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Abstract: The Indian economy experienced significant disruption following 

the implementation of demonetization, a policy initiative aimed at 

eliminating black money, controlling inflation, and promoting financial 

inclusion. However, this currency ban generated widespread debate and 

polarized public opinion. This study analyzes public sentiment toward 

demonetization using social media data, specifically Twitter posts 

characterized by mixed sentiments, sarcasm, and nuanced linguistic 

expressions. We employ a PAD-SVM (Preprocessing-Analysis-Decision 

Support Vector Machine) approach comprising three stages: preprocessing, 

descriptive analysis, and prescriptive analysis. The preprocessing stage 

involves data cleaning, handling missing values, and feature extraction from 

tweet data. The descriptive analysis stage identifies key influencers and 

performs exploratory data analysis related to demonetization discourse. 

Subsequently, sentiment analysis is conducted to quantify user sentiments 

and assign polarity scores to individual tweets. Predictive modeling is then 

applied to forecast evolving public perception toward demonetization over 

time. This approach combines machine learning, statistical modeling, and 

natural language processing (NLP) techniques to process unstructured 

textual data and classify sentiments as positive, negative, or neutral. The 

integration of sentiment analysis with predictive analytics provides valuable 

real-time insights into public opinion dynamics and enables future trend 

forecasting regarding major economic policy interventions.  
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Introduction  

Demonetization refers to the process of removing a 

currency's status as a legal medium of exchange. 

Governments implement such measures to counter 

corruption, tax evasion, counterfeit currency, and to 

promote digital economies. In November 2016, India's 

government demonetized its highest denomination 

currency notes (₹500 and ₹1000) creating immediate 

economic and societal impacts. As 78% of transactions 

were cash-based, the public response was intense and 

widely voiced through platforms like Twitter. 

Analyzing public sentiment during such events is 

essential for gauging the socio-economic impact and 

policy effectiveness. Predictive analytics, powered by 

AI, ML, and data mining, enables the extraction and 

analysis of sentiment from such large-scale 

unstructured data. This review focuses on techniques 

and frameworks used for sentiment classification and 

predictive modeling using Twitter data during events 

like demonetization. 
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Literature Review 

Various researchers have investigated the use of 

predictive analytics and sentiment analysis for 

extracting insights from Twitter data. Researchers 

proposed an intelligent framework that integrates 

structured and unstructured data sources, including 

Twitter and YouTube, to predict box office revenues. 

Their system demonstrated that even users without 

domain expertise could effectively utilize the platform 

for accurate predictions. 

In the educational context, Gulati (2015) applied 

predictive modeling using decision trees to identify the 

factors contributing to student dropout rates. Her work 

emphasized the importance of preprocessing; 

particularly feature selection, to enhance the accuracy 

and efficiency of classification models. 

Lin & Kolcz (2012) developed a scalable sentiment 

analysis system using Hadoop to process over a million 

tweets annotated with emoticons. Their model achieved 

accuracy between 77% and 82%, showcasing the 

effectiveness of distributed systems in handling real-

time social media data through Java-Pig integration. 

Bian et al. (2012) explored Twitter as a tool for 

surveillance of adverse drug events. Using a massive 

dataset comprising over 2 billion tweets, they 

implemented a Support Vector Machine (SVM) 

classifier that achieved an AUC of 0.82 and accuracy 

of 0.74, demonstrating the potential of predictive 

analytics for public health applications. 

Liu et al. (2013) proposed a sentiment analysis 

system utilizing the Naive Bayes classifier 

implemented in a Hadoop environment. Their model 

processed movie review data and achieved an accuracy 

of 80.85%, suggesting that even basic probabilistic 

models can perform well in big data contexts. 

Cuesta et al.  (2014) introduced an extensible, open-

source framework for Twitter data analysis using 

MongoDB and Python. Their system supported three-

class sentiment categorization and offered scalability 

for large-scale social media sentiment analysis 

workflows. 

In the financial domain, Skuza & Romanowski 

(2015) leveraged sentiment analysis to forecast stock 

price movements. They employed a Map Reduce-based 

Naive Bayes classifier to process tweets associated 

with specific companies over a three-month period. 

Their findings revealed a significant correlation 

between the sentiments expressed in tweets and 

subsequent stock performance. 

 

Similarly, Tare et al. (2014) developed a tweet 

classification pipeline using a Hadoop-based Map 

Reduce framework integrated with the Twitter4j API. 

Their approach effectively managed large volumes of 

tweet data, showcasing the advantages of distributed 

computing for scalable and efficient social media 

sentiment classification. 

Collectively, these works highlight the 

effectiveness of predictive models and distributed 

systems for extracting actionable insights from Twitter 

data. They provide a strong foundation for developing 

sentiment analysis tools aimed at understanding public 

opinion during socio-economic events such as 

demonetization. Vimal et al. (2021) employed a 

Random Forest algorithm integrated with Artificial 

Intelligence techniques to forecast influenza outbreak 

patterns using data extracted from Twitter. Their 

approach demonstrated the potential of social media 

analytics in early disease detection by effectively 

identifying flu trends based on user-generated content. 

Vimal et al. (2021) proposed an intelligent medical 

prediction framework for glaucoma progression 

detection by leveraging the K-means clustering 

algorithm in combination with the Gray-Level Co-

occurrence Matrix (GLCM) technique. This hybrid 

approach effectively enhances the accuracy of 

glaucoma diagnosis by extracting and analyzing key 

texture features from retinal images, contributing to 

advancements in smart healthcare systems. 

Proposed Work 

SVM Algorithm for Sentiment Analysis 

Data Preparation 

Demonetization tweets are collected and pre-

processed 1. Cleaning and 2. removing stop words. Each 

tweet is represented as a feature vector using TF-IDF). 

Tweets are labelled with sentiment such as positive, 

negative, or neutral. 

Finding the Hyperplane 

SVM aims to find the best hyperplane that separates 

data points of different sentiments with the largest margin. 

The hyperplane is defined by a weight vector (w) and a 

bias (b). The equation of the hyper plane is: 

𝐰 ·  𝐱 +  𝐛 =  0 

where x is the feature vector of a tweet. 
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Maximizing the Margin 

The margin is the distance between the hyperplane and 

the nearest data points called support vectors. The 

objective of SVM is to find the optimal hyperplane that 

provides the largest separation between data classes, 

ensuring better generalization and stability. 

Handling Non-Linearly Separable Data 

SVM handles non-linearly separable data by applying 

a kernel function that maps input features into a higher-

dimensional space for easier classification. These 

schemes determine the optimal cluster head by evaluating 

both distance and energy parameters. The Enhanced 

Immune Genetic Algorithm (EIGA) is employed to 

preserve population diversity, while the Memory-

Enhanced Genetic Algorithm (MEGA) is utilized to retain 

information about previous environmental states (Michal 

& Romanowski, 2015; Wook et al., 2009) Common 

kernels include linear, polynomial, and radial basis 

function (RBF). Early detection or screening of changes 

in retinal images is particularly challenging and time-

consuming for ophthalmologists, as the initial variations 

in size and color closely resemble the surrounding blood 

vessels in the retina (Taboada, 2016). 

It improves the client's utilization of cloud data storage 

in a secure manner, while also improving global data 

storage efficiency through heuristic techniques. The K-

Nearest Neighbors (KNN) algorithm is employed to 

enable efficient query searching within data clusters by 

the client (Tushar & Srivastava, 2012). The server 

provides a distributed public key using RSA to ensure 

security and address memory recycling issues. This 

approach improves the client's secure access to cloud data 

storage and enhances global storage efficiency through 

the implementation of heuristic techniques (Wilson et al, 

2005). 

Classification 

Once the hyperplane is found, new tweets are 

classified based on which side of the hyperplane they fall 

on. 

If 𝐰 ·  𝐱 +  𝐛 >  0, the tweet is classified as positive. 

If 𝐰 ·  𝐱 +  𝐛 <  0, the tweet is classified as negative. 

If 𝐰 ·  𝐱 +  𝐛 =  0 , the tweet is on the hyperplane and 

can be classified as neutral. 

Mathematical Model 

The optimization problem for SVM can be formulated 

as: 

Minimize: 1/2 ||w||^2 

Subject to: yi(w · xi + b) >= 1 for all i 

||w||^2: Represents the squared norm of the weight vector, 

which is minimized to maximize the margin. 

yi: Represents the sentiment label of the i-th tweet (+1 for 

positive, -1 for negative). 

xi: Represents the feature vector of the i-th tweet. 

b: Represents the bias term. 

In data preparation, stop words were removed in 

demonetization tweets data. Fig. 1 shows that neutral 

tweets are 8803, negative tweets are 3834 and positive 

tweets are 3207. 

 

Fig. 1. Demonetization tweets data 

Confusion Matrix of Predicted value 

Table 1 indicates that 118 negative tweets were 

correctly classified, while 15 were misclassified as neutral 

and 7 as positive. Figure 2 presents the confusion matrix 

for the PAD-SVM model. 

 

Fig. 2. Confusion Matrix of PAD-SVM  
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Table 1. Confusion Matrix 

Predicted Negative Neutral Positive 

Negative 80 15 6 

Neutral 9 142 19 

Positive 6 13 111 

Table 2. Confusion Matrix 

Sentiment Precision Recall F1-Score Support 

Negative 0.98 0.97 0.98 1785 

Neutral 0.95 0.93 0.94 1758 

Positive 0.94 0.97 0.95 1739 

Accuracy 0.96 0.96 0.96 5282 

Macro Avg. 0.96 0.96 0.96 5282 

Weighted Avg. 0.96 0.96 0.96 5282 

 

 

Fig. 3. Training vs Validation Accuracy 

 

Fig. 4. Accuracy competitions of Naïve Bayes, PAD-SVM and 

Logistic Regression 

SVM is handling Complexity such as Kernels and 

Margin Maximization: SVM's flexibility with kernels 

(e.g., RBF) allows it to model non-linear relationships 

between words and sentiments, capturing the nuances in 

demonetization tweets. This adaptability addresses the 

challenge of complex sentiment expressions. SVM 

focuses on finding the hyperplane with the largest margin, 

leading to better generalization and robustness. This 

principle helps reduce over fitting, particularly in the 

presence of complex and potentially noisy data. RBF 

kernel is often preferred for text data as it can capture non-

linear relationships between words and sentiments  

SVM handle well High-Dimensional Data. SVM 

incorporates regularization controlled by the C parameter 

to prevent over fitting in high-dimensional spaces. This 

parameter helps balance model complexity and 

generalization performance, ensuring effective handling 

of the large feature space inherent in text data. The 

regularization parameter plays a critical role in controlling 

the balance between margin maximization and 

classification error during model training. It needs to be 

tuned based on the dataset 

Also, it Addressing Class Imbalance by assign 

different weights to classes during training using the class 

weight parameter, addressing the issue of imbalanced 

data. This helps the model give more importance to under-

represented classes like neutral sentiment, potentially 

improving overall accuracy. If class imbalance is 

significant, assigning appropriate weights to classes can 

improve performance 

Consider the following demonetization tweets: 

• Positive: "Demonetization is a bold step towards a 

corruption-free India." 

• Negative: "Demonetization has caused immense 

hardship to common people." 

• Neutral: "I'm waiting to see the long-term effects of 

demonetization." 

SVM with an RBF kernel can capture the complex 

relationships between words and sentiments in these tweets. 

The C parameter can be tuned to balance model complexity 

and generalization, while class weights can address 

potential imbalance between sentiment categories. SVM, 

with its ability to handle complex sentiment expressions, 

high-dimensional data, and class imbalance, is a strong 

candidate for sentiment analysis on demonetization data. By 

carefully tuning parameters like kernel, C, and class 

weights, we can achieve higher accuracy and gain valuable 

insights into public opinion on this crucial policy. 
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Conclusion 

This study analyzed public sentiment regarding India's 

2016 demonetization policy using Twitter data to classify 

posts into three sentiment categories: Positive, Negative, 

and Neutral. Following comprehensive data preprocessing 

and TF-IDF vectorization, multiple machine learning 

classifiers were trained and evaluated. The Support Vector 

Machine (SVM) classifier demonstrated superior 

performance, achieving 96% accuracy, thereby establishing 

itself as the most reliable model for sentiment classification 

in this context. 

Performance evaluation using a confusion matrix 

revealed robust classification capabilities across all 

sentiment categories. The model correctly identified 118 

negative tweets, 142 neutral tweets, and 111 positive tweets, 

with minimal misclassifications. While some confusion 

existed between closely related sentiment categories, 

particularly Neutral and Positive, the heatmap visualization 

provided valuable insights into the model's classification 

patterns and areas for potential refinement. These findings 

demonstrate the effectiveness of SVM-based sentiment 

analysis for understanding public opinion on major 

economic policy interventions and establish a 

methodological framework applicable to similar social 

media analytics studies. 
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