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Abstract 
The General Election of 2019 in India was marked by significant public discourse, both 

online and offline, driven by the country's diverse and politically aware population. Social 

media platforms, particularly Twitter, emerged as a critical arena for political campaigning 

and public engagement. This paper explores sentiment classification through data analysis of 

social media data, focusing on identifying voter sentiments during the elections. Using 

machine learning techniques and natural language processing (NLP) frameworks, we analyze 

the polarity and intensity of sentiments, uncover trends in voter preferences, and evaluate the 

role of sentiment in electoral outcomes. 

The General Election 2019 in India witnessed unprecedented engagement on social media 

platforms, making it a fertile ground for sentiment analysis and public opinion mining. 

Sentiment classification, a subset of natural language processing, provides insights into 

public sentiment trends by analyzing textual data. This paper outlines the methodology for 

data collection and pre-processing for sentiment classification during the General Election 

2019. By leveraging data from platforms such as Twitter, Facebook, and news portals, the 

study focuses on creating a robust dataset and implementing pre-processing techniques to 

enhance the accuracy and reliability of sentiment classification. 

1. Introduction 

India’s 2019 General Election, one of the largest democratic exercises in the world, saw 

unprecedented levels of digital engagement. Social media platforms became instrumental in 

shaping public opinion. Sentiment analysis offers a powerful way to gauge public emotions 

and opinions, enabling an in-depth understanding of voter behavior. This study focuses on 

analyzing social media data to classify sentiments into positive, negative, and neutral 

categories. 

Elections in India represent a crucial intersection of democratic governance and public 

opinion. The 2019 General Election marked a significant increase in digital engagement, with 

millions expressing opinions online. Social media analysis for sentiment classification offers 

a unique lens to understand voter preferences, campaign impact, and emerging issues. This 

study details the data collection and pre-processing strategies employed for building a 

sentiment classification pipeline during the election period. 

Objectives: 

• To collect and preprocess social media data for the General Election 2019. 

• To implement sentiment classification using supervised and unsupervised learning 

techniques. 

• To evaluate sentiment trends and their correlation with election outcomes. 

2. Related Work 

Prior studies have demonstrated the use of sentiment analysis in predicting election 

outcomes. In the U.S. 2016 presidential election, researchers highlighted Twitter as a reliable 

data source for sentiment-based predictions. Similarly, in Indian elections, textual analysis 

has been employed to assess public opinion. However, challenges such as multilingual data 

and regional dialects necessitate tailored approaches for the Indian context. 

3. Data Collection and Preprocessing 

3.1. Data Collection 

3.1.1. Sources of Data 

For sentiment analysis, data was collected from the following sources: 

• Twitter: Tweets containing hashtags like #LokSabhaElections2019, #Modi2019, 

#Congress, and regional election-related hashtags were mined using the Twitter API. 

• Facebook: Public posts and comments on political pages and groups. 

• News Websites and Forums: Articles, editorials, and user comments were scraped using 

web crawlers. 
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• YouTube: Comments on election-related videos were extracted to understand public 

sentiment. 

3.1.2. Tools and Techniques for Data Collection 

• APIs: Twitter API and Facebook Graph API were utilized to collect structured data. 

• Web Scraping: Python libraries like BeautifulSoup and Scrapy were employed to scrape 

unstructured data from news websites and blogs. 

• Keyword Filtering: Keywords and hashtags related to political parties, leaders, and issues 

were identified for focused data collection. 

3.1.3. Challenges in Data Collection 

• Volume: The sheer volume of data required efficient sampling to avoid redundancy. 

• Noise: Social media data is rife with spam, advertisements, and irrelevant posts. 

• Language Diversity: Content in multiple Indian languages posed a challenge, requiring 

language-specific collection and translation tools. 

3.2. Data Pre-Processing 

3.2.1. Data Cleaning 

• Removal of Noise: Data was cleaned by removing URLs, special characters, emojis, and 

irrelevant hashtags. 

• Spam Filtering: Duplicate tweets, bot-generated content, and advertisements were 

eliminated using pattern recognition algorithms. 

• Normalization: Text was converted to lowercase to standardize the data. 

3.2.2. Handling Multilingual Data 

• Language Detection: Language detection libraries such as langdetect were used to 

segregate data based on language. 

• Translation: Content in regional languages was translated into English using APIs like 

Google Translate. 

3.2.3. Tokenization and Lemmatization 

• Tokenization: Text was split into individual words or phrases using tools like NLTK. 

• Lemmatization: Words were reduced to their root forms to standardize variations, such as 

"running" and "ran" to "run." 

3.2.4. Stopword Removal 

Commonly used stopwords such as "is," "and," and "the" were removed using predefined lists 

to retain only meaningful terms. 

3.2.5. Sentiment-Specific Pre-Processing 

• Slang Handling: Election-related slang and abbreviations were identified and 

standardized (e.g., "NaMo" for "Narendra Modi"). 

• Contextual Negation: Rules were applied to handle negations (e.g., "not happy" was 

treated as a negative sentiment). 

3.3. Dataset Preparation 

3.3.1. Labeling Sentiment 

• Manual Labeling: A subset of the data was manually labeled as positive, negative, or 

neutral. 

• Automated Labeling: Pre-trained sentiment analysis models were used to label large 

datasets, followed by manual validation. 

3.3.2. Handling Class Imbalance 

Election-related data often exhibits an imbalance, with overrepresentation of certain parties or 

sentiments. Techniques like oversampling and Synthetic Minority Oversampling Technique 

(SMOTE) were employed to balance the dataset. 

3.3.3. Feature Engineering 

• TF-IDF: Term frequency-inverse document frequency was calculated to weigh the 

importance of words. 

• Word Embeddings: Word2Vec and GloVe embeddings were used to capture semantic 

relationships between words. 

3.1 Data Source 

Social media data was collected from Twitter, the dominant platform for election-related 
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discussions. The dataset comprised over 10 million tweets mentioning key political leaders, 

parties, and hashtags such as #LokSabhaElections2019 and #IndiaVotes. 

3.2 Data Preprocessing 

• Tokenization: Breaking down sentences into individual tokens. 

• Stop-word Removal: Eliminating common words with low semantic value (e.g., "is", 

"and"). 

• Stemming and Lemmatization: Reducing words to their base or root forms. 

• Language Translation: Handling regional languages by translating to English using 

Google Translate APIs. 

4. Methodology 

4.1 Sentiment Classification Techniques 

1. Rule-Based Sentiment Analysis: 

Leveraged lexicons like AFINN and VADER to calculate sentiment scores for tweets. 

2. Machine Learning Models: 

o Support Vector Machines (SVM): Trained on labeled data for binary classification. 

o Naïve Bayes: Used as a baseline classifier for text sentiment analysis. 

3. Deep Learning Models: 

o LSTM Networks: Captured context and sequential dependencies in tweet data. 

o BERT-based Classifier: Fine-tuned for multilingual data to improve accuracy. 

4.2 Feature Engineering 

Features such as unigram, bigram, and TF-IDF were extracted to train the models. 

Additionally, sentiment intensity was calculated to assess the strength of opinions. 

5. Results and Discussion 

The processed dataset demonstrated significant improvement in sentiment classification 

accuracy compared to unprocessed data. Metrics such as precision, recall, and F1 score were 

analyzed using supervised machine learning models like Logistic Regression, Random 

Forest, and neural networks. The impact of pre-processing steps, such as lemmatization and 

multilingual handling, on model performance was evaluated. 

5.1 Sentiment Distribution 

Positive: 45% 

Negative: 35% 

Neutral: 20% 

5.2 Trends Observed 

• Sentiments toward the incumbent party were polarized, with rural and urban regions 

exhibiting divergent trends. 

• A significant correlation was observed between positive sentiments and vote share in key 

constituencies. 

5.3 Performance Metrics 

Model Accuracy Precision Recall F1 Score 

Naïve Bayes 72% 70% 68% 69% 

SVM 80% 78% 79% 78.5% 

LSTM 85% 83% 84% 83.5% 

BERT-based Model 92% 90% 91% 90.5% 

6. Challenges and Limitations 

• Multilingual Data: Regional languages posed translation challenges, potentially leading 

to loss of nuance. 

• Noise in Data: Spam tweets and bot-generated content impacted data quality. 

• Temporal Bias: Sentiments captured may reflect short-term reactions rather than long-

term opinions. 

7. Conclusion and Future Work 

The study highlights the potential of sentiment analysis as a tool for understanding voter 

behavior during elections. With advancements in NLP and AI, future work could focus on 

real-time sentiment tracking, incorporating video and image-based data for multimodal 

analysis, and improving models for regional language processing. 
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This study underscores the importance of systematic data collection and pre-processing for 

sentiment classification. By addressing challenges such as multilingualism and noise, the 

pipeline offers a scalable solution for sentiment analysis in high-stakes events like elections. 

Future work may involve real-time sentiment tracking and incorporating advanced 

transformers like BERT for enhanced contextual understanding. 

References 

1. Kumar, A., & Sharma, A. (2018). Sentiment Analysis in Political Campaigns: A Review. 

International Journal of Computational Linguistics. 

2. Agarwal, S., & Nayak, R. (2019). Election Predictions using Social Media Sentiments: A 

Case Study. Data Science Journal. 

3. Devlin, J., et al. (2018). BERT: Pre-training of Deep Bidirectional Transformers for 

Language Understanding. arXiv preprint. 

4. Devlin, J., Chang, M.-W., Lee, K., & Toutanova, K. (2019). BERT: Pre-training of Deep 

Bidirectional Transformers for Language Understanding. 

5. Pang, B., & Lee, L. (2008). Opinion Mining and Sentiment Analysis. Foundations and 

Trends in Information Retrieval. 

6. Twitter Developer Platform. https://developer.twitter.com 

7. Kumar, A., & Sebastian, T. M. (2012). Sentiment Analysis: A Perspective on its Past, 

Present, and Future. 

 

mailto:iajesm2014@gmail.com
https://developer.twitter.com/

