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ABSTRACT: With the recent explosion of social media and online space, the generation of large volumes of
multilingual/code-mixed textual data has become a reality, and therefore multilingual sentiment analysis is an important
area of research within the Natural Language Processing. However, the presence of language variations, the absence of
annotated data, syntax, and semantics dissimilarities between languages is a severe issue to the successful sentiment
classification. In the past couple of years, researchers have found alternative approaches such as traditional machine
learning models and advanced deep learning and transformer-based frameworks. The paper will consist of an in depth
review of the recent trends in the area of multilingual sentiment analysis, specifically machine learning, deep learning
and transformer based algorithms. The paper will analyze the popular models, data sets and the techniques of
assessment that have demonstrated the strength of hybrid deep learning and transformer models such as BERT,
mBERT and XLM-RoBERTa in learning contextual and cross- linguistic representations. The key problems and
research gaps are also expounded in order to give a boost to sentiment analysis in low resource and multilingual
language environment.

KEYWORDS: Multilingual Sentiment Analysis, Machine Learning(ML), Deep Learning(DL), Transformer, Natural
Language Processing (NLP).

L. INTRODUCTION

As the social media and online communication systems have rapidly developed, the volume of textual opinionated
information has increased greatly and sentiment analysis is among the mandatory activities in Natural Language
Processing (NLP). Sentiment analysis is identified as a method of automatically analyzing the opinions in text to
identify whether they are positive, negative or neutral. The traditions of sentiment analysis are being put through the
test of linguistic and situational diversity as the multilingual and code-mixed text abounds on the digital platforms.
Recent papers have explored the multilingual sentiment classification task using transformer-based models such as
multilingual BERT in the setting of enhanced cross-lingual understanding in social media data [1], and other articles
have found the importance of multilingual transformer models in sentiment classification in low-resource languages
[2]. It was also found in the comparative studies of the transformer architecture that the models such as XLM-
RoBERTa and IndicBERT have better results when it comes to the classification of code-mixed sentiment [4].
Additionally, the study which analyzes the multilingual posts of the social media reveals that the transformer based
model is capable of replicating the contextual sentiment patterns across the languages [6].

The studies that had been done before largely relied on traditional machine learning techniques such as Support Vector
machine, Naive Bayes and Logistic regression that were modeled using feature engineering techniques. As an example,
the studies of Hindi-English code-mixed corpora experiments indicated that SVM-based models can be applicable in
the recognition of emotionality of multi-lingual texts [8]. Similarly, the analyses of multilingual comments in YouTube
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and social media posts showed models of machine learning that determined the sentiment pattern within multilingual
user comments [11]. The logistic regression-based model has also worked well in detecting sentiments of English-
Punjabi code-mixed social media data [13]. Besides, the study is grounded on the Hinglish and multi-lingual
conversational information, and it is related to the importance of pre-processing algorithms and language recognition
when it comes to handling mixed-language text structures [15].

This has been enhanced by the recent advancements of deep learning and transformer-based architecture making
multilingual sentiment analysis systems significantly more effective. Different neural network frameworks such as
CNN, LSTM and GRU have been widely used to learn contextual dependencies and semantic relationships of
multilingual data sets [17]. It has been demonstrated that CNN + LSTM hybrid deep learning models achieve superior
sentiment classification scores in both social media commentaries and multilingual data sets [19]. Also, transformers-
based models, such as BERT and mBERT, and XLM-RoBERTa, are shown to perform well at multilingual and cross-
lingual sentiment classification tasks as they can obtain more contextual representations [21]. The ensemble and hybrid
transformer models have been explored with the sentiment analysis of multilinguality using e-commerce reviews and
social media dataset and high classification accuracy has been achieved in different languages [23], [25]. Based on
these developments, the paper describes the works of machine learning, deep learning, and transformer-based models
of multilingual sentiment analysis and the present research trends and research directions.

II. LITERATURE SURVEY

The literature review of the topic of multilingual sentiment analysis (with machine learning, machine deep, and
transformer-based techniques) will be offered in this section. It is aimed at testing the methodologies, datasets,
performance and languages of the models proposed previously. The survey also comes handy in establishing the trend
of research that is present, limitations and the avenue that can be pursued in the future.

Machine Learning Approaches

The initial multilingual sentiment analysis has been widely performed in terms of traditional machine learning
techniques. The strategies are commonly founded on feature extraction methods, such as TF-IDF, Bag-of-Words, and
n-gram representations and classifier, such as Support Vector Machines, Naive Bayes, and Logistic Regression.

These models have been used in a number of studies on multilingual and code-mixed data where the objective of the
study was sentiment classification. Incidentally, Hindi-English and multilingual social media text machine learning
classifiers have been used to determine sentiment patterns [5] [11]. Similarly, logistic regression models have been
used to classify the English-Punjabi code-mixed posts based on sentiment classification exercises [7]. In other
literature, it has been highlighted that normalization, tokenization, and removal of stop-words play a crucial role in pre-
processing of multilingual data to boost machine learning [8] [9].

Deep Learning Approaches

The deep learning approaches have sufficiently influenced sentiment analysis as a process of identifying contextual and
semantic connections amongst textual data. The neural network designs that are generally used to learn more complex
linguistic patterns on multilingual information include Convolutional Neural Networks (CNN), Long Short-Term
memory (LSTM) and Gated Recurrent Unit (GRU).

Several papers have applied deep learning models to sentiment analysis tasks in two or more languages, as well as,
code-mixed. Hybrid CNN-LSTM models have assisted in the enhancement of multilingual social media comment and
online review sentiment classification [10] [14]. Similarly, the use of neural network design, involving LSTM and
GRU, to detect emotions and sentiment patterns on the basis of multilingual text information has been researched [5].
In other articles, it is highlighted that deep learning models do not need extensive manual feature engineering to obtain
meaningful textual features and are better than machine learning approaches of the past [23].

Transformer-Based Approaches

Transformer-based models have recently emerged as a result of their ability to generate rich contextual and cross-
lingual representations as the most popular model to do multilingual sentiment analysis. Multilingual and code-mixed
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text analysis Multilingual Multilingual text analysis Multilingual models such as BERT, multilingual BERT (mBERT)
and XLM-RoBERTa have shown success in text analysis using multilingual and code-mixed text.

Transformer structures have been used in other works that classify sentiments in multilingual data. Speaking of the
examples, the multilingual BERT may be used to consider the tendencies of sentiment analysis in multilingual posts on
social media and code-mixed texts [1] [2]. The other comparative studies have also shown that the transformer models
such as XLM-RoBERTa and other multilingual transformers were shown to be more effective when it comes to
multilingual sentiment classification tasks compared to the traditional machine learning and deep learning models [4]
[13]. Also, the transformer-based systems have been successfully applied in other applications like social media,
financial texts analysis, and multilingual review datasets that is also effective in processing complicated linguistic
structures of languages [3] [21].

Hybrid Approaches

In addition to the classic machine learning, deep learning, and transformer-based model, several studies have explored
the use of a hybrid and ensemble model in order to improve sentiment analysis in multilingual. These approaches are an
integration of other approaches to apply the benefits of other models and to enhance the classification results.

As a hint, hybrid deep learning frameworks, consisting of CNN and LSTM frameworks, have been proposed to acquire
local and contextual textual indications on multilingual data [6] [7]. Combinations between models of transformers and
other neural architecture-based ensembles have also been explored to improve the accuracy of sentiment classification
of multilingual review data [8]. Other studies have also included explainable Al techniques and optimization strategies
to enhance the interpretability and the output of the models invoked to accomplish tasks of multilingual sentiment
analysis [3] [12].

III. MULTILINGUAL SENTIMENT ANALYSIS GENERAL METHODOLOGY

The section describes the general methodological pipeline that is usually followed in the multi-lingual sentiment
analysis systems. Most of the studies have adopted a series of steps irrespective of whether he is using machine
learning, deep learning or transformer based models.

Data Collection

The first stage of multilingual sentiment analysis is to collect textual data in multiple sources which include social
media, product reviews as well as forums. In numerous works, multilingual datasets of user-generated content are
actively used to investigate the trends in sentiments in different languages and domains [1] [5] [11]. Social media posts

or financial news are also used to collect domain-specific data in other works to make sentiment classification models
[21].

Data Pre-processing

Before the model training, the process involving textual data involves cleaning the data to remove any noise present
and improving the quality of the data. The most popular preprocessing steps include tokenization, removal of stop-
words, text normalization and language identification. The techniques are of particular importance in the working with
multilingual and code-mixed text where spelling variability and informal style of writing are commonly observed [7]

(81 [9].

Feature Representation

The textual data gets processed and then they are converted to numerical values that can be inputted into the machine
learning or the deep learning models. Traditional approaches are founded on feature extraction schemes, e.g., TF-IDF
and Bag-of-Words, and newer approaches are based on word embeddings, such as Word2Vec and contextual
embeddings (generated by a transformer model) [4] [13] [17]. These are semantic and contextual representations which
are valuable in capturing the multilingual text semantic and contextual relationships.

Model Training

In this step, the feature or embedding that is extracted are trained to create sentiment classification models. Machine
learning models can be used by different researchers, such as SVM and Logistic Regression, deep learning models
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include CNN and LSTM, and transformer-based ones, such as BERT and XLM-RoBERTa [2] [10] [23]. The training
data are used to develop patterns on which the trained models predict sentiment of unseen multilingual text.

Sentiment Classification and Evaluation.

And finally, the trained model will predict the polarity of the sentiment of the input text (usually positive, negative or
neutral). The accuracy, precision, recall, and F1-score are the measures used to test the model regarding the efficiency
of the sentiment analysis system [3] [14] [25].

IV.SSUMMARY

Multilingual sentiment analysis is a subject of significant concern that has been given importance by the increasing
occurrence of multilingual and code-mixed textual resources on the online platforms. The traditional machine learning
algorithms such as Support Vector Machines and Logistic Regression were mostly used in initial studies to perform
sentiment classification problems [5] [7]. With the evolution of the deep learning sphere, such neural networks as CNN
and LSTM have gained popularity in identifying the contextual links between the multilingual texts data [10] [23].
More recently, transformer-based models, including BERT, mBERT and XLM-RoBERTa have performed more
successfully in multilingual sentiment analysis due to their ability to acquire contextual and cross-lingual
representations [1] [4] [13]. The studies of the hybrid and ensemble approaches to realizing further progress in the
classification performance over multilingual datasets have also taken place [6] [8]. Though this has been done, there are
still challenges such as the unavailability of annotated datasets, the existence of code-mixing and linguistic diversity
that continue to impact the performance of the multilingual sentiment analysis systems [9] [21].

V. CONCLUSION

The multilingual sentiment analysis has taken its place as an important area of study in relation to the rapidly increasing
multilingual and code-mixed textual data on the social media, as well as on the online sources. The review discussed
the available literature that is based on machine learning, deep learning, and transformer-based models. In the
discussion, we can see how the classical machine learning models were developed until the highest level, the deep
learning and transformer models that have the advantage of more situational awareness and better sentiment recognition
rate.

Although the multilingual sentiment prediction task has massively been improved with the advent of new models,
several difficulties, including the lack of annotated data, code-mixing problems, and processing of low-resource
languages, persist. The future research directions of my study would also be to develop more potent cross-lingual
models, bigger multilingual benchmark sets, and efficient architectures capable of executing varied linguistic designs
on a reduced expenditure of computations.

Table 1: Comparative Analysis of Multilingual Sentiment Analysis Studies

Ref. Dataset(s) Languages Approach Model(s) Embeddings Accuracy/Performanc
e Improved
[1] Synthetic English, Transformer Multilingu | Contextual ~91%
multilingual Hindi, al BERT | embeddings
social media | Spanish (mBERT)
dataset
[2] CMDSA-24 Roman Transformer CMSA- BERT ~22%  improvement
Code-Mixed Urdu, mBERT embeddings, | over baselines
Dataset  (social | Roman (fine-tuned | transformer
media comments) | Punjabi, multilingu | tokenization
English al BERT)
[3] Banking customer | English, Hybrid XLM- Contextual 92.3% (English),
reviews dataset Sinhala, Transformer RoBERTa | embeddings, 88.4% (Sinhala/code-
Singlish, + BERT- | domain- mixed)
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Sinhala- base- specific

English uncased + | lexicons,

code-mixed lexicon SHAP, LIME
refinement

[4] Hinglish  social | Hindi, Hybrid (ML + | SVM, n-gram -
media dataset | English DL + | Naive features
(Twitter, Transformer) Bayes,

Facebook, LSTM,
WhatsApp BERT
messages)

[5] Code-mixed Indic | Hindi- Transformer GPT-2, Token 96.86%  (Hinglish),
sentiment datasets | English, RoBERTa, | embeddings, | 96.95%  (Punglish),
(Hinglish, Punjabi- XLM- contextual 97.55% (Tanglish)
Punglish, English, RoBERTa, | embeddings
Tanglish tweets) Tamil- IndicBER

English T

[6] Hindj, ML/DL Logistic Text 81.40% (SVM best)
YouTube codel English Regression | embeddings,
mixed comment , SVM, | tokenized text
dataset Naive features

Bayes,
Random
Forest,
LSTM,
BiLSTM,
GRU,
CNN

[7] Multilingual Multiple Hybrid DL CNN- Language- +9.51% over ML
movie review | languages LSTM specific word | models, +5.42% over
dataset optimized | embeddings DL baselines

using Grey
Wolf

Optimizati
on (GWO)

[8] English, Hybrid DL + | mBERT + | Multilingual 95.3% training, 92%
GERD  Twitter | Amharic, Transformer LSTM + | BERT testing accuracy
dataset Arabic embeddings CNN embeddings,

tokenized
tweet features
[9] Multilingual Multiple Hybrid T5 + | Contextual 97.56%
Amazon Reviews | languages Transformer + | Capsule embeddings,
Corpus (MARC) | (Amazon DL Network hierarchical
multilingual (CapsNet) | sentiment
reviews) Meta- features,
Ensemble | GAN-based
data
augmentation
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[10] Multiple Review (DL + | XLM-R, Contextual -
Multiple languages Transformer + | LaBSE, embeddings,
multilingual Ensemble) MPNet, ensemble
sentiment datasets mBERT, learning

DistilBER | methods
T (bagging,
boosting,
stacking)

[11] CodeSwitched- Hybrid ML + | Voting Multilingual 97%
YTSentiment Tamil, Transformer Classifier embeddings,
dataset English, embeddings (Logistic hybrid

Tanglish Regression | tokenization
(Tamil- + Random
English) Forest +

SVM)

with

mBERT &

XLM-

RoBERTa

[12] English-Punjabi English, Logistic TF-IDF 92%
Code-Mixed Punjabi ML Regression
Social Media classifier
Dataset

[13] MR dataset, SST- Hybrid Deep | MFFMP- Contextual -

2 dataset, CoLA Learning + | ETC embeddings,
dataset English Transformer (mBERT + | multi-view
BiLSTM + | representation
TextCNN | fusion,
+  multi- | bidirectional
feature semantic
fusion) modeling

[14] YouTube Bengali, Hybrid DL CNN- GloVe word | 90.95% (Bangla),
trending English LSTM embeddings 97.42% (English)
comments dataset
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[15] E-commerce Multiple Hybrid DL GPT-3.5 + | GPT-3.5 -
review dataset languages + CNN + | contextual
(multilingua | Transformer BiLSTM + | embeddings,
1 reviews) embeddings Self- CNN feature
Attention extraction,
self-attention
weighting
[16] WhatsApp Chat | Hindi, Hybrid DL + | VADER + | VADER 97.89%
Dataset English Lexicon LSTM sentiment
scores, LSTM
embeddings
[17] Airline  Twitter | English BERT + | Contextual -
Sentiment Dataset Transformer MLP BERT
(airline customer +DL embeddings,
feedback tweets) TF-IDF
features
[18] Student-People Bangla Hybrid XMB- Transformer 83.7%
Mass  Uprising Transformer + | BERT embeddings
Public Sentiments ML (BanglaBE
Dataset RT +
mBERT +
XLM-
RoBERT?4)
with
Voting
Classifier
[19] Multilingual Fake | Hindi, Hybrid DL + | LSTM + | Semantic 97% (Hindi), 93%
News datasets Tamil, Transformer BERT embeddings, (English), 84%
English classifier TF-IDF (Tamil)
features,
NMF
dimensionalit
y reduction,
contextual
embeddings
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[20] Twitter Sarcasm / | English Hybrid Deep | CNN + | Word -
Irony Detection Learning BiLSTM / | embeddings,
Dataset Deep semantic

hybrid feature

sentiment extraction,

model contextual
sequence
learning

[21] Multilingual | Hybrid DL + | LSTM  + | Numerical -
Financial market | financial Transformer Transform | market
datasets (Yahoo | text er indicators,
Finance price (RoBERTa | sentiment
data, financial s scores  from
news, Twitter, FinBERT, | FinBERT,
Reddit text data) XLM- multilingual

RoBERTa) | contextual
embeddings,
tokenization
via RoOBERTa

[22] Dravidian Code- | Tamil, Hybrid DL + | VNN  + | Character n- | -
Mix Dataset | Tamil- Transformer BERT grams, TF-
(DravidianLangT | English IDF, Bag-of-
ech 2021) and Words,
Tamil-English Word2Vec
social media embeddings,
comments contextual

transformer
embeddings

[23] English, CNN  + | Word2Vec +11.6% improvement

Hindi LSTM + | embeddings, over baseline models
8 datasets of Hybrid DL SVM BERT
tweets and review embeddings,
texts CNN feature
extraction,
sequential
learning  via
LSTM

[24] Twitter tweets | English, Hybrid Deep | CNN + | Word -
and review | Hindi Learning LSTM embeddings,
datasets sentiment

dictionary
features,
morphologica
1 analysis
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[25] Hinglish dataset, | Hindi- Transformer Shared- BERT -
Punglish dataset, | English, Private contextual
English sentiment | Punjabi- BERT embeddings,
dataset English, Multi-Task | shared-private

English Framewor | feature
k representation
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