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Abstract:  The rapid rise in social media use has led people to code-mix languages, mixing different 

languages in one sentence or conversation. This is common in multilingual communities and creates 

challenges for tasks such as sentiment analysis in natural language processing. Analyzing sentiment in 

code-mixed text is more challenging than in single-language text because of issues such as language 

identification, variations in writing, mixed grammar, and a lack of large annotated datasets. This study 

reviews existing research on analyzing sentiment in code-mixed social media text. It examines different 

methods, including traditional machine learning, lexicon-based methods, deep learning models, and 

transformer-based architectures such as BERT. It also examines commonly used datasets, evaluation 

metrics, and language processing techniques, such as language identification and part-of-speech tagging. 

The study compares different language pairs, such as Hindi–English, Tamil–English, and Punjabi–English, 

to show current research trends and limitations. The findings show that while progress has been made for 

some language pairs, research on Punjabi–English code-mixed sentiment analysis is still limited. Finally, 

this study points out key research gaps and suggests future research directions to improve sentiment 

analysis in code-mixed multilingual settings. 
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I. INTRODUCTION 

 

The increasing use of social media platforms such as Twitter, Facebook, Instagram, and YouTube has 

increased the amount of user-generated text online. These platforms allow users to quickly share their 

thoughts and feelings, making them useful for sentiment analysis. Sentiment analysis, or opinion mining, 

is a key task in natural language processing. It identifies and categorizes opinions in text as positive, 

negative, or neutral (Sharma et al., 2025; Maurya & Jha, 2024).In multilingual communities, people often 

mix languages in a single sentence or conversation. This is known as code-mixing or code-switching 

(Sitaram et al., 2019). For example, in India and other multilingual areas, social media users often mix 

English with local languages, such as Hindi, Tamil, or Punjabi, in one post. This creates code-mixed social 

media text, which is challenging for sentiment analysis. Unlike single-language text, code-mixed data can 

have inconsistent grammar, transliterated words, spelling variations, and mixed language structures, 

making automatic processing difficult (Ahmad et al., 2022; Neetika et al., 2020). 

In the past ten years, researchers have proposed different methods for handling sentiment analysis in code-

mixed text. Early studies mainly used traditional machine learning algorithms, such as Naïve Bayes and 

support vector machines, along with handcrafted features, including n-grams and part-of-speech tags 

(Advani et al., 2020; Ranjan et al., 2019; Sharma et al., 2018). However, these methods often struggled to 

capture contextual and semantic relationships effectively. 
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Recently, deep learning models, such as convolutional neural networks (CNNs) and recurrent neural 

networks (RNNs), have been widely used to improve performance. CNN-based methods have been applied 

to the sentiment analysis of code-mixed tweets (Sarkar et al., 2019), and LSTM-based models have shown 

promising results (Jamatia et al., 2020). Hybrid deep learning architectures further enhance performance 

by combining multiple techniques (Gupta et al., 2021). Additionally, transformer-based architectures like 

BERT have shown strong performance in multilingual sentiment analysis tasks (Choudhary et al., 2022; 

Sahoo et al., 2022; Verma et al., 2023). 

Despite these advancements, sentiment analysis of code-mixed social media text remains an active research 

area with many challenges. Issues, such as language detection, transliteration normalization, lack of 

annotated datasets, and mixed grammatical structures, affect model effectiveness (Patwa et al., 2020; 

Solorio et al., 2020). In addition, while many studies have focused on common language pairs, such as 

Hindi–English and Tamil–English, there has been less research on Punjabi–English code-mixed sentiment 

analysis (Singh & Goyal, 2020; Tiwari et al., 2025). The widespread use of social media platforms has led 

to an increase in user-generated content that reflects people's opinions, emotions, and sentiments on various 

topics (Sampath & Supriya, 2024). Identifying emotions in social media posts has become a major research 

area, especially with the rise of code-mixed content (Perera & Caldera, 2024). Social media text is used in 

various applications, including speech recognition, machine learning, information retrieval, question 

answering, sentiment analysis, and named entity recognition (Giatsoglou et al., 2017). (Giatsoglou et al., 

2017). However, Natural Language Processing (NLP) tools like Part of Speech (POS) taggers and parsers, 

which are trained on monolingual texts, often face difficulties with multilingual data. Assigning 

grammatical labels, such as verbs, adjectives, and nouns, becomes more challenging in code-mixed 

scenarios (Chiche & Yitagesu, 2022; Sunita et al., 2023). For instance, consider the following code-mixed 

social media text: 

 “Ajj party ni miss karni, it's gonna be full fun!” 

 “Exam di tension hor vi vadh gayi aa, can't focus at all!” 

With the ongoing growth of social media platforms, users are increasingly engaging in informal and non-

standard communication through code-mixed language. In multilingual countries such as India, it is typical 

to see a mix of English and local languages, such as Punjabi, in online interactions (Neetika et al., 2020). 

Code-mixing refers to the blending of two or more languages within a single sentence, shaped by context, 

culture, and the user's language skills (Ahmad et al., 2022). For example, in casual conversations, users 

often merge English and Punjabi using the Roman alphabet. 

 “Kal di participation was awesome yaar!”  

This kind of content poses significant challenges for traditional sentiment analysis systems, which are 

typically designed for monolingual and grammatically correct texts (Pasupa & Ayutthaya, 2019). 

Consequently, this study offers a thorough review of existing research on sentiment analysis of code-mixed 

social media text. The aim of this review is to examine the methodologies, datasets, and evaluation 

techniques employed in previous studies, pinpoint key challenges, and identify research gaps that could 

inform future work in this area. 

This study presents a comprehensive review of machine learning techniques for sentiment analysis of code-

mixed text. Techniques and approaches of machine learning and deep learning for bilingual or multilingual 

text sentiment analysis are described along with their corresponding results in different scenarios and using 

different types of datasets. The key research highlights of this study are as follows: 

    To present the results of existing literature on sentiment analysis of code-mixed social media texts.  

   To provide a systematic review of studies performed on sentiment analysis of code-mixed social media 

on different Indian languages.  

    To explore and report the current state of research in code-mixed using various machine learning and 

deep learning techniques. 

   To present the results of various machine learning models in terms of their performance metrics used 

by the recent studies in English-Punjabi code-mixed text. 

The remainder of this paper is organized as follows: Section II discusses related work, and Sections III and 

its subsections provide the machine learning and deep learning techniques and approaches used in the 

sentiment analysis of code-mixed social media text. Section IV presents the approaches used in English–

Punjabi code-mixed social media text. Section V compares the study of non-POS tagged and POS tagged 

data and presents the results of the English and Punjabi work done in the study. Section VI discusses the 

observations and state-of-the-art methods. Section VII presents the research gap, and Section VIII presents 

the conclusions and future scope. 
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II. Related Work 

Sentiment analysis is an important aspect of NLP. It focuses on finding and sorting opinions from the text. 

At first, research mainly used English data and traditional machine learning methods, such as support 

vector machines (SVMs) and Naïve Bayes classifiers. These methods relied on manually created features, 

such as n-grams and lexicon-based models. Reviews have shown a shift from these older methods to 

advanced deep learning techniques that are used in many fields (Alshamsi et al., 2020; Sharma et al., 2025). 

The rise of social media has led to more mixed-language texts. Code mixing means the use of different 

languages in one sentence. This causes problems such as grammar issues, word confusion, and a lack of 

standard language resources. Some studies have examined these problems and reviewed the current 

methods for sentiment analysis in mixed-language settings (Perera & Caldera, 2024; Ahmad et al., 2022; 

Mahadzir et al., 2021). These studies emphasize the need for strong models to handle language diversity. 

In India, much research has been conducted on Hindi-English and Dravidian mixed-language data 

(Mandalam & Sharma, 2021; Jhanwar & Das, 2018; Sharma et al., 2018). However, sentiment analysis for 

English–Punjabi mixed text has not been well studied. Current research mainly focuses on basic sentiment 

classification and language identification. It highlights major issues, such as a lack of labeled data, specific 

domain problems, and challenges with transliterated text (Singh & Goyal, 2020; Bansal et al., 2020; Yadav 

et al., 2020). Although there has been some progress in multilingual sentiment analysis, including Punjabi, 

this research is still new (Gill & Singh, 2024). 

Traditional approaches to sentiment analysis in code-mixed text typically rely on techniques rooted in 

feature engineering and ensemble learning (Maurya & Jha, 2024; Ranjan et al., 2019). Although these 

approaches offer satisfactory baseline performance, their dependence on manual feature extraction restricts 

their capacity to capture the deep semantic and contextual nuances present in code-mixed data. 

Deep learning techniques have greatly enhanced the current capabilities of sentiment analysis. Models, 

such as convolutional neural networks (CNNs), recurrent neural networks (RNNs), and attention-based 

frameworks, have demonstrated superior performance by facilitating automatic feature extraction and 

capturing long-range dependencies in text (Ghosh et al., 2021; Gupta et al., 2021; Sarkar et al., 2019). 

These models are particularly adept at handling the intricacies of code-mixed language structures. 

In recent times, transformer-based models have set new benchmarks for sentiment analysis tasks. Models 

like multilingual BERT and its variations have been thoroughly fine-tuned for sentiment classification in 

code-mixed languages, showcasing exceptional contextual comprehension across different languages 

(Sampath & Supriya, 2024; Kaur et al., 2024; Sahoo et al., 2022; Verma et al., 2023). Although these 

models are highly effective, they often necessitate large annotated datasets and significant computational 

power, which restricts their use in low-resource language environments. 

In addition to neural methods, linguistic elements, such as POS tagging, have been incorporated to boost 

the effectiveness of sentiment classification. Research has shown that attention mechanisms informed by 

POS and contextual embeddings can enhance feature representation and make models more interpretable 

(Kanakkahewa et al., 2023; Tehseen et al., 2023; Sunita et al., 2026). However, achieving precise POS 

tagging in code-mixed text is difficult because of frequent language switching and the limited availability 

of annotated resources. 

Moreover, the creation of benchmark datasets and shared tasks has been pivotal in advancing research in 

this field. Projects such as LinCE and SemEval have offered standardized datasets and evaluation protocols 

specifically for code-mixed sentiment analysis (Aguilar et al., 2020; Patwa et al., 2020). However, there is 

still a significant shortage of extensive, high-quality datasets for low-resource languages, particularly for 

Punjabi. 

In short, while there have been notable advancements in sentiment analysis for code-mixed text through 

the use of deep learning and transformer-based models, several obstacles remain. These challenges include 

the scarcity of annotated datasets for Punjabi, insufficient management of intricate linguistic features, such 

as code-switching and sarcasm, and a lack of model interpretability. Overcoming these hurdles offers 

significant opportunities for future research on English–Punjabi code-mixed sentiment analysis. 
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III. Approaches / Techniques applied for code mixed social media text in   sentiment analysis : 

3.1. Machine learning based  

There has been a consistent increase in research focused on processing monolingual Punjabi text, largely 

due to the demand for supporting social media, digital content, and multilingual interactions. A key area 

of interest has been POS tagging, which is essential for providing the syntactic framework needed for more 

advanced tasks. Lehal and Saini (2011) established the basis for Punjabi POS tagging systems by 

investigating discriminative sequence labelling techniques, such as conditional random fields (CRF); 

however, they did not report accuracy metrics. 

The study of sentiment analysis in code-mixed social media text has attracted considerable interest, driven 

by the growing prevalence of multilingual communication on digital platforms. Initial research primarily 

aimed at understanding the linguistic features of code-mixed text and creating resources for computational 

analysis. For example, Das et al. (2015) conducted one of the first studies on mixed-script information 

retrieval using the Forum for Information Retrieval Conference 2015 (FIRE) dataset. Their research 

underscored several challenges related to code-mixed text, including inconsistent spelling, transliteration, 

and grammatical variations. Although the study did not directly address sentiment classification, it offered 

valuable insights that informed later research on code-mixed natural language processing tasks. 

As the field evolved, traditional machine learning algorithms were extensively used for sentiment analysis 

of code-mixed text, especially for Hindi–English datasets. Sharma et al. (2018) examined classical machine 

learning models like SVM and Naïve Bayes for classifying sentiments in Hinglish tweets. Their 

experiments achieved an accuracy of approximately 72%, indicating that traditional machine learning 

techniques can effectively classify sentiments in code-mixed data when suitable features are employed. 

Similarly, Ranjan et al. (2019) utilized feature-based machine learning methods for sentiment classification 

and reported an accuracy of approximately 70%. These studies demonstrate the effectiveness of combining 

traditional machine learning algorithms with feature engineering techniques, such as TF-IDF, n-grams, and 

lexicon-based features. 

3.2. Deep Learning-Based Approaches 

With the development of neural networks, deep learning models have found increasing use in analyzing 

the sentiment of code-mixed text. Bohra et al. (2018) presented a dataset combining Hindi and English and 

utilized long short-term memory (LSTM) models for sentiment analysis, achieving approximately 78% 

accuracy. This study highlighted that deep learning models can more effectively capture contextual 

relationships in code-mixed text than traditional machine learning techniques. Further advancements have 

been made with other neural architectures. Sarkar et al. (2019) employed convolutional neural networks 

(CNNs) for sentiment analysis of Hindi-English code-mixed tweets, reaching an accuracy of approximately 

79%. Similarly, Banerjee et al. (2019) investigated the use of FastText word embeddings for representing 

words in code-mixed text, achieving an accuracy of approximately 74%. Hybrid deep learning architectures 

have also been suggested to boost model performance. Lal et al. (2019) created a hybrid architecture that 

combines CNN and Bidirectional Long Short-Term Memory (BiLSTM) models to capture both local 

semantic features and long-range contextual dependencies in sentences. Their model achieved an accuracy 

of 83.54%, showing significant improvements over previous methods. 

 

3.3. Benchmark Datasets and Shared Tasks 

The year 2020 was a significant turning point in the field of code-mixed sentiment analysis, marked by the 

introduction of benchmark datasets and shared evaluation tasks. Jamatia et al. (2020) utilized LSTM-based 

models to analyze the sentiment of Hinglish tweets, achieving an accuracy of about 81%. During the same 

period, Aguilar et al. (2020) launched the LinCE benchmark, which offers standardized datasets for 

assessing linguistic code-switching tasks, and reported an F1 score of approximately 84%. Similarly, 

Khanuja et al. (2020) introduced the GLUECoS benchmark, a framework designed to evaluate code-

switched natural language processing tasks, attaining an F1 score of approximately 82%. 

In a significant study conducted by Singh and Lefever (2020), the researchers examined cross-lingual word 

embeddings for analyzing sentiment in Hinglish tweets, achieving an F1 score of approximately 70.5%. 

 

3.4. Studies on Other Code-Mixed Language Pairs 

Although most research has concentrated on Hindi–English datasets, there has been some investigation 

into other language combinations, such as English–Punjabi. Singh and Goyal (2020) were among the first 

to study sentiment analysis of English–Punjabi code-mixed social media text, employing a lexicon-based 

N-gram method and achieving an accuracy of about 83%. This study highlighted the potential of sentiment 

analysis for Punjabi–English code-mixed datasets. Similarly, Bansal et al. (2020) explored language 
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identification for English–Punjabi code-mixed social media text using machine learning classifiers, such 

as logistic regression, and achieved an accuracy of approximately 86.63%. 

 

3.5. Hybrid Deep Learning and Attention-Based Models 

Researchers have recently introduced hybrid architectures that integrate deep learning with attention 

mechanisms to enhance sentiment classification outcomes. Gupta et al. (2021) crafted a hybrid deep 

learning framework that merges several neural networks, achieving an accuracy close to 85%. Similarly, 

Ghosh et al. (2021) designed an attention-based neural network model that achieved an accuracy of 

approximately 84% when analyzing sentiment in code-mixed tweets. Additionally, Singh (2021) 

investigated ensemble machine learning techniques and documented an F1 score of approximately 69.07% 

for the sentiment classification of Hinglish tweets. 

 

3.6. Transformer-Based and Ensemble Learning Models 

Recent research has concentrated on ensemble learning methods and transformer-based models. Kumar et 

al. (2022) utilized ensemble learning techniques for the sentiment classification of code-mixed tweets, 

achieving an accuracy of about 86%. Choudhary et al. (2022) introduced a multilingual transformer-based 

model for analyzing sentiment in code-mixed social media text and reported an F1 score of approximately 

85%. Sahoo et al. (2022) employed transformer-based architectures, reaching an accuracy of approximately 

87%. 

 

3.7. Recent Advances Using Multilingual Language Models 

Recent studies have increasingly focused on developing context-aware and multilingual language models 

to enhance sentiment analysis outcomes. Reddy et al. (2023) introduced a context-aware deep learning 

model aimed at analyzing sentiment in code-mixed social media text, achieving an accuracy rate of about 

88%. Similarly, Verma et al. (2023) utilized multilingual BERT (mBERT) models for classifying sentiment 

in Hinglish tweets, reporting an accuracy of approximately 89%. More recently, Kaur et al. (2024) 

developed a transformer-based model for sentiment analysis, which attained an accuracy of approximately 

90%, highlighting the capability of modern transformer architectures in processing code-mixed language 

data effectively. 

3.8. Supporting Linguistic Research for Code-Mixed Text 

In addition to sentiment classification, research has also explored other linguistic tasks associated with 

processing code-mixed text. For instance, Sunita et al. (2026) introduced an hidden Markov Model 

(HMM)-based method for part-of-speech tagging in English–Punjabi code-mixed social media content. 

Their research utilized annotated datasets sourced from platforms such as Facebook, YouTube, and 

WhatsApp, achieving a tagging accuracy of approximately 71.52%. Although this study focused on 

syntactic analysis rather than sentiment classification, it contributed to the development of linguistic 

resources for handling Punjabi–English code-mixed text. 

In short, a diverse array of methods and techniques has been employed in code-mixed sentiment analysis, 

reflecting a clear shift from traditional machine learning approaches to sophisticated transformer-based 

models. Despite notable advancements, challenges such as limited data, linguistic diversity, and model 

interpretability continue to drive ongoing research in this field. Various strategies have been implemented 

for the sentiment analysis of code-mixed social media text, demonstrating clear improvements in 

performance over time. Initial studies using traditional machine learning techniques, such as support vector 

machines (SVMs) paired with TF-IDF features, achieved relatively lower accuracy, generally between 

70% and 75% (Ranjan et al., 2019). The introduction of deep learning methods, including convolutional 

neural networks (CNNs), recurrent neural networks (RNNs), and hybrid CNN–RNN architectures, 

significantly enhanced performance, reaching accuracy levels of 80% to 85% (Sarkar et al., 2019; Gupta 

et al., 2021; Jamatia et al., 2020). Attention-based neural networks further improved results by 

concentrating on sentiment-relevant features, achieving approximately 82%–85% accuracy (Ghosh et al., 

2021). More recently, transformer-based methods have set new benchmarks in code-mixed sentiment 

analysis. Models such as multilingual BERT (mBERT) and other transformer architectures have achieved 

accuracies between 85% and 90% when fine-tuned on code-mixed datasets (Verma et al., 2023; Choudhary 

et al., 2022; Sahoo et al., 2022). Similarly, transformer-based frameworks proposed by Sampath and 

Supriya (2024) and Kaur et al. (2024) reported accuracies of approximately 84%–88%, underscoring the 

effectiveness of contextual embeddings in managing multilingual and code-switched text. Additionally, 

models incorporating linguistic features, such as POS based attention and BiLSTM with contextual 

embeddings, have achieved competitive performances of approximately 83%–84% (Kanakkahewa et al., 
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2023; Tehseen et al., 2023). Overall, the findings indicate consistent improvements in accuracy from 

traditional machine learning methods to deep learning and transformer-based models. However, it is crucial 

to recognize that reported accuracies vary based on the dataset, language pair, and preprocessing techniques 

employed, making direct comparisons across studies challenging. 

IV Approaches/Techniques used in English–Punjabi Code-Mixed Social Media text 

In contrast to other language combinations, such as Hindi–English, research on English–Punjabi code-

mixed social media text has not been as extensively explored. Nevertheless, several studies have 

investigated natural language processing tasks, such as language identification, sentiment analysis, and 

part-of-speech tagging, for Punjabi–English code-mixed text. Singh and Goyal (2019) were among the 

pioneers in studying language identification for English–Punjabi code-mixed social media text. They 

gathered bilingual text from social media platforms where Punjabi words are often written in the Roman 

script and interspersed with English words. Machine learning classifiers were utilized to determine the 

language of individual tokens within code-mixed sentences. The study underscored significant challenges, 

including transliteration variations, spelling inconsistencies, and informal writing styles typical of social 

media communication. 

In 2020, Singh and Goyal introduced a sentiment analysis system tailored for English–Punjabi code-mixed 

content on social media platforms, such as Facebook, Twitter, and YouTube. This dataset featured Punjabi 

words transcribed in the Roman script alongside English words. The authors employed a lexicon-based 

sentiment analysis method enhanced with n-gram features to categorize social media posts into positive, 

negative, and neutral sentiments. Their experimental findings indicated that the system achieved a 

classification accuracy of approximately 83%, highlighting the efficacy of lexicon-based methods in 

analyzing bilingual Punjabi–English social media text. 

Bansal, Goyal, and Rani (2020) conducted a study to identify languages in English–Punjabi code-mixed 

text found on social media. They gathered data from Facebook and Twitter and utilized various machine 

learning classifiers, such as logistic regression, decision trees, and Naïve Bayes, incorporating N-gram 

features. Their findings revealed that logistic regression achieved the highest accuracy at 86.63%, 

demonstrating the effectiveness of machine learning models in detecting language tokens within code-

mixed Punjabi–English text. Additionally, Bansal, Goyal, and Rani (2020) expanded their research to 

address the issue of word-level language identification in English–Punjabi code-mixed text. This aspect of 

the study aimed to categorize individual words as either Punjabi or English using machine learning 

algorithms and linguistic features. The research underscored the difficulties in managing transliterated 

Punjabi words written in the Roman script, which frequently appear with various spellings in social media 

text. 

Sunita, Kumar, and Bansal (2026) introduced a hidden Markov model (HMM) method for POS tagging in 

English–Punjabi code-mixed social media content, alongside sentiment analysis and language 

identification. They compiled a dataset of approximately 900 annotated sentences sourced from Facebook, 

YouTube, and WhatsApp. The authors approached tagging as a sequence labeling task and employed the 

Viterbi algorithm for decoding. Their system achieved a POS tagging accuracy of 71.52%, establishing a 

foundational framework for the syntactic analysis of Punjabi–English code-mixed text. 

The current body of research suggests that studies on English–Punjabi code-mixed social media text are 

still in their infancy. Most existing work has concentrated on fundamental tasks, such as language 

identification, sentiment analysis using lexicons, and part-of-speech (POS) tagging. It is only recently that 

more sophisticated methods, such as deep learning and transformer-based techniques, have started to be 

investigated. Consequently, further research is needed to create larger annotated datasets and employ 

modern machine learning methods to enhance sentiment analysis and other NLP tasks for English–Punjabi 

code-mixed social media text.  

 

V Use of non-POS tagged and POS tagged Data in sentiment analysis code mixed social media text: 

 

5.1. Non-POS Tagged data in sentiment analysis: 

Conversely, most studies on sentiment analysis of code-mixed social media content, particularly for 

language combinations such as Hindi–English and Punjabi–English, do not employ POS-tagged datasets. 

Conventional machine learning methods, such as those used by Ranjan et al. (2019) for Hindi–English and 

Singh and Goyal (2020) for Punjabi–English, tend to yield lower accuracy rates, generally around 72.3% 

and 74.1%, respectively, due to their dependence on surface-level and manually crafted features. In 

contrast, deep learning models, including CNN and LSTM frameworks (e.g., Sarkar et al. (2019) and 
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Jamatia et al. (2020)) applied to Hindi–English code-mixed text, show marked improvement, achieving 

about 81.5% and 83.2% accuracy by effectively capturing sequential and contextual relationships in the 

data. More sophisticated pretrained transformer-based models, such as mBERT (Verma et al. 2023) for 

Hinglish (Hindi–English) and XLM-RoBERTa (Choudhary et al. 2022) for multilingual code-mixed data, 

further boost performance, attaining accuracies of approximately 89.4% and 91.2%, respectively, because 

of their robust contextual comprehension and cross-lingual representation abilities. 

Nevertheless, even with these advancements, many of these methods overlook explicit linguistic elements, 

such as POS tagging, which could potentially boost the effectiveness of sentiment classification. In general, 

research suggests that while datasets with POS tagging offer crucial linguistic insights for feature 

extraction, most sentiment analysis studies in Indian languages predominantly use datasets without POS 

tagging, particularly as deep learning and transformer-based models become more prevalent. 

5.2. POS tagged data in Sentiment analysis: 

 A thorough examination of the relevant literature indicates that only a few studies integrate POS tagged 

features in sentiment analysis, with a primary focus on monolingual or non-code-mixed datasets. For 

example, Kalarani and Selva Brunda (2019) employed POS features alongside SVM and ANN on English 

text, achieving an accuracy of 86.2%, which highlights the role of syntactic information in enhancing 

sentiment classification. Similarly, Srividya and Sowjanya (2019) used POS tagging with TF-IDF for 

aspect-based sentiment analysis in English, reporting an accuracy of 82.5%. In another instance, Pasupa 

and Ayutthaya (2019) worked with Thai language data, combining POS tagging with word embeddings to 

achieve an accuracy of approximately 85.6%. Kanakkahewa et al. (2023) expanded this concept to 

multilingual social media data by introducing a POS-based attention mechanism, resulting in an improved 

performance of approximately 86.8%. Collectively, these studies illustrate that POS tagged features 

enhance syntactic comprehension and sentiment classification accuracy; however, they are predominantly 

confined to monolingual or general multilingual contexts rather than code-mixed scenarios. 

The analysis underscores that although POS based methods achieve commendable accuracy in English, 

Thai, and multilingual contexts, they are seldom utilized in code-mixed sentiment analysis. Specifically, 

for English–Punjabi code-mixed social media content, current research primarily depends on machine 

learning, deep learning, and transformer-based techniques without the use of POS tagged features. This 

suggests that incorporating POS tagging into machine-learning models can potentially improve the 

performance and interpretability of sentiment classification in code-mixed environments. 

Only a few published studies have utilized English–Punjabi POS tagged data specifically for sentiment 

analysis. Most studies either conducted sentiment analysis without incorporating POS tagging or 

performed POS tagging without focusing on sentiment analysis.  

VI Observation and State of art 

The review of 67 research articles highlights several key trends and gaps in the study of code-mixed social 

media content. Earlier studies, particularly between 2015 and 2019, mainly relied on traditional machine 

learning techniques, such as support vector machines, naïve Bayes, and logistic regression. These 

approaches depended heavily on manually engineered features. In recent years, however, there has been a 

clear shift toward deep learning and transformer-based models, including LSTM, CNN, and BERT, which 

are more effective at capturing context and semantic nuances in multilingual and code-mixed data. Despite 

these advancements, most research continues to focus on widely studied language pairs, such as Hindi–

English and other high-resource combinations. In contrast, English–Punjabi code-mixed text remains 

largely underexplored, with only a limited number of studies addressing this area. 

Another important observation from the review is the limited use of  POS tagging in sentiment analysis. 

Only a few studies—such as those by Kalarani and Selva Brunda (2019), Srividya and Sowjanya (2019), 

Pasupa and Ayutthaya (2019), and Kanakkahewa et al. (2023)—have incorporated POS features into 

sentiment classification, reporting improvements in both accuracy and feature representation. In contrast, 

several studies have examined POS tagging in isolation without integrating it into sentiment analysis tasks. 

At the same time, most sentiment analysis research does not utilize POS information at all. This indicates 

that syntactic features remain largely underutilized, particularly in the context of code-mixed data. 

Moreover, the literature consistently highlights several challenges in code-mixed sentiment analysis. These 

include ambiguity introduced by language mixing, the lack of large and standardized annotated datasets, 

the noisy and informal nature of social media text, and the difficulty of accurately performing POS tagging 

on mixed-language inputs. These challenges are even more pronounced for English–Punjabi data owing to 

the limited availability of linguistic resources and annotated corpora. 

While advanced approaches such as transformer-based models, attention mechanisms, and hybrid 

frameworks have shown strong performance, they rarely incorporate linguistic features such as POS 
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tagging. As a result, an important gap remains in the development of sentiment analysis models that 

effectively combine deep learning techniques with syntactic information. Addressing this gap is 

particularly crucial for improving performance on English–Punjabi code-mixed social media texts. 

 

Table 6.1: No. of the Reviewed Papers and the Source of Reviewed Papers 

 

Source 
No. of 

Papers 

POS 

Tagged 

Papers 

POS 

Used in 

Sentiment 

Analysis 

English–

Punjabi 

POS 

Tagged 

Papers 

Authors (Year) 

IEEE 10 2 1 0 

Tiwari, A.; Sehgal, J.; Singh, M.; 

Mishra, A. (2025)  

Tripathi, N.; Singh, M.; Yadav, N. 

(2024) Nandakumar, R.; Pallavi, M. S. 

(2022)  

Yadav, K.; Lamba, A.; Gupta, D.; 

Gupta, A.; Karmakar, P.; Saini, S. 

(2020) 

 Mandalam, A. V.; Sharma, Y. (2021) 

Springer 8 2 2 0 

Sharma, N. A.; Ali, A. S.; Kabir, M. A. 

(2025)  

Kalarani, P.; Selva Brunda, S. (2019) 

Chiche, A.; Yitagesu, B. (2022)  

Gupta, R.; Sharma, P.; Singh, K. (2021) 

Elsevier 

(Procedia, 

Expert Systems, 

etc.) 

9 2 2 0 

Sampath, K. K.; Supriya, M. (2024)  

Maurya, C. G.; Jha, S. K. (2024)  

Pasupa, K.; Ayutthaya, T. S. N. (2019) 

Giatsoglou, M.; Vozalis, M. G.; 

Diamantaras, K.; Vakali, A.; 

Sarigiannidis, G.; Chatzisavvas, K. C. 

(2017) 

ACM / ACL / 

Conference 

Proceedings 

12 0 0 0 

Maity, K.; Jha, P.; Saha, S.; 

Bhattacharyya, P. (2022) Aguilar, G.; 

Kar, S.; Solorio, T.; Diab, M. (2020) 

Patwa, P.; Sharma, S.; Pykl, S.; Guptha, 

V.; Kumari, G.; Akhtar, M. S.; Ekbal, 

A.; Das, A.; Chakraborty, T. (2020) 

Chakravarthi, B. R.; Muralidaran, V.; 

Priyadharshini, R.; McCrae, J. P. (2020) 

ResearchGate / 

ResearchSquare 

/ Preprints 

4 2 1 0 

Kanakkahewa, K. H. S. L.; Mohotti, W. 

A.; Subhashini, L. D. C. S. (2023) 

Sunita, S.; Kumar, A.; Neetika, N. 

(2023) Sunita, S.; Kumar, A.; Bansal, N. 

(2026) Jhanwar, M. G.; Das, A. (2018) 

Other Journals 15 2 1 0 

Srividya, K.; Sowjanya, A. M. (2019) 

Ahmad, G. I.; Singla, J.; Ali, A.; Reshi, 

A. A.; Salameh, A. A. (2022) Mahadzir, 

N. H.; Omar, M. F.; Nawi, M. N. M.; 

Salameh, A. A.; Hussin, K. C. (2021) 

Punjabi / 

Regional 

Studies 

9 3 0 2 

Dinesh Kumar, M.; Josan, G. S. (2016) 

Lehal, G. S.; Saini, T. S. (2011)  

Lehal, G. S.; Gupta, V. (2012)  

Lehal, G. S.; Singh, S. (2012)  

Tehseen, S.; Singh, M.; Kaur, H. (2023) 
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VII    RESEARCH GAPS 

The existing literature reveals that several studies have been conducted on sentiment analysis in code-

mixed text for other languages. After studying various research papers, we found the following:  

 No studies have been conducted using POS tagged data for sentiment analysis in English–Punjabi code-

mixed text from social media.  

  Analysis tools perform well on POS tagged text and improve accuracy compared to untagged text.  

 This is the first attempt (for the time being) to develop a sentiment analysis tool for English–Punjabi code-

mixed social media text using POS tagged data.  

VIII    CONCLUSION AND FUTURE SCOPE  

Despite significant progress in sentiment analysis for code-mixed social media content, several important 

challenges remain unresolved. Most existing research has focused on high-resource language pairs, such 

as Hindi–English, whereas low-resource combinations, such as Punjabi–English, have received 

comparatively little attention. This imbalance has led to a shortage of annotated datasets, which limits the 

development and proper evaluation of robust sentiment analysis models for these languages. 

This review provides a detailed analysis of sentiment analysis approaches applied to code-mixed social 

media data, with a   methods, deep learning architectures, and transformer-based models. The findings 

indicate that current studies largely rely on both pretrained and non-pretrained deep learning models, often 

without incorporating linguistic features such as POS tagging. 

Although POS tagging has been shown to improve sentiment classification performance in monolingual 

and some multilingual contexts (e.g., Kalarani & Selva Brunda, 2019; Kanakkahewa et al., 2023), its 

application to English–Punjabi code-mixed data remains largely unexplored. Most existing work prioritizes 

deep learning and transformer-based approaches while overlooking syntactic features, revealing a notable 

gap in the use of POS-tagged information to enhance performance in code-mixed settings. 

Overall, this review highlights that, despite advancements in multilingual and code-mixed sentiment 

analysis, there is still a lack of linguistically informed and robust models, particularly for low-resource 

language pairs such as English–Punjabi. 
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