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Abstract :

Sentiment analysis, crucial task of Natural Language Processing (NLP), becomes more tedious in the presence of code-mixed
slang, where English blends with internet shorthand, colloquial expressions. Traditional monolingual NLP techniques are often
inadequate for handling such irregular and informally structured text. The fundamental purpose of sentiment analysis, which is an
important part of natural language processing (NLP), is to find and remove the emotional tone of text data. Sentiment analysis
now faces additional difficulties as code-mixed languages, like Hinglish, a combination of Hindi and English, become more
comm on. Conventional methods mainly handle monolingual data, which leaves code-mixed scenarios unexplored. A
comprehensive approach to sentiment analysis on Hinglish is presented in this research article, which addresses problems such as
inconsistent transliteration, a lack of standardized grammar, and the dearth of annotated datasets. We illustrate the potential of our
method to efficiently analyze sentiments in code-mixed languages by building a solid dataset and utilizing cutting-edge machine
learning and deep learning models. Our results make a substantial contribution to the developing field of multilingual natural
language processing. Social media, an omnipresent web-based platform, has become a primary forum for discussion and
expression, leading to the evolution of a "pseudo-language” in multilingual regions like India. This new linguistic phenomenon
often involves code- mixing, where speakers seamlessly interchange languages within utterances, posing significant challenges
for Natural Language Processing (NLP) research. This paper focuses on developing methods for sentiment analysis of such code-
mixed social media text, specifically involving Indian languages. Sentiment analysis is a well-established area of natural language
processing (NLP), but it is hard to do with Indian language texts that are informal and blend code.

This work addresses important issues like inconsistent orthography, non-standard grammar, unpredictable abbreviations, and a
lack of annotated resources by presenting a thorough framework for sentiment analysis on slang-rich code-mixed data. In order to
capture the linguistic variability typical of code-mixed online communication, we create three new corpora from Twitter and
Facebook. In order to achieve sentiment classification, the suggested pipeline combines code-mix complexity analysis, sentence
boundary detection, word-level language identification, and part-of-speech tagging. Experiments show that deep learning models
perform significantly better than traditional machine learning techniques, especially BiLSTM architectures and transformer-based
systems like BERT. The results contribute to the wider development of multilingual and sociolinguistic NLP by demonstrating
the efficacy of sophisticated neural models for sentiment processing in highly informal, linguistically hybrid social media text.

IndexTerms - Sentiment Analysis, Hinglish, Codemixed, BERT, Machine Learning.

l. INTRODUCTION

— —

ICxzssmaprlic I

FliNCc I 1S e Lo code miaixed sentaeance v example
"
Frzni

FEENGIISH @ thhis is aanmn example codoe-mixoecd sentence

Fxample IR

FIINGIL.ISEFL - kil sy movice cdoekimnm jar raahia hha. How
are the revioews?
FENGIiase: T am going 1o watcoh the moviae (Omuorraoww.,

Flow are the reviews"?
— —

Each word is annotated with the English and Hindi language tag in the above sentence. A language of this kind of mix is
popularly known as Hinglish. Code-mixing, also referred to as languages mixing, represents a linguistic phenomenon frequently
observed in bilingual or multilingual societies. This phenomenon occurs more frequently in informal communications, which
contributes to its popularity in social media platforms such as Twitter, Facebook, and WhatsApp. Code-mixing is the phenomenon
where elements such as morphemes, words, phrases, clauses, and sentences from one language are integrated into another language.
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When code alternation or switching takes place within an utterance and below the clause level, it is typically termed code-mixing.
In contrast, code-switching is a broader concept that usually pertains to inter-clausal code alternation. The speaker is typically
shaped by a range of social factors, such as the participants in the discussion, the social context, the social status of those involved,
the topics being discussed, the level of formality in language, and the intended purposes and functional uses of language. As
language captures cultural footprints, every language also has some culture-specific words which have a particular significance that
is not possible to interpret for what it’s worth in other languages. Such words play an instrumental role in communication in a
specific language. A multilingual person generally uses code-mixed words as there are no such equivalent words in the other
language. So, code-mixing really helps in communication by letting the speaker share their thoughts while talking to a multilingual
audience. It seems like a lot of the research on social media texts has focused mainly on English. But nowadays, most of these texts
are actually in other languages. So, it looks like the Twitter language map shows that Europe and South-East Asia are the most
diverse when it comes to languages, especially among the regions that are really active on Twitter right now.

Statistically, multilingual countries like the US, India , Brazil and Indonesia have the highest Facebook audience. So, in the
creation of code-mixed data, social media users in multilingual countries play an indispensable role. It's no secret that while English
reigns supreme as the go-to language for online communication, there's an undeniable and ever-increasing demand to create
technologies that cater to other languages. The world is changing, and so must we!

Therefore, to achieve global scale social media analysis, it is essential to solving the problem of code-mixing language
processing. Despite having the code-mixed as an additional challenge, Natural Language Processing (NLP) for social media text
has many more other problems to solve — such as having a high percentage of spelling errors and containing phenomena such as
creative spellings, word play, abbreviations, meta tags and non-standard phonetic typing. Moreover, technological and cultural
advancements give rise to new terminology that essentially represents extra meanings or nuances of existing words, such as "texto"
for "SMS error" (compare with "typo" for "spelling error"). The phrase “social media text” shall be employed in this article to
denote the manner of communication of these texts, while recognizing that social media does not represent a distinct textual
domain. Conversely, a wide array of distinct text kinds is conveyed in this manner, as elaborated by Eisenstein [66] and
Androutsopoulos [13]. Both contend that the fundamental characteristic of social media text is not its inherent "noise™ or
informality, but rather its representation of language in (rapid) evolution, which has substantial ramifications for natural language
processing: if researchers develop a system capable of managing a particular variant of social media text today, it will become
obsolete by tomorrow. Factors that render the application of machine learning and adaptive approaches to the problem particularly
attractive. Given that code-mixing exemplifies a rapidly evolving linguistic phenomenon, it necessitated the initiation of essential
NLP research from the outset. Therefore, this thesis started its endeavour with the study of the complex nature of the code-mixed
corpora. After that, the research mainly focused on solving fundamental NLP problems of code-mixing, such as - sentence
boundary detection; word-level language identification; and parts-of- speech tagging of code-mixed corpora. Finally, an attempt is
made to apply such modules towards solving a real-life problem like sentiment analysis techniques code-mixed text. The term
code-mixing consists of two individual words i.e. code and mixing. The term code is often surrounded by a whirlwind of confusion,
with its meanings dancing across various fields like communication, semiotics, programming, and cryptography, each adding its
own flavor to the mix. In the fascinating world of computational linguistics, the term code encompasses not just a myriad of
languages, but also the delightful varieties and unique styles that exist within a single language. It's a vibrant tapestry of
communication that showcases the richness of human expression!

. The term code denotes a comparatively impartial understanding of linguistic variety, encompassing both speech and dialect.
All languages and writing systems can be regarded as ‘codes' for anthropological cognition. The term code-mixing, when analyzed
linguistically, denotes the amalgamation of distinct lexicons to create a unified entity. Consequently, the phrase code-mixing refers
to the amalgamation of two or more languages or language variants in spoken or written discourse. The emergence of social media
has allowed users to converse informally, which has contributed towards the development of a new lingual signature that has
evolved organically over the times. Such mutations do not only include syntactic/grammatical violations, but rather it also allows to
conjoin several languages together to address the multi-lingual society. Although code-mixing is not a new phenomena, it was
always present in spoken language conversations, but social media allows it to become a common practice. Therefore, code-
mixing has emerged as the new research area. So various NLP scientists, therefore, develop new technologies and techniques to
process code-mixed speech and text, to create useful tools for translation and speech recognition and also to construct engaging
user interfaces. The goal is to make natural and multilingual interaction in-between computer and human. In every natural language
processing or text processing research corpora plays an important role to build NLP system. In general, finding monolingual
corpora is more easier than the code- mixed corpora, because monolingual discourse is more prevalent in formal environments and
thus is more likely to be preserved. Although the changing of code is a common practice in different communities worldwide,
access to code-mixed data is often difficult. Thus, code-mixed data is less likely to be archived and therefore harder to find as
training data. Linguistic complexity as well as course nature of the code-mixed text makes the annotation process ambiguous,
which makes challenges in different NLP classification problem such as language identification, Parts-of-Speech (POS) tagging
etc. So in this research, motivation to discuss the necessary theoretical study on code-mixing including a Code Mixing Index (CMI)
which determines the level of mixing between languages and finally, choose sentiment analysis as a test case to solve which is
basically a multi-faceted problem that includes several sub- problems such as Sentence Boundary Detection (SBD), POS tagging,
language identification. Sentiment analysis, otherwise known as opinion mining or text analysis which refers to the automated
process of analysing the textual data to extract, identify, or otherwise characterize the sentiment content of a text unit using NLP,
computational linguistics or statistical approach. The fundamental task is to identify the polarity or emotions or intentions of a
given text in the document level, sentence or sub-sentence or clause level, feature or aspect level. The type of polarity based on
positive, negative, or neutral. Sentiment analysis from social media code-mixed text is extremely important in toady’s scenario, as
this is the era of social media which demands continuous monitoring to get the wider public opinion or sentiments behind the
certain specific topics. Despite several recent advances in NLP, the handling of code-mixed data for sentiment analysis remains a
challenge. In the fast-paced world of the last ten years, social media platforms like Facebook, Twitter, and WhatsApp have opened
up a treasure trove of opportunities for accessing information and advancing language technology. However, this digital revolution
has also brought its fair share of hurdles. The text generated on these platforms tends to be rough around the edges and riddled with
noise, showcasing a plethora of spelling blunders and inventive spellings—like using “u” instead of “you” or “b4” for “before.”
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Phonetic typing adds another layer of complexity, as seen with the Hindi word for “eyes,” which can be represented in various
creative forms. Word play is rampant, with variations like “goooood” for “good” and “so000” for “so.” Abbreviations are the name
of the game, with “LOL” standing for “Laugh out loud!” and “OMG” for “Oh My God!” The blending of words, such as “alot” for
“A lot” and “ty” for “Thank You,” further complicates matters. Confusion reigns with homonyms, as ‘“Principal/Their” can easily
be mistaken for “Principle/There.” And let’s not forget the presence of meta tags, including URLs and hashtags, that add to the mix.
In today's fast-paced world, it's no surprise that technological advancements give rise to a plethora of new terms that breathe fresh
life into old concepts. Take, for instance, the term “texto,” which has emerged to describe a “SMS error,” much like how “typo” has
become synonymous with a “spelling error.” It's a classic case of language evolving to keep up with the times! In the realm of
social media, it's a common sight that non-English speakers, including our friends from India, often steer clear of using Unicode or
their native scripts. Instead, they embrace the art of romanized phonetic typing, seamlessly weaving in English elements through
code-mixing and anglicisms. This delightful blend of languages creates a vibrant tapestry of expression, but it also turns the task of
identifying parts of speech and language in social media text into quite the formidable challenge! In the vibrant world of Indian
social media, there are countless writing practices that truly stand out and capture the essence of the digital age. It's a melting pot of
creativity and expression, where every post is a unique gem waiting to shine. From witty captions to heartfelt messages, the
landscape is rich with diverse voices and perspectives that resonate with audiences far and wide. Each interaction is a testament to
the power of connection in this fast-paced online realm.

1. LITERATURE REVIEW

Years down the line from Joshi's groundbreaking work on code-switched text processing [1] and the pioneering strides in
language identification [2], the spotlight of linguistic research has predominantly shone on the sociological and conversational
factors that fuel code-switching [3]. This involves categorizing switches as either inter- or intra-sentential (between or within
sentences), intra-word or tag switching (within words or through inserted phrases), and determining if they serve to express group
identity or arise from gaps in language proficiency. Initially, social media studies primarily concentrated on English monolingual
texts, but in recent times, there has been an increasing fascination with non-English and mixed-language content. It’s clear as day
from the numerous dedicated workshops on Computational Approaches to Code Switching [4], [5] and the insightful discussions
on information retrieval from code-mixed texts at the FIRE workshops [6]-[10]. When it comes to code-mixed Indian language
data, researchers have truly left no stone unturned, delving into a myriad of fascinating facets. Bhattacharja [11] took a deep dive
into the fascinating world of complex predicates, skillfully weaving together English words and verbs in a captivating exploration.
Ahmed et al. [12] shed light on the fact that code-mixing and abbreviations lead to transliteration errors in Hindi and Telugu, which
in turn affects input method editors in significant ways. Mukund and Srihari [13] came up with a groundbreaking tagging method
for Urdu-English code-mixing that cleverly utilizes POS categories. Das and Gambéack [14] were pioneers in the field, unveiling
the very first social media dataset for Indian code-mixing, featuring the dynamic blend of Hindi and English. Barman and
colleagues [15], [16] discovered that character n-grams, parts of speech, and lemmas are incredibly valuable for identifying
languages and conducted a dictionary-based classification at the word level. Bali and others highlighted the importance of diving
deep into both structural and discourse linguistic analysis when it comes to this kind of code-mixing. Diab and Kamboj [18]
explored the exciting world of corpus collection, proposing the innovative idea of crowdsourcing to gather formal English-Hindi
code-mixed data. Gupta and colleagues [19] took a bold step by harnessing the power of deep learning to uncover term equivalents
in code-mixed text, coining the catchy phrase 'mixed-script information retrieval.! Meanwhile, Maharjan and their team [20]
embarked on an exciting journey to develop and annotate code-switching tweets, diving into the vibrant worlds of Spanish-English
and Nepali-English. Bohra et al. [21] have crafted a remarkable English-Hindi code-mixed dataset aimed at the ever-important task
of hate speech classification. When it comes to the motivations driving code-switching, a plethora of studies indicate that social
purposes reign supreme, frequently arising from a deep-seated desire to showcase in-group membership. Sotillo [22] discovered
this phenomenon in SMS, where mixing often occurs at the start of messages or as straightforward insertions, a revelation that
Bock [23] also highlighted for chat messages in English, Afrikaans, and isiXhosa. In a world where research often echoes itself,
Xochitiotzi Zarate [24] found comparable outcomes in English-Spanish SMS, just as Shafie and Nayan [25] did with Facebook
comments, and Negrén Goldbarg [26] mirrored these findings in Spanish-English emails. This stands in stark contrast to the
vibrant studies conducted in the bustling bilingual hubs of Hong Kong and Macao by Li [27] and San [28], where the driving forces
behind Chinese-English code-switching are undeniably more rooted in linguistic motivations than in social dynamics. Furthermore,
research delves into the fascinating frequency and diverse forms of code-switching that emerge on social media platforms. In a
fascinating exploration of language dynamics, Dewaele [29], [30] connected the dots between code-switching rates and the
exhilarating thrill of "strong emotional excitement." Meanwhile, Johar [31] noted a delightful trend of increased positive smileys
accompanying the art of code-switching, showcasing the joyful interplay of emotions and language. San [28] observed a clear
trend of inter-sentential code-switching in blog posts, shining a light on how it stands out when compared to the spoken Macanese
language. Hidayat[32] discovered that Facebook users are all about that inter-sentential switching, with a whopping 59% favoring
it over intra-sentential at 33% and tag switching trailing behind at just 8%. The reasons behind this trend are as clear as day, with
lexical needs leading the pack at 45%, followed closely by topic discussion at 40%, and a sprinkle of clarification at 5%. On the
flip side, Das and Gambdack[33] revealed that fewer than half of the code-switching instances in Facebook messages were intra-
sentential, while inter-sentential switching made up just around a third. Finally, the time has come for research to dive into the
captivating realm of gender-based differences in code-switching. Kishi Adelia [34] embarked on an enlightening journey through a
small dataset of Indonesian tweets, revealing that male students tended to embrace intra-sentential switching to build a sense of
camaraderie, while female students chose inter-sentential switching as a heartfelt way to express their emotions and demonstrate
their appreciation. Ali and Mahmood Aslam [35] observed in a small SMS sample that, without a shadow of a doubt, Pakistani
female students were definitely more likely to pepper their Urdu texts with English words than their male counterparts.

I1l. PROPOSED METHODOLOGY

This study analyzes Three standard classifiers were selected to establish the baselines: Naive Bayes (NB), Sequential Minimal
Optimization (SMO), and Random Forests (RF). The Random Forest classifier is an ensemble of decision trees that has gained
popularity for text categorization due to its algorithmic simplicity and superior performance with high-dimensional data. SMO is
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employed for training a Support Vector Machine (SVM) classifier with a Polynomial kernel; hence, the computation time of SMO
is mostly influenced by SVM evaluation, making SMO most efficient for linear SVMs and sparse datasets. The Naive Bayes
classifier utilizes Bayes’ Theorem, which is important in computing conditional probabilities, as inverse probabilities are generally
more accessible and less subjective than direct probabilities. Naive Bayes is a straightforward and widely utilized technique that
merges optimal temporal performance efficiency with acceptable accuracy. The NB classifier posits conditional independence
among the characteristics utilized during training. N-grams, as features derived from texts, cannot be regarded as autonomous due
to the syntactic and semantic interdependence of the tokens. Tokens exhibit syntactic and semantic interdependence. The
investigations are categorized into two approaches: machine learning-based approaches and deep learning-based approaches. In
general, I would say the models and techniques were chosen on the basis of ‘What performs at the State-of-The- Art for non code-
mixed tasks’. In particular for the baseline models — it represents the varied approaches to classification and different learning
algorithms. In a way the lower performance of the ML models serves the purpose of showing that the hypothesis in sentiment
analysis is highly non linear — and we need a large variety of ML models to add support to this conjecture. Sentiment Analysis is a
reasonably complex NLP problem that to when it comes to a mixed language texts. Recent research suggests neural network based
techniques are the best performing for the sentiment analysis. Therefore, it is obvious to choose traditional machine learning
approaches such as NB, SMO and RF as the baselines which mostly produce linear hypothesis. This gives a clear and differentiable
analysis of sentiment analysis performance on code-mixed data using traditional machine learning based approaches Vs. neural
network based approaches.To establish a baseline, experiments were run using these popular machine learning algorithms. Stop-
words and rare terms were eliminated, and classifiers were trained utilizing characteristics including trigrams and TF-IDF weights.
The machine learning studies were conducted using Weka.

Figure 2. Bi LSTM- CNN Learner

A. BiLSTM-CNN learner

The very first deep learning model that was put to the test was a fantastic blend of BiLSTM and convolutional neural networks
(CNN), as shown in the illustrious Figure 6.1. In the world of natural language processing, we take a word embedding matrix of a
sentence and feed it into a bidirectional LSTM layer. This clever approach allows us to capture those long-range relationships and
semantic attributes that are so crucial. By utilizing the bidirectional LSTM, we provide the neural network with both forward and
backward contexts, ensuring that it has all the information it needs to understand the nuances of language. The bidirectional LSTM
layer takes in 100 time stamps and produces a total of 8 outputs, which is the perfect blend of 4 plus 4 units. The outcome is then
fed into a convolutional layer boasting 48 filters, each measuring 9, which glide over the input like a well-oiled machine, akin to a
bag of n-grams that expertly pinpoints those all-important word n-grams. A global max pooling layer is used to grab the most
important feature from the output of the convolutional layer, ensuring we capture the essence of the data like a pro! The data is
then flattened and fed into a first dense layer of size 32, using a rectified linear unit (ReLU) activation. After that, it moves on to a
second dense layer featuring a Softmax activation function to predict the probabilities of the three sentiment labels. This model
suggests that the BiLSTM will gracefully capture the temporal order in both forward and backward directions, ensuring that the
sequence is preserved, ultimately leading to a fresh encoding for the input. Next up, the output from the BiLSTM layer takes a
thrilling journey into a convolutional layer, where it will work its magic by extracting those all-important local features! The result
of the convolution layer is then brought together into a smaller dimension, ultimately leading to one of three sentiment labels that
capture the essence of the analysis. In order to tackle the challenge of overfitting, a range of regularization values from 0.001 to 0.2
and dropout probabilities between 0.2 and 0.5 were thoroughly examined for this model. The sweet spot for optimal performance
was found by setting the regularization parameter to a low 0.001 in the convolutional layer, while the dense layer was trained with a
dropout probability of 0.2, leading to the best results. Dropout is a fantastic regularization technique that simply involves tossing
aside a random selection of layer outputs during the training process, ensuring that your model doesn't get too comfortable and
learns to adapt like a pro! When it comes to neuron dropout rates, a range of 20% to 50% is often seen as a solid starting point that
really gets the ball rolling. A dropout probability that is too low hardly makes a difference, but if it’s too high, it can really hinder
the network's ability to learn effectively.

IV. Findings and Insights

Table 6.5 presents a comprehensive overview of the performance of various models on code-mixed social media datasets,
showcasing statistics derived from evaluations conducted on the held-out (unseen) test sets. On the flip side, Table 6.6 showcases
the results of the ever-popular 10-fold cross-validation performed on the datasets. In the tables, you'll find models that make use
of GLoVe embeddings, which have been pre-trained on a whopping 27 billion tweets, clearly marked with a GLoVe suffix.

When we take a closer look at the two tables, it becomes crystal clear that employing a hold-out strategy for partitioning the
data set led to outcomes that were just a notch above the rest.  While n-fold cross-validation shines with its remarkable statistical
accuracy, using a held-out test set can also do wonders for evaluating a model. It ensures that the test set, when used the right way,
is made up of fresh data that the model hasn't seen before during training.  In addition, cross-validation can be quite the resource
hog; thus, hold-out evaluation might be viewed as a "shortcut” to cross-validation, requiring less computational power.  This is
important because, just like in other studies such as SemEval, similar research has been conducted using a specific test set. Asa
result, once the trustworthy 10-fold cross-validation results are in, we will be able to draw some meaningful conclusions from them.
Table 1 shows that we hit the sweet spot of accuracy without needing any extra information or hand-crafted features. It's a win-win
situation!  The tables clearly show that deep learning models are head and shoulders above traditional machine learning models,
with the attention-based model frequently shining just a bit brighter than the other two network models. Custom word
embeddings frequently demonstrate a noticeable boost in performance when compared to the pre-trained GLoVe embeddings
derived from a staggering 27 billion tweets. The numbers that show how much we've improved can be found in Table 6.6.  This
finding really highlights the impressive amount of unknown tokens that come to light when we utilize an embedding sourced from
a monolingual corpus. It's truly eye-opening! In light of this, the embeddings obtained from the code-mixed corpus shine brightly,
showcasing remarkable performance, even though the pre-training corpus is somewhat limited in size.
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Table 1: Result Parameter for EN-HI text analysis

Datase | Classifie | Accurac | Precisio | Recal | F1
t Name | r used y n I Scor
e
ICON Naive 46.8 32.1 46.8 38.1
2017 Bayes
EN-HI
SMO 49.1 53.6 49.1 51.3
Random | 48.9 51.4 48.9 50.1
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BiLSTM | 57.6 57.1 57.6 57.3
-CNN
GLoVe 57.4 56.9 57.4 571
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BERT 62.2 62.0 62.2 62.1
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e -400
L0
= Neutral 110.90
4 -300
=
-200
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-100
\\\e
Q\?’o?',&

Predicted label

Figure:2 Confusion Matrix of BERT

The custom word embeddings do not significantly outperform the GLoVe word embedding trained on 27 billion tweets,
although they somewhat beat it in all dimensions. Given the restricted dataset employed for training the custom embeddings, this
can certainly be seen as a success. The improvements in accuracy and F1 score can likely be ascribed to the reduction in the
number of unknown tokens due to the use of the custom word embedding. Analysis indicated that 64,072 terms in the lexicon of
the custom embeddings were missing from the GLoVe word embeddings, even though the latter was trained on 27 billion tweets.
It is expected that models utilizing embeddings trained on a code-mixed corpus will significantly outperform those using
embeddings trained on a monolingual corpus, given a more extensive dataset. The exceptional effectiveness of BERT was an
unexpected result of the studies. Nevertheless, as shown in Table 1, BERT exhibits comparability to other deep learning models
regarding F1 score, providing no significant improvements over them. BERT utilizes WordPiece tokenization techniques that
significantly reduce the occurrence of unknown tokens, possibly enhancing its performance. This research definitively
demonstrated that deep learning models, particularly the Attention-based model and pre-trained BERT, substantially outperform
traditional machine learning techniques (including Naive Bayes, SMO, and Random Forests) in the sentiment analysis of code-
mixed English-Hindi and English social media texts. Despite the challenges posed by little data and the informal nature of social
media, the deep learning techniques achieved significantly higher F1 scores.  The study highlighted BERT's unforeseen
effectiveness despite considerable dataset variability and suggested the potential for domain-specific BERT word embeddings.
The attained accuracies are inferior to those of monolingual English sentiment analysis, attributable to the inherent complexity of
code-mixed data and the scarcity of comprehensive annotated resources. The diverse corpus collection, including Twitter,
Facebook, and WhatsApp, ensured that the proposed methodologies are scalable across other social media platforms and linguistic
combinations. Numerous future research opportunities exist in Natural Language Processing (NLP) for code-mixed text. It is
essential to enhance language identification to more efficiently handle multilingual code-mixed content, especially considering
varied representations like Unicode, transliterated Indian languages, and the English lexicon.  Furthermore, examining
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transliteration and sophisticated language Furthermore, investigating transliteration, sophisticated language modeling, and parsing
methodologies for code-mixed text is essential. A promising avenue entails the incorporation of language modeling into code-
mixed Part-of-Speech (POS) tagging and examining how code-switched language models can tackle the issue of unknown words in
these intricate linguistic contexts.

1V. CONCLUSION

This research successfully demonstrated that deep learning models, particularly the Attention-based model and pre-trained
BERT, substantially outperform traditional machine learning techniques (like Naive Bayes, SMO, and Random Forests) in
sentiment analysis of code-mixed English-Hindi and English- social media texts. Despite the challenges posed by sparse data and
the informal nature of social media, the deep learning approaches achieved significantly higher F1 scores. The research also
highlighted BERT's surprising effectiveness even with high dataset dissimilarity and showed promise for domain-specific BERT
word embeddings. While the obtained accuracies are still lower than those for monolingual English sentiment analysis, this is
attributed to the inherent complexity of code-mixed data and the scarcity of large, annotated resources. The diverse corpus
collection, spanning Twitter, Facebook, and WhatsApp, ensured the methodologies proposed are scalable across various social
media platforms and language combinations. Looking ahead, several avenues exist for further research in Natural Language
Processing (NLP) for code-mixed text. There's a need to enhance language identification to better handle multilingual code-mixed
text, especially considering various representations like Unicode, transliterated Indian languages, and English words. Additionally,
exploring transliteration, advanced language modeling, and parsing techniques for code-mixed content is crucial. A promising
direction involves integrating language modeling into code-mixed Part-of-Speech (POS) tagging and investigating how code-
switched language models can address the challenge of unknown words in these complex linguistic environments.
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