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Abstract

Objective: To make an extensive analysis of sentiment within the discourse
surrounding COVID-19 vaccines on Twitter, employing Natural Language Pro-
cessing (NLP) methodologies. Method: The research methodology encom-
passes data collection via the Twitter API, followed by sentiment analysis facil-
itated by the TextBlob library. Pre-processing stages are integrated to cleanse
and standardize the Twitter data. Subsequently, sentiment analysis categorizes
tweets into positive, negative, and neutral sentiments based on polarity scores.
Findings: The findings, grounded in a dataset spanning from March 1, 2022,
to April 30, 2022, comprising 61,934 tweets, unveil that 45.0% of tweets con-
veyed positive sentiment, 17.3% exhibited negativity, and 37.7% maintained
neutrality. Moreover, an exploration of tweet subjectivity revealed that 70.1%
of the content expressed subjectivity, while 29.9% conveyed objectivity. The
research is augmented with visual representations, including word clouds and
subjectivity-polarity graphs, that offer a more intuitive understanding of sen-
timent trends. Novelty: This study contributes to the expanding landscape of
sentiment analysis and its application within the context of public health crises,
empowering stakeholders with valuable knowledge to enhance vaccine accep-
tance and effectiveness. The tool used “Tweet Downloader” in data collection
makes this study different from other reviewed studies.

Keywords: COVID-19 vaccine; Twitter sentiment analysis; Public perception;
Natural Language Processing (NLP); Social media data

1 Introduction

The COVID-19 pandemic, stemming from the emergence of severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2), has had a global impact, necessitating
widespread public health interventions. Among these interventions, the development
and deployment of COVID-19 vaccines have been pivotal in the fight against the virus.
Concurrently, social media platforms, such as Twitter, have become significant channels
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for disseminating information and gauging public sentiment regarding these vaccines.

Twitter, a microblogging site with over 300 million users, is increasingly being utilized to broadcast public health information
and collect real-time health data using crowd-sensing techniques V.

In 2020, Xue et al. reviewed Twitter data on how people feel and talk about COVID-19. To analyze tweets relating to the
coronavirus, they employed machine-learning techniques. The maximum number of conspicuous important topics is 11, which
are then divided into ten subtexts. Their Sentiment analysis findings show that uncertainty about the coronavirus tops all issues.
They also looked at the importance and flaws of the study®.

Yin et al. developed a novel approach to analyze the sentiment and subject matter of 13 million tweets related to COVID-
19 in 2020. Their findings align with previous studies, indicating that there were slightly more positive tweets than negative
ones during the two-week study period. Additionally, the study delved into the most popular topics discussed daily during the
pandemic and identified the most common issues that people were concerned about during the research period .

Several studies based on collective sentiment were conducted throughout the COVID-19 period, and Twitter has emerged
as a favorite tool for gathering research data®>).

An NLP tool called the valence-aware dictionary for sentiment reasoning was utilized by Alam et al. in 2021 to retrieve
people’s attitudes toward specific vaccines. By classifying the received attitudes into three groups (positive, negative, and neutral),
they were able to show the full scenario ©.

Only a few research have examined global public sentiment over COVID-19 vaccine-related tweets. For instance, Dubey
examined the emotions expressed in tweets about the COVID-19 vaccine that were only sent from India between January 14,
2021, and January 18, 20217,

Rahul et al. (2021) conducted a study on the sentiment analysis and topic modeling of tweets about the COVID-19 vaccine
from November 1 to December 16, 2020. They collected 980,557 tweets and used VADER and TextBlob to analyze the sentiment
of 572,958 of them. TextBlob found that 48.3% of the tweets were positive, 36.1% were neutral, and 15.6% were negative, while
VADER found that 47.3% of the tweets were positive, 28.6% were neutral, and 24.1% were negative ®.

The Naive Bayes algorithm, based on Bayesian probability, is used by Ritonga et al. in 2021. 6000 tweets from Indonesia using
the phrase "vaccine COVID-19” in the algorithm showed 56% negative, 39% positive, and 1% neutral answers. Only two weeks
of Indonesian tweets from January 2021 are included in this study project ).

In 2021, Samira et al. created an analytical model based on Twitter content. They assess prevailing opinions and attitudes
toward COVID-19 vaccines. They have identified the sentiments and opinions about vaccination in retweets following a breakup
and have examined their development over time, geography, key themes, hashtags, post analytics tools, and account features. For
this analysis, such tweets are gathered from Twitter utilizing a Twitter Application Programming Interface (API) authentication
token 1),

According to a study conducted by Shamrat et al. in 2021, the general public’s views on the Pfizer, Moderna, and AstraZeneca
vaccines developed to fight COVID-19 were analyzed using NLP to preprocess unprocessed tweets, and KNN classification
algorithms to classify the processed data. The study found that people have a more positive outlook towards Pfizer and Moderna
vaccines than AstraZeneca vaccines, with rates of 47.29 and 46.16, respectively ),

In 2022, Das and Kolya suggested a revolutionary method for achieving deep neural network accuracy in sentiment analysis
of tweets about the coronavirus and future case rise predicting. From tweets about the coronavirus, they create a sizable Twitter
collection. Also, they separated the data into training and test sets. They performed both predictive analytics and polarity
categorization at the same time, and their prediction for the future increase in coronavirus cases was backed by statistical
evidence. 1V

Marcec and Likic (2022), introduce drive analysis with sentiment analysis based on Twitter. They have used social networking
sites like Twitter, which may prove to be a successful method of expressing sentiments and opinions concerning the SARS-COV-
2 vaccine that may be seen practically quickly 2.

The goal of vaccination is to teach the immune system to remember the traits of the targeted viral pathogens and to be able
to quickly and effectively mount an immunological response to counteract viral pathogen withdrawal in the future !

The provided literature reviews various studies that leverage Twitter data to analyze public sentiment and opinions related to
COVID-19 and vaccination. The studies use diverse methodologies, including machine learning algorithms, sentiment analysis,
and topic modeling While these studies collectively contribute to understanding public sentiment on Twitter regarding COVID-
19 and vaccination, there are notable variations in their methodologies, geographic focus, timeframes, and specific aspects of
analysis (e.g., sentiment, topics). The gap lies in the need for more standardized approaches, longer-term observations, and a
global perspective to provide a comprehensive understanding of evolving public opinions over time and across different regions.
Additionally, variations in sentiment analysis tools and algorithms contribute to differences in reported sentiment percentages
across studies, emphasizing the importance of methodological consistency for meaningful comparisons. Future research could
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focus on addressing these gaps to enhance the robustness and generalizability of findings in this dynamic and evolving field.

2 Methodology

In this paper, Twitter tweets regarding the COVID-19 vaccine were analyzed to show the positivity or negativity of sentiments
using NLP. Twitter is regarded as a fantastic data mine because, unlike some other social media, every user’s tweets are often
public and extensive. This is a significant benefit when trying to gather a lot of data for sentiment analysis. The data was extracted
from Tweet Downloader which is another tool of Twitter API, it required a secret access token to download the tweets. The
study, based on a dataset spanning from March 1, 2022, to April 30, 2022, and consisting of 61,934 tweets, discloses that 45.0%
of the tweets conveyed a positive sentiment, 17.3% displayed negativity, and 37.7% remained neutral. Additionally, an analysis
of tweet subjectivity indicated that 70.1% of the content exhibited subjectivity, while 29.9% conveyed objectivity. The research is
enhanced with visual aids such as word clouds and subjectivity-polarity graphs, providing a more intuitive grasp of sentiment
trends. The gathered information was saved in CSV file format and analyzed using TextBlob, a sentiment analysis tool !4).
Once the data was available, sentiment analysis was carried out by invoking the TextBlob library. A well-liked Python text data
processing package is called TextBlob (!4). The TextBlob library employs natural language processing and sophisticated machine
learning techniques to examine each word in the documents within the corpus, identifying the overall sentiments expressed as
positive, negative, or neutral. Operating on the bag-of-words model, TextBlob relies on a predefined dictionary that categorizes
words as negative or positive. It assesses each word in the document, assigning individual scores, and the document’s final
sentiment score is determined through a pooling operation, which involves averaging all the individual sentiment scores !*). It
provides a straightforward API for exploring common NLP tasks including speaking part extraction, noun sentence extraction,
feelings extraction, categorization and interpretation, and more. Figure 1 shows the various steps used to analyze the sentiments
of the COVID-19 vaccine dataset.

Creation of Twitter
developer Account

b

Twitter API

PaIEDNUBLIMTT 1ok

Authentication of
Developer Account

pB eS| LBy

Data Collection

b

Data Preprocessing

b

Polarity Classification

¥
Sentiment Analysis of
Covid19 Tweets

Fig 1. Flow chart for COVID-19 vaccine sentiment analysis
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2.1 Data collection

The implementation is done on text data extracted from Twitter specifically the ones that are related to covid-19 vaccine. To
download tweets “Tweet Downloader”, is a Twitter API tool used, which downloads potentially large batches of tweets into CSV
or JSON files. Figure 2 shows the data extraction method from Twitter.

Developer Tweet Key
Account Downloader Authentication

Start Mention Time
Downloading Period

Fig 2. Twitter data extraction

2.2 Pre-processing dataset

Text mining must start with pre-processing. It could be used to remove undesired words from messages like punctuation,
emails, phone numbers, and links. NLP approaches provide valuable services for that. These methods are used to move text
from its native format to another reduced structure and minimize the size of textual data 1), Figure 3 shows various steps used
in pre-processing:

Text Lower Case J
Remove Punctuation }

l

Tokenization

:

Remove Stopwords

:

Lammetization J

| S—

Fig 3. Data pre-processing techniques

2.2.1 Text Lower Case

This step involves converting all the text to lowercase. This is done to ensure consistency and to avoid treating the same
word differently based on its capitalization. For example, "Hello” and "hello” would be considered the same word after this
transformation.
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2.2.2 Remove Punctuation
In this step, all punctuation marks (such as commas, periods, exclamation marks, etc.) are removed from the text. Punctuation
is often irrelevant for many NLP tasks, and removing it simplifies the analysis.

2.2.3 Tokenization

Tokenization is the process of breaking down a text into smaller units called tokens. Tokens are usually words or subwords.
This step is essential for further analysis because it helps to convert the raw text into a format that can be easily processed by
machine learning models (17,

2.2.4 Remove Stopwords

Stopwords are common words (e.g., "and,” "the,” ”is”) that are often removed from text during preprocessing. These words don't
carry much meaning on their own and are frequently used, so excluding them can help focus on more meaningful content and
reduce the dimensionality of the data.

2.2.5 Lammetization

Lemmatization involves reducing words to their base or root form, known as a lemma. This is done to ensure that different
inflected forms of a word are treated as the same word. For example, “running” and “ran” would be lemmatized to “run.” This
step is more advanced than stemming, which involves removing prefixes or suffixes to obtain the root form ®,

2.3 Polarity classification

The TextBlob library is used to calculate the polarity and subjectivity of the tweets. Using polarity scores, the tweets were
classified as positive, negative, or neutral. A polarity score of -1 to 0 was classified as negative, a polarity score of 0 was classified
as neutral, and a polarity score of 0 to 1 was classified as positive sentiment. The subjectivity ranges from [0.0, 1.0], where 0.0 is
very objective and 1.0 is very subjective.

3 Sentiment Analysis Results

The tweets were collected from March 1, 2022, to April 30, 2022, from Twitter. The total number of gathered tweets was 61934,
using TextBlob tweets categorized into three types that are positive sentiments, negative sentiments, and neutral sentiments.
The result shows that the polarity of positive, negative, and neutral sentiments are 45.0%, 17.3%, and 37.7% respectively and the
subjectivity of most subjective and objective sentiments are 70.1% and 29.9% respectively. Figure 4 shows the (a) value count of
the polarity of the tweet in the bar graph and (b) distribution of COVID-19 vaccine sentiments (positive, negative, and neutral)
percentage in a pie chart.
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Fig 4. (a) Value count of Tweet Polarity, (b) Polarity distribution of Covid-19 vaccine sentiments

Figure 5 shows the (a) value count of tweet subjectivity and (b) distribution of COVID-19 vaccine sentiments (subjective
and objective) percentage in a pie chart.
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Value Count of Tweet Subjectivity Distribution of Covid-19 Vaccine Sentiments
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Fig 5. (a) Value count of Tweet Subjectivity, (b) Subjectivity distribution of Covid 19 vaccine sentiments

A word cloud is a visual representation of text data that displays the most frequently occurring words in a dataset. It is a
popular way to visualize text-based data such as tweets. Figure 6 shows the python word cloud graphs of (a) overall tweets, (b)
neutral tweets, (c) positive tweets, (d) and negative tweets.
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Fig 6. (a) All tweets, (b) Neutral tweets, (c) Positive tweets, (d) Negative tweets

The polarity and subjectivity graph of COVID-19 vaccine sentiments displays data points representing the sentiment of
individual pieces of text on a two-dimensional plane. The X-axis represents polarity, with positive, negative, and neutral polarity.
The Y-axis represents subjectivity, with high subjectivity at the top and low subjectivity at the bottom. The graph can provide
insight into how people feel about the vaccine, how strongly they feel about it, and identify areas of concern. It shows a cluster
of data points in the bottom-right quadrant indicating positive opinions without personal bias, a smaller cluster in the top-right
quadrant indicating positive opinions with personal bias, a cluster in the top-left quadrant indicating negative opinions with
personal bias, and a small cluster in the bottom-left quadrant indicating negative opinions without personal bias. Figure 7 shows
the subjectivity and polarity graph of tweet sentiments.
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4 Conclusion

Twitter, with its extensive user base, emerged as a vital platform for monitoring public sentiment and discourse regarding
COVID-19 vaccines. Leveraging Natural Language Processing (NLP) techniques and data gathered from March 1, 2022, to
April 30, 2022, this study meticulously analyzed 61,934 tweets containing the keyword "covid vaccine”

The findings revealed a nuanced landscape of public sentiment. Notably, 45.0% of tweets conveyed positive sentiments,
showcasing optimism and support for COVID-19 vaccines. Conversely, 17.3% of tweets exhibited negative sentiments,
reflecting concerns and skepticism. A substantial portion, 37.7%, maintained a neutral stance, reflecting a diverse range
of opinions. Additionally, subjectivity analysis unveiled that 70.1% of tweets expressed subjective viewpoints, while 29.9%
remained objective.

In future endeavors, this study will conduct a comparison of its results with findings from prior research by employing
machine learning and deep learning algorithms. While recognizing the limitations of a confined geographic focus, short-
term analysis, and methodological variations, the research uncovered valuable insights. Looking ahead, there are promising
paths to enhance our comprehension of public sentiment on COVID-19 vaccines. Global expansion, longitudinal analyses, and
advanced analytics can deepen understanding. Qualitative insights and community engagement strategies enrich the narrative
for impactful health communication. Real-time monitoring, cross-platform analyses, and ethical considerations are vital for
robust and reliable research practices. These avenues beckon a future of nuanced insights, contributing to a comprehensive
understanding of evolving sentiments in the realm of public health on social media platforms.
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