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Abstract
In India, the rise of social media usage has led to significant political discourse on platforms such as Twitter
(now known as X), creating new opportunities for political sentiment analysis. With these new
opportunities, still the challenges such as multilingualism, code-switching, sarcasm, and regional dialects
limit the effectiveness of sentiment analysis methods. In order to address these challenges, this paper
introduces a novel Multilingual Transformer Contextual Embedding Model to handle the complexities of
Indian political tweets. We train and evaluate the model on a dataset of 3 million political tweets in Hindi,
English, and regional languages. The results demonstrate an accuracy of 98.5%, surpassing existing state-of-
the-art models by an average of 2.5%. Additionally, the introduced model achieved an F1 score of 97.5%,
precision of 98%, and recall of 97%, showcasing its superiority in handling multilingual and context-specific
nuances. Comparative analysis indicates that transformer-based models like the proposed model
significantly outperform traditional machine learning models in sentiment classification and bias detection.
The proposed model can be enhanced with the real-time processing capabilities, more multilingual support,
and ethical considerations for more inclusive and unbiased political sentiment analysis frameworks.

Categories: Data Analysis, Data Engineering, Deep Learning
Keywords: political sentiment analysis, multilingual transformer, indian political tweets, natural language processing
(nlp), emotion detection, code-switching, deep convolutional neural network

Introduction
Social media platforms like Twitter (now known as X) have transformed the political discourse and public
opinion analysis during elections in developed and developing countries. In developing countries like India,
the social media discourse analysis is a big challenge, because in India, multiple cultures, communities,
histories, and languages coexist. There are average monthly 100 million Twitter active users, which makes
the Twitter a crucial platform for political discussions, policy debates, and sentiment expressions. The
Twitter discourse analysis offers valuable insights into public reactions to political events, leadership, and
government policies [1]. These insights provide understanding of the socio-political climate, tracking shifts
in political leanings, and help in anticipating trends that can impact national elections. However, the
Twitter discourse analysis involves complexity due to multilingual expressions, code-switching (the
blending of languages within a single tweet), slang, sarcasm, and regional dialects. Ambiguity arises from the
use of slang and sarcasm, while bias and polarization often dominate politically charged discussions. For
example, the tweet "Can't believe the latest speech...totally ridiculous! #FakeNews #Election2024 " reflects
sarcasm, ambiguity, and political polarization, making sentiment classification difficult. Additionally, the
dynamic nature of language on social media, with constantly evolving trends and expressions, further
complicates analysis. A tweet like "Voting for a better tomorrow! #Election2024 #Hope" expresses sentiment
and emotion but can still be influenced by bias and political leanings, adding another layer of
complexity. The conventional natural language processing model for discourse analysis [2] faces challenges
to address these complexities. In addition to these complexities, the massive volume and rapid generation of
data during political events, noisy, and spam data from bots or irrelevant contents in data are other
challenges for discourse analysis. 

The discourse analysis for political tweets has evolved from classical machine learning algorithms to more
sophisticated deep learning methods, including long short-term memory (LSTM), attention mechanisms,
and transformers. Various researchers have applied these techniques to various political datasets [3]. For
instance, Choudrie et al. [4] used SentiWordNet, naive Bayes, and hidden Markov models for sentiment
analysis on Indian political tweets, employing word sense disambiguation to enhance accuracy.
Additionally, Matalon et al. [5] employed machine learning techniques to detect political leniency using
sentiment analysis on 1.72 million tweets, achieving remarkable accuracy of up to 99%. However, significant
challenges persist in processing multilingual, context-dependent tweets from Indian users, particularly in
the political domain. Tweets related to Indian politics frequently contain text in a mix of languages, such as
Hindi, English, and various regional dialects, necessitating language models that can effectively manage
code-switching. These tweets often incorporate sarcasm and indirect references, complicating sentiment
classification. Additionally, the emotional tone in such tweets often reflects anger, frustration, sarcasm, or
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approval, further challenging accurate sentiment detection.

Early methods focused on simpler classification models that were effective but limited in their ability to
capture complex, context-sensitive features inherent in multilingual political data. This evolution mirrors
the growing complexity and scale of social media data, particularly on platforms like Twitter. Patel et al. [6]
applied sentiment analysis in various domains, including a customer feedback system for the airline
industry, demonstrating the versatility of sentiment analysis tools. Similarly, Gunawan et al. [7] applied
sentiment analysis to study daily school activities post-COVID-19, while Fransiscus and Girsang [8] explored
sentiment analysis on public activities during the pandemic. These studies underscore the broad
applicability of sentiment analysis beyond politics, emphasizing its role in capturing public opinion in
different contexts.

In addition to the technical advancements, analyzing political data on social media platforms like Twitter
offers crucial insights into public opinion, voting trends, and political campaigns. Machine
learning techniques such as classification, clustering, sentiment analysis, and topic modeling have proven
effective in these domains. Deep learning approaches, particularly transformer-based models, have further
enhanced the ability to process textual data from social media.

In the context of Twitter, location prediction has been another avenue of exploration, as seen in the
work that focus on predicting user locations based on tweet content, showcasing the power of social media
data for geographical analysis [9]. Similarly, some researchers developed an aspect-oriented system for
analyzing restaurant reviews using bidirectional encoder representations from transformers (BERT) [10],
while some employed IndoBERT model for customer review analysis [11]. These studies demonstrate the
growing importance of transformer-based models like BERT in extracting nuanced insights from
unstructured textual data. Focusing specifically on political sentiment, Geni et al. [12] applied the IndoBERT
transformer model to Twitter data from the pre-2024 Indonesian elections to gauge public opinion. Their
findings revealed that IndoBERT outperformed traditional machine learning models and lexicon-based
approaches. IndoBERT achieved an accuracy of 83.5%, significantly surpassing Textblob by 48.5%,
multinomial naive Bayes by 2.5%, and support vector machine (SVM) by 14.49%. This highlights the efficacy
of transformer-based models in sentiment analysis, particularly for complex and multilingual datasets. In a
broader political context, Pacheco [13] analyzed 437 million Brazilian political tweets from 13 million users
between 2018 and 2023. The study identified patterns of bot engagement, particularly during the COVID-19
pandemic and the aftermath of Brazil's 2022 presidential elections, shedding light on the role of automated
accounts in political discourse. These insights contribute to the growing understanding of how social media
platforms are leveraged for political manipulation and opinion shaping. In India, researchers have made
significant strides in analyzing political tweets. Jafri et al. [14] employed an ensemble oversampling method
to detect hate speech and target groups (individuals, communities, and organizations) in Hindi tweets from
Indian political datasets. Their work highlights the importance of addressing hate speech in political
discussions, a growing concern in Indian social media. Another notable study by Sukanya and Sita [15]
analyzed multilingual tweets, focusing on "Hinglish" (a mix of Hindi and English), for sentiment analysis.
Their work emphasized the difficulties of handling code-mixed language, which includes slang,
abbreviations, and emojis. Despite these challenges, the researchers achieved an accuracy of 77% and an F1
score of 72%. The relatively lower performance was attributed to the limitations of current natural language
processing tools in processing Hinglish, especially in stem-word analysis. In terms of political sentiment
analysis within Indian elections, Patel et al. [16] used VADER sentiment analysis in conjunction with random
forest and decision tree algorithms to predict the outcomes of the Gujarat assembly elections 2022. Their
model achieved accuracies of 89% and 86%, respectively. Similarly, Pathan and Sundar [17] applied random
forest to Indian political tweets, achieving accuracies of 76.3% and 77.6%, respectively. Decision tree models
were also employed by them, who reported an accuracy of 68.39%, while the model developed by Reddy [18]
for sentiment analysis in the Karnataka state elections delivered a 72% accuracy. Sharma and Kumar [19]
have also applied SentiWordNet, naive Bayes, and hidden-Markov model for Indian political tweets
sentiment analysis. Furthermore, they applied word sense disambiguation to increase the accuracy of the
system. Sai Kowsik et al. [20] detected political leniency using sentiment analysis and machine learning
techniques on 1.72 millions tweets from over 10,000 user profiles with 99% confidence level. They also
tested their model on synthetic twitter dataset with 2,500 tweets, where they achieved the accuracy and F1
score of 0.99 and 0.985, respectively, without neutral users while 0.97 and 0.975 accuracy and F1
score, respectively, with neutral users.

Abal et al. [21] performed multinomial naive Bayes, Bernoulli naive Bayes, support vector linear classifier,
logistic regression classifier, and KNeighbors classifier for sentiment analysis on the dataset comprising
8,274 Spanish tweets with the accuracy of 94.8051%, 94.8051%, and 96.36% with an F1 score of 0.98, 95.23%
with an F1 score of 0.98, and 95.3246% with an F1 score of 0.98, respectively. The results of their
experiments show that support vector linear classifier gave the optimal results. Sharma and Shetty [22]
determined sentiment polarity of the tweets in the UK election 2017 with the help of three different machine
learning algorithms, namely naïve Bayes, K-nearest neighbor, and SVM by performing opinion mining with
the average accuracy of 63%, 92%, and 75%, respectively. The K-nearest neighbor classifier showed most
accurate results on the experimental data of 1,440 tweets. These advancements are crucial for
understanding public opinion and the impact of political decisions on social media users.

Cureus Journal of Computer Science

2025 Khatavkar et al. Cureus J Comput Sci 2 : es44389-025-03177-4. DOI https://doi.org/10.7759/s44389-025-03177-4 2 of 11

javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)


Analysis of Indian political tweets has been done by many researches. Ansari et al. [23] modelled a
classification problem on tweets related to 2019 Indian general elections to study inclination of users
towards major political parties who are participating in the general elections. They compared various
machine learning models (SVM, decision tree, logistic regression, and random forest classifier with precision
of 0.31, 0.69, 0.70, and 0.76 and F1 scores of 0.39, 0.78, 0.68, and 0.74, respectively) along with neural
network models for the classification problem and found that the neural network model namely LSTM
performs well with the precision of 0.77 and an F1 score of 0.74 on 3,896 tweets. Ansari et al. [24] analysed
the tweets related to the Delhi elections in 2020 to identify the inclination of political opinions by modelling
them into a classical text classification problem. They used various machine learning algorithms for
classification among with SVM, which gave them the best performance. These studies demonstrate that
while classical models provide useful insights, advanced models like transformers are better equipped to
handle the complexity and linguistic diversity of political tweets, particularly in multilingual settings like
India.

Traditional machine learning methods such as SVM and naive Bayes have been employed for political
sentiment analysis with varying success. However, the intricacies of Indian political tweets demand more
advanced models that can capture contextual nuances and handle the multilingual nature of Indian
discourse. Recent developments in contextual AI, particularly transformer-based models like BERT, have
demonstrated remarkable capabilities in processing multilingual data and capturing the contextual depth
necessary for sentiment analysis. Despite this progress, there is a need for specialized models tailored to the
unique linguistic and cultural features of Indian political discourse, which include regional languages,
political biases, and localized expressions.

This paper introduces a novel approach, the Multilingual Transformer Contextual Embedding (MTCE)
model, to address these challenges. The MTCE model addresses the multilingual nature of Indian political
tweets while capturing the contextual and emotional depth of political discussions. The MTCE model is
specifically designed to enhance the performance of sentiment analysis and bias detection for Indian
political tweets, incorporating regional languages alongside Hindi and English to ensure a more inclusive
understanding of political sentiments. By leveraging advanced transformer-based architectures, MTCE
captures the subtle nuances in sentiment, especially for complex emotions like sarcasm and dissatisfaction,
which are prevalent in political discussions. Additionally, we conduct a comparative analysis between the
MTCE model and state-of-the-art approaches, demonstrating the superior efficacy of our model in handling
the unique features of Indian political tweets. This study contributes to the growing body of research on
sentiment analysis of political tweets, emphasizing the challenges and opportunities specific to the Indian
socio-political landscape.

The following sections provide an overview of the related work, the architecture of the proposed model, and
a thorough analysis of the research methodology, results, and discussions. The paper concludes with a
comparison of the MTCE model with state-of-the-art methods and outlines future directions for enhancing
multilingual political sentiment analysis.

Materials And Methods
This study focuses on the development and evaluation of a machine learning model, MTCE, which is
designed to analyze Indian political tweets. Given the linguistic diversity in India, where tweets often
contain a mixture of Hindi, English, and regional dialects, the scope centers on addressing challenges posed
by code-switching, multilingualism, and contextual nuances in political discourse. The MTCE model aims to
classify sentiment, detect political bias, and identify emotions like anger, sarcasm, and joy within the
context of political conversations on Twitter.

The research primarily targets:

- Sentiment classification for Indian political tweets, categorizing them as positive, negative, or neutral.

- Bias detection, identifying users' political leanings.

- Emotion detection, analyzing emotional tones such as sarcasm, frustration, and approval.

The MTCE model builds upon transformer-based architectures (specifically BERT) [12] and introduces
enhancements for handling mixed-language text and context-aware sentiment analysis, making it suitable
for analyzing Indian political discourse. The study also compares the MTCE’s performance with traditional
machine learning models such as SVM, random forest, and baseline BERT models [15-19].

Research questions
To guide this research, the following key questions are posed:

1. How effectively can the MTCE model classify sentiment in code-switched tweets involving Hindi, English,
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and regional dialects?

- This question examines the model’s ability to handle complex linguistic scenarios where multiple
languages are combined in a single tweet, a common occurrence in Indian political conversations.

2. How accurately can the MTCE model detect political bias in Indian political tweets, considering the
inherent polarization and biases present in political discourse?

- This question explores the model’s capacity to identify subtle political bias in tweets, which often reflect
users' political affiliations or leanings.

3. What is the performance of the MTCE model in detecting emotions such as sarcasm, anger, or frustration
in political tweets, and how does this compare to existing sentiment analysis models?

- The question focuses on the model’s ability to capture complex emotions in political tweets, particularly
where indirect or sarcastic language is used, and compares its effectiveness against other models like BERT
or traditional classifiers.

These research questions aim to assess the effectiveness of the MTCE model in handling the unique
challenges of Indian political tweet analysis, providing insights into sentiment classification, bias detection,
and emotion recognition in a multilingual context.

The execution flow of the MTCE model is designed with a strong focus on handling the linguistic and
contextual complexities inherent in Indian political tweets, particularly code-switching and context-
dependent semantics. The process begins with dataset collection from Twitter using a Python Library, and
Tweepy [25], where approximately 5,00,000 tweets related to Indian politics were collected over six months,
encompassing major events such as elections, policy debates, and political announcements. These tweets
contain mixed languages (Hindi, English, and regional dialects such as Marathi, Bengali, and Tamil) and
often exhibit political sentiment, bias, sarcasm, and emotionally charged opinions. The collected data is
inherently noisy and features considerable code-switching, making preprocessing crucial.

Dataset preprocessing
Preprocessing is vital to ensure that the tweets are formatted correctly for the MTCE model's input pipeline.
This step involves the following six sub-tasks:

- Tokenization: Using a customized BERT tokenizer [26], which can handle both monolingual and code-
switched text (Hinglish and other regional dialects).

- Language Detection: Implemented using the langdetect library [27] to identify the predominant language
of each tweet, tagging sentences for Hindi, English, or regional languages.

- Code-Switching Identification: Special handling for mixed-language tweets, which is common in Indian
political discourse, leveraging a heuristic-based approach to identify points of language transition within
sentences.

- Stopword Removal: Removing common stopwords in multiple languages using a combination of
predefined stopword lists for Hindi, English, and regional languages.

- Text Normalization: Lowercasing, de-accenting, removing non-alphabetic characters (except hashtags and
@mentions), and converting numbers into their textual representation.

- Stemming and Lemmatization: Performed on a per-language basis using Natural Language Toolkit (NLTK)
[28] for English and custom libraries for Hindi and regional dialects to reduce inflected forms to their root
forms. This step aids in reducing vocabulary size and improving generalization.

Model design
MTCE is designed as an extension of the BERT architecture, incorporating multilingual embeddings and
additional mechanisms to handle code-switching, sentiment analysis, and bias detection. MTCE leverages
transformers' self-attention mechanisms to capture context and inter-dependencies across words in
sentences, particularly important for handling the complexity of sarcasm, slang, and political language. The
architecture of the proposed MTCE model is shown in Figure 1.
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FIGURE 1: Proposed MTCE System Architecture
MTCE: Multilingual Transformer Contextual Embedding

The modules in the MTCE model are explained as follows:

- Input Layer: Processes the tokenized and preprocessed tweet data as input sequences. The model operates
on input dimensions of (batch_size, sequence_length) where the sequence length is dynamically adjusted
based on the length of tweets, typically set to 128 tokens.

- Embedding Layer: Generates embeddings with dimension (batch_size, sequence_length, embedding_size)
where embedding_size is set to either 768 or 1,024 based on the model’s configuration. The embeddings are
contextualized using BERT’s pre-trained multilingual model that has been fine-tuned on Indian text
corpora. This layer captures the syntactic and semantic nuances of multilingual tweets.

- Transformer Layers: The model includes 12 to 24 transformer layers, depending on the size of the model,
each containing multi-head self-attention and feed-forward neural networks. The self-attention mechanism
focuses on the most relevant words in the input, allowing the model to attend to important aspects like
sarcasm, bias, and sentiment shifts within political tweets.

- Classification Layer: This layer classifies emotions alongside sentiment into emotions, namely anger,
frustration, joy, and sarcasm.

Key components for the proposed method are shown in Figure 2, which consists of modules, namely
multilingual embeddings, context-aware mechanism, and emotion detection.

FIGURE 2: Components of the Proposed Method
MTCE: Multilingual Transformer Contextual Embedding

The components are explained as follows:
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- Multilingual Embeddings: Specialized embeddings to handle Hindi, English, and code-switched language
variations. The embeddings are trained to capture the unique structure of Indian languages and code-mixed
speech, accounting for domain-specific vocabulary from the political context.

- Context-Aware Mechanisms: In addition to the basic transformer architecture, a contextual embedding
layer is added to capture the political context of tweets. This layer enhances the understanding of words like
"election", "government", or hashtags such as #FakeNews, adjusting the attention mechanism based on these
political contexts. This is achieved through a domain-adaptive fine-tuning process on Indian political
corpora.

- Emotion Detection Module: This module is integrated into the transformer architecture to specifically
capture emotions like anger, frustration, joy, and sarcasm. Using a separate head within the transformer, the
model classifies emotions alongside sentiment, leveraging datasets that contain explicit emotional
annotations.

Training and optimization
The MTCE model is implemented using HuggingFace Transformers [29], TensorFlow [30], and PyTorch [31]
libraries. The model is trained on an NVIDIA RTX 3090 GPU, utilizing AdamW optimizer with weight decay
to prevent overfitting. The training parameters include a learning rate of 2e-5, batch size of 32, and 20
epochs. Gradient clipping is applied to prevent gradient explosion due to the large transformer architecture.
To mitigate class imbalance in political sentiment (e.g., more positive tweets about a particular party), data
augmentation techniques such as synonym replacement and noise injection are employed. The customized
BERT tokenizer further ensures that the tokenization process handles code-switching appropriately,
preserving the integrity of mixed-language tweets.

Evaluation metrics
The MTCE model's performance is evaluated using several metrics to ensure comprehensive analysis:

- Accuracy: Measures the percentage of correctly classified tweets.

- F1-Score: Balances precision and recall, providing an aggregate view of model performance, particularly
useful for imbalanced datasets.

- Precision: Measures the proportion of correct positive predictions.

- Recall: Measures the proportion of actual positives that are identified correctly.

- Area Under the Receiver Operating Characteristic Curve (ROC-AUC): Evaluates the performance across
various classification thresholds, particularly relevant for bias detection.

The statistical significance of the results is validated using t-tests to confirm the model's superiority over
baseline models, including SVM, random forest, and BERT-based sentiment analysis models [15-19].
Additionally, the results are visualized through tables stating precision-recall, accuracy, and ROC-AUC
percentage.

Baselines and comparisons
The MTCE model's performance is compared against baseline models such as SVM and random forest. These
traditional machine learning models are trained on the same dataset for sentiment and bias classification
but lack the contextual understanding provided by transformer-based models. The comparison is based on
accuracy, F1-score, precision, recall, and ROC-AUC, clearly demonstrating MTCE's superior ability to capture
the nuances of code-switched political discourse.

The MTCE model is specifically designed to handle Indian political discourse, but it can be expanded for
broader multilingual applications beyond politics. Future research directions involve fine-tuning the model
for real-time tweet analysis, emotion-specific classification, and handling newer forms of codeswitching and
emerging dialects. Integrating advanced topic modeling techniques will also enhance the model's ability to
understand complex political discussions.

Through these methodological innovations, MTCE provides a powerful tool for the nuanced analysis of
sentiment, bias, and emotion in Indian political tweets, overcoming significant challenges posed by the
linguistic and contextual diversity of social media data in the Indian context.

Results
The results section provides a detailed analysis of the performance and effectiveness of the proposed
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MTCE model for Indian political tweet analysis.

Experimental setup 
To achieve robust results, the MTCE model was trained and tested on approximately 5,00,000 tweets,
comprising a mix of Hindi, English, and regional dialects such as Marathi, Bengali, and Tamil. The dataset
was collected over the period of six months during major political events, including elections and policy
debates [32]. The curated Indian state elections 2022 Twitter dataset was used for the experimentation. The
dataset was stored in nine files, namely Assembly Elections, Assembly Polls, Goa Elections, Jagruk Voters,
Manipur Elections, Punjab Elections, State Election, Uttar Pradesh Election, and Uttarakhand Election. The
dataset was collected from 1 November 2021 to 9 March 2022, which consisted of tweets about Indian
politics in multiple Indian languages along with English [32]. 

The tweets were preprocessed using techniques like tokenization, stopword removal, and language
detection, with special attention given to handling code-switching. The preprocessing was implemented
using Python libraries such as NLTK and langdetect, ensuring that the multilingual nature of the tweets was
appropriately addressed. Additionally, advanced data augmentation techniques, including synonym
replacement and noise injection, were applied to mitigate class imbalance issues, which are common in
political discourse datasets.

The MTCE model was implemented using the HuggingFace Transformer library and trained on an NVIDIA
RTX 3090 GPU. Key components of the model architecture, including self-attention mechanisms and
context-aware embeddings, enabled it to capture linguistic subtleties like sarcasm, slang, and regional
variations. The model was trained for 20 epochs with a learning rate of 2e-5 and a batch size of 32. The
training process optimized the model for sentiment classification, political bias detection, and emotion
recognition. Metrics such as accuracy, F1-score, precision, recall, and ROC-AUC were employed to evaluate
model performance across these tasks. In particular, the emotion detection task was fine-tuned to identify
specific emotional tones, such as anger, sarcasm, and approval, in politically charged tweets.

Result analysis
Comparative analysis was performed against baseline models like SVM, random forest, and BERT-based
models, with statistical significance tests (e.g., t-tests) used to validate the superiority of MTCE over
traditional approaches [12,15-19] as given in Table 1, demonstrating the statistical significance of MTCE’s
superiority over traditional methods, with very low p-values indicating strong evidence against the null
hypothesis (that MTCE's performance is similar to the baseline models). The t-tests show that MTCE’s
improvements over SVM, random forest, and even BERT are statistically significant, validating its
performance advantages.

Model P-Value (t-test vs MTCE)

SVM p < 0.001

Random Forest p < 0.001

BERT p = 0.005

TABLE 1: Statistical Significance (P-Value) for State-of-the-Art Models
[12,15-19]

BERT: Bidirectional Encoder Representations From Transformers, MTCE: Multilingual Transformer Contextual Embedding, SVM: Support Vector Machine

Table 2 illustrates the performance of these models across multiple languages, including Hindi, English, and
regional languages, emphasizing the MTCE model's superior performance in handling complex, multilingual
data.
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Authors Dataset Accuracy Remarks

Patel et al. [16]
Gujarat Assembly Elections
(Twitter Data)

89%
Predicted election outcomes using VADER with random forest and decision tree
models.

Sukanya and Sita
[15]

Hinglish (Hindi-English mixed)
Tweets

77%
Overcame challenges of code-switching and multilingual sentiment using
custom sentiment models.

Pathan and Sundar
[17]

Indian Political Tweets 76.30% Applied random forest for sentiment analysis in Indian elections.

Sharma and Kumar
[19 ]

Indian Political Tweets 77.60%
Demonstrated improved performance with random forest in political sentiment
analysis.

Geni et al. [12] Indonesian Political Tweets 83.50%
Applied IndoBERT for sentiment analysis, outperforming classical machine
learning models.

Reddy [18]
Karnataka State Elections (Twitter
Data)

72%
Utilized traditional classification techniques for sentiment analysis with
moderate success.

TABLE 2: Performance Comparison of State-of-the-Art Models on Indian Political Tweets
VADER: Valence Aware Dictionary and sEntiment Reasoner

Table 3 presents the accuracy, F1-score, precision, recall, and AUC for state-of-the-art models and proposed
MTCE. The MTCE model exhibits the highest accuracy of 98.5%, outperforming other models. Its recall and
precision rates are also superior, achieving a balanced F1-score of 97.5%, indicating excellent performance in
classifying political tweets with minimal trade-offs between false positives and false negatives.
Furthermore, the ROC-AUC score of 0.96 confirms its ability to discriminate between classes effectively.

Model Accuracy (%) F1-Score (%) Precision (%) Recall (%) ROC-AUC (%)

SVM 87 85.5 86 84.5 88

Random Forest 90.5 89 90 88.5 91

BERT 97 96 96.5 95 97.5

MTCE 98.5 97.5 98 97 98.8

TABLE 3: Comparison of Various State-of-the-Art Models With MTCE
[12,15-19]

BERT: Bidirectional Encoder Representations From Transformers, MTCE: Multilingual Transformer Contextual Embedding, ROC-AUC: Area Under the
Receiver Operating Characteristic Curve, SVM: Support Vector Machine

Emotion detection performance
Emotion detection is a critical aspect of analyzing political tweets, as public sentiment often conveys strong
emotional responses to political events. Table 4 outlines the precision, recall, and F1-score for the detection
of key emotions within Indian political tweets, as identified by the MTCE model. The model has been fine-
tuned to capture subtle emotional expressions like sarcasm, anger, and joy, which are prevalent in political
discourse. 
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Emotion Precision Recall F1-Score

Anger 96% 95% 95.50%

Sarcasm 98% 96% 97%

Dissatisfaction 97% 96% 96.50%

Joy 94% 92% 93%

TABLE 4: Emotion Detection Performance of the Proposed MTCE Model
MTCE: Multilingual Transformer Contextual Embedding

The model achieves consistently high scores across all emotions, with particularly strong performance
in detecting sarcasm, where it achieves an F1-score of 97%. This performance reflects the model’s ability
to understand nuanced, emotionally charged language, which is a common characteristic of political
discourse on social media platforms like Twitter. The MTCE model’s accuracy of 98.5% significantly
outperforms the next best models by 1.5% and 10.5%. These results emphasize the robustness of the
proposed model in handling the complexities of Indian political tweets, which involve multilingual, context-
dependent, and often emotionally charged content. The MTCE model's highest accuracy highlights its
superior capability in detecting political sentiment and bias across multiple languages and nuanced
contexts. This is critical in a politically diverse country like India, where social media discourse often reflects
a wide range of regional and national perspectives. The F1-score of 97.5% further confirms its balanced
performance, ensuring that it effectively manages both precision and recall, making it an ideal model for
real-world applications in political tweet analysis.

Discussion
The results from the MTCE model demonstrate a significant advancement in the analysis of Indian political
tweets, particularly in the context of multilingualism and emotion detection. With an accuracy of 98.5%, the
MTCE model outperformed existing state-of-the-art models by a margin of 1.5%. This improvement, along
with a precision of 98%, a recall of 97%, and an F1-score of 97.5%, underscores the model's effectiveness in
classifying political sentiment, bias, and emotion in tweets that mix Hindi, English, and various regional
dialects. This multilingual capacity is a key differentiator from other models, which tend to falter when
handling codeswitching or regional languages. The MTCE model’s contextual embedding techniques enable
it to navigate the linguistic complexity of Indian political discourse, where a mixture of languages is often
used to convey opinions.

When compared to state-of-the-art models, the MTCE model’s handling of regional languages sets it apart,
addressing a critical gap in political tweet analysis. Other models, though proficient in analyzing Hindi and
English tweets, struggle with regional dialects such as Marathi and Tamil, which are crucial for a complete
understanding of Indian political discussions. For instance, existing models exhibit a 10.5% accuracy gap in
comparison to MTCE, as many rely on classical machine learning models like SVM or random forest, which
are less capable of fully capturing the contextual and linguistic diversity of Indian tweets. MTCE's ability to
process these variations using context-aware embeddings positions it as a superior tool for the analysis of
political sentiment in India's multilingual landscape.

In terms of emotion detection, MTCE’s high performance across challenging emotions like sarcasm, anger,
and dissatisfaction highlights its proficiency in detecting subtle linguistic cues. The 97% recall and 98%
precision in detecting sarcasm illustrate the model’s ability to grasp complex emotional tones, a vital factor
in political discourse where sarcasm often conveys dissatisfaction or critique in a nuanced manner. This
capability gives the MTCE model an edge in uncovering underlying voter sentiment, which traditional
models fail to capture accurately. These results demonstrate the model's robustness in analyzing the
emotional tone of tweets, further solidifying its role in political sentiment analysis.

Overall, the MTCE model sets a new standard for multilingual sentiment analysis in Indian political tweets,
excelling where other models have shown limitations. By addressing the challenges of multilingualism and
emotion detection, the MTCE model not only improves accuracy but also provides deeper insights into
political discussions. Its ability to handle code-switched and regionally diverse language content makes it a
powerful tool for future applications in real-time political analysis, helping to track and understand political
trends as they unfold on social media.

Conclusions
The MTCE model presented in this paper delivers a substantial improvement in the analysis of Indian
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political tweets, achieving an accuracy of 98.5% and an F1-score of 97.5% and excelling in precision (98%)
and recall (97%). The model’s ability to effectively manage code-switching between Hindi, English, and
regional dialects sets it apart from existing state-of-the-art models. When compared with traditional
methods such as SVM, random forest, and BERT-based models, the MTCE model shows an accuracy
improvement of 1.5% over the best-performing benchmarks. In terms of emotion detection, particularly
sarcasm, dissatisfaction, and anger-emotions frequently present in Indian political discourse-MTCE
consistently outperforms other models, providing more accurate and context-aware predictions. This
demonstrates the model’s superiority in handling multilingual, context-rich political sentiment analysis,
particularly within the Indian sociopolitical landscape.

Moreover, the study’s experiments validate that the MTCE model’s advanced transformer architecture and
contextual embeddings significantly enhance its ability to capture the subtle emotional tones often missed
by classical machine learning models. The model’s performance not only addresses the key challenges in
multilingual sentiment analysis but also extends the analytical depth to detect political bias and complex
emotions with remarkable accuracy. These results suggest that the MTCE model can offer real-time insights
into public sentiment and political trends in India, which can be instrumental for policymakers, analysts,
and social media platforms in understanding voter behavior and sentiment shifts. While the MTCE model
demonstrates robust performance, there are limitations in its current scope. The lack of real-time processing
and support for an even broader array of regional languages are areas for improvement. Additionally,
although the model achieves impressive results, bias in sentiment classification due to inherent dataset
biases and ethical considerations regarding fairness in political bias detection remain challenges for future
work. Expanding the model’s multilingual capabilities and refining it for real-time application will be critical
next steps in ensuring more inclusive and ethically sound sentiment analysis across diverse political
discussions on social media.
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