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The COVID-19 outbreak a pandemic, which poses a serious threat to global public health and result in a tsunami 

of online social media. Individuals frequently express their views, opinions and emotions about the events of 

the pandemic on Twitter, Facebook, etc. Many researches try to analyze the sentiment of the COVID-19-related 

content from these social networks. However, they have rarely focused on the vaccine. In this paper, we study the 

COVID-19 vaccine topic from Twitter. Specifically, all the tweets related to COVID-19 vaccine from December 

15th, 2020 to December 31st, 2021 are collected by using the Twitter API, then the unsupervised learning VADER 

model is used to judge the emotion categories (positive, neutral, negative) and calculate the sentiment value of 

the dataset. After calculating the number of topics, Latent Dirichlet Allocation (LDA) model is used to extract 

topics and keywords. We find that people had different sentiments between Chinese vaccine and those in other 

countries, and the sentiment value might be affected by the number of daily news cases and deaths, and the 

nature of key issues in the communication network, as well as revealing the intensity and evolution of 10 topics 

of major public concern, and provides insights into vaccine trust. 

1

 

a  

E  

d  

2  

i  

a  

I  

c  

A  

(  

2  

i  

e  

O  

d  

A  

n  

w  

l

 

c  

n  

o  

i  

t  

t  

A  

t  

m  

c  

c

 

t  

w  

S  

c  

v

2 https://www.who.int/emergencies/diseases/novel-coronavirus- 

2019/covid-19-vaccines 

h

R

2

(

. Introduction 

Coronaviruses (CoV) were first identified in the mid-1960s, which

re known to cause colds and more serious illnesses such as Middle

ast Respiratory Syndrome (MERS) and Severe Acute Respiratory Syn-

rome (SARS) [1] . The severe acute respiratory syndrome coronavirus

 (SARS-CoV-2) and infected person were first recognized and reported

n Wuhan, Hubei Province, China in December 2019 [2] . This virus is

 new coronavirus strain that has never been found before in humans.

t is the seventh coronavirus known to infect humans, which is highly

oncealed, also proved more infectious than the SARS-CoV outbreak in

sia in 2003 [3,4] . In February 2020, the World Health Organization

WHO) named the SARS-CoV-2 caused disease COrona VIrus Disease

019 (COVID-19). The source of this infectious disease, so named for

ts viral nature, has yet to be determined, and it quickly spread to ev-

ry continent less than two months after it was first discovered [5] .

n March 11st 2020, WHO declared the COVID-19 outbreak a pan-

emic [6] , which is posing a serious threat to global public health.

s with other pandemics, the spread of COVID-19 has increased expo-

entially. This epidemic has infected more than 487.26 million people

orldwide until April 1st, 2022, of which 6,140,485 have been taken

ives, according to Johns Hopkins Coronavirus Resource Center. 1 
∗ Corresponding author at: School of Journalism and Information Communication, 
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In these early days of the outbreaks, in the absence of effective vac-

ine and specific therapeutic drug, many countries have implemented

on-pharmaceutical interventions (NPIs), such as restricting movement

f people [7] . Although these measures have been shown to be effective

n curbing the spread of the virus, the availability of a safe and effec-

ive vaccine has been well-recognized by scientific experts as an addi-

ional tool to contribute to the long-term control of the pandemic [8] .

ll COVID-19 vaccines are designed to teach the bodys immune sys-

em to safely recognize and block the virus. Scientific institutions and

anufacturers started to work on the development of COVID-19 vac-

ine once the pathogen was isolated and the first genomic sequence was

ompleted. 

According to data released by WHO, as of December 31st 2020, more

han 200 additional vaccine candidates were in development globally, of

hich 47 were in clinical development, and 9 vaccines from the United

tates, China, the United Kingdom and Russia have entered Phase III

linical trials. 2 And the number is increasing. As shown in Table 1 , these

accines come in a variety of species currently. 
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Fig. 1. The number of new vaccination and infection 

rate. 

Table 1 

The species of the COVID-19 vaccine . 

Platform Candidate vaccines 

Protein subunit (PS) 51 

Viral Vector non-replicating (VVnr) 21 

DNA 16 

Inactivated Virus (IV) 21 

RNA 28 

Viral Vector replicating (VVr) 4 

VVr + Antigen Presenting Cell 2 

Virus Like Particle (VLP) 6 

Live Attenuated Virus (LAV) 2 

VVnr + Antigen Presenting Cell 1 

Bacterial Antigen-spore expression vector 1 
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The UK was the first country to officially launch vaccination cam-

aign, using the vaccine made by BioNTech and Pfizer. The United States

nnounced on December 14th, 2020 that it would officially begin vac-

inating its citizens against COVID-19. At the same time, China began

accinating priority populations with the Chinese-made vaccine. As of

ay 31st 2021, the global total of COVID-19 vaccination exceeded 40.35

illion doses, with the number reaching 2.147 billion one year later.

owever, this number is still small compared to the total population of

he world, which may be limited by the speed of vaccine production and

eoples distrust of vaccines. As Fig. 1 shows, infection rates are rising.

t also shows that as the virus continues to mutate, the effectiveness of

accines is being challenged, which to some extent also affects people’s

ttitudes towards vaccines. 

Vaccine confidence is an increasingly crucial global public health

ssue [9] . The public’s sentiments will affect their behavior, trust in

accines will help us realize the urgent needs of achieving community

rotection and herd immunity against COVID-19 in the pandemic. But

ecent surveys indicated that a sizable proportion of the U.S. popula-

ion either do not plan to or are unsure about getting vaccinated against

OVID-19 [10,11] . This understandable distrust may stem from the un-

sually rapid speed of vaccine development. Previously, it took an av-

rage of 10 years to develop a vaccine, with the fastest mumps vaccine

aking four years [12,13] . Furthermore, a survey by YouGov found that

he public has different levels of trust and emotion for vaccines devel-
2 
ped in different countries. This phenomenon may depend on people’s

erception of the country’s image, racism and xenophobia [14] . The

ast majority of the first vaccines approved for clinical use were devel-

ped in developed western countries. It is worth mentioning that this

ncludes the developing countries of the Eastern world, China. Accord-

ng to Joshua Cooper Ramo, an American scholar, one of the biggest

trategic threats to China today lies in its national image. The world,

specially in the West, has stereotyped China to this day. Therefore,

his study takes China’s vaccine-related tweets as one of the objects, not

nly because of China’s special position in the field of COVID-19 vac-

ine research and development, but also because China is one of the

ost controversial countries in the world’s public opinion field, so it

s of great value to study the public opinion and sentiment related to

hina. 

People’s attitudes and opinions about vaccine are not static. Their

entiments can spread through different kinds of social medias in var-

ous contexts between people in frequent close contact [15] . The out-

reak of the COVID-19 resulted with a tsunami of online social media

ue to the implementation of NPIs measures such as regional lockdowns

nd social distancing [16] . Online social media has become a key plat-

orm for the public to collect information and express opinions, and

ndividuals can express different views, opinions and emotions about

he events of the COVID-19 pandemic on it [17] . Moreover, Sentiment

n contents from different social media platforms might diffuse in the

orresponding subsequent comments or replies and form emotional con-

agion [18] . Within days of onset of the COVID-19 outbreak, the emo-

ional contagion, digitally enabled, metastasized faster than SARS-CoV-2

tself. WHO has referred this informational contagion that breeds fear

nd panic a “coronavirus infodemic ”, which can undermine trust in vac-

ine so much as to render them moot, then have some catastrophic ef-

ects on control and outcomes of pandemic [19,20] . Within the online

ocial media that provide the primary platforms for emotional conta-

ion, Twitter, which has 166 million monetized active users, needs to be

ighlighted. 

Although there have been many studies on the sentiment analysis

f COVID-19 [21–24] , few researchers have focused on the vaccine. In

ddition, they emphasized the emotional changes of online social me-

ia messages without considering their comparison. In this context, we

ombined emotion analysis with subject analysis to study the content
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Table 2 

Set of keywords used to fetch tweets. 

Set 

1 

China’s COVID-19 vaccine, Chinese COVID-19 vaccine 

Sinopharm COVID-19 vaccine 

Sinovac COVID-19 vaccine 

Sinopharm vaccine, Sinovac vaccine 

Set 2 COVID-19 vaccine 

3

3
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nd sentiment of tweets related to COVID-19 vaccine. In our work, we

ainly discussed three questions. 

• Q1 : Whether people have different sentiment on Chinese vaccine

than other countries’ vaccine? 
• Q2 : Do COVID-19 data, such as the number of daily news cases and

deaths, affect people’s attitudes towards vaccine? 
• Q3 : At different times, the discussion of COVID-19 vaccine focused

on what topics, how they were related, and how people expressed

themselves. 

This article is organized as follows. In Section 2 , we review the rele-

ant studies while Section 3 introduces the methods. The Section 4 de-

ails our research results and answers the above questions mainly

hrough emotion analysis and theme analysis of data. Finally, conclu-

ions are made in Section 5 . 

. Related work 

During the pandemic, the study of COVID-19-related information on

ocial media platforms mainly focused on two aspects, that is, content

nd communication structure. 

Structural analysis is to use social network analysis method to study

he interaction pattern and attribute characteristics among participants

n the process of information dissemination. Paola et al. [25] through

he social network analysis of three key communications on Twitter, it

as found that the dialogue network around COVID-19 topic is highly

ispersed and loosely connected, which will hinder the successful dis-

emination of public health information in the network. Ahmed et

l. [26] fetched data from the #5GCoronavirus hashtag on Twitter and

sed social network graphs to cluster influential users. They found that

he two largest network structures include an isolates group and a broad-

ast group and there is a lack of an authority figure to actively combat

isinformation. 

There is a lot of analysis about content, and the core of such research

an be summarized as topic discovery, tracking and sentiment orienta-

ion analysis. Kaur et al. [22] used IBM Watson Tome Analyzer to extract

nd analyze a total of 16,138 tweets about COVID-19 and found that the

umber of negative tweets outnumbered the number of neutral and pos-

tive tweets. Similar conclusions have been reached by Singh et al. [27] .

oon et al. [28] highlighted that the number of tweets about COVID-19

ontaining negative emotions is more than 50% higher than the positive

motions. 

In addition, some scholars distinguished between groups. Imran et

l. [29] used deep learning classifiers to study differences between

he reactions towards the pandemic in different cultures. Azzam et

l. [30] compared the interactions between people of different occupa-

ions or specialities on Twitter, as well as the subject matter and emo-

ional orientation of the tweets. 

Some researches focused on topic classification related to COVID-19.

ang et al. [23] adopted TF-IDF model to summarize the topics of posts

hich on Sina Weibo related to the COVID-19 and used unsupervised

ERT model to classify sentiment categories. Using machine learning,

ear et al. [8] found that the online anti-vax community is developing a

ore diverse and hence more broadly accommodating discussion about

OVID-19 than the pro-vax community. Cotfa et al. [31] collected the

ynamics of opinion on Twitter regarding COVID-19 vaccination and an-

lyzed it to find that the majority of tweets were neutral, while the num-

er of in favor tweets overpasses the number of against tweets. Rafi et

l. [24] used ResNet-50 CNN and attention-based LSTM networks to

nalysis the sentiment of the images associated with COVID-19 from In-

tagram. Yin et al. [32] used natural language processing to analyze pop-

lar topics and the emotional polarity of netizens in different countries

owards different vaccine brands. It can be seen that the combination

f sentiment analysis and topic clustering is widely used for analysing

OVID-19 related texts in social media. 
3 
. Methodology 

.1. Data collecting and cleaning 

The official COVID-19 vaccination campaign, which began in the

nited Kingdom on December 8th, 2020, expanded to other countries

round the world. We use the tweets whose language attributes were

arked as English posted from December 15 th , 2020 to December 31st,

021 for our analysis. By using Twitter API, two sets of data are cap-

ured. The first set of data are tweets related to China’s COVID-19 vac-

ine, and the second are tweets about all COVID-19 vaccines (excluding

weets included in set 1). Since most netizens used companies’ abbrevi-

tions to refer to the vaccine directly, we ended up fetching the tweets

ased on the keywords in Table 2 . The original data included 6 fields:

D, nickname, number of fans, tweet text, date and comment number . 

Duplicate tweets are discarded to ensure the quality of the dataset.

n addition, to prevent the sentiment analysis tool from misjudging the

motional overlay of retweets to the original tweets, we also removed

ll retweets and only studied the original tweets. Then, the dataset is

reprocessed by converting emoji and hashtag into corresponding words

nd preserving them, removing a series of non-English symbols such as

eb addresses and Twitter IDs, converting punctuation marks to Spaces

nd all English letters to lowercase, and filtering out stop words. After

reprocessing, we chose to use Natural Language Toolkit (NLTK) for

ord segmentation. Thus, the high-frequency vocabulary and content

ocus in the text can be found. 

.2. Sentiment analysis 

We used the VADER (Valence Aware Dictionary for sentiment Rea-

oning) model [33] , an unsupervised learning method for sentiment

nalysis. This model outperforms individual human raters, even the ma-

hine learning algorithm may not have more significantly accurate than

t. Moreover, it performs exceptionally well in the social media domain,

specially in the microblog-like contexts. By using Eq. (1) , the type of

he tweet’s sentiment 𝑇 𝑆 and the tweet’s compound score 𝐶𝑆 can be

alculated. 

 𝑆 ( 𝐶𝑆 ) = 

⎧ ⎪ ⎨ ⎪ ⎩ 
positive 𝐶𝑆 ≥ 0 . 05 
negative 𝐶𝑆 ≤ −0 . 05 
neutral 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

(1)

In our work, the model identifies and calculates the polarity and

motion of the text, classifies the sentiment of tweets into positive, neu-

ral, or negative classes, and calculates the overall emotional value of the

weets, which is denoted as compound and fluctuates within the interval

s [ − 1,1]. If the compound value is in the range of [ − 1,0), it shows that

he sentiment of this twitter is negative, otherwise, it is positive, except

or 0 (neutral). 

.3. Topic analysis 

Topic extraction can be divided into statistical feature-based,

emantic-based and topic-based extraction methods. To study the topics

nd evolution of public opinion about COVID-19 vaccines, we use the

opic extraction based LDA model for analysis. This model is a word bag

odel of unsupervised machine learning technology based on probabil-

ty graph model. It believes that each text can contain multiple different
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Fig. 2. LDA model. 
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hemes, and each theme also contains multiple different words, which

re mixed to form themes with a certain probability. It is a probability

eneration model proposed by Blei et al. [34] on the basis of Dirichlet

rocess to solve the problem of the increase and change of the number

f parameters to be estimated in PLSA model by introducing Dirichlet

rior distribution. 
4 
Its main operation principle is shown as Fig. 2 

Suppose there are 𝑘 topics in 𝑚 texts, each text has its own topic

istribution and obeys the Dirichlet distribution with parameter 𝛼, and

ach topic has its own topic distribution and obeys the Dirichlet distri-

ution with parameter 𝛽. For each topic in each document, there is a

orresponding topic, and its probability graph model is shown in Fig. 2 .

ere 𝜃 represents the topic, the text 𝑖 represents 𝑑 𝑖 , and the topic is

isplayed as 𝜃𝑖 = ( 𝜃𝑖 1 , 𝜃𝑖 2 , 𝜃𝑖𝑘 ) . If 𝜑 is used to represent the word distri-

ution corresponding to the 𝑘 topic, the word distribution of the 𝑘 topic

an be expressed as 𝜑 𝑘 = ( 𝜑 𝑘 1 , 𝜑 𝑘 2 , 𝜑 𝑘𝑗 ) . 𝑍 𝑀,𝑁 

represents the 𝑛 th topic

n the document 𝑚 . By selecting 𝜑 𝑘 from 𝑍 𝑀,𝑁 

, the required observation

alue 𝑊 𝑀,𝑁 

can finally be obtained, which represents the 𝑛 th term in

ocument 𝑚 . 

The research shows that LDA model can reduce the dimension of text

nd avoid the dimension disaster in the mass text data. In addition, it is

ffective in text mining, especially in short text processing. Therefore,

DA model has been widely used in the fields of economy, education,

ook information management and network public opinion [35] . On

he basis of preprocessing the data, we calculated the right number of

opics, then extracted the keywords contained in each topic, calculated

he intensity and the evolution of importance. 

. COVID-19 vaccine sensing 

.1. Dataset 

A total of 5,272,745 tweets were analyzed in the study. After cap-

uring and cleaning the data according to the keywords in Table 2 Set

, 136,154 valid tweets can be obtained. These data will be used as the

rst dataset for our analysis. 5,254,184 valid tweets related to the key-

ords in Table 2 Set 2 can be obtained, and the data overlaps with the

rst dataset can be deleted. Finally, it can be determined that there are

,136,591 samples in the second dataset. It is worth noting that, through

reliminary research, we found that netizens may use expressions such

s “Sinopharm vaccine ”, “Sinovac vaccine ” when discussing the COVID-

9 vaccine produced in China. While such situations also occur when

eople discuss vaccines produced in other countries, they are minuscule
Fig. 3. Sample sizes for the first dataset. 
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Fig. 4. Sample sizes for the second dataset. 

Fig. 5. The emotional value curve for the first dataset 

and second dataset. 
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n the vast number of samples discussed for COVID-19 vaccines. The

umber of tweets discussing the Chinese vaccine was much smaller,

o when we filtered this data, we took into account this particular

ase. 

Figs. 3 and 4 show that the number of tweets related to the Chi-

ese COVID-19 vaccine is small and only nine days have more than

000 tweets. The volume of the second set is huge, averaging more than
5 
3,446 tweets a day. However, with the advancement of time and the

opularization of vaccination, people were more active in discussing

he Chinese vaccine on Twitter. But there has been no significant in-

rease in discussions about vaccines overall. It can be seen that when

ome countries first started vaccinating against the novel coronavirus,

he global buzz about the issue became apparent, and people still have

 high interest in the issue for more than one year. 
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Fig. 6. Proportion of positive, negative and neutral 

tweets in the 2 sets. (a) Set 1. (b) Set 2. 

6 
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Fig. 7. Total confirmed cases, new deaths in China. 
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Table 3 

Proportion of positive, negative and neu- 

tral tweets in the first set and second set. 

PP(pos) PP(neg) PP(neu) 

Set 1 42.80% 21.12% 36.08% 

Set 2 36.53% 28.28% 35.19% 
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.2. Vaccine tweets sentiment analysis 

.2.1. Differences in sentiment values between Chinese vaccine and other 

ountries vaccine 

Fig. 5 shows that for each set, the emotional value curve is mostly

ocated above 0. It can be seen that the public sentiment to the COVID-

9 vaccine is mainly positive, which can reflect people’s demand for

accines to a certain extent. People are more optimistic about vaccine

evelopment and vaccination, and trust their quality. Specifically, peo-

le’s feelings about COVID-19 vaccines were higher at the beginning

f the global vaccination campaign. It can be inferred that there was

 high level of trust in vaccines and an expectation that vaccines could

ffectively contain the spread of the virus. With the rapid increase in the

umber of people vaccinated, there has been an increase in the number

f cases of health damage as a result of vaccination, although the in-

idence of such problems remains low. Due to the media and netizens

ttention to relevant risk events on social media platforms, the possible

isks of vaccination will be gradually recognized by people to a cer-

ain extent. For example, the Website of NOMA 2021 reported a total

f 23 suspected deaths after vaccination on 18 January 2021. Over the

ext three days, 4467 tweets directly referred to the incident. And re-

earch continues to show that mutations in the virus can make vaccines

ess effective. On the same day, the Gupta Laboratory at the University

f Cambridge confirmed that Pfizer’s and BioNTech’s COVID-19 vac-

ine was significantly less protective against COVID-19 mutant strains.

herefore, we can conclude that the increased awareness of the risks

nd effectiveness of vaccines may be one of the reasons for the over-

ll decrease in netizens’ emotional value of vaccines around February

5, 2021, three months after vaccination began. But the overall emo-

ional value is still positive or neutral. The value also rose by the end of

021, so people are still relatively positive about the effect of COVID-

9 vaccine overall. But a comparison reveals a clear shift in sentiment

owards Chinese vaccines. From the Fig. 5 , the portion of the curve be-

ow 0 in first dataset is significantly more than in second dataset. In the

arly stage of vaccine promotion, people’s attitude towards the rapidly

merging Chinese vaccine was obviously lower than that of vaccines

roduced in other countries, and their trust in Chinese vaccine was also

ot very adequate. However, with the witness of time, the relatively sta-

le quality of Chinese vaccines and China’s epidemic prevention policy
 c  

7 
ave gradually been recognized by netizens from all over the world, and

ven their emotional value was once higher than that of other countries.

As can be seen from the Fig. 6 , the number of positive tweets and

eutral tweets for each set both account for a large proportion. This

peaks to the general trust in vaccines, but it also shows that the diversity

f opinions on social media platforms is inevitable. 

Table 3 shows the number and of positive, negative and neutral

weets in the two sets. We can see that people are more positive about

hinese vaccines (covering 42.80% of tweets in dataset 1) than other

ountries’ COVID-19 vaccines (covering 36.53% of tweets in dataset 2).

ut people were also more likely to be negative about the Chinese vac-

ines (covering 36.08% of tweets in dataset 1) than about the other

covering 35.19% of tweets in dataset 2). 

This also suggests that attitudes towards Chinese vaccines differ sig-

ificantly, but this may be limited by sample size. Because fewer people

hose to tweet about the Chinese vaccines than about vaccines in gen-

ral. At the same time, there is no denying that people who pay more

ttention to or have a more distinct attitude towards Vaccines in China

re more likely to post relevant information on Twitter. 

.2.2. The relationship between sentiment value and the number of daily 

ew cases or daily new deaths 

Vaccine can generally be divided into two categories, namely, pre-

entive vaccine and therapeutic vaccine. The COVID-19 vaccine is a

reventive vaccine. Experts dedicated to vaccine research generally said

hat vaccination of COVID-19 can increase antibodies to human body,

hereby reducing the risk of infection with virus. In addition, the COVID-

9 vaccine has a strong rate of severe protection, that is, the probability

f severe infection after vaccination is much smaller. In this regard, we

ssume that the number of confirmed people and the number of deaths

an reflect the effectiveness of the vaccine to a certain extent, and their



H. Xu, R. Liu, Z. Luo et al. Telematics and Informatics Reports 8 (2022) 100016 

Fig. 8. Daily confirmed cases, local confirmed cases 

and sentiment value in China from December 15rd, 

2020 to February 10rd, 2021. 
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Table 4 

Correlation analysis between sentiment value and the 

number of daily new cases and deaths in the world. 

Cases Deaths 

Sentiment Pearson Correlation − 0.294 ∗ − 0.152 

Sig. (2-tailed) 0.025 0.253 

∗ Correlation is significant at the 0.05 level(2-tailed). 
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hanges will change the public’s awareness of the vaccine to a certain

xtent, thereby affecting sentiment. 

From Fig. 7 we can see that during the time period selected for this

tudy, there were no deaths in China, according to WHO dataset, except

or January 13rd, 2021, January 15rd, 2021 and July 23rd, 2021. 

For example, in January 2021, a small epidemic broke out in Hebei

rovince, China, and two death case occurred. From Fig. 8 we can see

hat during these days, the sentiment value is greater than 0. But in the

hree days after the death, the average sentiment value has a significant

ustained decline. Especially on January 28th, the value decreases to

egative and forms the first trough. Through the word frequency statis-

ics and word cloud analysis of the tweets on January 28th in set 1,

t can be seen from Fig. 9 that although the emergence of new deaths

as been over three days, there is still a certain amount of discussion

n this event in Twitter. It can be inferred that the public discussion

f death cases can be attributed to the strong autonomy of the content

hey publish, and the emergence of local cases in China will affect the

ublic cognition on China’s epidemic, to a certain extent, and then have

n emotional impact on the vaccine, policy and other sub-issues. 

It is difficult to visualize the relationship between sentiment value

nd the number of daily confirmed cases and deaths in the world in

ig. 10 . Here we use Pearson correlation coefficient to analyze the rela-

ionship among the above three variables, according to (2) . 

 𝑋,𝑌 = 

cov ( 𝑋, 𝑌 ) 
𝜎𝑋 𝜎𝑌 

(2)

The calculating results are listed in Table 4 , from which we can find

here was no significant correlation between sentiment value and the

eaths per day. It is speculated that people’s cognition of vaccine effi-

acy was mainly focused on the prevention of infection. However, the

entiment value is significantly negatively correlated with the number of
8 
aily new cases. When the number of newly diagnosed people increases,

egative emotions will also increase. It is noteworthy that vaccination

akes a long time to produce effectiveness, so the scientific of exploring

he relationship between the number of confirmed cases and emotional

uctuations under the cross-section is questionable. 

.3. Topic analysis based on LDA 

.3.1. Determine the number of topics 

In order to better analyze the tweets related to the COVID-19 vaccine

opic, we chose to use the LDA model to conduct topic analysis on all the

ata. When using the LDA model, it is critical to use scientific methods to

etermine the optimal number of topics. We calculate the perplexity to

etermine the number of topics, which is also a commonly used method

t present [36] . The perplexity can be used to evaluate the applicability

f the LDA topic model and to quantitatively evaluate the performance

f the model [37] . The calculation method is as follows: 

Perplexity ( 𝐷) = exp 

( 

− 

∑𝑀 

𝑚 =1 log 𝐷 𝑝 
(
𝑤 𝑚 

)∑𝑀 

𝑁 𝑚 

) 

(3)
𝑚 =1 
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Fig. 9. In a word cloud of tweets related to COVID-19 

in China on Jan. 28th, 2021, the word “dies ” is more 

pronounced at the top right. 

Fig. 10. Total confirmed cases, total deaths in world. 
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(
𝑤 𝑚 

)
= 

∑
𝑑 

𝑇 ∏
𝑛 =1 

𝑇 ∑
𝑗=1 

𝑝 
(
𝑤 𝑗 ∣ 𝑧 𝑗 = 𝑗 

)
⋅ 𝑝 

(
𝑧 𝑗 = 𝑗 ∣ 𝑤 𝑚 

)
⋅ 𝑝 ( 𝑑) (4)

Here 𝐷 represents the test set in the corpus, M represents the number

f documents, 𝑁 𝑚 represents the number of words held in document 𝑚 ,

nd 𝑝 ( 𝑤 𝑚 ) represents the probability of 𝑤 𝑚 generation. 

Based on this, we iterated over a number of topics. The lower the

egree of confusion is, the stronger the model generalization ability is.

nd when the change of confusion slows down within a certain range,

he value can be expressed as the optimal number of topics in the data

et. Fig. 11 shows the perplexity for different number of topics. It can

e seen that the number of topics changes significantly at 10 and tends

o be stable before that. Therefore, we can get the optimal number of

opics to be 10. 

.3.2. Results of subject classification 

Fig. 12 is the cloud map of data high-frequency words. It can be

een that discussions on COVID-19 vaccines focused on “Pfizer ” and

Astrazeneca ”, while they also talked more about “mRna ”. This also

hows that Chinese vaccines are far less popular on world social me-

ia platforms than vaccines produced in other countries, especially the
9 
nited States, and inactivated vaccines are also less popular than mRna

accines. In addition, we can know whether the virus “variant ” and

hether vaccines can be “effective ”, “free ” and “protect ”, which also

eflects people’s concern about the effectiveness of vaccines against mu-

ated viruses. At the same time, “risk ” and “death ” can also indicate dis-

rust of vaccines. The frequent use of “community, ” “FDA, ” “country, ”

nd “government ” reflects the netizens’ interest in quarantine policies

nd government actions. 

Table 5 shows the 10 topics and keywords derived from the classifi-

ation. 

Topic intensity refers to the proportion of the word frequency cor-

esponding to a topic in the word frequency of all subject words in a

ertain period of time [38] . As shown in Fig. 13 , during the period of

his study, topic 3, 5, 6, 7 and 8 have a high intensity, that is, related

hemes have attracted high attention. 

Of these, topic 5 received the most attention. Based on keywords

uch as “pfizer ”, “patent ”, “protection ”, “shared ”, “provide ”, and some

eveloping countries, we can speculate that it is related to the vaccine

roduction, vaccine assistance and vaccination effectiveness with Pfizer

s the main body. The content related to Pfizer attracted constant atten-

ion, because “Pfizer ” became the keyword with the highest frequency in
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Fig. 11. The perplexity for different number of topics. 

Fig. 12. The cloud map of data high-frequency 

words. 
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t  
opic 5. As one of the first vaccines approved for marketing, Pfizer’s vac-

ine has been concerned because of the controversy of effectiveness and

dverse reactions. While paying attention to the efficacy of vaccines, the

atent and technical issues of vaccine production are also highlighted by

etizens. The production speed, vaccination effect and approval speed

f vaccines also reveal the biological science and technology level of an

nterprise or even a country. This can also reflect that the competition

f science and technology, as one of the contents of the competition

f comprehensive national strength, not only attracts the attention of

eaders of various countries, but also the topic is sinking and widely

oncerned by the masses. But worldwide, the gap between countries in

he level of biotechnology is very wide, and vaccine assistance programs

ave become the focus of widespread concern. Take Pfizer as an exam-
10 
le, this brand of vaccine has also been announced as one of the major

accines that the United States provides to poor countries and regions

n the world, the implementation of this commitment is also a hot topic

f public concern. 

As the first vaccine approved for vaccination, Pfizer has gained high

ttention from netizens. Meanwhile, other brands of vaccines are also

requently mentioned. According to analysis, topic 3 is likely to focus on

harmaceutical companies, mainly “Astrazeneca ” and Chinese vaccine

ompanies. “Effect ” and “supply ” are the main concerns. As a result, Chi-

ese vaccines have been widely compared with those produced in other

ountries since the beginning of the phase-in of vaccination worldwide.

ased on previous research on vaccine sentiment in China, we can guess

hat the public’s attitude towards Chinese vaccines and even Chinese
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Fig. 13. The intensity of each topic. 

Table 5 

The 10 topics and keywords. 

Topic 0 Topic 1 Topic 2 Topic 3 Topic 4 

use may vaccin astrazeneca health 

moderna variant spot effect biden 

fda virus eligibility supply public 

emergency study line pharma access 

expert effective app immunization worker 

safety risk booking register resident 

mrna asap delay China hospital 

trial disease ang shortage president 

company fully plus saturday school 

drug immunity spreading receives bill 

Topic 5 Topic 6 Topic 7 Topic 8 Topic 9 

pfizer amp first get India 

patent johnson vaccination protect new 

protection mass appointment safe news 

biontech deal free via state 

older wto adult doctor case 

Israel manufacturing available vaccinated death 

offer support age getting day 

Kenyan global schedule pandemic update 

protected waiver clinic help report 

shared property eligible need official 
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iotechnology is relatively positive, which also reflects China’s improv-

ng image in the world. This also reflects the necessity of the two sets of

ata selected in this study. 

By analyzing the high-frequency keywords of topic 8, especially

protect ”, “safe ”, “need ”, we can basically determine that this topic is

losely related to the safety and effect of COVID-19 vaccine vaccination,

nd also involves vaccine assistance to a certain extent. Thus, the previ-

usly assumed problem of trust in vaccines does exist, and the possible

angers of vaccination have also been confirmed. But combined with

revious sentiment analysis results and the number of vaccinations, it

as clear that despite concerns about vaccine safety, people could gen-

rally be trusted to agree to be vaccinated. At the same time, the imbal-

nce of vaccine supply around the world is still a concern and relevant

nterprises, and countries should also provide humanitarian assistance

o countries in need. 
11 
Topic 7 is likely to focus on conditions for COVID-19 vaccination.

ecause it talks about eligibility for vaccination such as age, and it talks

bout the price and timing of vaccination. While most countries, includ-

ng China, Japan and Singapore, offer free vaccinations, citizens of some

ountries have to pay for them, even at a high price. Therefore, whether

he vaccine can be given for free may also be the focus of netizens. De-

ending on the type of vaccine, more vaccines on the market require

ultiple doses over a period of time. At the same time, as the virus con-

inues to mutate, more and more people began to get booster shots, and

he group of vaccinations has expanded as the vaccine technology has

atured. Social media platforms are a good way to know when vaccines

ill be administered. 

It can be inferred from the keyword “deal ”, “manufacturing ”, “prop-

rty ”, “WTO ” of topic 6 that the topic is related to economy. This shows

hat in the context of the COVID-19 pandemic, people are concerned

bout economic issues as well as topics directly related to vaccines. The

avaging of the epidemic will inevitably put pressure on the growth of

lobal economy and trade, and further impact on social development

nd stability. We need to understand that the longer the spread and

ontainment of the epidemic is delayed, the more serious the damage

t will do to global economic development and society. So we need to

ork to build trust in vaccines and further influence their willingness

o be vaccinated, and to develop effective vaccines. In addition to the

pidemic prevention and control, timely and effective measures should

e taken to maintain economic development and social stability. 

Topic evolution is the variation rule of a topic term in a time series,

hich can be expressed by the topic intensity in a certain period. Fig. 14

hows the heat changes of the 10 topics mentioned above during the

tudy period. 

As can be seen, topic 5 has been the most popular topic among peo-

le. It can also be concluded that Pfizer is famous for the COVID-19 vac-

ine, although the corresponding sound is good or bad needs further cal-

ulation and judgment. The heat of topic 3 and topic 8 increases with the

rogress of time, which shows that vaccine manufacturers except Pfizer

egin to enter people’s vision and gradually gain attention, which also

eflects the tendency of globalization in people’s vision. Meanwhile, the

afety and efficacy of vaccination have been widely mentioned as clini-

al data and related studies have increased. On the other hand, the topic
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Fig. 14. The heat evolution of various topics. 
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 of vaccine risk and immunity is declining. Combined with Fig. 5 , it can

e inferred that people were concerned about vaccine risk at the begin-

ing, but held a positive attitude. But over time, despite their fluctuating

ttitudes, their feelings about the vaccine shifted to a more stable neu-

ral range. Presumably, to some extent, people had high expectations

or the vaccine’s effectiveness, but the outcome was disappointing. Sim-

larly, topic 7 is on the wane. With the popularization of vaccination

nd the deepening of research on the effect of vaccination, restrictions

n who can be vaccinated are gradually being lifted, which may be the

eason for the decreasing popularity of topic 7. 

It is noteworthy that through the extraction of themes and keywords,

e find that netizens have special online social media expression habits.

irst, abbreviations such as “FDA ”, “EST ”, “ANG ”, “WTO ” are widely

sed. Secondly, internet slang like “ASAP ” has gained popularity. This

lso reflects that network terms aim to express the maximum amount of

nformation in the most effective and direct way, and the principle of

aving effort is the starting point of their formation. 

. Conclusion 

The information dissemination during this epidemic shows the char-

cteristics of multiple subjects of discourse, the interweaving of rational

nd emotional cognition of discourse texts, and the complexity of topic

ontent. How to effectively conduct emotional guidance and dissemi-

ate scientific information on social platforms is very important. Based

n the VADER model, this paper conducts a sentiment analysis and so-

ial network analysis on the online social media platform Twitter. We

ound that people have different sentiments between Chinese vaccine

nd those in other countries. Public sentiment towards COVID-19 vac-

ine may be influenced by the number of new cases and new deaths. At

he same time, through the theme analysis of the LDA model, we also get

he topics that people are widely concerned about in the COVID-19 vac-

ine issue, which also helps us to further understand the focus of public

oncern, Then it can help us to effectively guide the public’s attention

nd emotions in the COVID-19 vaccine issues communication network.

n order to boost public trust in COVID-19 vaccines and further promote

he process of epidemic prevention and control. 
12 
In addition, this article reflects the current situation of the interna-

ional public opinion field under the issue of COVID-19 vaccine, indi-

ating that soft power such as biotechnology is increasingly becoming

n important part of building national image, and concluding that in-

ernational assistance and humanitarianism are the common spiritual

rientation of mankind. It may also help to further enrich our under-

tanding of current theories on international relations, national image

nd cultural identity. 

However, only studying the content on Twitter may lead to bias, and

he accuracy of the model needs to be optimized. In our future work,

e need to consider mining multilingual online data from more social

etwork platforms, and it is also necessary to improve the accuracy of

entiment analysis model and topic clustering model. 
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