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   Dear Editor,

In this letter, we analyze the public discourse sentiments over time
and  seek  to  understand  the  salient  patterns  around  COVID-19  vac-
cines  and  vaccination  from  social  media  data.  Globally,  more  than
373  million  people  have  been  diagnosed  with  COVID-19  and  5.66
million  have  died  from this  disease  by  2022.  It  continues  to  have  a
negative impact on human daily life and the global economic devel-
opment till now, due to the lack of effective treatment of COVID-19
induced issues and prevention of transmission methods.

Research related to COVID-19 is also proceeding at a rapid pace.
Ferrag et  al. [1]  provide  a  discussion  of  potential  solutions  to  the
security  and  privacy  challenges  faced  in  using  IoT  applications  to
combat COVID-19. Ohata et al. [2] use a transfer learning method to
extract  features  from  x-ray  images  to  automatically  detect  the
COVID-19 infection. Developing and deploying an effective vaccine
to slow down the spread of the outbreak becomes a principal task for
researchers and pharmaceutical companies [3]. In 2020, multiple vac-
cines  have  received  Emergency  Use  Authorization  (EUA)  from  the
US  Foods  and  Drug  Administration  (FDA).  On  December  11,  the
FDA  issued  the  first  EUA  for  the  Pfizer-BioNTech.  A  week  later,
Moderna  COVID-19  vaccine  received  the  second  FDA-approved
EDA.  On February  27,  2021,  the  Johnson & Johnson received  vac-
cine EUA as the third one. All the above vaccine-related information
has made people eager to discuss vaccine-related issues. At the same
time, massive amounts of information quickly spread on the Internet.
Therefore,  it  is  crucial  for  officials,  policy makers and governments
to correctly understand the attitudes and concerns of people such that
proper policies can be proposed in a more targeted and efficient way
and adopted to benefit human combat against this pandemic.

Nowadays, social media platforms, such as Twitter, Facebook and
Instagram, provide a faster way that helps people to receive and dis-
seminate  information  and  express  personal  opinions  in  real-time.  In
this  work,  more than one year  of  COVID-19 vaccine related twitter
data from selected areas are crawled and discussed in detail.  Except
analyzing  the  keywords  or  special  terms  in  COVID-19  vaccine
related tweets, obtaining human sentiment information from them is
even more important. Automatic sentiment analysis is a way to study

various  aspects  such  as  peoples’ emotions,  attitudes,  and  opinions
from the target  text  without  the help of  humans.  It  is  not  enough to
simply observe public attitudes towards vaccines through social net-
works. More hidden patterns among these tweets need to be explored
in  detail.  Because  some tweets  discuss  topics  that  are  not  related  to
their hashtags, and some tweets do not contain hashtags, topic model-
ing is  one method to solve this  problem, and to summarize relevant
topics among millions of daily tweets.

This letter presents a sentiment analysis method to classify a more
than one year public discourse about COVID-19 vaccines on Twitter
and then reveals  the trend of  sentiment  over  time.  It  also presents  a
topic modeling method on tweets to investigate the salient topics for
the COVID-19 vaccine in the USA and to discover the trends of dif-
ferent  topics  before  and  after  vaccination  periods.  Ultimately  based
on the findings from the COVID-19 case study’s trending topics and
sentiment  analysis  around  pre-vaccine  and  post-vaccine  tweets,  we
can improve the readability of confusing messages about vaccines on
social  media  and  provide  effective  results  to  support  government
agencies and policymakers.

Related work: Some studies have used tweets to analyze different
concerns about the COVID-19 vaccine. DeVerna et al.  [4] present a
collection of English-language Twitter. It focuses on discovering the
prevalence  of  low-credibility  vaccine-related  information  when  it  is
disseminated  over  social  media.  A  visualization  of  topic  groups  of
hashtags is given in their experiments. Gallotti et al. [5] noticed that
‘infodemics’ spread  rapidly  and  widely  during  the  pandemic.  This
information may increase social  panic and misleads the public.  Jen-
nings et  al.  [6]  proved  new  evidence  on  how  trust  and  information
were linked with COVID-19 vaccine hesitancy and information pol-
icy by using social  media posts  from November 1,  2020 to Decem-
ber 31, 2020. Sharma et al. [7] investigate the characteristics of mis-
information  and  conspiracy  activities.  They  have  identified  some
accounts  on  Twitter  that  promote  conspiracy  groups  in  vaccine-
related  discussions.  Garcia  and Berton [8]  apply  topic  identification
and  sentiment  analysis  in  both  Brazil  and  the  USA.  Ten  topics  are
investigated  based  on  four-month  tweets.  A  sentiment  trends  and
their  relation  to  announce  news  over  this  period  are  provided.  Lyu
et al. [9] analyze tweets posted from March 11, 2020 to January 31,
2021. They find that people have a higher acceptance of COVID-19
vaccines  than  some  historical  vaccines,  e.g.,  influenza  vaccine.
Except the analysis of social media data from Twitter, Wu et al. [10]
choose to study different population groups under Reddit. There have
been many discussions on the trend of different topics over time, but
most of discussion around the period of FDA issued the EUA, little
attention  has  been  paid  to  the  change  of  topic  trend  over  a  period
longer than one year from the early stage of vaccine development to
the post-vaccine emergency use.

Data  collection  and  pre-processing: This  work  utilizes  the
Panacea Laboratory database [11]. Because this letter focuses on the
period  before  and  after  FDA  issued  EUA  for  COVID-19  vaccine.
The first EUA for COVID-19 vaccine was issued in December 2020.
The third one was issued in Feb 2021. Therefore, tweets posted from
March,  2020  to  May,  2021  are  selected  in  this  study.  It  collects
COVID-related tweets by using such keywords as COVID19, coron-
avirus pandemic, coronavirus, coronavirus pandemic, 2019ncov, and
corona outbreak [12].

We focus on English tweets in the USA. Because the twitter user’
specific privacy settings policy for geo-reference information, only a
limited number of tweets containing geotag, which is not conductive
to our analysis of public attitudes and easily causes the sampling bias
issue.  We  assume  that  users’ profile  address  is  the  address  posting
their  tweets  when  their  geo-location  function  is  closed.  Conse-
quently, we obtain total 118 150 423 COVID-19 related tweets. Vac-
cine-related  tweets  are  filtered  from  previous  COVID-19  tweets  by
using the following selected keywords:  vaccination,  vaccine,  immu-
nization, vaccinate, pfizer, biotech, astrazeneca, moderna, J & J, and
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Johnson & Johnson. Finally, the total number of 1 647 479 COVID-
19  vaccines  related  tweets  that  contain  at  least  one  of  the  previous
keywords  are  obtained.  The  graph  of  daily  vaccine  related  count  is
shown in Fig. 1.  To  reduce  the  noise  in  the  data,  we  select  a  7-day
rolling window to smooth the data. We observe that during the initial
period  of  vaccine  development,  relatively  low attention  was  paid  to
it. The first peak occurred in November 2020, when FDA issued the
first  EUA  for  Pfizer-BioNTech  vaccine.  Then  as  vaccination  begin
and other vaccines were successfully issued, there was an explosion
of discussion about vaccine-related events. In 2021, the level of dis-
cussion about the vaccines became stabilized.

Some pre-processing need to be done to clean the data before pro-
ceeding  to  subsequent  text  analysis.  First,  we  remove  hashtags,
URLs,  mentions,  and lowercase all  text.  Then NLTK toolkit  [13]  is
used to tokenize the text and remove the stop words. Finally, we use
Spacy toolkit to lemmatize the remaining words.

Sentiment  analysis: Sentiment  analysis  is  a  way  to  investigate
people’s  opinion  (positive,  neutral,  and  negative)  toward  text.  This
work  proposes  to  adopt  the  Valence  Aware  Dictionary  and  sEnti-
ment Reasoner (VADER) [14] to analyze the sentiment of the tweets.
VADER is a lexicon and rule-based sentiment analysis tool, which is
designed for social media. In this analysis tool, compound score val-
ues  are  used  to  classify  the  tweets  into  three  different  polarities.  A
score closer to 1 indicates a more positive opinion view of the text.
The most negative opinion is indicated by −1. A tweet’s sentiment is
positive if its compound score is between 0.05 and 1, neutral between
−0.05 and 0.05, and negative between −1 and −0.05.

Topic modeling: This work proposes to use latent Dirichlet alloca-
tion (LDA) [15],  which is  a  generative probabilistic  topic model,  to
identify the salient topics from tweets. The data-driven and computa-
tional natural of LDA makes it  attractive for this study, as it  can be
used  to  quickly  and  efficiently  derive  the  topic  structure  of  a  large
number of text files. The basic idea is that each topic is characterized
by a distribution over words, and each document is represented by a
distribution over latent topics. In order to work with the LDA model
in Fig. 2,  we  first  use  a  one-hot  encoder  to  vectorize  the  tokenized
tweets, and then follow the process for generate M tweets as follows:

βk ∼Dirichlet (λ)
1)  For  each  topic k,  sample  a  distribution  over  words:

;
2) For each document d with N words:

θn ∼ Dirichlet (α)a) Sample a distribution over topics: ;
wd,nb) For each word :
zd,n ∼Multinomial (θd)Sample  a  topic  and  sample  a  word

wd,n ∼Multinomial(∅zd,n ).
Each tweet contains N words, β depicts a probability matrix repre-

senting the probability of a word being in each topic, whereas α is a
vector representing the probabilities of a given topic being represent
in a given tweet.  LDA is an unsupervised method, meaning that the
number of topics in the corpus is unknown. A low number of topics
produce  a  general  classification  result  of  topics,  which  not  conduc-
tive to deeper exploration of the underlying topic. Many topics indi-
cate that the classification results are too fine to be summarized, thus
requiring further topic aggregation. This work proposes to apply the
Python package Gensim [16] to evaluate the optimal number of top-
ics in the LDA model. We test the number of topics ranging from 2
to 40. When it is 11, the highest coherence score is observed.

Experiments: Our experiments use an Intel Core i7-8700 CPU @
3.20GHz, NVIDIA GeForce GTX1080 GPU, and Windows 10 64bit.
We use Python 3.0, NLTK 3.3, Spacy 2.3, and Gensim 4.1 to realize
the experiments. Fig. 3 shows the number of vaccine tweets per day
for  positive,  neutral,  and  negative,  respectively.  In  the  few  discus-
sions about vaccines in March and April 2020, only a small percent-
age  of  people  have  positive  attitudes  towards  vaccine  development.
Between April and November 2020, although the number of positive
attitudes exceeded the number of negative ones, there is no clear dis-
tinction  between  them.  Until  the  first  vaccine  is  approved  in  the
beginning of  November  2020.  The positive  attitudes  on the  Internet
substantially increased.
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Fig. 3. Daily tweets count from March 2020 to May 2021.
 

Table 1 presents  the  topic  modeling  results.  It  shows  the  tweets
percentage  in  each  topic  and  their  most  20  probable  terms  for  the
given  11  topics.  Topic  6  contains  the  highest  tweets  percentage
among all topics. According to the high-frequency terms in this topic,
it  focuses  on  the  impact  of  vaccines  on  people’s  daily  lives.  For
example,  whether  it  is  still  necessary  to  wear  a  mask  after  vaccina-
tion and whether it  is  possible to go back to regular work.  The sec-
ond highest individuals concern is topic 10, which is related to Amer-
ican president election and government.

Fig. 4 shows  how  the  different  topics  flow  in  the  timeframe  of
March  2020  to  May  2021.  The y-axis  shows  the  percentage  of  11
topics in the same day. By changing the percentage over time, we can
observe  the  flow  of  these  topics  and  gain  insight  into  what  topics
people are paying more attention to at different stages. For example,
in Topic 6,  which has the largest  overall  weight.  It  can be observed
that  when  the  vaccination  is  not  started.  People  assumed  that  their
daily  life  would  be  like  after  enrolling  in  the  vaccine.  However,  as
the number of vaccinations increased, people could feel the change in
real  time  and  then  got  used  to  it,  and  this  discussion  gradually
decreased.  Topic  10  related  to  the  US  President  and  government,
which received the most discussion during the election period. After
the election day ends, the percentage of this topic begins to decrease.
Topic  7  is  related  to  the  development  of  vaccines  and  their  clinical
results.  As  vaccines  were  approved  one  after  another,  people  no
longer  had  interest  in  this  topic.  On  the  contrary,  people  started  to
pay attention to the topic related to vaccination. As a result, Topic 8
is  related  to  vaccine  appointment,  registration  trails  and  location.
Topic 9 is related to the eligible vaccination groups.

Conclusions: This  letter  identifies  the  individual  opinions  about
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Fig. 1. Daily tweets count from March 2020 to May 2021.
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Fig. 2. LDA represented as a graphical model.
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COVID-19 vaccine and investigates the salient topic by using senti-
ment analysis [12], [17] and LDA on tweets. The positive and nega-
tive polarity change curves demonstrate that initially only a minority
of people had positive attitudes toward vaccines. There was a signifi-
cant  increase  in  overall  positive  attitudes  as  vaccine  research  pro-
gressed. We have identified 11 major topics and analyzed their flow
in the time range of some specific events. Overall, with the release of
multiple vaccines, the focus shifted more to topics related to vaccina-
tion. Our next work is to identify the sentiment polarity change under
these 11 topics. We should address the challenging issues about how
the vaccine related tweets can be selected more accurately with less
manual  addition  or  deletion  of  keywords,  and  how  the  major  topic
can be automatically updated in real-time as timeline extends.
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Table 1.  Top 20 Frequencies Terms Per Topic

Topic Tweets percentage
per topic (%) Terms per topic

Topic 1 10.06 Update, state, information, live, distribution, plan, student, late, provide, learn, check, eligibility, require, join,
local, watch, visit, community, today, pharmacy

Topic 2 10.03 Dose, week, receive, say, administer, shot, second, day, next, state, fully, least, official, expect, month, last,
available, shoot, year, nearly

Topic 3 4.75 Say, may, question, variant, expert, need, ask, answer, know, concern, doctor, passport, medical, arm, warn,
explain, many, require, could, shot

Topic 4 9.64 Risk, spread, may, protect, prevent, still, die, flu, even, infection, immunity, year, cause, could, disease, less,
side_effect, protection, effective, know

Topic 5 11.64 Pandemic, help, access, effort, support, community, country, global, get vaccinate, need, work, world, develop,
distribution, public, campaign, make, lead, hesitancy, ensure

Topic 6 13.78 Go, mask, good, wear, still, keep, work, let, need, safe, take, feel, make, back, thing, wait, know, family, time, kid

Topic 7 7.41 Use, test, show, trial, effective, datum, emergency, study, approve, say, positive, pfizer, safe, result, clinical,
approval, efficacy, early, break, report

Topic 8 9.25 Appointment, today, clinic, worker, schedule, available, resident, county, call, care, receive, staff, offer, register,
free, medicine, hospital, open, teacher, school

Topic 9 5.38 Eligible, covid vaccine, age, old, site, open, thank, child, sign, start, group, receive, adult, story, year, today, mass,
phase, announce, begin

Topic 10 12.67 Take, would, say, want, trump, make, think, give, try, go, tell, refuse, right, biden, pay, know, lie, government,
claim, trust

Topic 11 5.38 Case, death, report, number, rate, fully, state, high, continue, return, low, see, travel, rollout, rise, country, demand,
increase, restriction, slow
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Fig. 4. Topic flow between the March, 2020 and May, 2021.
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