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Abstract
People are becoming more reliant on social media networks to express their opinions about various topics and obtain health informa-
tion. The study is intended to explore and analyse the sentiments of Indian people related to Covid-19 vaccines as well as to visualise
the top most frequently occurring terms individuals have used to communicate their ideas on Twitter about Covid-19 vaccines in
India. The Tweet Archiver was used to retrieve the Tweets against ‘Covid19vaccine’ and ‘Coronavirusvaccine’ hashtags for the period
of 2 months 18 days (4 January 2021–22 March 2021). After collecting data, the Orange software and VOSviewer were used for fur-
ther analysis. The Tweets were posted across the country, with an immense contribution from Maharashtra (223, 15.58%), followed
by Delhi (220, 15.37%) and Tamil Nadu (73, 5.10%). The majority (639, 44.65%) of the Tweets reflect positive sentiments, followed by
neutral (521, 38.50%) and negative (241, 16.84%) sentiments, respectively. This signifies that most Twitter users have a favourable opin-
ion towards Covid vaccines in India. Based on the relevance score of the words, the words ‘Delhi heart’, ‘Lung institute’, ‘Gift’,
‘Unite2fightcorona’, and ‘Covid-19 Vaccine’ are the leading words appearing in Tweets. The study illustrates the sentiments of the
Indian people towards ‘Covid-19 vaccines’, gains some insights into overall public communication about the topic and complements
the existing literature. It can assist health policymakers and administrators in better understanding the polarity (positive, negative, and
neutral) of Tweets about Covid-19 vaccines on Twitter to raise public awareness about health concerns and misinformation about the
vaccine.
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1. Introduction

Coronaviruses are opportunistic infections that affect people with weak immune systems. It was first identified in the

1960s [1]. Coronaviruses are enveloped, non-segmented positive-sense RNA virus belonging to the order Nidovirales,

family Coronaviridae and the subfamily Coronavirinae [1–3]. It is widely distributed among humans, other mammals

and birds and causes respiratory, enteric, hepatic and neurological diseases [4,5]. Six coronavirus species are known to

afflict humans [6]. The 2019 coronavirus disease (Covid-19), a contagious disease that poses a serious threat to the global

population, was discussed worldwide [7–10]. Its outbreak began with a cluster of pneumonia cases in Wuhan, China,

caused by a novel betacoronavirus, the 2019 novel coronavirus (2019-nCoV) [11]. The patients with pneumonia of

unknown cause were reported that were epidemiologically connected to the seafood and wet animal wholesale market in

the Central Chinese province of Hubei in December 2019 [12–14]. Since then, it has spread to several other global loca-

tions. On 12 January 2020, the World Health Organization (WHO) temporarily termed the new virus ‘2019 novel corona-

virus’ (2019-nCoV) and then, on 12 February 2020, officially named this infectious disease ‘coronavirus disease 2019’

(Covid-19). After analysing and reviewing the situation, WHO, on 11 March 2020, announced the Covid-19 outburst as a

pandemic [15]. Later on, the 2019-nCoV name was changed to ‘Severe Acute Respiratory Syndrome Coronavirus-2
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(SARS-CoV-2) by the International Committee on Taxonomy of Viruses’ [16]. The Covid-19 pandemic has dramatically

affected and influenced the masses across the globe [17]. The health care initiatives have been planned at a global level.

Therefore, it will not be wrong to say that Covid-19 has had an unparalleled impact on global society [17,18].

‘The global rollout of Covid-19 vaccines sparked feelings of relief and newfound optimism for so many. The discus-

sion of vaccination progress, accessibility, efficacy, and side effects was ongoing, permeating news stories and Twitter

spheres every day’ [19]. Social media has evolved into an essential platform for individuals, companies and governments

worldwide to interact and express themselves on different topics [20]. The Covid-19 pandemic has prompted an increase

in the use of social media to address a variety of pandemic-related issues, including vaccinations [21]. Twitter has been

chosen as the primary source due to its prominence as a platform for health-related discussion and information [15,22,23]

and for being a popular social media platform for academics and scientists to investigate various perspectives on human

views [24] and is well-known as a backchannel activity platform [25]. ‘Twitter, currently the leading microblogging

social network, has attracted a great body of research works’ [26] and has become a popular subject of research that has

been widely investigated in the literary world in various disciplines ranging from the Social Sciences to the Health

Sciences [27]. It has become a supportive online media and has evolved into a cross-border information transporter,

allowing stakeholders and administrators to respond quickly to a crisis [28]. It has become an essential data source for

spotting various outbreaks and understanding of public attitudes and behaviour during emergencies [29,30].

Sentiment Analysis, also known as Opinion Mining, is a computer study of people’s views, attitudes and emotions that

may be used to display public impressions of any entity. During the pandemic, people used Twitter to express their opi-

nions about Covid-19 and its vaccines [31]. So, the Twitter data were utilised in this study to investigate the opinions of

Indian people about Covid-19 vaccines. While it is not necessary that Twitter can represent the general public’s opinion,

it can represent the many forms of news that people are exposed to and serve as a key source of discussion regarding the

Covid-19 vaccines [22,32].

2. Review of literature

Infectious disease outbreaks and other health problems were widely discussed and shared on social media [33,34].

Sentiment analysis of social media data is emerging as an important research field and is in use at different spheres,

namely, e-sports [35,36], sports [37–41] healthcare [42–44] and even geopolitical conflicts and crises [45–50]. Since the

Covid-19 outbreak, a number of studies throughout the world have utilised Twitter data to assess the public opinion

[21,28,51–57], main discussion themes [58–61] and misinformation [62–64] about the Covid-19 vaccine. Marcec and

Likic [51] analysed sentiments regarding various Covid-19 vaccines employing AFINN lexicon strategy to find out the

opinion of masses regarding various vaccines that were developed over a period of time for Covid-19 and concluded that

people showed positive sentiments towards Pfizer and Moderna vaccines while negative sentiments developed for

AstraZeneca/Oxford vaccine over time. Shamrat et al. [31] examined the public perception of Covid-19 vaccines devel-

oped by Pfizer, Moderna and AstraZeneca by utilising NLP and supervised KNN algorithms. They revealed that people

are more optimistic about Pfizer and Moderna vaccines than AstraZeneca vaccines. Trisnawati et al. [65] investigated the

usage of the Sinovac vaccine among Indonesian people using the Naive Bayes approach. They discovered that, in gen-

eral, the view of the masses about the vaccination was primarily neutral and positive rather than having a negative atti-

tude about the Sinovac vaccine. Aryal and Bhattarai [66] investigated the attitudes of individuals on Twitter regarding

Covid-19 vaccination. They found that majority of people, especially from Nepal, India and Singapore, showed the most

positive sentiments towards Covid-19 vaccination than the people from other Asian countries. Dubey [67] examined the

opinion of people in India about Oxford-AstraZeneca’s Covishield and Bharat Biotech’s Covaxin vaccines that were

developed as a protective measure against Covid-19. He revealed that people showed more positive sentiments and trust

for Covishield than Covaxin. Alselwi and Kaynak [68] carried out a sentiment analysis of Twitter data on Covid-19 vac-

cines using Natural Language Processing. They found that many people exhibited neutral sentiments while a meagre

number of people had negative opinions than positive ones. Ansari and Khan [54] analysed people’s opinions on Covid-

19 vaccines around the globe. They found that most countries had positive sentiments towards vaccination drives while a

few countries had both positive and negative opinions regarding Covid-19 vaccines. They also found that the attitude of

males towards the different vaccines was more positive than that of females. Hussain et al. [69] studied the attitudes of

Tweets posted by users of the United States and United Kingdom regarding Covid-19 vaccines, mainly focusing on utilis-

ing the amalgamation of Natural Language Processing with Machine learning approach, and inferred that people of the

United Kingdom had greater positive sentiments about the vaccines than the masses in the United States. Hu et al. [56]

also investigated the opinion of Twitter users of the United States on Covid-19 vaccines and concluded that throughout

the time, people largely had positive sentiments, from most of the states, about the vaccines developed for Covid-19 and

that negative sentiments among individuals could be seen decreasing at the same time. Mahanti et al. [70] while doing a
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comparative sentiment analysis of the Tweets among five countries – India, Canada, Australia, the United States, and the

United Kingdom, discovered that Canada was the only country that had unfavourable opinions about Covid-19 vaccina-

tions over the study period. In contrast, other countries showed positive sentiments, particularly India and Australia,

towards vaccination. Kwok et al. [71] also analysed the sentiments of Australians about Covid-19 vaccines. They discov-

ered that most people have negative opinions about vaccines. The study attributed that such people may not know the

severity of the life-threatening disease, that is, Covid-19, so they were more inclined to support and spread negative emo-

tions for Covid-19 vaccines. Gulati [72] investigated vaccine tourism on Twitter. He noted that the maximum of the

Tweets carried positive sentiments, and the least had negative opinions regarding vaccine tourism, suggesting overall

positive sentiments on Twitter. Reviewing the earlier studies on the Covid-19 vaccinations revealed that no specific study

had focused on the views of individual Indian states regarding the Covid-19 vaccines. Therefore, the present study is

indispensable.

3. Objectives

The objectives of this study are to

1. analyse sentiments expressed by Indian people about Covid-19 vaccines and

2. visualise the representation of text appearing in Tweets.

4. Methodology

The approach used to complete the study is divided into five phases.

4.1. Phase I: hashtag selection for tweet delimitation

The two random hashtags ‘#Covid19Vaccine’ and ‘#CoronaVirusVaccine’ were used as search keywords to download

Tweets.

4.2. Phase II: harvesting of Tweets

The ‘Tweet Archiver’ was used to retrieve the Tweets against selected hashtags. Tweet Archiver is an add-on used to

save Tweets centred on popular hashtags, brand mentions, geo-tagged Tweets, keywords, and more. It polls Twitter

every hour and extracts all matched Tweets into a Google Spreadsheet using basic searches, Boolean search, or sophisti-

cated Twitter search operators to generate more complicated queries. The app is running in the background and auto-

downloading the Tweets matching the query.

The search query employed in Tweet Archiver to retrieve the Tweets is

These hashtags: Covid19Vaccine, CoronaVirusVaccine.

Written in: English (The study included the Tweets that were posted in English language only)

The search query was created on 4 January 2021 and closed after 2 months 18 days (i.e. 22 March 2021). A total of

11,815 Tweets with accompanying metadata were retrieved for the selected period.

4.3. Phase III: data selection

A total of 11,815 Tweets were harvested based on the selected hashtags. The first step was to trace the exact location of

the Tweet user in order to categorise the data according to the country. While categorising the data as per the location of

the Twitter users, the majority of the users simply mentioned only the names of the cities and some specific area names.

The names of the cities were individually searched on the Internet to locate their respective nations and were then

labelled accordingly. Moreover, some Twitter users had mentioned their locations like Mars, above the sky, and

Unknown and lacked information about the specific countries, and these Tweets were grouped under the Unknown cate-

gory. After the whole data set was grouped according to their respective countries, the data pertaining to India were only

selected for further analysis. There were 2700 Tweets related to India, and after thoroughly analysing these 2700

Tweets, 1269 duplicate retweets were found, which were excluded from the study, resulting in 1431 Tweets included for

further analysis.
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4.4. Phase IV: sentiment analysis of Tweets

To visualise the sentiments of the Tweets, the data set was migrated into the Orange Data mining Software. The corpus

was pre-processed using the standard data pre-processing techniques, such as Transformation, Tokenization and Filtering

using the Orange software. The ‘Valence Aware Dictionary for sEntiment Reasoning’ (VADER) was used to determine

the sentiments of Tweets. Each word in the lexicon is automatically classified as positive, neutral or negative using this

tool. The VADER is ‘a rule-based model for general sentiment analysis. VADER is constructed using existing well-

established sentiment lexicons using lexical features commonly used to express sentiment in social media and is cur-

rently considered as a gold standard in social media lexicons’ [73]. VADER calculates the sentiments of each Tweet and

returns a compound sentiment score ranging from − 1 to 1. Based on the classification thresholds established by the

developers of the library,

Positive sentiment was categorized using a sentiment score of greater than or equal to 0.05; sentiment scores between -0.05 and

0.05 were categorized as neutral, and the negative sentiment was represented using a sentiment score of less than or equal to 0.05.

A few previous studies [28,73,74] were found to be instrumental in this arena.

4.5. Phase V: word frequency

VOSviewer (a tool for creating and visualising bibliometric networks based on citation, bibliographic coupling, co-cita-

tion, or co-authorship connections) [75] version 1.6.17 (can be downloaded from: https://www.vosviewer.com) was used

to illustrate the word frequency from the data set. VOSviewer has text mining capabilities for generating keyword co-

occurrence networks from English-language textual data [76]. The Tweet data set was exported to VOSviewer, which

extracted a total of 4689 terms, of which 127 terms were selected by using a threshold value of 10 minimum numbers of

occurrences of a term. The relevance score was determined and 60% (i.e. 76) of the most relevant phrases were selected

for analysis. The relevance score and occurrence of terms were recorded and a visualisation graph of the keywords was

generated accordingly. Earlier studies have also used VOSviewer to analyse the Twitter data [77,78]. To learn how to

utilise the tool step by step, novice researchers can consult [79].

5. Results

5.1. Geographical distribution of Tweets and sentiments of Tweets

Table 1, supplemented by Figures 1, 2, and 3, shows the geographical distribution of Tweets and their sentiment polar-

ity. Figures 1, 2 and 3 represent the two shades, red and green. The red indicates the lowest number of Tweets while

green shows the highest number of Tweets. The brighter the shade of green, the more productive the particular State is.

During analysis, it is observed that the large number of Twitter users have not mentioned their exact state location; they

have generally mentioned their location as India, Bharat, or Hindustan and the states which have posted less than 30

Tweets were kept in the ‘others’ category. The Tweets were posted across the country, with a large contribution from

Maharashtra (223, 15.58%), followed by Delhi (220, 15.37%) and Tamil Nadu (73, 5.10%). However, the Uttar

Pradesh, Karnataka and Telangana have posted more than 50 Tweets each while Gujarat, Jammu and Kashmir, Odisha

and Punjab have posted in a range of 30–45 Tweets. The states that posted less than 30 Tweets about the vaccine consti-

tute Rajasthan, West Bengal, Arunachal Pradesh, Bihar, Jharkhand, Madhya Pradesh, Assam, Haryana, Kerala,

Chhattisgarh, Tripura, Himachal Pradesh, Nagaland, Bhutan, Meghalaya, Goa, Nepal, Pondicherry, Uttrakhand,

Manipur and Andaman and Nicobar.

The detected Sentiments further supplement the findings by categorising Tweets into positive, negative, and neutral.

It is apparent from Table 1 that the majority (639, 44.65%) of the Tweets reflect positive sentiments, followed by neutral

sentiments (551, 38.50%), while the least proportion (241, 16.84%) of Tweets showcase a negative opinion about the

vaccines. This signifies that most Twitter users have a positive outlook towards the Covid vaccines in India. The repre-

sentative Tweets of positive, negative and neutral sentiments are provided in Table 2.

6. Word frequency of frequently appearing terms in Tweets based on their relevance
score

Table 3 lists the 76 most frequently occurring terms used by Indians to express their opinions about the Covid-19 vacci-

nation. The words ‘Delhi heart’, ‘Lung institute’, ‘Gift’, ‘Unite2fightcorona’, and ‘Covid19 Vaccine’ are the leading
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words with the highest relevance score ranging between 2.91 and 1.82. The terms with higher relevance scores represent

specific topics covered by the test data, while the terms with lower relevance scores are general and not representative of

any specific topic [71,80]. However, based on the occurrence of terms, the terms ‘Year’, ‘April’, ‘Covidshield’, ‘Week’,

and ‘age’ have occurred more than 50 times, but their relevance score is less, which ranges between ‘0.43 and 0.65’. A

graphic depiction of terms appearing in Tweets is displayed in Figure 4. The bigger the keyword, the greater its occur-

rence counts in the Tweets is.

Table 1. Top 10 tweeting states and their sentiments.

Rank State Tweet count % age (n = 1431) Sentiments

Positive %age Negative %age Neutral %age

1 Maharashtra 223 15.58 101 45.29 38 17.04 84 37.66
2 Delhi 220 15.37 87 39.54 40 18.18 93 42.27
3 Tamil Nadu 73 5.10 29 39.72 6 8.21 38 52.05
4 Uttar Pradesh 64 4.47 31 48.43 9 14.06 24 37.5
5 Karnataka 54 3.77 30 55.55 5 9.25 19 35.18
6 Telangana 50 3.49 20 40 7 14 23 46
7 Gujarat 45 3.14 26 57.77 5 11.11 14 31.11
8 Jammu & Kashmir 37 2.58 14 37.83 9 24.32 14 37.83
9 Odisha 36 2.51 9 25 4 11.11 23 63.88
10 Punjab 32 2.23 18 56.25 2 6.25 12 37.5

Othersa 597 41.71 274 45.89 116 19.43 207 34.67
1431 100 639 44.65 241 16.84 551 38.50

aThe Tweets related to those users who have not mentioned the exact state location; they have generally mentioned their location as India, Bharat

and Hindustan so authors were not able to categorise them as per state or Tweets related to those states which have posted less than 30 Tweets.

Table 2. Representative Tweets of positive negative and neutral sentiments.

Positive Tweets Negative Tweets Neutral Tweets

1. ‘some of the college staff
members got first dose of covid-
19 vaccine covishield i appeal to
all to take the vaccine together let
us make india covid-19 free and
defeat thisvirus. surat
covid19vaccine indiafightscorona
largestvaccinedrive covid19’

1. ‘canada suspended the use of
the oxford astrazeneca
coronavirusvaccine for people
under age 55 following
concerns it might be linked to
rare blood clots’

1. ‘... The Rise of NaMo and New
India’ charts India?s 7 year
history of Modi rule. It
examines critically the
achievements of his
government. It would also give
readers new insights into
political conundrum.
NamoAndNewIndia #Modiji’

2. ‘today i received my first dose of
the covid19vaccine i encourage
everyone to book an appointment
as soon as it’s your turn’

2. ‘the virus is still rampaging
around most of the planet and
uneven vaccine distribution
poses a major public risk as
variants emerge coronavirus
covid19 coronavirusvaccine’

2. ‘the virus is still rampaging
around most of the planet and
uneven vaccine distribution
poses a major public risk as
variants emerge coronavirus
covid19 coronavirusvaccine’

3. ‘drive away the fear of
coronavirus with the covid19
vaccination and enjoy the
colourful spirit of holi be
responsible, stay safe
vaccinewaliholi holi holi2021
covid19vaccine watergun colours
kojakselinge coronavirus
hmdfightscorona topicalpost’

3. ‘. refuses to take bjp’s covid-
19 vaccine 178 detainees in up
prison get inoculated
covid19vaccine azamkhan
uttarpradesh trhnews
therealityhunt
therealityhuntnews
therealityhuntlive
therealityhuntlivenews’

3. ‘...what concentration of
antibodies may be needed to
provide such protection
covid19 covid19 covid19 covid
covid19 corona
coronaviruspandemic
covidvaccine covid19vaccine
covidvaccination
covid19vaccination 2/2’
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Figure 1. Positive sentiment Tweets.
The figure depicts the vivid picture of states and their sentiments. The template for geographical heat map was downloaded from
https://indzara.com and loaded with own data set.

Figure 2. Negative sentiment Tweets.
The figure depicts the vivid picture of states and their sentiments. The template for geographical heat map was downloaded from
https://indzara.com and loaded with own data set.
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7. Cluster analysis of frequently appearing terms in Tweets

Based on the VOSviewer analysis, the terms were grouped into eight clusters, of which the first three clusters consisted

of more than 10 items each as depicted in Table 3 and Figure 4. Cluster 1 (red cluster), located in the lower-left area in

the visualisation graph, consists of terms related to the covidshield vaccine and the coronavirus update. The top five

terms based on their total link strength (TLS) are Covidshield, Coronavirus update, life, work and Covid19vaccine date

in this cluster. Cluster 2 (green cluster), located in the upper right area, covers terms related to coronavirus, the Indian

Covid seva platform and the appointment for the Covid vaccination dose. The top five prominent terms in this cluster

based on their TLS are corona coronavirus, Covid indiaseva, Covidvaccination, appointment and second dose. Cluster 3

(sky blue cluster), positioned in the left middle corner, comprised the terms related to Covid Tests, new cases, and lock-

down. Based on the TLS of words, the top five terms are Year, Covid-19 India, date, lockdown, total tests and new cases.

Cluster 4 (yellow cluster), found in the middle area of the visualisation graph, is related to the terms that report the

Covid deaths in different states of India. The top five terms in this cluster based on TLS are Maharashtra, Punjab, report,

death and vaccine dose. Cluster 5 (violet cluster), located in the bottom corner of the visualisation graph, is related to the

terms related to the AstraZeneca vaccine trials and their efficiency. The top words in this cluster are AstraZeneca, effi-

cacy, trial and study. Cluster 6 (blue cluster), located in the lower right area in the visualisation, is related to the terms

discussing the gap/interval between the vaccine doses for protection. The top five terms based on TLS are Week, inter-

val, centre, gap and protection. Cluster 7 (orange cluster), placed in the top left corner, is associated with terms that

address citizens’ age and comorbidity. This cluster’s leading terms based on TLS are April, age, citizen and comorbidity.

Cluster 8 (brown cluster) is placed in the right-centre corner region and contains terms related to the inoculation of

Covid vaccination doses at the Delhi Heart and Lung Institute. The group comprises the terms second dose, lung insti-

tute, Delhi heart and Delhi.

Figure 3. Neutral sentiment Tweets.
The figure depicts the vivid picture of states and their sentiments. The template for geographical heat map was downloaded from
https://indzara.com and loaded with own data set.
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8. Discussion and findings

People are increasingly utilising the Internet and social media platforms for seeking health-related information and keep-

ing track of public sentiments on controversial issues like vaccination [81]. This study focuses on the sentiments and fre-

quent keyword expressions of Indian Tweets related to the ‘Covid-19 vaccines’ discourse on Twitter. The Twitter data

were utilised because user ideas linked with certain events and features describing events according to user perception

may be discovered using Twitter data [26]. The ‘Twitter platform used in the present study can be a valuable tool for

public health promotion to reinforce vaccine acceptance and decrease vaccine hesitancy and opposition’[21]. It is

observed from the study that the Tweets posted across the country with the highest contribution were found to be from

Maharashtra (223, 15.58%), followed by Delhi (220, 15.37%) and Tamil Nadu (73, 5.10%), respectively. The highest

contribution from Maharashtra can be attributed to a larger population of the state with many Twitter users, as

Maharashtra is the second largest populated state in India. The sentiment analysis of the Tweets highlights the consider-

able difference in the prevalence of positive, negative and neutral sentiments. The result shows that most of the Tweets

have positive opinions about Covid-19 vaccines while the least showcase negative sentiments. The findings of the cur-

rent study align with the earlier studies [19,28,46,55,57,61,66,70] signifying that positive sentiments about Covid-19

vaccines are dominant on Twitter. The results indicate that most Twitter users are hopeful and positive about Covid-19

vaccines in India. However, negative sentiments have also remained in the least proportion of people, increasing con-

cerns about getting the Covid-19 vaccination. The negativity about the Covid-19 vaccine can be eliminated from peo-

ple’s minds by spreading awareness about the benefits of vaccination [28] and the influence of disinformation about

vaccination can be mitigated by identifying people’s general opinions [21]. Based on the relevance score, it is observed

that the word ‘Delhi heart’, ‘Lung institute’, ‘Gift’, ‘Unite2fightcorona’ and ‘Covid19 Vaccine’ are the leading words

people have used to share their thoughts about Covid-19 vaccines in India. In early 2021, the devastating second wave

of the Covid-19 epidemic struck havoc in Delhi, claiming many lives and taxing hospitals and physicians beyond their

Table 3. Displaying the clusterwise top frequently appearing keywords in Tweets with their links and total link strength.

Cluster No. of terms Links of
whole cluster

Total link strength
of whole cluster

Terms

1 21 250 545 Astrazenecacovid19vaccine, Bhutan,
China, Corona, Coronavirusupdate,
Covid19 Vaccine,
Covid19vaccineDose, Covishield,
Doctor, Gift, Holi, Home, Indian,
Life, Mask, Pune, Read, Russia,
Took, Turn, Work

2 12 218 659 1st Dose, 2nd Dose, Appointment,
Book, Co morbidity, Contact,
Corona Coronavirus, Covid
Indiaseva,Covid19vaccination
Centre, Rt Covid Indiaseva,
Vaccination Centre

3 10 167 773 Covid19india, Covidvaccine
Covid19vaccine, Crore, Date,
Israel, Lockdown, New Cases, Total
Cases, Vaccinationdrive, Year

4 9 145 332 Crcovid19vaccine, Death, Hour,
Karnataka, Maharashtra, Punjab,
Report, Unite2fightcorona, Vaccine
Dose

5 8 90 212 Astrazeneca, Company, Efficacy,
Lakh Dose, Rt Indiatoday, Serum
Institute, Study, Trial,

6 7 129 499 Center, Covishield Vaccine, Gap,
Interval, Odisha, Protection, Week

7 5 89 383 Age, April, Citizen, Co Morbidity,
Everybody

8 4 47 187 Delhi, Delhi Heart, Lung Institute,
Second Dose
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capacity [82]. Many people died in India due to the spreading of infection in the lungs. So it is a natural phenomenon

that the affected people will prefer to go for treatment at specialty institutes/hospitals. So, some people have expressed

that they had been inoculated with vaccination at Delhi Heart & Lung Institute, which might be the possible reason why

the words ‘Delhi heart’ and ‘Lung institute’ often appear in Tweets, for example, ‘... Watch Now ! Union Health

Minister Dr Harsh Vardhan gets inoculated with 2nd dose of #COVID19Vaccine at Delhi Heart & Lung Institute

@PMOIndia @MoHFW_INDIA #LargestVaccineDrive’. The popularity of the term ‘gift’ can be ascribed to the fact

that India, as one of the world’s top vaccine makers, provided the Covid-19 vaccine as a gift to many nations throughout

the globe, and the same is reflected by Twitter users in their Tweets, for example, ‘... Top UN officials, including the

UN peacekeeping chief, have expressed gratitude to India for its gift of 2,00,000 #COVID19Vaccine doses for peace-

keepers, saying the donation will enable the Blue Helmets to continue their life-saving work in a safe manner’.

However, the phrase ‘unite2fightcorona’ gained popularity as a result of most Twitter users using it as a hashtag to share

their thoughts on the vaccination and to rally others to fight the epidemic, for example, ‘Let us join the fight to make

India & world #COVID19 free Together we can &amp; together we will! #Unite2FightCorona #IndiaFightsCorona

#VaccinationDrive’. The prominence of the term ‘covid 19 vaccination’ can be attributed to the fact that the whole dis-

course is focused on it and data were also obtained using the same hashtag.

9. Conclusion

This study highlights the common people’s sentiments towards the Covid-19 vaccines in India. The study shows that

Twitter has evolved into a vital source of information and can be utilised in real-time situations to manage various crises

by properly analysing the data. By identifying the sentiments, public reactions about the Covid-19 vaccine can be deter-

mined, which will aid in developing programmes for providing authoritative health information and improving commu-

nication to foster understanding and confidence [83]. However, it is disconcerting that the negative sentiment towards

vaccines rests with some people in India. So, public healthcare agencies need to focus on social media data to promote

positive messaging and decrease negative views [84]. The Twitter data utilised in this study could be an effective strat-

egy for public health awareness. The study suggests that, on days when a serious incident or crisis happens, government

administrators and policymakers should pay attention to and monitor the dialogues on Twitter to establish appropriate

Figure 4. Visualisation graph of most frequently used terms in Tweets.
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strategies to support public communication to minimise the damage/outbreak, since effective crisis management and

communication can help reduce damages, uncertainty and contribute to a quick recovery [85].

10. Practical implications

The study outcomes will be used to understand the opinions of Indian people about the Covid-19 vaccine, which may

help public health authorities understand the polarity (positive, negative, and neutral) Tweets about Covid-19 vaccines

on Twitter. The research might be helpful for health policymakers and administrators to enhance public awareness about

health concerns and misinformation about Covid-19 vaccine. The study can also assist the healthcare sector in accentuat-

ing positive messages and reducing negative ones to enhance vaccination uptake. The study provides useful insights into

how online studies related to social media data can be structured for information extraction and analysis in order to gain

fascinating insights into the Covid-19 vaccinations and other scenarios.

11. Limitation and future research

The study cannot be generalised to the larger population because everybody is not using Twitter. Other social media plat-

forms can also be used for a comprehensive understanding of the viewpoints expressed by people on various social media

platforms. The limited number of Tweets with a specific hashtag were considered for the study and it is obvious that the

Tweets that were posted under the other hashtags were not entertained in the study. Because of the manual examination

of the Tweets, the research only included a small number of Tweets for analysis. It would be fascinating to examine the

large-scale data in light of other popular hashtags associated with the Covid-19 vaccines, which may provide different

valuable findings in future research. The study only looks at Tweets from a single nation. Future research should include

Tweets from other nations for comparative sentiment analysis. Furthermore, the study looks at Tweets written in the

English language only. It could be interesting to incorporate Tweets in other languages in future study to emphasise the

diverse opinions of the people. Tweet Archiver was used to store Tweets focusing on prominent hashtags; the add-on has

some limitations. Researchers can utilise the Twitter application programme interface (API) to retrieve data in the future.
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