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Abstract. Social media has drastically changed the political discussion in 

India, allowing people to interact and share political content instantly. 

These platforms generate large volumes of real-time discussions, opinions, 

and reactions. This study helps in predicting sentiments in Indian political 

tweets to understand public sentiment using three deep learning (DL) 

models, Convolutional Neural Networks (CNN), Bidirectional Long Short-

Term Memory (Bi-LSTM), and Bidirectional Encoder Representations from 

Transformers (BERT). The dataset was taken from Kaggle dataset 

repository, and pre-processing steps were carried out to reduce the noise 

present in the dataset. Each considered model was trained and evaluated for 

sentiment classification. The results noted from the experimental study 

states that the BERT model outperformed among others with 95% accuracy. 

The accuracies obtained for CNN and Bi-LSTM were found to be 92% and 

93% respectively. The experimental findings from the study demonstrate 

that BERT model can help in accurately analyzing political discussions on 

social media and offer insights into public opinion as well as electoral 

trends in India.       
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1. Introduction  

Social networks platforms have become an important forum for modern political 

discussion. It is influencing the way information is produced, broadcasted, and ac-

cepted by the audiences [1]. In the Indian context, both political awareness and 

digital connectivity are rapidly increasing day by day. Twitter (now called as X ) is 

now accepted as one of the important space for instant political interaction. Now a 

days, users actively share their opinions, engage with campaign narratives, re-
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spond to policy decisions, and contribute to politically driven discussions in Twit-

ter. As a result, the platform generates huge amount of contents which can be ana-

lyzed to discover insights into public sentiments [2, 3]. Analyzing user driven po-

litical discussions data in the Indian context generated from social media may 

have many challenges [4].  

Users generally use multiple languages, commonly Hindi and English in a single 

post along with abbreviations, hashtags, emojis, and informal grammar [5]. This 

results in reducing the effectiveness of conventional text analysis techniques [6]. 

Recent developments in natural language processing (NLP), especially the 

evolvement of transformer-based architectures, have proven to be effective in 

handling multilingual and code-mixed datasets [6]. Transformer based DL archi-

tectures, BERT, XLM-RoBERTa, and IndicBERT are capable of capturing com-

plex linguistic patterns across diverse languages, enabling more accurate senti-

ment detection and thematic classification [5, 6]. This study analyzes political 

tweets using a transformer based model, BERT to predict sentiments across a di-

verse set of political conversations and also compares traditional DL models such 

as CNN and Bi-LSTM with BERT to measure the effectiveness of BERT in pre-

dicting sentiments using various evaluation parameters as well as accuracy.  

The rest of the paper is outlined as follows: The literature review on the topic pre-

sented in this study is included in Section 2. The proposed work and the results are 

given in Section 3 and Section 4 respectively. Section 5 includes the conclusion 

along with future scope of this work. 

2. Background Study 

Twitter is now become the key place for political communication which enables 

the users to participate in public debate as well as in sharing their opinions [7]. 

Earlier research findings state that traditional ML models and lexicon-based meth-

ods were used for social media text sentiment prediction [8]. However, the per-

formance of these techniques was found to have limitations as the user generated 

content are informal in nature. However, recent studies demonstrate that DL based 

models offer considerable improvements [9, 12, 13].  

 

Bhat et al. [8] proposed a technique for sentiment analysis of Indian political 

tweets using LSTM and Recurrent Neural Network. The dataset used by the au-

thors was taken from Kaggle. They compared and evaluated these models using 

two feature representation methods such as Word2Vec and TF-IDF. Their results 

illustrates that TF-IDF outperforms Word2Vec for this task with the LSTM model 
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and produces the accuracy of 83.02% and is higher as compared to Recurrent Neu-

ral Network with 81.06% accuracy. In [9], authors proposed a method which uses 

LSTM architecture with Kalman filters to perform sentiment analysis on tweets 

about political parties in India. In their work, they demonstrated that Kalman filter 

is used to smooth the noisy sentiment signal and LSTM handles long-term de-

pendencies in the sequential data. They reported that the hybrid model achieved 

higher performance as compared to using LSTM only. In [10], authors proposed a 

technique using ML to analyze Israeli political tweets to overcome challenges 

such as regional dialects and linguistic biases.  

 

Beyond sentiment classification, some studies have explored the emotional dimen-

sions of political communication. Sharma and Vegad [11] conducted emotion 

analysis on a large corpus of Indian political tweets collected during the 2019 gen-

eral election with 117,545 tweets. For modeling, they employed a Support Vector 

Machine classifier to categorize tweets into different sentiment classes. Their 

work highlights the complexities of emotion detection in political Twitter data. By 

applying ML models to such a large and politically relevant dataset, the authors 

demonstrated how emotion analysis can be used to understand public opinion and 

political sentiment on social media. 

 

In [13], authors had illustrated the ability of LSTM model in analyzing the senti-

ment within complex text structures while in [12], Paduri et al. demonstrated that 

how LSTM can model temporal patterns. In [14], author performed a literature 

study emphasizing that the effective political tweet analysis must account for lin-

guistic diversity, data imbalance, and rapid change of political narratives. Author 

identified that a major technical challenge in the Indian context is the presence of 

code-mixed i.e. Hindi-English (Hinglish) tweets.  

 

In summary, the existing research indicates that effective analysis of Indian politi-

cal tweets requires robust handling of code-mixed text and emotion-aware model-

ling to capture political polarization. These works provide directions to the re-

searchers for developing more suitable models for understanding political 

discourse in India. 

 

3. Proposed Work   
 

The proposed work focuses on using DL architectures to accurately predict senti-

ments in Indian political tweets. For this we used a dataset downloaded from 

Kaggle, consisting of Indian political tweets. The dataset was then pre-processed 

and then DL architectures were applied on the cleaned dataset and the models 
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were compared to choose the best model among them. This section presents the 

methodology used to predict the users’ sentiments effectively. 

 

3.1. Methodology and implementation 

 

This section covers the overall description of the steps followed in the methodolo-

gy and implementation. The methodology used in this work consists of four major 

steps such as data collection, pre-processing, model development, and analysis. 

The implementation of this study was done using Python version 3 in Google 

Colab environment. 

 

3.1.1 Dataset description 

 

The dataset [15] is a collection of public tweets on Indian politics and their associ-

ated reactions. This dataset helps to gain insights into public opinion and senti-

ment on various political issues and events in India. The dataset consists of vari-

ous categories of tweets from users of India that covers various political contexts. 

The information about the considered dataset is presented in Table 1. 

Table 1: About the Dataset 

Dataset Name “Indian Politics Tweets & Reactions” [15] 

No. of instances 50,000 

No. of features 06 

 
The word cloud of the text present in the considered dataset is displayed in Fig. 1. 

The size of each word represents the number of occurrences of a word in the 

tweets. 

 

 
 

Fig. 1: Word cloud of the dataset 
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3.1.2 Data Pre-processing 

 

During this step, first we removed all irrelevant columns except the tweets column 

and the pre-processing was done using “re” library of Python to remove punctua-

tions, special symbols, links, and spaces etc. to clean the dataset. This step helps 

us to ensure that the dataset is cleaned and suitable for DL tasks. 

 

3.1.3 Sentiment polarization and label generation using TextBlob 

 

The original dataset was unlabelled and contained only raw tweets without any 

predefined sentiment classes. To generate sentiment labels, the TextBlob Python 

library was used. TextBlob computes the polarity score of each tweet based on its 

semantic orientation. The polarity value ranges from −1 to +1. Here, a value less 

than 0 indicates a negative sentiment, 0 represents a neutral sentiment, and greater 

than 0 value indicates a positive sentiment. Based on these polarity scores, the 

tweets were automatically categorized into three sentiment classes: positive, neu-

tral, and negative [16]. This automated labelling process transformed the raw tex-

tual dataset into a supervised learning dataset suitable for training DL models.  

 

After sentiment polarization using TextBlob, 23,600 positive, 13,548 neutral, and 

12,852 negative tweets were labeled in the dataset. The sentiment polarity distri-

bution present in the dataset in shown in Fig. 2. Fig. 2 shows that there is higher 

number of positive tweets present in the dataset as compared to negative and neu-

tral tweets and the percentage of negative and neutral tweets are found to be pre-

sent in nearly equal amount. 

 

 

Fig 2: Polarity distribution of tweets in the dataset 

ayan
Personal Use Only



6  

3.1.4 Tokenization and feature representation 

 

After sentiment labelling, the textual data were converted into numerical form so 

that they can be used by the DL models. For the CNN and Bi-LSTM models, text 

tokenization was done using the TensorFlow/Keras Tokenizer whose vocabulary 

was limited to 20,000 frequently occuring words. An out-of-vocabulary (OOV) 

token is used to handle words that are not seen during training. The input sequenc-

es were then padded to a fixed length of 100 tokens which ensures uniform input 

size. 

 

For the BERT model, tokenization was done using the BERT tokenizer, which 

breaks text into smaller sub-word units when needed. The input sequences in this 

model were padded and truncated to a maximum length of 128 tokens, and atten-

tion masks were created to differentiate real words from padded values. This pro-

cess ensured that the text data were properly prepared for transformer-based 

BERT model. 

3.1.5 Parameter tuning for DL models 

In this step, DL architectures such as CNN, Bi-LSTM, and BERT models were 

trained and various hyper parameters such as optimizer, number of epochs, and 

batch size were customized to improve the accuracy. For training and testing pur-

pose, the dataset was divided in 80:20 ratio. A batch size of 32 for five epochs was 

considered for training of all considered models. For the CNN and Bi-LSTM 

models, the Adam optimizer was used with ReLU activation in the hidden layers 

and Softmax in the output layer. The loss function used for CNN and Bi-LSTM 

was sparse categorical cross-entropy. The BERT model is a pre-trained 

transformer-based architecture, therefore it inherently uses the GELU activation 

function and is optimized using the AdamW optimizer with cross-entropy loss to 

preserve its pre-trained learning capability. Here, different training configurations 

were adopted to ensure fair and optimal performance based on the architectural 

nature of each model rather than enforcing identical hyperparameters across all 

models.  

4.Results and Discussion 

The obtained results from the experimental study carried out in this work are pre-

sented in this section. Different DL models were applied on the dataset to predict 

sentiments. After the model evaluation, it was found that BERT had given higher 

accuracy of 95.42% whereas CNN and Bi-LSTM had 92% and 93% accuracy re-

spectively. The accuracy obtained from different models is displayed in Fig. 3. 

The accuracy graph indicates that BERT model has outperformed all other models 

in predicting sentiments. On the other hand, CNN was found to be less efficient 

model in terms of accuracy for analyzing political tweets. 
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Fig. 3: Accuracy of different models 

In addition to accuracy, BERT model was analysed using several performance 

metrics such as Precision (Pre), Recall (Rec), F1-Score (Fsc), and Support (Sup). 

The values obtained for these evaluation parameters are listed in Table 2. The 

Confusion Matrix (ConM) was presented in Fig. 4 which shows the classification 

results of the model. The ConM of BERT model indicates that it achieves a very 

high number of true positives which is required for reliable sentiment prediction. 

Table 2: Models performance parameters values 

Models Classes Metrics 

Pre Rec Fsc Sup 

CNN Negative  0.92       0.83       0.87       2597 

Neutral 0.95       0.93       0.94       2615 

Positive 0.90       0.96       0.93       4788 

Bi-LSTM Negative 0.88       0.91       0.90       2597 

Neutral 0.93       0.95       0.94       2615 

Positive 0.95       0.92       0.94       4788 

BERT Negative 0.95     0.92     0.93       2593 

Neutral 0.98       0.95       0.96       2587 

Positive 0.94    0.98     0.96       4820 
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Fig. 4: Confusion matrix of BERT model 

The ROC curves per class for BERT model is depicted in Fig. 5 and is plotted 

between the true positive rate vs. false positive rate. The comprehensive 

performance of the model is observed from the area under the curve (AUC). 

 

Fig. 5: ROC curves per class for BERT model 

Fig. 5 shows that the proposed model achieve excellent class-wise discrimination, 

with AUC values of 0.991, 0.995, and 0.993 for negative, neutral, and positive 

classes respectively. This indicates that the model is capable of effectively 

distinguish between positive, neutral, and negative political opinions with high 

reliability. 

5. Conclusion and Future work 
        

In the current study, we applied three DL based models, CNN, Bi-LSTM, and 

BERT on a dataset downloaded from Kaggle repository for accurate sentiment 

ayan
Personal Use Only



9 

prediction. Then the performance of these considered models were analysed. The 

BERT model was found to give higher accuracy of 95% as compared to other 

models. 

 

Future research can incorporate domain specific models to improve contextual 

understanding and reduce linguistic bias. Since Indian political tweets often are a 

mix of English with Hindi or regional languages, future work can focus on 

multilingual transformers and Hinglish code-mixed models to enhance sentiment 

classification accuracy. 
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