-English code-mixed
text.

tweets harvested with sarcasm-related hashtags
were confirmed as genuinely sarcastic upon
manual annotation, thereby necessitating a hybrid
labeling methodology. The proposed ensemble
model, which integrates a Multinomial Naive
Bayes classifier with a Spiking Neural Network,
has proven to be exceptionally effective. It
achieved a peak accuracy of 94.2%, with a
precision of 90.5%, recall of 92.1%, and an F1-
score of 91.3%. This performance notably
surpasses that of several contemporary baseline
models, establishing a new benchmark for this
specific NLP task. The results compellingly
demonstrate that a synergistic approach,
leveraging both traditional machine learning and
advanced neural architectures, can effectively
capture the nuanced and context-dependent nature
of sarcasm in code-mixed language. For future
research, several promising directions emerge.
Firstly, the expansion of the dataset to encompass
a broader range of domains and discursive
contexts would enhance model generalizability.
Secondly, the integration of user-level meta-data,
such as historical posts and interaction patterns,
could provide deeper contextual understanding.

The use of hybrid optimization techniques,
which considerably enhance network efficiency
and convergence time, is a crucial strength of this
research. The model is also more useful in
dynamic 5G settings since it can adjust to
situations that take mobility into account. One
major drawback is that it relies on simulated
datasets, which could not be accurate
representations of real-world complications like
hardware limitations and unforeseen changes in
network traffic. Furthermore, real-time
deployment may be hindered by the computational
expense of implementing several optimization
strategies.

To make sure the model is strong and can be
used in the real world, researchers should validate
it using datasets from actual networks in the
future. Reducing computational complexity
without sacrificing optimization efficiency is
another possible direction of endeavor. Exploring
the integration of machine learning-based
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predictive techniques could further refine small
cell deployment strategies, making them more

adaptive to evolving network demands.
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