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Introduction
Social media and user-generated content are expanding quickly on a large scale over the Internet. Due to this
reason, sentiment analysis is crucial in NLP (Natural Language Processing) for understanding public opinion and
user feedback [23][25]. Most of the sentiment analysismodels aremonolingual (focused on a single language, such
as English) and perform poorly on multilingual code-mixed social media content [17-18].

In regions where so many different languages are spoken, such as India, textual content is also written in code-
mixed and transliterated forms, generally combining many languages in a single sentence or written in roman
script[4][12] . This type of data contains slang, spelling variations, unclear context, and informality. This creates
difficulties for monolingual and classical machine learning to learn short phrases and mixed-language expressions
and perform well on such data[7][21][32]. Recent developments in multilingual transformer-based architectures,
including XLM-R, mBERT, and MuRIL, created a way to handle this code-mixed language data [15][20] .

The aim of this research is to evaluate sentiment classification on the Hindi-English (Hinglish) and Bangla-English
(Romanized Bangla) datasets that is insufficient explored and comprises of three sentiment classes: positive,
neutral, and negative. Although transformer-based models capture strong representations for such texts, they still
perform poorly in the case of capturing short sentiment patterns and the ordering of the words [7][31]. To
overcome this challenge, the model proposed in this study includes a CNN (Convolutional Neural Network) layer
for extracting local sentiment patterns and a BiLSTM (Bidirectional long short-term memory) layer for capturing
long-range dependencies and word order [10]. MuRIL is designed specifically for Indian languages, as it is
pretrained on the original scripts of 17 different Indian languages. This property gives an upper hand to MuRIL
embeddings in comparison to mBERT in handling noisy and code-mixed texts [6]. Fine-tuning MuRIL can
additionally increase its performance in handling spelling differences and informal language, resulting in better
sentiment prediction [13]. Therefore this study also compares the hybrid architecture with standalone
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multilingual transformer models and DL models to test whether the combination provides additional
improvement for sentiment classification.

Additionally, language-wise analysis is conducted on Hinglish and Romanized Bangla separately to examine the
differences in performance between the two languages.

The sections of the paper are as follows: section 2 explains the related work , proposed methodology as well as
its design are described in section 3 and section 4, the experimental study is shown in section 5, Result analysis
and conclusion are given in section 6 and section 7.

1. Related Work
The sentiment analysis is built from traditional rule-based machine learning models to modern deep learning and
transformer-based models [16][23]. Early studies mainly include machine learning methods which consist of
artificial or handcrafted features [5][25]. These methods are based on word count and do not actually understand
the contextual semantics [33]. Due to this reason, these methods perform poorly on complex andmultilingual text,
as they are primarily created for monolingual and simple tasks [20][24].

Machine learning techniques as well as simple deep learning models were not very effective at understanding
context or handling language variation, especially in informal and multilingual text. Hybrid CNN–LSTM has a good
performance metric in capturing local word features and sentence patterns, but it uses basic word representation,
which limits its adaptability across different languages [31] [22] [28].

Transformer-based and large language models have led tomajor improvements in multilingual sentiment analysis
as well as hate speech detection [16] [4][10][30]. MuRIL is a multilingual transformer architecture developed and
pretrained specifically for Indian languages and transliterated text [6][9][27]. However, the performance of
multilingual transformer models may vary across different language settings, motivating a comparative analysis
across different code-mixed language varieties.

Several studies also explored hybrid architectures, which combines transformer-based models with convolutional
or recurrent neural networks. They aim to improve contextual transformer representations with local feature
extraction and sequential modeling [26][29]. CNN-based components identify local n-gram-like patterns, and
recurrent models such as BiLSTM find the sequential dependencies. Promising results have already been reported
for transformer-based hybrid models; however, their effectiveness for multilingual, transliterated, and code-
mixed social media sentiment analysis remains an area requiring further investigation [1][2][8].

Code-mixed and transliterated text is very common on social media platforms, andmany studies attempt to handle
it using feature-based methods, pretrained embeddings, or language identification techniques. Benchmark
datasets have been developed for sentiment analysis inmixed languages, especially for Hindi-English and Bengali-
English data. However, most research focuses on short messages such as tweets and gives limited attention to
longer and more complex user comments, such as those found on YouTube. [14].

Research on Indian and Dravidian languages shows that sentiment analysis becomes more difficult due to
transliteration, spelling variation, and informal sentence structures [19]. Transformer-based models performwell
in these conditions, but instead of focusing their use on basic sentiment analysis, they are mainly focused on hate
speech detection and emotion detection [3]. As a result, sentiment analysis on video-based social media platforms
is not well-explored, specifically for Indian code-mixed languages [11].

Many studies have shown that the suitability of a model in one language doesn’t guarantee its equal performance
in other languages [9][17][27]. This also indicates the need for systematic evaluation of multilingual transformer
models across different code-mixed and transliterated language varieties. In particular, comparative analysis of
Hinglish and Romanised Bangla can provide insight into how multilingual models perform on different Roman-
scripted languages.

Therefore, in this research, an improved deep learning framework formultilingual sentiment analysis is presented
that can handle noisy, code-mixed, and transliterated YouTube comments in the Indian language context. This
study focuses on transformer-based models for multilingual sentiment analysis of Hinglish and Bangla-English
YouTube comments and hybrid deep learning architectures. It compares XLM-R, mBERT, and MuRIL as
multilingual transformer baselines and then examines a hybrid MuRIL-based architecture combining CNN and
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BiLSTM layers. Thus, adding local and sequential feature extraction into transformer-based representations
provides performance gains for noisy and code-mixed sentiment classification. One of the main goals is to design
a hybrid neural model that uses transformer-based embeddings with convolutional and bidirectional recurrent
layers to capture both important sentiment words and long-range dependencies for multilingual sentiment
analysis.

2. Proposed methodology
The proposed methodology is designed to handle the challenges faced by sentiment classification of multilingual,
code-mixed, and transliterated YouTube comments. The framework consists of a sequence of dataset collection,
text preprocessing, subword tokenization, multilingual representation learning, feature extraction, and
supervised sentiment classification. Three pretrained multilingual transformer models, namelymBERT, XLM-
R, and MuRIL, are used as baselines. In addition, a hybrid architecture ofMuRIL with BiLSTM and CNN layers is
applied to capture both contextual and local sentiment information. The models are evaluated on the same
balanced dataset split to ensure a consistent comparison.

2.1 Dataset Description
Two publicly available sources are used for the dataset collection: the UCI Machine Learning Repository and
Kaggle. These datasets, namely ‘YouTube cookery channels viewers’ comments in Hinglish’ and ‘Bangla YouTube
sentiment and emotion Dataset, consist of multilingual and code-mixed user-generated formal and informal
comments, with a strong presence of Hinglish (Romanized Hindi) and Romanized Bangla. The comments are taken
from cookery-related YouTube videos and reflect users' shared opinions, appreciation, criticism, and neutral
feedback on recipes, presentation, and content quality. The Nishafin YouTube cookery channel dataset,
obtained from theUCIMachine Learning Repository, consists of 4,900 labeled comments. The commentsmainly
contain Hinglish text, i.e., code-mixed Hindi-English written in Roman script.

Similarly, theKabita Kitchen YouTube cookery channel dataset, also collected from theUCIMachine Learning
Repository, contains 4,900 annotated comments. Like the Nishafin dataset, most of the samples contain Hinglish
and code-mixed expressions, representing informal language styles used by viewers of Indian cooking channels
in their daily life.

In addition, the Bangla YouTube Sentiment and Emotion Dataset, collected from Kaggle, comprises 8,909
Bangla YouTube comments written in both original and Romanized Bangla script. All the text in these datasets is
labeled as a positive, neutral, or negative sentiment class. Before proceeding to the training part, the datasets
are cleaned and balanced.

2.2 Data Preprocessing and Normalization
To reduce noise and preserve the useful features in the data, text preprocessing is performed. It removes URLs,
punctuation, special symbols, and meaningless text from the samples. Lowercasing is applied to all text to avoid
any potential differences. Duplicate and incomplete samples are also removed to keep the dataset clean and
consistent.

The cleaned text is then split into smaller units using a Subword-based tokenizer because it works well with
transformer-based models. This process helps in handling words with spelling variations, transliterated words,
and OOVs (Out-of-Vocabulary) that are common in Romanized and code-mixed text. For better batch processing,
it is important to guarantee that the input sequences have the same length during training of the model; this is
why padding and truncation techniques are used. Inputs such as input_ids and an attention_mask are provided to
the corresponding transformer encoder.

Romanized Bangla comments are extracted from the Bangla YouTube comments dataset. These comments are
written in Bangla using Roman script and contain informal slang and spellings. The final dataset is formed after
combining these two preprocessed datasets.

2.3 Model Training
Formodel training, adjustments, and testing, the final dataset has three distinct subparts, as shown in Table 1. The
stratified sampling technique is used to partition dataset into training set (68%) for model learning and the
validation set (12%) is utilised for performance evaluation, early stopping, and model configuration.
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Table 1Training -Validation-Testing Split
.Dataset
subset

Number of
samples

Percentage

Training 5,621 68.0%

Validation 993 12.0%

Testing 1,654 20.0%

Total 8,268 100%

The test subset (20%) is kept separate during training and is used only for the final evaluation of the trained
models. This data splitting method helps achieve stable training, correct model settings, and fair evaluation. The
hyperparameter settings are displayed in Table 2.

Table 2Hyperparameters settings inModel Training
Hyperparameter Value
BiLSTM hidden size 256
CNN filters 128
CNN kernel sizes 3, 4, 5
Pooling Max pooling
Dropout rate 0.30
Learning rate 2 × 10⁻⁵
Batch size 16
Maximum number of epochs 6

Warm-up ratio 6%
Weight decay 0.01
Optimizer AdamW
Loss function Cross-entropy

loss
Output classes 3
Classification activation Softmax
MuRIL fine-tuning Selective fine-

tuning
Validation criterion Macro-F1
Best-checkpoint criterion Highest validation

Macro-F1
Early stopping Applied

3. Design of the proposed model
The proposed architecture combines MuRIL, a transformer-based model, with a CNN and a BiLSTM layer. The
BiLSTM layer captures the semantic meaning of a sentence by scanning it from both directions, while the CNN
layer then extracts the most important local features. The model is implemented on multilingual code-mixed
YouTube comments in Hinglish and Romanized Bangla. The sequence of processes of the suggested model as well
as the flowchart is given in Fig. 1. The hybridization of MuRIL, a transformer-based model, with a CNN and a
BiLSTM is applied on the preprocessed dataset. The BiLSTM layer captures the semantic meaning of a sentence by
scanning it from both directions, while the CNN layer then extracts the most important local features. Thus, this
hybrid model identifies local patterns, multilingual meanings, and long-range dependencies. Supervised learning
is used in model training, and early stopping is applied for overfitting.
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Fig. 1 Displays the flowchart and design of the proposedmodel.
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3.1. Multilingual Representation Learning UsingMuRIL
In the embedding layer, text representation is done by using MuRIL, short forMultilingual Representations for
Indian Languages, a model based on transformers. that is pretrained on approximately 17 Indian languages.
Therefore, it is selected for this study on Romanized Hindi and Romanized Bangla data. Every sample is changed
into numerical vectors that capture the meaning and the grammar of the whole comment. The vectors represent
the meaning of each word by considering its surrounding words, which in turn prepares the base understanding
for the hybrid model.

3.2. Context modeling with Bidirectional LSTM
After word embeddings are generated using MuRIL, they are directly passed to the BiLSTM layer to learn the
sequence patterns. The BiLSTM captures the meaning of the sentence in a global scope, i.e., the full context of the
comment, by reading it from both directions. This is a crucial part of the proposed model, as it deals with
multilingual and code-mixed data where the sentiments depend on context and the ordering of the words. This
deep learning model is suitable for this study, as it has built-in memory gates for learning long sentences without
losing previous important information.

3.3. n-gram feature extraction using CNN
The BiLSTM output is passed down to a one-dimensional CNN layer that helps in capturing local patterns. The CNN
layer prevents the model from getting confused with the input sentences that begin with one emotion but end in
another, like the comment, ‘The recipe is good, but I didn’t like the overall flavour of the dish’. The CNN performs
well when extracting local useful patterns like opinions, negations, and informal phrases such as not good, bohot
accha, etc. Max-pooling is used to keep the strongest expression, discarding all others, for clearer meaning and
representation. Using these two together helps the model to understand the text better and improve classification
results.

3.4. Training, Testing, and Classification Strategy
The features from the CNN layer are then input to a fully connected classification layer. It classifies the samples
into three sentiment classes: positive, negative, and neutral. A softmax function is used to calculate the class
probabilities and update them for each class using backpropagation.
Supervised learning is used for training the model. Also, the MuRIL layer is selectively fine-tuned to make it learn
from the new data, keeping the original knowledge intact. Validation data is used for model selection and
monitoring, and early stopping is applied to limit overfitting.

3.5. Evaluation Metrics
The performance of the proposed model and the baseline models was evaluated using performance metrics as
follows. These evaluation metrics were selected to assess the overall classification performance as well as the
performance across the positive, neutral, and negative sentiment classes. Accuracy is the percentage of correctly
categorised occurrences of all categorised instances as given in (1).

(1)

Where NCorrect : number of correctly classified instances, and NTotal represents the total number of instances.
Precision is the percentage of the correct prediction for the instances of a given class from among all predicted
positive for that class. Precision for class i is computed as given in (2):

(2)

where TPi and FPi denote the true-positive and false-positive counts for class i, respectively.
Recall is the percentage of correctly identified instances of a particular class among all positive instances of a given
class. Recall for class i is calculated as mentioned in (3) :
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(3)

where FNi represents the false-negative count for class i.
Since the study involves three sentiment classes,Macro-Precision is calculated by obtaining the precision for each
class and taking their arithmetic mean. It is expressed as:

(4)

Similarly,Macro-Recall is calculated by averaging the recall values across all sentiment classes:
(5)

where C represents the total number of sentiment classes. In this study, C = 3, corresponding to positive, neutral,
and negative sentiments.

F1 Score integrates precision and recall using their harmonic mean. The F1 Score for class is defined as follows in
(6).

(6)

Finally, the Macro-F1 Score gives equal weightage to each class by averaging the F1 Scores of all sentiment
classes:

(7)

where F1� : F1 Score for class � and �: total number of sentiment classes.[9][17]

4. Experimental Study
The aimof the experimentwas to evaluate the efficacy of the suggestedMuRIL-BiLSTM-CNNmodel formultilingual
sentiment analysis on YouTube comments. The study uses a combined dataset of Hinglish and Romanized Bangla
comments. The combined dataset contains 3,723 Romanized Bangla samples and 7,260 Hinglish samples. After
balancing, the balanced dataset consists of 8,268 samples, where each class contains 2,756 samples. Table 3.
presents the balanced dataset, distributed across the three sentiment classes, preventing any bias.

Table3Balanced Dataset Composition After Resampling

Sentiment Class Number of
Samples

Positive 2,756
Neutral 2,756
Negative 2,756
Total 8,268

4.1. Baseline Models
The proposed hybrid model is compared to the MuRIL standalone, mBERT, and XLM-R. Additionally, a language-
wise analysis is performed to evaluate the model’s performance on both languages separately. These models are
compared as standalone transformer-based embeddings as well as with hybrid DL. The number of samples in the
Hinglish and Romanized Bangla sets is 1,221 and 433, respectively, as shown in Table 4.

Table 4. Language-wise test dataset composition
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Language Number of Test
Samples

Hinglish (Romanized Hindi) 1,221
Romanized Bangla 433
Total 1,654

5. Results and Discussion
The performance of the suggested architecture MuRIL + BiLSTM + CNN for multilingual sentiment analysis on a
balanced dataset is evaluated. The goal is to study model learning, how stable the training is, and how accurately
the model classifies the samples. The test set contains 1,654 samples across three sentiment classes. The test
results of the proposed model are given in Table 5.

Table 5 Overall Test performance of the proposed model
Metric Score
Test Loss 0.3441
Accuracy 87.55%
Macro Precision 87.66%
Macro Recall 87.55%
Macro-F1 87.54%

The class-wise results show that the model performed best on the negative class with a precision of 0.94, a recall
of 0.95, and an F1-score of 0.94. The Neutral class achieves a precision of 0.82, a recall of 0.87, and an F1-score of
0.84. Finally, the positive class obtains a precision of 0.87, a recall of 0.81, and an F1-score of 0.84. Fig. 2 shows the
graph for training loss versus epochs. The loss decreases smoothly, representing stable learning on the balanced
dataset.

Fig. 2 Proposedmodel Training loss vs Epochs (Balanced Dataset)

Fig 3 represents the proposedmodel's confusionmatrix heatmap for the balanced dataset.
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Fig. 3 Heatmap on the Training Dataset

Overall, the confusion matrix supports the reported accuracy of 87.55%, with 1,448 out of 1,654 test samples
correctly classified. Table 6 presents the comparison of the performance of the suggested model on the test data
set with other modelset.

Table 6: Overall Test performance of the proposedmodel

Model Accuracy Macro
Precision

Macro
Recall

Macro-
F1

mBERT 86.15% 86.15% 86.16% 86.14%

MuRIL + CNN 86.46% 86.49% 86.46% 86.47%

MuRIL 86.70% 86.70% 86.70% 86.69%

MuRIL +
BiLSTM

86.82% 86.84% 86.82% 86.81%

XLM-R 87.00% 87.10% 87.00% 86.98%

MuRIL +
BiLSTM + CNN
(Proposed)

87.55% 87.66% 87.55% 87.54%

As given in the Table 6, mBERT achieves a macro-F1 score of 86.14%, while MuRIL performs slightly better with
86.69%. Adding CNN and BiLSTM layers to MuRIL results in Macro-F1 scores of 86.47% and 86.81%, respectively.
XLM-R achieves 86.98% Macro-F1, whereas the proposed MuRIL + BiLSTM + CNN model obtains the highest
87.55% accuracy and 87.54% Macro-F1. The results indicate that combining transformer-based contextual
representations with sequential and local feature extraction provides a small improvement over the standalone
and other hybrid models.

A language-wise evaluation was also conducted to examine whether the models perform better on both Hinglish
and Romanized Bangla. Table 7 shows the results for this experiment.
Table 7 Comparison of model’s accuracy language-wise

Model Language Accuracy (%) Macro-F1 (%)

XLM-R Hinglish 90.07 88.53
XLM-R Romanized Bangla 77.14 63.60
MuRIL Hinglish 90.17 88.79

MuRIL Romanized Bangla 76.91 65.08
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mBERT Hinglish 89.35 87.66

mBERT Romanized Bangla 76.14 60.21

MuRIL + BiLSTM + CNN
(Proposed) Hinglish 90.16 88.45

MuRIL + BiLSTM + CNN
(Proposed) Romanized Bangla 77.40 68.89

The results show that the models achieve good performance on Hinglish rather than on Romanized Bangla;
therefore, the performance varies across different languages.

7. Conclusion & Future work
This study analyses the application of transformer-based embedding, called MuRIL, and hybrid deep learning
model for the multilingual sentiment analysis of Hinglish and Romanized Bangla YouTube comments. The
transformer models provide strong performance for code-mixed and transliterated text classification, while the
proposed MuRIL-BiLSTM-CNN model provides an improvement over the baseline models. This proposed model
obtains approximately 88% accuracy by combining contextual representations. Further, the language-wise
evaluation shows the difference in model performance on different languages. The models performed better on
Hinglish than on Romanized Bangla. Overall, the study suggests that transformer-based models work effectively
on multilingual, noisy, and code-mixed text, and hybrid deep learning models can further improve their
performance measurably. Overall, the results are strong, scalable, and suitable for real-world use. This good
performance by the proposed model has shown its usefulness for tasks such as social media monitoring, opinion
mining, and understanding public feedback.

The proposed MuRIL + BiLSTM + CNN model has performed well on multilingual sentiment analysis for Hinglish
and Romanized Bangla texts for YouTube comments, but language-wise evaluation indicates the requirement for
further improvement, especially for Romanized Bangla. Future work may include language-wise fine-tuning and
preprocessing techniques to improve performance for transliterated texts. Also, extending the research to other
regional Indian and low-resource languages to assess the model's adaptability for different language
characteristics. Larger and more diverse datasets can be formed and tested for better sentiment class
representation and reliable evaluation.
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