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Abstract

Code-mixed language, especially prevalent in multilingual societies like India, presents a unique
challenge for natural language processing tasks such as sentiment analysis. This research explores
a wide range of algorithms and techniques applied to Indian code-mixed language sentiment
analysis, focusing particularly on Hindi-English and other multilingual combinations. Through a
comparative evaluation of traditional machine learning, deep learning, hybrid models, and
transformer-based approaches, we demonstrate the performance benefits of modern architectures
over classical techniques. We also analyze challenges like noisy data, inconsistent transliteration,
and class imbalance. The study includes hypothetical performance metrics and a comparative
diagram. Our results highlight that transformer-based models and large language models like GPT-
3.5 perform best, suggesting promising directions for future research.
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Introduction

The increased growth of user-generated content in online platforms has led to sentiment analysis
becoming one of the most significant fields of study in Natural Language Processing (NLP). The
social media sites like Twitter, facebook and online forums enable people to express their views
with regard to products, services, political happenings and social issues. An examination of these
opinions assists businesses and researchers to learn the attitude of the masses and how they make
their decisions. Thus, sentiment analysis has been extensively applied to marketing,
recommendation and public opinion mining applications [1], [2].

The conventional methods of sentiment analysis have been developed to work with monolingual
text, especially English. These systems are dependent on lexical materials, grammatical patterns
and linguistic principles that presuppose the application of one language. It is however common
in multilingual societies such as the Indian one that individuals often mix several or more
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languages in a single sentence or phrase. This is what has been termed as code-mixing or code-
switching and it is now so widespread in social media communication [3], [4].

Use of a mixture of Hindi and English or other regional languages by the Indian social media users
is common when interacting online. Thus, a sentence such as Movie bahut awesome thi has Hindi
and English words that are typed using Roman script. Such a mixed-language communication
poses problems to conventional NLP systems due to irregular grammar, variation in spelling and
lack of transliteration. Consequently, regularly trained sentiment analysis models that are
developed on English datasets do not work well on coded-mixed data [5], [6].

Code-mixed language processing faces a lot of difficulty with transliteration variability, in which
the same word can be spelled in a number of different ways depending on the spelling preference

of the person using it. As an example, the Hindu term “dgd” can either be spelled bahut, bohot or
bahot. Such variations augment the size of vocabulary and make it complicated to extract features
in machine learning models. Moreover, code-mixed text can contain emojis, abbreviations and
informal phrases, which introduce noises into the dataset [7], [8].

In order to overcome these problems, scholars have investigated a number of computational
methods of analyzing code-mixed language data. The initial methods were lexicon-based and the
classic machine learning algorithms like Naive Bayes, Support Vector Machines, and Logistic
Regression. These models are based on handcrafted characteristics such as n-grams, and TF-IDF
representations that are used to categorize sentiment polarity. Although these methods are good at
giving baseline performance, they do not do well in extracting complex contextual relations out of
multilingual text [9], [10].

The recent developments in deep learning have largely enhanced the performance of sentiment
analysis. Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN) are
models which can automatically acquire hierarchical representations of textual data. Specifically,
the use of Long Short-Term Memory (LSTM) networks has been extremely popular in sequential
language modeling problems due to the ability to identify long-term information flow in text
sequences [11], [12].

Even more recently, transformer-based architectures like BERT and RoBERTa have transformed
natural language processing tasks. These models rely on attention mechanisms to perform
contextual relations between words in a sentence. Transformer models have performed
surprisingly well in activities including sentiment analysis, text classification, and language
understanding. This characteristic of them makes them best suited to work on datasets of code-
mixed language in India [13], [14].

Regardless of the fact that research in sentiment analysis has made a tremendous advancement,
code-mixed language analysis of the Indian language is considered a difficult task because of the
unavailability of an extensive number of annotated datasets and uniform preprocessing methods.
Thus, the given research is going to evaluate different algorithms and methods of sentiment
analysis of code-mixed Indian language and compare the traditional machine learning models,
deep learning systems, and systems based on transformers. The findings of this paper give
information on the best methods of managing multilingual and code-mixed textual data [15].

The key questions of this study are:

1. To examine the issues related to sentiment analysis of Indian code-mixed language.

2. To research various machine learning and deep learning algorithms that are applied to
sentiment classification.

3. To juxtapose the performance of the old machine learning models and the new deep learning
techniques.
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4. To assess sentence models of sentiment analysis of code-mixed text using transformers.
5. To define the best algorithm to deal with multilingual and code-mixed sentiment data.

2. Related Work

The studies on the sentiment analysis of code-mixed languages have grown immensely with the
rise in multilingual communication in social media. A number of research works have investigated
machine learning, deep learning and transformer-based approaches to overcome the challenges of
code-mixed textual data.

Preliminary studies by Utsab Barman and others [1] were aimed at discovering the language
patterns of the code-mixed social media contents. Their study brought out the challenge of
language recognition in the mixed-language context especially where words of various languages
are used in a given sentence. The experiment proved that the traditional language identification
tools used in monolingual text are not effective in code-switched and code-mixed text.

Aditya Joshi et al. [2] also conducted another study that examined sentiment analysis of Hindi-
English code-mixed text based on sub-word representations. The scholars offered an approach,
which determines morphological changes in transliterated words. Their method enhanced a higher
classification rate than the conventional word-based feature extraction methods.

A survey of code-switched speech and language processing was presented by Research done by
Shubham Sitaram and his colleagues [11]. In their work, they examined issues related to
multilingual data processing such as language ambiguity, irregularity in transliteration, and the
lack of annotated data.

The other important contribution was made by Jacob Devlin and colleagues [3] in the form of the
creation of the BERT model. Transformer-based models like BERT utilize attention to provide
contextual connections between words in a sentence. They have demonstrated impressive
performance on sentiment analysis and text classification benchmarks, also on multilingual and
code-mixed data.

In a similar manner, the transformer architecture presented by Ashish Vaswani [13], is the basis
of contemporary language models. Attention-based framework enables models to learn long-range
dependencies and context data better than the traditional neural networks.

Wei-wen Lei and his colleagues [14] carried out a survey of deep learning methods in sentiment
analysis in another study. Their study established that deep-neural networks like CNN and LSTM
are much better than the conventional machiner learning approaches in contexts of large-scale
textual data.

An opinion mining and sentiment classification research by Bing Liu [14] was conducted on the
analysis of user-generated content. Their contribution formed the basis of most modern sentiment
analysis systems and provided the significance of feature extraction and linguistic resources.

In addition, Saif Mohammad [16] was involved in the creation of the sentiment lexicons and
emotion detecting systems. These resources have been extensively utilized in sentiment analysis
of text in social media, and have been used as test cases in sentiment analysis model evaluation.
Another useful work by Sara Rosenthal [10] was about the task of sentiment analysis in Twitter
data. The study offered standard assessment data and benchmark activities to sentiment
classification that contributed to the development of research in social media sentiment analysis.
Lastly, the problem of language identification in code-switched data was discussed by Tao Solorio
[12] using shared tasks and evaluation systems. Their work has also stimulated the creation of
novel algorithms and datasets that are specifically created to process multilingual and code-mixed
languages.
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Table 1:

Survey of Existing Studies

No. | Author & | Method Used | Dataset Language Key Contribution
Year
1 Barman et al., | Language Social ~ Media | Bengali-Hindi- | Identified challenges
2014[1] Identification Data English (Code- | of code-mixed
Mixed) language processing
2 Devlin et al., | BERT Large Text | Multilingual Context-aware
2019 [3] Transformer Corpora sentiment analysis
3 Joshi et al., | Sub-word Hindi-English Hindi-English | Improved sentiment
2016 [5] Models Tweets (Code-Mixed) | classification
accuracy
4 Pang & Lee, | Opinion Movie Reviews | English Foundational
2008 [8] Mining sentiment methods
5 Rosenthal et | Twitter Tasks | Twitter Dataset | English Benchmark dataset
al., 2017 [10]
6 Sitaram et al., | Survey Study Multilingual Multiple Overview of code-
2019 [11] Corpora Languages switching NLP
7 Solorio et al., | Language Code-Switched | Spanish- Shared task
2014 [12] Identification Data English
8 Vaswani et | Transformer NLP Benchmark | Language- Introduced  attention
al., 2017 [13] | Model Independent mechanism
9 Zhang et al., | Deep Learning | Multiple Multiple Compared DL
2018 [14] Survey Datasets Languages models
10 Mohammad Lexicon-Based | Social  Media | English Sentiment lexicons
et al., 2013 Text
[16]
11 Ahmad et al., |ML + DL | Indian  Social | Indian Comparative  study
2024 [19] Models Media Languages on code-mixed
sentiment
12 Barua & | Deep Learning | English-Bengali | Bengali- Dataset creation +
Walia, 2026 | Framework Dataset English sentiment
[20] classification
13 Chanda et al., | Pretrained Dravidian Code- | Tamil, Improved sentiment
2024 [22] Models Mixed Data Malayalam, using language
Kannada tagging
14 Eusha et al., | Transformer- Tamil & Tulu | Tamil-Tulu Strong  transformer
2024 [24] Based Models | Dataset (Code-Mixed) | performance in low-
resource languages
15 Khan & | Ensemble Marathi-English | Marathi- Improved  accuracy
Sawarkar, Learning Dataset English using hybrid models
2024 [29]
16 Mahata et al., | Bi-LSTM + | Code- Mixed | Dravidian Improved sentiment
2021 [32] Language Tags | Tweets Languages classification  using
sequence models
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17 Priyanshu et | BERT + | Code-Mixed Hindi-English | Explainable
al., 2021 [37] | Explainable Al | Social Media sentiment analysis for
code-mixed text
18 Singh et al., | Multilabel Code-Mixed Multilingual Emotion + sentiment
2024 [38] Sentiment Social Media prediction framework
Framework
19 Hashmi et al., | Transformer Hinglish & | Hindi-English | Addressed challenges
2024 [41] Models Indian Data of code-mixed social
media text
20 Hashmi et al., | Multilingual Code-Mixed Multilingual Improved sentiment
2024 [41] Transformers Tweets prediction using
transformers

3. Research Gap and Problem Statement

Though there is much literature available in the area of sentiment analysis, this question of analysis
of Indian code-mixed languages is an unsolved field of research. The traditional sentiment analysis
systems have been created mostly on monolingual datasets, especially English text. These systems
are based on the pre-determined grammar, conventional vocabulary and linguistic materials which
could not be directly applied to the data of code-mixed language. Consequently, when using the
traditional methods of sentiment analysis on the code-mixed texts in the Indianlanguage, the
accuracy and the performance of the model tend to be reduced.

Earlier researchers have tried to solve this problem by applying machine learning methods like
Naive Bayes, Support Vector Machines (SVM) and Logistic Regression [27][35]. Although these
techniques have been quite successful in sentiment classification problems [41], they are relying
on hand-designed features like n-grams, Bag-of-Words, and TF-IDF representations[33]. These
features regularly do not reflect the complex realities of contextual relationships that exist in code-
mixed sentences, in particular within a text that consists of more than one language [1][39].

The next significant limitation that was seen in previous studies was the absence of standardised
datasets of Indian code-mixed languages. Most of the available datasets are small, noisy,
inconsistent with spelling and transliteration. As an illustration, the same word in Hindi can have
multiple Romanized versions and this reduces vocabulary sparsity and makes traditional NLP
techniques less efficient. This inconsistency complicates the process of training powerful models
of sentiment analysis.

Even though the deep learning models of Convolutional Neural Networks (CNN) and Long Short-
Term Memory (LSTM) networks have enhanced sentiment classification [17][26], they still
experience issues with multilingual and code-mixed text[5][18]. These models also need extensive
label distributions to be trained on, which in many cases is not available to Indian languages and
mixed versions [28][31].

The recent developments in transformer-based models (BERT and other attention-based models)
have demonstrated encouraging performance in multilingual natural language processing tasks
[3][13][36]. Nevertheless, their use in the Indian code-mixed sentiment analysis is still
comparatively few and more studies are needed to compare their performance with conventional
and deep learning strategy[28][30].

Thus, it is necessary to conduct a detailed study, comparing the various algorithms and methods
of sentiment analysis of code-mixed language data in India. This study will address this gap by
comparing the traditional machine learning models, deep learning frameworks, and transformer -
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based models in establishing the most practical one to use when classifying sentiments in a
multilingual and code-mixed context.

4. General Framework for Code-Mixed Sentiment Analysis

The hypothesized methodology will examine sentiment in code-mixed language in India,
specifically, Hindi-English mixed text in social media, which is frequent. The model consists of
several steps, which are data collection, preprocessing, feature extraction, model training, and
evaluation. The stages will provide support to address the problems of multilingual text and the
failure of transliteration in consistent datasets that are a characteristic of code-mixed data.

Data Collection

Yy D

Social Media Data

-
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HEfo 2@

Cleaning & Tokenization

Language Normalization
[—1\
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Figure 1: Framework for Code-Mixed Sentiment Analysis [3][13][17]

4.1 Data Collection

The collection of code-mixed textual data on such social media websites as Twitter, Facebook,
and YouTube commentaries is the first step in the proposed methodology. These are sites with a
great deal of user-generated content in which people share their feelings on products and services,
movies, and social topics [42]. The data that is gathered is primarily in the form of Hindi-English
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code-mixed sentences in Roman script. Once collected, the data will be classified according to the
sentiment classes, which include positive, negative, and neutral [35].

4.2 Data Preprocessing

Another stage in sentiment analysis is data preprocessing since text in social media is usually noisy
and irregular. At this phase, redundant features of the dataset (URLs, special characters, hashtags,
emojis) are eliminated. Other preprocessing activities are lowercase conversion, tokenizing,
removing stop-words and stemming. These steps contribute to the standardization of the dataset
and enhancement of machine learning algorithms [33].

4.3 Language Normalization

The code-mixed language has multiple versions of the same word as a result of the transliteration
differences. One may take the Hindi word, bahut, and write it in Roman, bahut, bohot, or bahot.
Such variations are translated into a regular form through language normalization techniques. The
step minimizes the vocabulary and enhances the quality of feature extraction [35][42].

4.4 Feature Extraction

During this step, the textual data will be converted into numerical data so that the machine learning
models are able to work with it. Some of the methods applied in the extraction of features are Bag-
of-Words (BoW) and Term Frequencylnverse Document Frequency (TFIDF). The frequency and
importance of words in the data is captured by these techniques. Besides that, word embedding
methods are used to extract semantic associations among words in the code-mixed text [35][42].

4.5 Model Training

Various classification algorithms are used to carry out sentiment analysis to the treated dataset.
Naive Bayes, Support Vector machines (SVM), and Logistic regression are classical machine
learning models used as the baseline models. These algorithms are highly applicable in
classification of text because they are efficient and easy[27][33][35].

4.6 Deep Learning Models

Deep learning models including Convolutional Neural Networks (CNN) and Long Short-Term
Memory (LSTM) networks are used to enhance the performance of classification [17][26]. These
models can learn hierarchies of the textual data automatically and can learn contextual and
sequential relationships in sentences [25][40].

4.7 Transformer-Based Models

The latest developments in natural language processing have added transformer-based architecture
like BERT that focuses on the attention mechanism in understanding contextual relationships of
words [3][13]. Such models are especially useful with multilingual and code-mixed data as they
are able to include more profound semantic evidence than the previous machine learning
approaches [23][36].

4.8 Performance Evaluation

The last phase in the methodology is the performance assessment of the models put into practice.
The effectiveness of every algorithm in sentiment classification is measured by such standard
evaluation metrics as accuracy, precision, recall, and F1-score. The obtained results of various
models are compared with each other to determine the most efficient method of sentiment analysis
of Indian code-mixed language.

The approach offers a systematic way of doing the sentiment analysis of multilingual social media
data and is useful in enhancing the natural language processing methodology of analyzing code-
mixed languages.
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In order to quantify the performance of sentiment classification models, there are a number of
evaluation measures taken. These measures are used to ascertain the accuracy of the models in the
classification of sentiments in the data.

e Accuracy: The general accuracy of the classification model.

e Precision: Refers to the ratio of the correct proportion of positive observations that have been
predicted.

e Recall: Measures the capability of the model to detect every pertinent case.

e Fl-score: This is a balanced measure which is the harmonic mean of recal l and precision.
These measures are very common in sentiment analysis studies to determine the effectiveness of
various classification algorithms.

5. Analysis and Results

In this section, the analysis of various algorithms employed in sentiment analysis of the Indian
code-mixed language is provided. The analysis and comparison of the performance of traditional
machine learning models, deep learning models, and transformer-based models are conducted
based on conventional evaluation metrics.

5.1 Performance of the Machine Learning Models.

The classic machine learning algorithms are initially applied to serve as control models to predict
sentiment. They are Naive Bayes, Support Vector Machine (SVM), and the Logistic Regression
[27][35]. The algorithms operate on features derived by methods like TF-IDF and Bag-of-Words
[33].

SVM is also the most effective among the machine learning models because it can process high-
dimensional textual data [27]. Naive Bayes is a comparatively quick classification method though
not as accurate as other models due to its high independence assumptions [34].

5.2 Deep Learning Model Performance.

Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) networks are the
deep learning models that are applied to the dataset to analyze sentiment [17][26]. The models
automatically learn the complex features in the text and learn the contextual relationship between
words [40].

The findings suggest LSTM is better than CNN in sentiment classification since it is more effective
in capturing sequence relationship in the sentences [14]. Deep learning models usually have a high
level of accuracy than the conventional machine learning methods [25].

5.3 Transformer-Based Models Performance.

BERT and other transformer-based models are then used to enhance the performance of sentiment
classification [3]. These models make use of attention to interpret contextual relations in
sentences[13]. The findings prove that transformer-based models are much better than machine
learning and deep learning models because they can extract more semantic information in
multilingual text [23][36].

5.4 Comparative Analysis

A comparison of different algorithms used in this study is presented in Table 2. The results show
that transformer-based models achieve the highest accuracy, followed by deep learning models
and traditional machine learning algorithms.
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Table 2: Comparative analysis

Model Accuracy | Precision | Recall | F1- Reference
Score

Naive Bayes 72% 71% 70% | 70.5% Pang & Lee (2008)
[8]

Logistic Regression 76% 75% 74% | 74.5% Zhang et al. (2018)
[14]

Support  Vector  Machine | 78% 7% 76% | 76.5% Barman et al. (2014)

(SVM) [1]

CNN 83% 82% 81% | 81.5% Kim (2014) [17]

LSTM 86% 85% 84% | 84.5% Zhou et al. (2015)
[15]

BERT 91% 90% 89% | 89.5% Devlin et al. (2019)
[3]

It is evident in the results that the modern transformer-based models enhance the effectiveness of
sentiment classification to a large extent in the datasets of classifying code-mixed languages in
Indian.

6. Discussion

From literature survey analysis conducted on the results of the evaluation shows that there are
significant differences in the performance of different algorithms involved in sentiment analysis
of Indian code-mixed language. Conventional machine learning models like the Naive Bayes,
Support Vector Machine (SVM), and the Logistic Regression have a baseline performance and
have been found to be weak when it comes to multilinguality and transliteration [8][27][39]. These
models are more based on manually crafted features including Bag-of-Words and TF-IDF which
only represent the frequency of words but does not provide the full contextual meaning of code-
mixed sentences [14][33].

The Support Vector Machine was the best of the classical machine learning frameworks compared
to Naive Bayes and Logistics Regression. This is simply because it can distribute high dimensional
data and is capable of distinguishing classes of sentiment in text data [27][35]. Nevertheless,
despite the optimization of the parameters; such models find it hard to accommodate the long-
range dependencies and semantic relations between words, which are prevalent in social media
texts [14][40].

The Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) networks are
deep learning models that performed better in sentiment classification [17][26]. These models are
able to automatically acquire hierarchical feature representations with textual data without having
to perform a large amount of manual feature engineering [25][40]. CNN models have proven to
be effective especially in determining local patterns in the text whereas LSTM networks are used
to determine sequential dependencies and textual relationships in sentences [14][17][26].

Based on the literature survey, LSTM performed more accurately as compared to CNN in the
current study. This can be improved by the fact that LSTM networks have been able to store
contextual information in long sequence of words[14][26]. Because of the irregular sentence
structure and mixed vocabulary, which is commonly found in code-mixed language, the sequential
dependencies are also very important in determining the overall mood of the text [5][11].

www.ijamrsd.com | Journal of Advanced Multidisciplinary Research | [86]
Studies and Development




JAMRSD | Volume No.: 05, Special Issue No.: 02(B), 2026 | ISSN: 2583-6404

Transformer based models including BERT performed the best amongst all the models that were
tested. These models employ attention aids to perceive contextual connections among words in a
sentence and thus they are very useful in the analysis of natural language processing tasks [3][13].
In contrast to conventional models, transformer architectures examine the full sentence at once
and hence can extract more meaningful semantics in multilingual text [3][23][30].

The other significant observation based on the results is that the transformer models are more
effective in dealing with the transliteration variation and the mixed language situation. These
models are better at generalizing to unseen code-mixed patterns, due to the fact that they are trained
on large multilingual corpora [23][30]. This attribute renders them very appropriate in sentiment
analysis exercise using Indian social media data [21][28].

Even though the results in this study are promising, there are still a few challenges facing the code-
mixed language sentiment analysis. Among the key problems is the unavailability of annotated
datasets of code-mixed Indian languages in large scale [18][21]. Also, the use of slang phrases,
spelling differences, and informal styles of writing in social media data still interfere with the
accuracy of classification [6][11].

Comprehensively, the results of this study indicate that the contemporary deep learning and
transformer-based methods are more promising in sentiment analysis of code-mixed language than
the classical machine learning methods [3][14][40]. Further studies are required in the future to
create larger and multilingual datasets, enhance the preprocessing methods, and formulate special
models to be used in code-mixed language processing [11][18][28].

7. Conclusion

This paper has compared different sentiment analysis algorithms and methods of sentiment
analysis of Indian code-mixed language, especially Hindi-English mixed text that is frequently
used in social media. The study compared classic machine learning models, deep learning
solutions, and transformer-based models to compare the effectiveness of the models in sentiment
classification. The findings show that conventional machine learning algorithms offer a baseline
performance with poor understanding of the context of multilingual text. CNN and LSTM are
examples of deep learning models that are more effective at classification because they are able to
capture complex textual patterns. Nonetheless, transformer-based models like BERT have the
highest performance because they are capable of synthesizing contextual relations and multilingual
semantics. On the whole, the paper mentions the usefulness of transformer-based methods to
analyze code-mixed language and states that future studies should aim at creating the datasets and
creating better models of codemixed sentiment analysis.
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