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Abstract: The deadly threat caused by the rapid spread of COVID-19 has been restricted by virtue
of vaccines. However, there is misinformation regarding the certainty and positives outcome of
getting vaccinated; hence, many people are reluctant to opt for it. Therefore, in this paper, we
identified public sentiments and hesitancy toward the COVID-19 vaccines based on Instagram posts
as part of intelligent surveillance. We first retrieved more than 10k publicly available comments and
captions posted under different vaccine hashtags (namely, covaxin, covishield, and sputnik). Next,
we translated the extracted comments into a common language (English), followed by the calculation
of the polarity score of each comment, which helped identify the vaccine sentiments and opinions in
the comments (positive, negative, and neutral) with an accuracy of more than 80%. Moreover, upon
analysing the sentiments, we found that covaxin received 71.4% positive, 18.5% neutral, and 10.1%
negative comments; covishield obtained 64.2% positive, 24.5% neutral, and 11.3% negative post;
and sputnik received 55.8% positive, 15.5% neutral, and 28.7% negative sentiments. Understanding
vaccination perceptions and views through Instagram comments, captions, and posts is helpful
for public health officials seeking to enhance vaccine uptake by promoting positive marketing and
reducing negative marketing. In addition to this, some interesting future directions are also suggested
considering the investigated problem.

Keywords: COVID-19; vaccination; vaccine hesitancy; sentiment analysis; health informatics; data
analytics; intelligent surveillance; infodemics

MSC: 68T01

1. Introduction

COVID-19 began to wreak havoc on all aspects of life in December 2019, and the
World Health Organization (WHO) declared it a pandemic in March 2020 [1]. Following
the spread of COVID-19, the public’s interest in vaccine-related questions and issues grew.
Vaccines have been developed by the research teams of pharmaceutical companies, research
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organisations, universities, and countries around the world [2]. Vaccination is still required
to prevent the spread of this infection [3], but the procedure has encountered difficulties
due to public opposition [4], hesitancy [5], and fear [6]. The WHO vaccination record lists
hesitancy as one of the top ten concerns [7]. Furthermore, the WHO defines it as the “delay
in accepting or refusing vaccinations despite vaccine availability” [8]. Political aspirations,
religious convictions, anti-vaccination propaganda, and the perception of unusual intrigues
are all likely factors affecting vaccine hesitancy, rejection, or refusal [9,10].

Today, people are hesitant to receive vaccines because of false information, misrepre-
sentation, deception plans, the spread of ideas through social media, insufficient and con-
flicting government statements, public disappointment, and the fear of being unaware [11].
Concerns such as “how safe is the vaccine, aftereffects, and impact” play a role in the
occurrence of vaccine hesitancy. Furthermore, false information spreads faster than reliable
and accurate information [12]. As a result of the subsequent spread of false information
and distortion, the end results are unfavorable, including low vaccination rates, rising
treatment costs, and so on [13]. As a result, COVID-19 vaccination has become challenging
due to reluctance, rejection, and delays. Therefore, immediate action is needed [14].

To solve the aforementioned challenges, the following research questions (RQ) are
addressed in this paper:

1. RQ1: Are people hesitant about taking vaccines or not?

2. RQ2: How do people perceive vaccines, especially covaxin, covishield, and sputnik?

Thus, addressing these research questions can influence many government-level
policies, health official planning, and pharmaceutical industries strategies. To this end, we
believe that this article offers potential contributions, which can be summarized as follows:

e  We extracted Instagram posts to identify the public sentiments towards vaccines.
To the best of our knowledge, based on our search, we found no work exclusively
examining Insta posts for vaccine hesitancy during COVID-19.

e  We incorporated the Selenium Python libraries for the purpose of scraping the on-
line posts.

e  Weincorporated the VADER lexicon under NLTK to analyze the polarity scores of each
comment. This gives an over 80% accuracy while identifying sentiment polarization
and thus supporting intelligent systems needed for medical surveillance

o  We obtained very useful and interesting findings regarding users’ perception of vac-
cines. These results can help health officials and government services to boost their
vaccine drives and attract the masses towards vaccination in a better way. Hence, they
could influence the pandemic effects.

e  The proposed research methodology offers a platform for exploring various aspects of
future infodemic-related research.

The rest of the paper is explained as follows. The related work is described in Section 2.
Section 3 contains the details regarding the adopted methodology. In Section 4, the ex-
perimental results are shown, with the necessary discussion. We discuss various aspects
of the adopted methodology and our findings in Section 5. In addition, potential future
extensions of this research are discussed in this section. Finally, the work is concluded
in Section 6.

2. Background

This section highlights the motivation of this research, followed by a review of the
recent studies on related work.

2.1. Motivation

Instagram is a popular social media network that enables quick image and comment
sharing across users’ profiles. It is a widely used and well-liked image-based social media
platform that is quickly gaining popularity. It is also used as a mobile “app” for social
photography. Instagram is a relatively new social media platform that gives users the
chance to share photographs and videos of their experiences with others. Hashtags are
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frequently added to the uploaded images. Since Instagram employs the words “following”
and “follower,” and allows users to leave comments on posted photographs, it operates
very similarly to Twitter. The “@” and “#” symbols are often used by users to reference
other users and to group posts with the same hashtags together in the captions they add
to the images, respectively. Brands can easily reach consumers and convey their unique
perspectives, and businesses can utilize Instagram to market their ideas. Young people use
Instagram to filter their own images and produce aesthetically appealing feeds. Instagram
advertising can be a powerful tool for strengthening brand ties with customers.

Our motivation, in considering Instagram as a primary social network, is the outcome
of the following search query entered in Scopus, wherein we observed 196 responses for
the following query:

(“Sentiment” AND “COVID” AND “Vaccine” AND “Twitter”).

Surprisingly, only six results were observed using the following query:

(“Sentiment” AND “COVID” AND “Vaccine” AND “Instagram”).

This indicates that relatively few researchers have examined Instagram posts and
comments to investigate how people perceive vaccinations. Figure 1 shows a word cloud
that illustrates the outcomes of the first query. It is evident that Twitter- and Facebook-
related works have been adequately reported; however, Instagram-based sentiment analysis
with respect to the COVID vaccine is yet to be properly addressed.
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Figure 1. Word cloud for the Scopus outcomes based on the search of the authors’” keywords related
to research on (“COVID” and “Twitter” and “sentiment” and “vaccine”).

In this regard, Wawrzuta et al. examined the arguments offered by anti-vaxxers in
relation to COVID-19 vaccinations on various social media platforms [15]. Amanatidis et al.
explored sentiments regarding the Pfizer (New York, NY, USA), AstraZeneca (Cambridge,
UK), and Johnson and Johnson (Leiden, Netherlands) vaccines [16]. In this work, we
primarily aim to explore the sentiments of the people of India. However, the three primarily
used vaccinations in India, namely, covaxin, covishield, and sputnik, have not yet received
enough attention in the literature. We thus included these vaccinations in our research and
examined the public sentiment on them.

2.2. Related Work

Researchers have significantly contributed to the exploration of various aspects of
the “COVID-19” pandemic. These studies range from those identifying symptoms of the
diseases [17], sensor-based COVID-19 solutions [18,19], and epidemic analysis [20,21] to
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those suggesting behavioral measures that can be used to handle social situations during
periods affected by deadly infections [22]. Presently, vaccines are playing a vital role in
restricting the spread of the disease. Hence, identifying the public opinion regarding
vaccines is also important [23]. To this end, there are studies that incorporate sentiment
analysis techniques to identify users’ opinions on different aspects of pandemic; however,
very few have explored the impact on vaccines. One study [24], for example, reported a
systematic review on the sentiment analysis of infectious diseases and outbreaks published
in the previous decade. They discovered that COVID-19 is still ambiguous, even though
the cases are increasing rapidly. They concluded that by using sentiment analysis, we can
prevent diseases such as COVID-19 from resurfacing. Another study [25] examined how
people felt during the pandemic and discovered that countries such as India and Australia
reported positive feelings about their awareness programmes, whereas Chinese people
reported negative feelings about their experiences during the pandemic. Many tweets have
been circulated on Twitter with various hashtags and words that reflect the emotions people
experienced during the pandemic. These words include COVID-19-related attributes, such
as masks and quarantines, as well as sympathy and reactions, etc. The researchers used
the NRC Lexicon, which analyzes eight different emotions but excludes sarcasm and irony.
The study’s limitation was that the tweets were only in English.

Chakraborty et al. [26] suggested the value of emotional intelligence for identifying
emotion and sentiments. They claimed that emotional intelligence can help people to
filter tweets, reducing anxiety and depression, which can affect aged persons or sensitive
people. In another study [27], to examine the emotional nature of numerous tweets,
researchers applied the recurrent neural network (RNN) for emotional prediction, searching
for connections between words and categorizing them as indicating positive or negative
emotions. Rather than simple positive and negative extremes, they placed numerous texts
into considerably more specific classes of emotional strength, such as weakly positive and
strongly negative. They used TextBlob and RNN to evaluate a sample of 500 tweets using
the keyword “COVID”. The TextBlob and RNN findings were paired with a keyword-based
special data scraper to teach the RNN model using these specific recently scraped datasets.
As a result, they were assigned an emotional classification for certain topics and properly
segmented using both the models.

A few more studies have been reported that aimed to explore users” perceptions of
vaccines through the sentiment analysis of their social network activity. In one of the related
studies [28], researchers analyzed the sentiments and opinions of people regarding COVID-
19 vaccines from approximately 4.5 million tweets. The Twitter platform can also help
to promote public health, increase vaccination adoption, and reduce vaccine skepticism
and opposition. Furthermore, to encourage and enhance vaccine uptake, public health
organizations could increase positive communications, diminish negative and opposing
messages, and proactively suspend anti-vaccination accounts such as bots. In general,
vaccine opposition and hesitancy were found to be more prevalent than vaccine interest,
but opinions varied by country. Negative tweets were largely about fear, discouragement,
anger, and politics, whereas positive tweets were mostly about hope, support, and faith.

Another study [29] emphasized the value of employing machine learning for big
data opinion mining, as well as the need to continue refining algorithms to overcome
the present obstacles, such as irony and sarcasm recognition. The authors provided a
quick and low-cost analysis of vaccination sentiment polarity in a huge number of tweets
spanning several years. Another study [30] using the Scopus database included a sentiment
analysis as well as a bibliometric analysis of COVID-19 vaccines. Trends in COVID-19- and
sentiment-analysis-related issues published by various institutions across the world were
the focus of the study.

Another study used a web crawling method to investigate COVID-19 vaccine ac-
ceptance in South Korea, using three keywords: “AstraZeneca”, “Vaccine”, and “Pfizer”.
They discovered that 71 percent of the words combined with “AstraZeneca” were clas-
sified as negative, while 56 percent of the words crawled with “Pfizer” were classified
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as negative [31]. A mixture of social media content analysis and social network analysis
revealed the themes of the vaccination discourse on Twitter. Themes of safety, efficacy, and
trust in institutions need to be examined, as tailored outreach initiatives and intervention
tactics are used on Twitter to enhance COVID-19 vaccination uptake [32]. Misinformation
about vaccines on social media could exacerbate vaccine phobia, slowing the progress
toward vaccine-induced herd immunity and potentially increasing the number of infections
connected to novel COVID-19 mutations. For these reasons, understanding vaccination
hesitancy from the perspective of social media is critical. Because data access is the primary
barrier to reaching this goal, the study produced a data collection that may be utilized for
investigating anti-vaccine propaganda on social media and enabling a better understanding
of vaccination reluctance [33].

The contribution of this article, with respect to the related work, is summarized in
Table 1. It is evident that not all the surveys used sentiment analysis for the three vaccines
namely, covaxin, covishield, and sputnik. In addition to this, no reported sentiment analysis
has been performed using non-English posts and comments from social media to identify
the public perception. Therefore, we collected public emotions for all the three vaccines
discussed above, and those languages other than English were also included and translated.

Table 1. Contribution of our work with respect to the related literature.

Authors Model Year Covaxin Covishield Sputnik Translation Reference

Akash Dubey NRC Emotlon 2021 v v » « [34]
etal. Lexicon
Logistic

S. Kumaresh Regression and 2021 v v X X [35]

etal. ..
Naive Bayes
Anuratha et al. NRC Hashtag 2021 v v X X [36]

Sentiment Lexicon

ABSA, TextBlob,

Mudassir et. Al. and VADER 2021 v v X X [37]
LSTM and
Alam et al. Bi-LSTM 2021 v N v X [38]
Our Proposal VADER and BERT 2022 v v v v -

3. The Proposed Methodology

There are numerous vaccines that have been approved and are currently in use around
the world. The covaxin, covishield, and sputnik vaccines, on the other hand, have received
a great deal of attention in India. Our study focuses on these three vaccines and examines
social media interactions to determine the public opinion on each. As demonstrated in
the preceding section, there are numerous approaches and methods for determining the
sentiment of a statement. This section depicts the overall approach of our investigation.
Figure 2 depicts the overall architecture of our study. This analysis is divided into five
sections: (a) the data collection and extraction, (b) Instagram comment scraping, (c) dataset
creation, (d) language translation, and (e) vaccine sentiment analysis. In the first step,
we used the Selenium and ChromeDriver libraries to extract Instagram users’ posts and
captions containing covaxin, covishield, and sputnik hashtags. The Instagramy library in
Python was then used to collect the comments associated with these posts for all three
vaccination hashtags. We were able to create a dataset for each vaccine hashtag, as well
as the captions extracted in the first step. The fourth stage entailed the translation of each
comment and caption into a common language for further analysis using the Googletrans
Python package.
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Figure 2. Block diagram for the sentiment analysis of posts and comments from Instagram.

Finally, we calculated the polarity scores for each comment and caption and identified
vaccine sentiments and opinions of people using VADER through the Natural Language
Toolkit. We then used a sentiment classifier with a pre-trained NLP model, BERT, to
compare these sentiments and obtained an accuracy of >80%.

3.1. Data Source and Extraction

The extraction of data from Instagram was performed using the Selenium (Version 2,
developed by Thoughtworks) and Chromedriver libraries. Selenium is a Python library
and toolset for automating a variety of tasks in internet browsers. Web scraping is one
such method for extracting important data and information. Selenium WebDriver uses
ChromeDriver, which is a standalone server or separate application, to operate Chrome. It is
required to perform Selenium test scripts on the Google Chrome browser [39]. We extracted
the posts with three distinct vaccine-related hashtags, namely, #covaxin, #covishield, and
#sputnik, that were trending in India. We searched all the public posts and captions that
mentioned these hashtags, without language limitations. The search returned a total of 71k,
186k, and 146k posts for #covaxin, #covishield, and #sputnik, respectively. Out of these, 225
posts for each vaccine were captured in five scrolls. The caption and other relevant data
(publication date, username, post and profile URL, number of comments, likes, view count,
and timestamp) were stored for each post.

3.2. Scraping for Instagram Comments

The comments on each of the captured posts with covaxin, covishield, and sputnik
hashtags were scraped with the help of the Instagramy Python package. Instagramy is a
Python package that scrapes Instagram without requiring any additional dependencies [40].
This tool can scrape a user’s recent post data, such as likes, comments, captions, hashtags,
and other post-related information. We can also use this library to retrieve a user’s biog-
raphy and determine whether the profile is verified. After scraping the posts from the
previous stage, this tool captured the comments, which amounted to 1k for covaxin, 5k for
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covishield, and 3k comments for the sputnik hashtags. For each hashtag, these comments,
together with the captions, were forwarded to create a dataset (see Figure 3).

query error timestamg profileUrl comment likeCount replyCounusername commentl commentl ownerld profilePict isReply
https://www.instagra 2021-07-2 https://wv Chechi i hope you are feeling good post vaccination 0 0 amrutha_j 2021-07-0 1.82E+16 1.74E+10 https://scc FALSE
https://www.instagra 2021-07-2 https://wv For the past few months the covid-19 outbreak has 0 0 ubaidahsal 2021-07-0 1.81E+16 7.8E+09 https://scc FALSE
https://www.instagra 2021-07-2 https://wv | wanted a Sputnik vaccine, but | got an Astra Zenec: 3 0 i_am.berni2021-06-2 1.79E+16 3.91E+09 https://scc FALSE
https://www.instagra 2021-07-2 https://wv Thanks alots sir for this information 0 0 cider5391 2021-07-1 1.79E+16 2.72E+10 https://scc FALSE
https://www.instagra 2021-07-2 https://wv Actually in Feb CovishieldAstrazenica vaccines 2 lacl 0 0 chadaramj2021-07-1 1.79E+16 4.5E+10 https://scc FALSE

Figure 3. An excerpt from the “comments” dataset.

3.3. Dataset Creation

A comprehensive dataset was created, comprising the above 10k comments and
675 captions. Comments and captions in languages other than English were also included
in the dataset. Following the creation of the dataset, a cleaning procedure was run on all
the comments and captions to generate a more coherent version of the text retrieved. The
cleaning procedure involved eliminating non-representable characters such as hashtags
(#), user mentions (@), URLs, and email addresses. In addition, we replaced two or more
spaces with a single space. The dataset was saved in the CSV format for further analysis
(see Figures 4-6).

postUrl  profileUrl username fullName comment(likeCount pubDate description imgUrl  postld  ownerld type query timestamp videoUrl  viewCount
https://wv https://wv sharma.ka Jaya Sharn 27 318 2021-07-0 an2an'an?a¥t dose https://scc 2.61E+18 2.25E+09 Photo #covaxin  2021-07-19719:40:18.4367
https://wv https://wv shivneepk: SHIVNEEP 25 1087 2021-06-3 Indiad€™s Covaxin https://scc 2.61E+18 4.46E+10 Photo #covaxin  2021-07-19T19:40:18.4367
https://wv https://wv paulosilva; Desenhos 2 219 2021-07-1 @desenhosdonand https://scc 2.62E+18 4.15E+10 Photo #covaxin  2021-07-19719:40:18.436Z
https://wv https://wvamu nevdY..°8Y.. % 0 469 2021-07-1 and #Covaxin have https://scc 2.62E+18 6.12E+09 Photo #covaxin  2021-07-19719:40:18.436Z

Figure 4. The #covaxin post metadata with additional details such as the URL, likeCount, viewCount,

and others.
postUrl  profileUrl username fullName comment(likeCount pubDate description postld ownerld type query timestamg imgUrl videoUrl viewCount
https://wv https://wv mehabook Mehabook 310 83871 2021-07-0 Finally 2.61E+18 3.13E+09 Photo #covishielc 2021-07-21T07:00:05.250Z
https://wv https://wv patasu_ba Nesan Bal: 11 1 2021-07-2 #covishield 1st 2.62E+18 6.12E+09 Photo #covishiel 2021-07-2 https://scontent-yyz1-1.cdninstag
https://wv https://wv therjgeet R Geet 8 15 193 2021-07-2 2nd dose done 2.62E+18  1.5E+09 Photo #covishiel 2021-07-2 https://scontent-yyz1-1.cdninstag
https://wv https://wv floatingstr Floatingstr 2 338 2021-07-0FULLY VAC 2.61E+18 3.58E+10 Photo #covishiel 2021-07-2 https://scontent-yyz1l-1.cdninstag

Figure 5. The #covishield post metadata with additional details such as the URL, likeCount, view-
Count, and others.

‘pcstUrI profileUrl username fullName comment(likeCount pubDate descriptiorimgUrl postid ownerld type query timestamp videoUrl  viewCount
‘ht‘tps://wv https://wv yashtuteja Yash Tutej 2 332 2021-06-3 Vaxed is  https://scc 2.61E+18 1.93E+09 Photo #sputnik  2021-07-19T19:07:31.516Z
‘hrrps:,’/wv https://wv spacetechi Space Tecl 15 1885 2021-06-2 Sputnik  https://scc  2.6E+18 1.13E+10 Photo #sputnik  2021-07-19T19:07:31.516Z
‘https:f/wv https://wv i_am_sput |_am_5Sput 16 139 2021-07-0 | never we https://scc 2.61E+18 1.91E+08 Photo #sputnik  2021-07-19T19:07:31.5167
‘https://wv https://wv shaxayusu 8Y"ZSHAKH 5 1 2021-07-1 Vaksinatsi https://scc 2.62E+18 6.33E+09 Video #sputnik  2021-07-1 https://scc 4

Figure 6. The #sputnik post metadata with additional details such as the URL, likeCount, viewCount,
and others.

3.4. Language Translation

The sentiment analysis was used to study a variety of vaccinations, including covaxin,
covishield, and sputnik. However, we discovered that there is a requirement to translate
non-English social media messages. To deal with this issue, we used the Googletrans
library to translate those posts to include a wider range of perspectives in the analysis (see
Figure 7). Since the dataset included texts in a variety of languages from across the globe, it
was necessary to translate each text into a common language before proceeding with the
analysis. With all the comments and captions cleaned, the entire dataset was translated
into the English language using the Googletrans Python library. Googletrans is a Python
package that implements the Google Translate API and is available for free and unlimited
use. It makes calls to operations such as detect and translate using the Google Translate
Ajax API. More than 4000 comments and captions were reported to be in a language other
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than English; however, they were all translated into English before being subjected to
further data analysis.

import pandas as pd
from googletrans import Translator

df = pd.read csvir"path")
tranzl = df.loc[:, "comment']
tranglations = {}
translater = Translator()
for i in range (len{transl)):
# Unique elementz of the column
print (translater.translate (transl[i],dest="en").text)

Figure 7. Code snippet for the comments’ translation into English language [41].

3.5. Sentiment Analysis for Identifying Vaccine Hesitancy

This section describes the sentiment analysis performed on the dataset generated
after the data translation phase. This analysis was carried out using the Jupyter Notebook
(Version 4.4.0, developed by Fernando Pérez, Brian Granger), a server-client application
that allows users to edit and execute notebook documents using a web browser, making it
ideal for prototyping and sharing notebooks with visualizations. Several Python libraries
were used in the investigation, including Pandas, NumPy, and Scikit-Learn. The sentiment
analysis was carried out with the help of the Natural Language Toolkit (NLTK) using the
Valence Aware Dictionary and sEntiment Reasoner (VADER). NLTK is a Python toolkit
used for working with natural language processing (NLP) that is available with several
text-processing libraries [42]. VADER, on the other hand, is a sentiment analysis tool which
is widely used for exploring social network platforms to analyze users’ sentiments. VADER
is a powerful tool which indicates the degree of positivity or negativity of the sentiments,
in addition to scoring these orientation [43].

We imported NLTK and implemented the VADER lexicon to analyze the polarity
scores of each comment and caption included in the dataset. The comments were classified
as positive, negative, or neutral, and their compound polarity scores, which represented the
degree of positivity or negativity of a comment, were determined using VADER'’s Sentiment
Intensity Analyzer. Based on their compound polarity scores, the comments, along with the
captions, were labeled as positive or negative. To validate our findings, we subjected our
dataset to a pre-trained NLP model called BERT. The dataset was split based on the Pareto
principle for training and testing purposes. Then, this fine-tuned model made predictions
for each comment and caption by labeling them as positive or negative. Using Scikit-Learn,
a classification report was then generated for the labeled and computed polarity scores.
The performance metrics, such as the precision, recall, and F-1 score, were calculated as
shown in Table 2. A confusion matrix was then created, and the accuracy for each vaccine
hashtag was determined.

Table 2. Experimental findings of sentiment polarization for different hashtags after analysis.

C:rﬁl;;resl;sts #Covaxin #Covishield #Sputnik iol?;lr; :iI;t
Positive 1369 3210 2190 Positive
Neutral 354 1225 608 Neutral
Negative 195 565 1126 Negative

Total 1918 5000 3925 Total
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4. Experimental Results

The goal of this research was to identify and confirm people’s scepticism about re-
ceiving COVID-19 vaccines. To accurately assess this apprehension about vaccinations,
the results were compared to the predictions of a pre-trained NLP model. The initial step
involved obtaining vaccine-related posts, which numbered 71,661 for covaxin, 186,811 for
covishield, and 146,647 for sputnik. Following that, 675 posts were collected from five
scrolls, along with their captions for further processing. This process was followed by
the scraping of the comments on the posts that included these three vaccination hashtags.
The search resulted in 1918, 5000, and 3925 comments for the covaxin, covishield, and
sputnik hashtags, respectively. A dataset with text in multiple languages was prepared
from an overall collection of 10,843 comments and 675 captions. A total of 4353 (40% of
total) comments in languages other than English were identified (refer to Figure 8). This
complete dataset was then translated into a common language, i.e., English, for the further
analysis of the study.

Other Languages
40%

English
60%

M English  ® Other Languages

Figure 8. Distributions of Instagram comments from the perspective of English and non-English
languages.

4.1. Findings

The polarity scores of each comment and caption, which were now in one language,
English, were computed using NLTK’s VADER lexicon. The dataset for each hashtag was
imported into Jupyter Notebook using Python’s Pandas library, and the comments and
captions were grouped as positive, negative, or neutral using VADER's Sentiment Intensity
Analyzer. For comments under the covaxin hashtag, 1369 of them were categorized as
positive, 354 as neutral, and 195 conveyed negative sentiments. Similarly, for covishield,
3210 comments were classified as positive, 1225 as neutral, and 565 as negative. Finally,
for sputnik, the results indicated 2190 positive comments, 608 neutral, and 1126 negative
comments, as shown in Table 2. The captions, on the other hand, contrasted with the
comments in that most of them were characterized as having a negative tone. Among the
675 captured captions, 463 of them were identified as negative, 99 of them were of neutral
tone, and 115 captions were labelled as positive ones.

Figure 9 depicts the sentiment polarity distribution among the covaxin, covishield,
and sputnik hashtags. For a better understanding of the analysis, the above data are
represented as percentages. Out of these three different vaccine hashtags, it can be found
that the comments in covaxin-related posts garnered 71.4% positive sentiments. Likewise,
positive responses to the covishield and sputnik-related posts were determined to be 64.2%
and 55.8%, respectively. However, of the three vaccinations, #sputnik received the most
negative feedback, with 28.7% of the comments indicating vaccine hesitancy. Negative
comments were also received for the #covaxin and #covishield, with 10.1 percent and
11.3 percent of the comments proving to be negative, respectively.
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Figure 9. Sentiment polarity distributions for #covaxin, #covishield, and #sputnik vaccines (%age).

4.2. Performance Evaluation

The compound polarity score calculated with the help of the “Sentiment Intensity
Analyzer” was then used to categorize the comments as positive or negative. To corroborate
this result, we fed our dataset to BERT, a pre-trained NLP model for predicting sentiments.
The whole dataset, which included 10,843 comments and 675 captions, was split 80:20. That
is, 80% of the dataset was used as the training set, whereas 20% of the dataset was used as
the testing set. The loaded BERT model was then configured and fine-tuned before making
predictions of our dataset. Using Scikit-Learn, a classification report was generated for the
compound polarity scores and the predicted ones.

The confusion matrix had four potential outcomes when analyzing the findings men-
tioned above. True positive (Tp) is the quantity of anomalous cases that were correctly
identified. True negative (Tn) refers to the proportion of correctly identified normal cases.
False positives (F p) are a group of typical events that are mistakenly classified as abnormal
situations. False negative (Fn) refers to a group of abnormal instances that were mis-
takenly thought to be normal cases. The effectiveness of each deep learning classifier is
assessed overall using its sensitivity, specificity, accuracy, precision, and other evaluation
metrics [44,45].

Precision—the percentage of labels that were correctly predicted positively is repre-
sented by the model precision score. Another name for precision is the positive predictive
value. False positives and false negatives are traded off using the precision together with
the recall.

Tp
Tp+Fp

Recall—the model’s accuracy in predicting positives as distinguished from actual
positives is measured by the model recall score. This differs from the precision, which
counts how many of the total number of positive predictions produced by the models are
truly positive. Another name for recall is sensitivity, or the true positive rate. The model’s
ability to recognize positive instances is demonstrated by a high recall score.

Precision =

Recall = TP _
Tp+Fn
F-1 Score—the model score as a function of the recall and accuracy is represented by
the model F-1 score. As an alternative to accuracy measurements, the F-score is a machine
learning model performance statistic that equally weights the precision and recall when
assessing how accurate the model is.

2 X recision X Recall
Precision + Recall

F — 1 Score =
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Accuracy—the model accuracy is mathematically defined as the ratio of Tp and Tn
to all the positive and negative observations, representing one of the most widely used
performance metrics for machine learning classification models. In other words, the
accuracy indicates the number of times our machine learning model predicted a result
accurately out of all the predictions it made.

Tp+Tn

100
Tp+Tn+Fp+Fn

Accuracy =

Table 3 depicts different evaluation metrics, such as the precision, recall, F-1-score,
and accuracy, for #covaxin, #covishield, and #sputnik. The highest precision, 0.846, was
obtained for #covaxin, while the lowest, 0.645, was reported for #sputnik. On the other
hand, #covishield was moderately precise, having scored 0.741. The statistics computed
for the evaluation metrics of the recall and F-1 Score displayed comparable trends. For
the recall, the values inferred were 0.785, 0.239, and 0.208 for #covaxin, #covishield, and
#sputnik, respectively. Similarly, covaxin’s F-1 score was 0.815, covishield’s was 0.362,
and sputnik’s was 0.315. A confusion matrix was created, and an accuracy score for each
hashtag was determined. It was observed that the highest accuracy of 84.61% was achieved
for #covaxin, while #covishield and #sputnik attained an accuracy of 74.12% and 64.54%,
respectively, as shown in Figure 10.

Table 3. Precision, recall, F-1 score, and accuracy of the proposed sentiment analysis method for the

respective vaccines.

Vaccines Precision Recall F-1 Score Accuracy (%)

#covaxin 0.846 0.785 0.815 84.60
#covishield 0.741 0.239 0.362 74.12

#sputnik 0.645 0.208 0.315 64.54

90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%

0.00%

#covaxin
#covishield

#sputnik

Accuracy

Vaccines

Figure 10. Comparison of the accuracy percentages for #covaxin, #covishield, and #sputnik.

5. Discussion and Research Recommendations

This study included a sentiment and opinion analysis of over 10,000 comments and
captions on the COVID-19 vaccines. In our case, we considered the social network platform
Instagram, which has been shown to be influential in promoting public health and, as
a result, can be useful in increasing the public acceptance of vaccines by minimising
public criticism. This can aid in the avoidance of vaccine apprehension. Furthermore,
policymakers and government officials must exploit social networking sites, particularly
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Instagram, and take appropriate actions, such as blocking fake accounts, to increase vaccine
uptake. Furthermore, these steps could be critical in promoting positive vaccine perceptions
and may result in a successful vaccine drive. We discovered that organizations usually
publish photographs of individuals, and consumers frequently discuss the introduction of
vaccinations and indulge in sharing opinions about their effectiveness.

Figure 11 depicts the results of our analysis, which revealed disparities in the sentiment
patterns across the comment and caption data. The comment section revealed 62.42%
positive, 20.16% neutral, and 17.39% negative sentiments, whereas the caption section
revealed 68.50% negative, 14.80% neutral, and 16.70% positive sentiments. According to
the study, there were several posts circulating hoaxes about vaccines, as evidenced by the
opinions expressed in their captions. After manually inspecting the posts, we discovered a
significant number of posts promoting tales of strange reactions to vaccinations, such as
magnetism [46]. On the contrary, the comments on these posts expressed positive opinions
about vaccinations and challenged the claims made in most of the posts.

H Comments

70.00%
i Captions
60.00%
50.00%
=)
2 40.00%
A
Q
£ 30.00%
=9
20.00%
10.00% l
0.00%
positive neutral negative
Polarity

Figure 11. Comparison of the sentiments of the comments and captions in %age.

As they were the most common vaccinations in India, we compared three distinct
vaccines: covaxin, developed by Bharat Biotech, covishield, manufactured by the Serum
Institute of India (SII), and sputnik V produced by Russia’s Gamaleya Research Institute of
Epidemiology and Microbiology. As a result, it was critical to comprehend people’s per-
spectives and apprehensions about vaccinations in India. This investigation was necessary,
since most of the misleading propaganda originates from social media, and many people
fall prey to it. The current study also concluded that a good percentage of people had
favorable opinions about covaxin but had negative views about the sputnik vaccination.
Covishield elicited a mixed response, with some pushing for the vaccination and others
expressing doubts and fear.

In addition to the above findings, we conducted a literature review, and to our knowl-
edge, this is one of the few studies that examines sentiment polarity with respect to
vaccination in over 10,000 comments and captions, and the only one to do so by accounting
for non-English comments and captions. The extracted information in languages other
than English has been filtered out in past studies, and this has been cited as one of the
study’s limitations [47]. Future expansions of this research might include the directions
discussed below.

5.1. Considering Irony and Sarcasm in the Study

The detection of sarcasm and irony remains difficult for both manual and machine
classification approaches. Some preliminary research suggests that sarcasm alone can
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contribute to a decline of up to 50% in the sentiment detection accuracy when used auto-
matically [48]. Carvalho et al. focused on identifying a collection of surface patterns that
may be used to detect sarcastic phrases in a Portuguese online newspaper, with the essential
aspects being the usage of punctuation marks and emoticons [49]. Wallace et al. aimed to
investigate the identification of irony using contextual data, integrating noun phrases and
sentiments retrieved from comments. They advocated the use of information about the
conversational threads in which the comments are included. Their strategy is predicated
on the assumption that members of various user communities are prone to being sarcastic
about specific topics. The researchers used a Reddit comment dataset [50]. Karoui et al.
recently published a method for distinguishing between ironic and non-ironic tweets in
French, proposing a two-stage paradigm. In the first half, they approached irony detection
as a binary classification problem. The system then tried to correct the misclassified cases
by asking Google to validate the tweets using negation. The authors employed an SVM as
a classifier and obtained an F measure of 0.87 [51].

5.2. Including Results from Additional Social Media Sites

Other social networking sites, such as Facebook and Twitter, should also be viewed for
a broader perspective. Additionally, more recent posts relating to other vaccine companies
such as Moderna (Cambridge, MA, USA), Pfizer (New York, NY, USA), Sinovac (Beijing,
China), and others should be included in the dataset to obtain more accurate findings. Zhu
et al. combed through a collection of tweets categorized by phrases that may reflect how
people feel about COVID vaccinations. Two alternative rating scales were utilized in this
study and ranking a tweet in this way might enable the distinction between an opinion
being lost and an opinion being featured on the site, which influences people’s decisions and
behavior [52]. The authors of another study examined a popular Facebook post regarding
children’s immunization and used the Linguistic Inquiry and Word Count (LIWC) tool
to analyze the language used by users in a comments section. Pro-vaccination, anti-
vaccination, and irrelevant (control) comments were compared in terms of the percentage
of words used across a range of subjects [53]. Alhujaili et al. explored sentiment analysis
techniques and methodologies that can be applied to YouTube content. They also discussed
and classified these procedures, which are valuable for data mining and sentiment analysis
research [54].

5.3. Incorporating Further Details into the Dataset

The accompanying pictures, emoticons, and URLs that were filtered could be added
to the study, as the sentences were labelled for polarity without considering the context.
For instance, Gonzalez et al. tested their hypothesis on two datasets: self-tagged tweets
and manually annotated tweets. They classified a group of self-tagged tweets with the
#sarcasm or #sarcastic hashtag as sarcastic instances, and some positive and negative
tweets (retrieved using hashtags such as #happy, #joy, and #lucky, as well as #sadness,
#angry, and #frustrated, respectively) as non-sarcastic cases [55]. In another research, the
authors considered how emoji characters are used on social media and how they affect text
mining and sentiment analysis. They discovered that using emoji characters in sentiment
analysis produces higher sentiment scores and appears to have a greater influence on the
total sentiments of positive opinions rather than negative ones [56]. If such additional
information were to be provided in the dataset, the sentiment analysis findings would be
more reliable and effective.

To address the limitations described above, we recommend the method in which a
Sarcasm Detector [57] is combined with an Emoji Sentiment Ranking [58] approach to
obtain better and more exact outcomes. Figure 12 depicts the recommended technique,
which analyses more social networking sites and additional inputs, such as emojis and
sarcastic phrases.
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Figure 12. Research recommendation for sentiment identification by investigating emojis and
sarcastic posts.

6. Conclusions

The vaccines have played a vital role in combatting COVID-19. This paper aimed
to identify public perceptions regarding vaccines in general and covaxin, covishield, and
sputnik in particular. How users perceive the act of getting vaccinated was explored
through their Instagram posts. The presented work helps identify users’ opinions on,
and perceptions of, vaccines, which could eventually boost the efforts of health workers
and policy makers to drive their vaccine campaigns effectively, especially in the countries
where the studied vaccines are in use, such as India. In addition, it also fosters a better
understanding of how people react to vaccine drives. Another significant contribution of
this work is the high accuracy of the language translation of comments on the Instagram
posts, which can serve as a benchmark for social network-based sentiment analysis research.

In future work, it would be interesting to investigate and compare how other vaccines
have been received by users, not only in India but also in other regions. Furthermore, it
is critical to investigate how the demographic data of the users is distributed. Finally, to
include more users in our study, we will seek data from various social media platforms,
such as Facebook, Twitter, and Instagram.

To gain a better understanding of the users’ perceptions, some research recommenda-
tions were suggested in Section 5. We posit that the present work will act as a platform for
exploring various dimensions of the field of sentiment analysis and identifying its effects,
being especially helpful for healthcare workers, policy makers, and researchers seeking to
provide an adequate response to COVID-19, smart health, and medical surveillance.
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