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Objective: To identify themes and temporal trends in the sentiment of COVID-19 vaccine-related tweets
and to explore variations in sentiment at world national and United States state levels.
Methods: We collected English-language tweets related to COVID-19 vaccines posted between November
1, 2020, and January 31, 2021. We applied the Valence Aware Dictionary and sEntiment Reasoner tool to
calculate the compound score to determine whether the sentiment mentioned in each tweet was positive
(compound � 0.05), neutral (-0.05 < compound < 0.05), or negative (compound � -0.05). We applied the
latent Dirichlet allocation analysis to extract main topics for tweets with positive and negative sentiment.
Then we performed a temporal analysis to identify time trends and a geographic analysis to explore sen-
timent differences in tweets posted in different locations.
Results: Out of a total of 2,678,372 COVID-19 vaccine-related tweets, tweets with positive, neutral, and
negative sentiments were 42.8%, 26.9%, and 30.3%, respectively. We identified five themes for positive
sentiment tweets (trial results, administration, life, information, and efficacy) and five themes for nega-
tive sentiment tweets (trial results, conspiracy, trust, effectiveness, and administration). On November 9,
2020, the sentiment score increased significantly (score = 0.234, p = 0.001), then slowly decreased to a
neutral sentiment in late December and was maintained until the end of January. At the country level,
tweets posted in Brazil had the lowest sentiment score of �0.002, while tweets posted in the United
Arab Emirates had the highest sentiment score of 0.162. The overall average sentiment score for the
United States was 0.089, with Washington, DC having the highest sentiment score of 0.144 and
Wyoming having the lowest sentiment score of 0.036.
Conclusions: Public sentiment on COVID-19 vaccines varied significantly over time and geography.
Sentiment analysis can provide timely insights into public sentiment toward the COVID-19 vaccine
and guide public health policymakers in designing locally tailored vaccine education programs.

� 2021 Elsevier Ltd. All rights reserved.
1. Introduction

Twitter has become an important platform for gathering public
opinion and is widely used in public health research [1]. It provides
real-time public discussions, attitudes, and reflections of the vari-
eties of opinions in different locations [2–6]. Twitter has over
166 million daily users with a median monthly posting volume
of two [7–8]. According to the results of a survey of Twitter users
in the United States, Twitter users tend to be younger and more
educated compared to the general public [8]. However, there are
no significant differences in gender, race, and ethnicity between
Twitter users and the general U.S. population [8].
The outbreak of COVID-19 has become one of the most urgent
issues in public health recently [9] In the past few months, with
the successful development of the COVID-19 vaccine, many coun-
tries have started vaccination rollout [10–12]. At this point, the
focus of research should also shift to the rapid and effective rollout
of the vaccine [13]. Public sentiment toward the COVID-19 vaccine
affects whether vaccination can be administered to large popula-
tions and thus successfully achieve herd immunity.[14] Exploring
whether public sentiment varies over time and geography will help
public health policymakers make timely adjustments to vaccine
education programs based on the local population’s sentiment. In
addition, topics identified in tweets with negative sentiments
about COVID-19 vaccines can play an important role in guiding
education and communication.

Previous studies have successfully used tweets to analyze pub-
lic sentiment towards other vaccines besides COVID-19 vaccines.
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Raghupathi et al. analyzed public sentiment towards vaccination
through a frequency-inverse document frequency technique and
found that most people expressed concern about newly developed
vaccines/diseases [15]. Du et al. developed deep learning models
for HPV vaccine-related tweets and found that sentiment changed
in early 2017 and varied significantly across states in the U.S. [16].
Martin et al. analyzed maternal vaccination posts from different
countries and successfully identified the main topics with a global
concern (vaccination promotion, participation of pregnant women
in research, and institutional trust and transparency) [17]. Cur-
rently, few studies have analyzed public sentiment specifically
for COVID-19 vaccine-related tweets on a worldwide scale. For
example, Dubey analyzed sentiments in COVID-19 vaccine-
related tweets that posted only in India and from January 14,
2021, to January 18, 2021 [18]. Liu et al. collected a small dataset
using the COM-B model to explain behavioral intention towards
COVID-19 vaccines from a social psychological perspective [19].
Some researchers have also built models of transfer learning to
automatically detect tweets containing behavioral intentions with
respect to the COVID-19 vaccine [20]. Muller et al. developed a
BERT variant language model (COVID-Twitter-BERT) that focuses
on natural language processing studies of COVID-19 related tweets.
The model improves performance by 10–30% compared to the base
model, BERT [21]. However, it remains unknown whether public
sentiment toward the COVID-19 vaccine changed during the initial
launch of the vaccine, or whether the public sentiment was influ-
enced by geographic location.

This study was aimed at the early stages of vaccine approval
and large-scale population rollout, specifically exploring changes
in public sentiment following Pfizer’s vaccine announcement. We
proposed two research questions: RQ1) Does public sentiment
toward the COVID-19 vaccines change before and after Pfizer’s vac-
cine announcement? RQ2) Does public sentiment toward the
COVID-19 vaccines differ based on geographic location? To answer
these research questions, we calculated sentiment scores for a
large set of COVID-19 vaccine-related tweets posted from Novem-
ber 1, 2020, to January 31, 2021, and conducted temporal analysis
and geographic analysis.
2. Methods

2.1. Data collection

We used a combination of keywords and hashtags ‘‘(#covid OR
covid OR #covid19 OR covid19) AND (#vaccine OR vaccine OR
#vacine OR vacine OR vaccinate OR immunization OR immune
OR vax)”) to search for English COVID-19 vaccine-related tweets
posted between November 1, 2020, and January 31, 2021. We used
the snscrape package in Python to collect tweet IDs and then used
the tweepy package to collect the data. We also used a filter to
exclude retweets.
2.2. Sentiment analysis

Sentiment analysis is an important task in natural language pro-
cessing, which applies rule-based, supervised, or unsupervised
machine learning or deep learning techniques to classify the senti-
ment expressed in a text into different categories [22]. The most
common classification is divided into positive emotions, negative
emotions, and neutral sentiment. This study applied the Valence
Aware Dictionary and Sentiment Reasoner (VADER) [23]. VADER
is a high-performing lexicon and rule-based tool for computing
sentiment scores, especially for microblog-like contexts in social
media. It can achieve an F1 of 0.96 in classifying a tweet sentiment,
which is higher than machine learning models and even more
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accurate than human raters (F1 = 0.84) [23]. The tool could analyze
each tweet, including emojis, and generate a normalized score
called a compound score, ranging from �1 (extremely negative)
to + 1 (extremely positive). Researchers typically classify texts as
positive, neutral, and negative using the following thresholds: pos-
itive (compound >=0.05); neutral (-0.05 < compound < 0.05); and
negative (compound<=-0.05).
2.3. Temporal analysis

After obtaining each tweet’s sentiment score, we calculated the
daily average and plotted the distribution of sentiment scores over
time. We compared the sentiment scores with dates of announce-
ment for different COVID-19 vaccines to determine the impact on
public sentiment. To determine if a significant change in sentiment
over time existed, we used the Pruned Exact Linear Time (PELT)
algorithm [24], which applied a procedure that minimized the cost
function to find change points. It has been shown to create a sub-
stantial improvement compared to other methods, both in accu-
racy and speed [24,25].
2.4. Geographic analysis

We used a dictionary to map the user’s location in the tweet to
the country. We also used the python package Twitter_Geoloaction
to map the location of United States users in tweets to states. We
performed the geographic analysis at two levels: the national level
and the state level. We reported means and 95% CIs for sentiment
scores. We conducted correlation analyses to analyze the relation-
ship between the number of infections or deaths and sentiment
scores. In addition, we grouped the sentiment scores according to
the voting results of each state in 2020 U.S. election (Democratic
or Republican) and performed t-tests to compare the results. The
threshold of statistical significance was 0.001.
3. Results

3.1. Data summary

We collected 2,678,372 COVID-19 vaccine-related tweets in
English posted from November 1, 2020, to January 31, 2021.
1,971,342 (73.6%) tweets contained users’ locations. 1,146,866
(42.8%) tweets had positive sentiment, 720,737 (26.9%) tweets
had neutral sentiment, and 810,769 (30.3%) tweets had negative
sentiment.
3.2. Temporal analysis

The duration of the collection of tweets was 92 days. The aver-
age number of tweets per day was 29,112.94, with the highest
number of 57,320 (December 8, 2020) and the lowest number of
4,666 (November 8, 2020). We noted a significant increase in the
number of tweets starting from November 9, 2020 (P < 0.001).

Average daily sentiment scores ranged from �0.014 (January 1,
2021) to 0.234 (November 9, 2020), with an overall mean of 0.065,
indicating an overall positive sentiment for COVID-19 vaccine-
related tweets. The PELT algorithm identified 8 change points:
’2020–11-03 14:00:000, ’2020–11-09 15:00:000, ’2020–11-12
23:00:000, ’2020–11-23 14:00:000, ’2020–12-07 13:00:000, ’2020–
12-10 01:00:000, ’2020–12-17 13:00:000, and ’2020–12-28
19:00:000. They are shown in Fig. 1. In particular, the change point
of ’2020–11-09 15:00:000 indicated a significant increase in senti-
ment scores (P < 0.001). However, the sentiment score then grad-
ually decreased until the end of December, after which it



Fig. 1. Distribution of daily average sentiment score (yellow dots). The solid line is the 14-day moving average of sentiment scores. The diamond markers in red are change
points. The green line indicates the date of the first effective vaccine announcement (November 9, 2020). (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)

Fig. 2. Distribution of tweets related to COVID-19 across sentiment types.
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remained around 0.05. The 14-day moving average of sentiment
scores, daily average sentiment scores were also shown in Fig. 3.

Using the threshold values for the sentiment (compound>=0.05:
positive; �0.05 < compound < 0.05: neutral; and compound<=-
0.05: negative), we calculated the proportion of tweets for each
category of sentiment (see Fig. 2). The percentage of positive
tweets ranged from 36.3% (December 26, 2020) to 61.1% (Novem-
ber 9, 2020).

3.3. Geographic analysis

We mapped 1,395,944 tweets to countries. We calculated the
average sentiment score based on each country. We selected 53
countries with > 1,000 tweets over the duration of 92 days from
November 1, 2020 to January 31, 2021 for the analysis. The heat
map of the average sentiment scores for these countries is shown
in Fig. 3. The mean scores and 95 %CIs for sentiment scores from
the top 10 countries that posted the most tweets are shown in
Table 1. Among them, tweets posted in India had a very high sen-
timent score of 0.138 [0.135, 0.141] (n = 81,472). Tweets posted in
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Brazil had the lowest sentiment score of �0.002 [-0.022, 0.018]
(n = 1,645), while tweets posted in the United Arab Emirates had
the highest sentiment score of 0.162 [0.152, 0.172] (n = 5,691). In
the correlation analysis, country-level sentiment scores were not
statistically significantly associated with the number of infections
(r = -0.063, P = 0.401) or deaths (r = -0.030, P = 0.692).

We mapped 641,497 tweets to each U.S. state. We calculated an
average sentiment score based on each state. The overall average
sentiment score for tweets posted in the U.S. was 0.089 [0.088,
0.090], with Washington DC having the highest sentiment score
of 0.144 [0.139,0.150] and Wyoming having the lowest sentiment
score of 0.036 [0.003, 0.069]. Based on the commonly used thresh-
old for judging positive sentiment, a score >=0.05, even though the
highest and lowest sentiment scores were slightly different, their
sentiment types were quite different. Only Wyoming had a neutral
average sentiment, while all other states were in the positive sen-
timent category. There was a significant difference in sentiment in
tweets posted between states (F = 27.184, P < 0.001). The mean val-
ues and 95 %CIs of each state’s sentiment scores in the United
States are displayed in Fig. 4. Heatmaps of the monthly average



Fig. 3. Heat map of the average sentiment score by country. The countries with<1000 tweets in English were shown in grey.

Table 1
The average sentiment, 95 %CI, and the number of tweets in the top 10 most posted
countries.

Country Mean Number of Tweets

United States 0.084 [0.083, 0.085] 831,755
United Kingdom 0.093 [0.090, 0.095] 161,980
India 0.138 [0.135, 0.141] 81,472
Canada 0.077 [0.074, 0.080] 74,994
Australia 0.080 [0.074, 0.086] 23,270
South Africa 0.041 [0.035, 0.047] 21,541
Nigeria 0.073 [0.067, 0.079] 17,719
Ireland 0.090 [0.083, 0.097] 17,075
Philippines 0.096 [0.090, 0.102] 13,259
France 0.036 [0.028, 0.044] 9925
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sentiment scores for tweets posted in each state from November
2020 to January 2021 are shown in Fig. 5. In the correlation analy-
sis, state-level sentiment scores were not statistically significantly
associated with the number of infections (r = -0.205, P = 0.148) or
deaths (r = -0.186, P = 0.192). The sentiment scores for Democratic
and Republican states were 0.091 (0.022) and 0.096 (0.026),
respectively. In the t-test, there was no significant difference
between the sentiment scores for Democratic and Republican
states (P = 0.468).

4. Discussion

In this study, we collected a large corpus of 2,678,372 COVID-19
vaccine-related tweets posted from November 1, 2020, to January
31, 2021. Of these, 42.8% were positive tweets, while 30.3% were
negative tweets. Public sentiment and the number of tweets
increased significantly starting on November 9, 2020. Sentiment
then slowly decreased and stabilized around 0.05 by the end of
December. The sentiment reflected in tweets about the COVID-19
vaccine varied significantly by geography.

Regarding the change point we identified in the temporal anal-
ysis, November 9, 2020, was the date when Pfizer announced that
their vaccine had a 90% effective rate, and this was the first vaccine
to be announced. The temporal analysis results showed that people
posted many tweets with a high positive sentiment after the Pfizer
vaccine announcement. However, by the end of December, the
positive sentiment declined to a neutral sentiment. This finding
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suggested that the public’s positive sentiment toward the
COVID-19 vaccines faded over time. Public policymakers need to
pay more attention to the doubts that exist and strengthen vaccine
education programs after the vaccine launch.

The geographic analysis findings indicated that the number of
confirmed cases or deaths in a region might influence local senti-
ment toward the COVID-19 vaccines. For example, Brazil was one
of the three countries with the highest number of confirmed cases
and death: 992,198 confirmed cases and 24,094 deaths [26]. Mean-
while, the average sentiment score for tweets posted in Brazil was
the lowest in our geographic analysis (-0.002) and the only country
with a negative sentiment score. However, no statistically signifi-
cant correlation was found in the correlation analysis. Significant
country-level differences in sentiment may also be due to different
national pandemic control and vaccination policies. At the U.S.
state level, states with severe outbreaks, such as California, Texas,
Florida, New York, and Louisiana, had lower sentiment scores than
the average U.S. sentiment score. In addition, Washington, DC had
the highest sentiment score, possibly due to the positive news and
promotion of COVID-19 vaccines by politicians.

Significant differences of sentiment scores in English tweets
were found at both the country-level and the state-level in the U.
S., suggesting that the COVID-19 vaccines promotion programs
need to be tailored to geographic areas. This finding also provided
an opportunity for future researchers to examine why people in
different regions have different sentiments toward COVID-19
vaccines.

Several studies have conducted sentiment analysis with tweets
on COVID-19 disease itself, not vaccines. For example, Li et al.
used deep learning models to classify emotions in the tweets into
joy, trust, surprise, anticipation, fear, anger, sadness, and disgust
[27]. Then, they calculated the correlation of keywords with
tweets that expressed emotions of fear and anger to understand-
ing why the public feel those emotions during the pandemic.
Valdez et al. used the VADER tool and identified the sentiment
was decreased significantly in late March 2020 during the pan-
demic [28]. We urge more researchers to use tweets specific to
the COVID-19 vaccine to understand public perceptions of the
vaccine, which could greatly assist in the development of public
policies to effectively promote the vaccine during the later stages
of the pandemic. It also corresponds to the suggestion in the
scoping review by Karafillakis et al. that social media monitoring



Fig. 4. Average sentiment score and its error bar in each state in the United States.
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is a valuable study design for providing evidence-based views of
large populations [29].

This study has several limitations. First, collected tweets might
involve identifiable information. Because Twitter is a public plat-
form, we did not perform data protection interventions on the
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dataset. Second, after reviewing the tweets’ content, we noticed
that even though the VADER sentiment score could accurately
determine the sentiment in the text, it cannot distinguish whether
the object of the sentiment was the COVID-19 vaccine or not. For
example, a user could post that ‘‘COVID will be gone” with the



Fig. 5. Heat map of the state’s average sentiment score in the United States in each month. (a. November 2020; b. December 2020; c. January 2021).
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hashtags COVID-19 and vaccine. This post reflected the user’s
confidence in the vaccine; however, VADER scored it as a neutral
sentiment. Therefore, a simple VADER sentiment score calculation
might not be sufficient if researchers intend to further assess pub-
lic attitudes toward the COVID-19 vaccines. In future research, we
will manually label 5,000 tweets from this corpus as positive, neu-
tral, and negative attitudes. Then, we will develop the transfer
learning models to more accurately classify users’ attitudes toward
the COVID-19 vaccines. In addition, because applying theoretical
models to design implementation studies can improve the effec-
tiveness of interventions [30–32]. Researchers can use theoretical
models to further explore topics in tweets with negative attitudes
to propose evidence- and theory-based interventions to improve
the effectiveness of vaccination promotion.
5. Conclusion

In this study, we conducted a sentiment analysis of 2,678,372
COVID-19 vaccine-related tweets posted from November 1, 2020,
to January 31, 2021, and identified that 42.8% of the tweets were
positive, while 30.3% were negative. Public sentiment and the
number of tweets rose significantly after Pfizer announced that
the first COVID-19 vaccine had reached 90% effectiveness and then
slowly declined until the end of December when it stabilized at the
neutral sentiment. Public sentiment also varied by geography. Pub-
lic health policymakers and governments should design more
effective vaccine education programs based on timely public senti-
ment and different geographic regions.
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