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Abstract
Purpose – The novel Coronavirus (COVID-19) pandemic, which started in late December 2019, has spread
to more than 200 countries. As no vaccine is yet available for this pandemic, government and health agencies
are taking draconian steps to contain it. This pandemic is also trending on social media, particularly on
Twitter. The purpose of this study is to explore and analyze the general public reactions to the COVID-19
outbreak on Twitter.
Design/methodology/approach – This study conducts a thematic analysis of COVID-19 tweets through
VOSviewer to examine people’s reactions related to the COVID-19 outbreak in the world. Moreover, sequential
pattern mining (SPM) techniques are used to ﬁnd frequent words/patterns and their relationship in tweets.
Findings – Seven clusters (themes) were found through VOSviewer: Cluster 1 (green): public sentiments
about COVID-19 in the USA. Cluster 2 (red): public sentiments about COVID-19 in Italy and Iran and a
vaccine, Cluster 3 (purple): public sentiments about doomsday and science credibility. Cluster 4 (blue): public
sentiments about COVID-19 in India. Cluster 5 (yellow): public sentiments about COVID-19’s emergence.
Cluster 6 (light blue): public sentiments about COVID-19 in the Philippines. Cluster 7 (orange): Public
sentiments about COVID-19 US Intelligence Report. The most frequent words/patterns discovered with SPM
were “COVID-19,” “Coronavirus,” “Chinese virus” and the most frequent and high conﬁdence sequential rules
were related to “Coronavirus, testing, lockdown, China and Wuhan.”
Research limitations/implications – The methodology can be used to analyze the opinions/thoughts
of the general public on Twitter and to categorize them accordingly. Moreover, the categories (generated by
VOSviewer) can be correlated with the results obtained with pattern mining techniques.
Social implications – This study has a signiﬁcant socio-economic impact as Twitter offers content
posting and sharing to billions of users worldwide.
Originality/value – According to the authors’ best knowledge, this may be the ﬁrst study to carry out a
thematic analysis of COVID-19 tweets at a glance and mining the tweets with SPM to investigate how people
reacted to the COVID-19 outbreak on Twitter.

Keywords Clusters, VOSviewer, COVID-19, Sequential pattern mining, Tweets
Paper type Research paper
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If one person thinks about something, it becomes an idea. If 1,000 people think the same thing, it
becomes an evolution. If one million people think about the same thing, it becomes a revolution. If
one billion people think about the same thing, it becomes a law [. . .] and this is the power of big
data Shah (2020).

1. Introduction
In the past century, the world has not seen a pandemic having consequences as serious as
those of the novel Coronavirus (COVID-19) pandemic. The panic, fear, uncertainty and
mental stress are prevailing around the globe and the conditions are getting more and more
severe. According to the World Health Organization (WHO)’s latest report (World Health
Organization (WHO), 2020), more than 7.05 million people have been infected by the COVID19, there are approximately 743,000 severe cases and 400,000 deaths. Moreover, this disease
has spread to more than 200 countries, which is almost every region of the world. At the
time of writing this paper, the most affected regions are the USA, Europe and Asia. Based on
this assessment, the WHO has indicated that the risk level of this pandemic as very high.
Twitter has been used in the past as a prominent research tool for public health
management (Breland et al., 2017; Sinnenberg et al., 2017). Prior studies highlighted the
major role that Twitter can play in evaluating the public’s opinion on pandemic virus
outbreaks. For instance, Twitter was used to study the MERS-CoV virus outbreak in Saudi
Arabia (Zarrad et al., 2014), that of the Ebola virus (Kim et al., 2015; Fung et al., 2016),
dengue virus in Pakistan (Kraemer et al., 2018) and the global reaction to the Zika virus (Fu
et al., 2016; Bragazzi et al., 2017). Besides, Twitter was used as an effective platform for
knowledge sharing during the Zika virus outbreak affecting pregnant women from 2015 to
2016 (Lehnert et al., 2017), to examine protective behaviors and risk perception of the Zika
virus (Chan et al., 2018) and to debunk and propagate conspiracy theories during the Zika
outbreak (Wood, 2018). Moreover, the role of social media in polio prevention in India was
evaluated (Kumar et al., 2018). The above studies motivate us to analyze people’s reactions
to the COVID-19 outbreak worldwide, on Twitter.
Some of the key features of Twitter are that it is widely used to obtain real-time messages
that can capture trends in epidemics and other events, as well as serve as a means for
information collection and knowledge dissemination (Khan et al., 2010). Twitter is known as
an effective transmission medium for information and public health news which has been
evident, for example, by its usage for tracking levels of disease activity and public concerns
during the inﬂuenza virus subtype A H1N1 pandemic (Signorini et al., 2011). Twitter
messages can reveal many types of concerns, despite that the number of characters per
message is restricted. Twitter can support surveillance efforts in new and innovative ways
for public health (Henning, 2004). The study of Odlum and Yoon (2015) concluded that an
expanded deﬁnition of public health outbreak surveillance is needed because social media
content can be used to support and enhance existing early warning systems. Ueda et al.
(2017) observed that the number of suicides increased when suicides caused a major
response from Twitter users. On the other hand, there was no signiﬁcant increase in suicide
counts when Twitter users were not very interested in them, even though these deaths were
largely covered by traditional media. In some other recent studies, Wang et al. (2015, 2019)
demonstrated that online user text in the form of search queries can help to predict diarrhea
outpatient visits. As highlighted in the above studies, analyzing online text produced by
users and public opinion based on tweets can have a great impact on society.
Based on this observation, a key research question is whether interesting information
could be revealed about public opinion regarding the COVID-19 pandemic by analyzing
tweets collected during the ﬁrst months of the outbreak. To provide an answer to that

question, we use automated data mining techniques as it allows us to analyze large amounts
of data automatically. More precisely, we ﬁrst perform a thematic analysis of people’s
reactions to COVID-19 on Twitter data (tweets) using software named VOSviewer to extract
themes (clusters) based on keyword co-occurrences. Second, to discover frequent sequences
of words appearing in tweets and analyze the relationships and dependencies between these
words, we apply sequential pattern mining (SPM). Note that in this work, the tweets posted
and shared by the general public were collected from COVID-19 related hashtags without
giving importance to any geographic areas. The two main objectives of this study are:
(1) To provide a snapshot of COVID-19 related tweets during the COVID-19 outbreak
to monitor trends about how information is spreading and evaluate public opinion
and attitude toward the pandemic.
(2) To provide baseline data that could support future health communication related
to COVID-19.
Twitter was chosen for this study for the same reasons as in previous studies (Aladwani,
2015; Nawaz et al., 2017; Shahzad et al., 2017):
 it draws more research because of its social impact;
 tweets are indexed by the Google search engine;
 hashtags facilitate data gathering around any event;
 tweets are easy to retrieve as an outbreak, events and news stories are generally
centered around a hashtag;
 the Twitter API for data gathering is easy to use; and
 high tweets posting frequency offers up-to-the-minute analysis for an outbreak.
The rest of the paper is organized as follows. Section 2 describes the methodology used for
data collection from Twitter and an overview of VOSviewer. Section 3 presents the results
obtained using VOSviewer on tweets. Section 4 describes the SPM-based approach to ﬁnd
frequent patterns. Then, Section 5 discusses the results and research implications. Finally,
Section 6 draws a conclusion and presents research directions.
2. Methodology
In this work, we followed the methodology of Yoon et al. (2018) to examine people’s reactions on
Twitter to the COVID-19 outbreak. Yoon et al. (2018) collected 10k tweets containing the keyword
“shoes” from Twitter using Python. After cleaning the tweets, keywords were extracted from the
retrieved data. Then, because there can be some inconsistencies in keyword usage, keywords
were modiﬁed and corrected to obtain a uniﬁed set of terms. The result was 50,456 keywords
that were used to visualize the relationships between keywords, from which only 72 unique
terms were kept, which occur more than 30 times in the data set. Then, by applying the cooccurrence keyword analysis function of VOSViewer, six clusters were identiﬁed:
(1) daily shoes;
(2) shoe brands and features;
(3) shoes for kids and girls;
(4) athletic shoes;
(5) shoes as fashion accessories; and
(6) fashion combinations.
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Inspired by this approach, we also applied VOSviewer on tweets related to COVID-19 and
found related clusters about COVID-19. These clusters provide interesting insights into the
perception of the COVID-19 outbreak by the public.
2.1 Data collection and cleaning
In this study, a tweet collection and cleaning methodology inspired by those of previous
studies (Bragazzi et al., 2017; Mishra et al., 2017; Sinha, 2018) was used. The Twitter API and
Python Tweepy library were used for tweet streaming. To collect relevant tweets, Google
Trends was ﬁrst searched to ﬁnd frequently used Twitter hashtags about the COVID-19
pandemic. Top hashtags and keywords were coronaviruschina, coronavirus2020,
coronavirusoutbreak2020, NCoV-2019, 2019-NCoV, ncov-2019, CoronaVirus2019 and
COVID2019. After establishing a successful connection to Twitter, a stream of real-time
tweets containing the ﬁlter words was received. Data collection was done during random
periods of time every day from the January 23 to the February 7 and from the March 17 to
the March 31. In total, 95,000 tweets were collected in JSON format and saved in a text ﬁle.
After tweet collection, preprocessing was applied to extract meaningful information from
tweets using the Python Natural Language Tool Kit (NLTK 3.5). Tweets were cleaned by
performing the following tasks:
 Stemming- The postﬁx of each word was removed (e.g. “ing” and “tion”).
 Tokenization- The text was divided into tokens. This includes several sub-steps
such as the removal of extra space, pragmatic handling like hapyyyyy as happy,
guddddd as good, etc.
 Stop Word Removal- Moreover, highly frequent words (stop words) were removed
such as prepositions (a, an) and conjunctions (and, between).
After passing through these steps, the cleaned data were saved in a CSV ﬁle. Then, python
Numpy and Pandas libraries were used to extract the top ﬁve countries and languages of
these tweets. The top countries are the USA, India, Philippines, Brazil and Argentina, while
the top languages are English (81,200), Spanish (8,000), Indian (2,000), Thai (1,500), French
(1,000) and Portuguese (1,000). Furthermore, to remove non-English tweets, words corpus
from NLTK python was used on cleaned data to drop non-English Tweets from the CSV ﬁle.
This resulted in a total of 81,200 English language tweets, on which further analysis was
carried out.
2.2 Application of VOSviewer for data mining
In this study, VOSviewer was used to extract clusters from English tweets about
COVID-19. VOSviewer has been extensively used in bibliometric studies to discover
clusters about presumption (Shah et al., 2019, 2020), social media and knowledge
management (Noor et al., 2020a), Twitter (Noor et al., 2020b), Twitter and Health
Promotion (Noor et al., 2020c), Openness and information technology (Vošner et al.,
2017) and the Internet of Things (Dabbagh et al., 2020). However, VOSviewer is
scarcely used as a data mining tool to explore related themes in tweets. Yoon et al.,
2018 used Twitter data in VOSviewer to identify users’ needs and preferences in the
shoes market by conducting keyword frequency and co-occurrence analyzes. They
ﬁrst crawled 10,000 tweets, which were pre-processed further to remove duplicate and
redundant data in tweets. Keywords in the tweets were found and they conducted
keyword frequency and co-occurrence analyzes using R. In last, VOSviewer was used
to visualize the keyword map and they found 6 interesting clusters (themes).

VOSviewer provides distance-based visualizations of text networks and basically creates
a map based on items. In this study, items are the keywords (terms) that occur frequently in
collected tweets. A link provides the connection or relationship between two items (Eck and
Waltman, 2009). Items and links together from a network. Clusters are non-overlapping,
which means that an item can belong to only one cluster. Similarly, some items may not
belong to any cluster. Clusters are labeled with different colors. The assignment of colors is
done automatically by VOSviewer to differentiate clusters.
VOSviewer has the ability to sum-up enormous amounts of information in a single visual
networking map based on the visualization of similarities (VOS) technique (Eck and
Waltman, 2009). VOSviewer offers text mining functionalities for constructing cooccurrence networks of keywords extracted from English-language textual data (Waltman,
van Eck and Noyons, 2010). For this, VOSviewer relies on the Apache OpenNLP toolkit
(http://opennlp.apache.org) to perform part-of-speech tagging (i.e. to identify verbs, nouns,
adjectives, etc). Then, VOSviewer calculates a relevance score for each noun phrase.
Essentially, low scores are assigned to noun phrases if their co-occurrences with other noun
phrases follow a more or less random pattern, while a high relevance score is given to noun
phrases that co-occur mainly with a limited set of other noun phrases. VOSviewer can be
used to visualize a co-occurrence network of these terms (Van Eck and Waltman, 2018) with
high accuracy while removing manual text analysis expectation biases (Al-Barakati and
Daud, 2018). This feature of VOSviewer helped us to mine the most trending tweet stories in
the data set of tweets collected for this study.
3. Results and discussion
In this section, the obtained results with VOSviewer are presented and discussed.
3.1 Thematic analysis of the public reaction to Coronavirus
In this ﬁrst analysis, we aimed at ﬁnding the main themes related to COVID-19 by
studying keyword co-occurrences. Using VOSviewer, we ﬁrst selected the option
“create a map based on text data” to construct a visualization map using the tweet data.
VOSviewer extracted a total of 66,268 keywords from the data set and 63 keywords out
of 51,226 were selected by using a threshold value of 500 minimum number of
occurrences by keyword. The visualization network of these keywords was constructed
and is shown in Figure 1. These 63 keywords provide a network of themes (Figure 1),
where each theme can be interpreted as a speciﬁc type of perception about COVID-19

(Zupic and Cater,
2015). A vertex’s (keyword) size represents its number of occurrences
in the map. The bigger a keyword is, the greater its occurrence count is. By performing
this co-occurrence analysis, seven major clusters were obtained (depicted using
different colors in Figure 1).
3.2 Cluster 1 (Green): public sentiments about Coronavirus in the USA
America, American person, bill, coronavirus relief bill, relief bill, Donald Trump, president,
press conference, relief bill, senate democrat and stock were prominent keywords in this
cluster, as shown in Figure 2.
This cluster shows that in the USA, public sentiments were mostly related to
President Trump’s government and how it handled the pandemic. The presence of the
word “press conference” informs that from mid-March, the US President faced
widespread scrutiny for various aspects of his administration’s response to the economic
and public health crisis triggered by the COVID-19. Various press conferences have been
reported in tweets from President Donald Trump’s side on COVID-19 brieﬁngs. In the
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Figure 1.
Thematic analysis of
COVID-19 tweets
through VOSviewer

Figure 2.
Cluster 1 (green):
Public sentiments
about COVID-19 in
the USA

cluster analysis of tweets, the most viral video was that of the March 19 press conference
in which President Trump referred to COVID-19 as the “Chinese virus.” Afterward,
Twitter users shared a photograph purportedly taken at the event, which appeared to
show that Trump was even ignoring the guidance of his aides to abstain from referring to
COVID-19 as the “Chinese virus.” Some sample tweets from the Donald Trump account
are the following:





The USA will be powerfully supporting those industries, like Airlines and others,
that are particularly affected by the Chinese Virus. We will be stronger than ever
before!
Supporting those industries, like Airlines and others, that are particularly affected
by the Chinese Virus. We will be stronger than ever before!

The presence of “bill” in this cluster is in part because of another largely retweeted story
about COVID-19 in the USA. A woman in the USA said that she was billed $34,927.43 after
being tested and treated for the coronavirus before President Trump signed congressional
measures ensuring free diagnostic testing. Sample tweets are as follow:
 For folks who are interested in seeing what an itemized bill for COVID-19 looks
like – here it is mine: $34,927.23.
 An uninsured COVID-19 patient just got her medical bill: $34,927.43.
The presence of the word “relief bill” in this cluster informed us that the relief bills signed by
Trump’s government have been also under discussion, after being announced from
government ofﬁcial accounts. Some representative tweets of this cluster are:
 If you have a small business or a nonproﬁt, the relief bill passed by Congress offers
major help for you.
 Under the ﬁnancial relief bill signed on Friday, “the average worker who has lost his
or her job will receive 100% of their salary for up to four full months.”

3.3 Cluster 2 (red): public sentiments about Italy, Iran and a Coronavirus vaccine
In this cluster, coronavirus death, coronavirus preventive measure, coronavirus test,
coronavirus update, Iran, Italy, news, supply, testing, trump administration and vaccine were
prominent keywords as shown in Figure 3.
This cluster mainly put forward the theme of a sudden increase in patient number and
death toll due to the COVID-19 and gave an insight into Italy and Iran’s statistics about the
COVID-19. The number of cases started to increase rapidly across the world and it was
shown that the disease can be especially lethal for elders. Many have speculated that is why,
Italy with its aged population, has been hit hard by the virus. However, some good news
emerged from the grim ﬁght against COVID-19 in that country, as a 95-year-old reportedly
fully recovered. This was the most trending tweet regarding Italy. Some sample tweets are:
 Some Good News from a country close to my heart. In total, 95 years, Alma Clara
Corsini is the ﬁrst cured patient of Covid-19 in the province of Modena. Well done to
their medical staff.
 Italy: 4032 (in 4 weeks).
 A person dies from coronavirus every 10 min in Iran
Health communities used Twitter as a platform to inform people about vaccine progresses.
In our data set, a tremendous number of videos and article links were found to share
information regarding vaccine development. Some sample tweets:
 #COVID19 #coronavirus has mutated into two strains. The later strain (L-type)
appears far more serious than the original S-type and is now 62% of circulating
cases. A challenge for vaccine developers.
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Figure 3.
Cluster 2 (red): Public
sentiments about
Italy, Iran and
COVID-19 vaccine









The evidence most strongly supports #2019nCoV is a vaccine strain of coronavirus
either accidentally released from a laboratory or CCP performed clinical studies in
humans. Human trials may make China citizens far more susceptible to ARDS upon
infection.
A #coronavirus vaccine is still many months off and even when produced will only
be good for a single virus strain.
Shanghai and Beijing Scientists say #Coronavirus has mutated into two strains:
S-type is milder, less infectious.
L-type (mutated later) spreads quickly, more aggressive, accounts for 70% of cases.
WHO has announced that the ﬁrst 2 candidates volunteered for COVID19 vaccines
(from USA and China) are undergoing Phase 1 clinical trials, while 42 other
candidates are in the pre-clinical evaluation stage.

The presence of “Trump administration” and “supply” keywords in this group let us know
the drastic conditions of hospitals across the US due to the surge of critically-ill patients as
the coronavirus is spreading. Short supply of masks, beds and ventilators were making it
hard for medics to handle the outbreak. Many members of the medical community
expressed this in the form of tweets. Some sample tweets are as follow:
 Doctors are using the same masks for a week. ICUs are jammed. Ventilators are
already in short supply. The crisis is here. Where is the leadership from
Washington?






Front-line workers at New York City hospitals are struggling: “I’ve been in ICU care
for 15 years, and this is the worst I have ever seen things.”
Police in Quebec’s capital has arrested a COVID-19 patient who deﬁed quarantine
orders.
Quarantine playlist from rolling stone.
Blue skies were seen in China: factory shutdowns due to #coronavirus quarantine
cause a steep drop in carbon emissions. Imagine-If all vehicles were #EVs we could
see amazing improvements globally, lets clean up our #planet! #covid19
#climatechange #zeroemissions.
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3.4 Cluster 3 (purple): public sentiments about doomsday and science credibility
In this cluster, grocery stores, science, ﬁre, self-isolate, Wuhan China and Australia were
prominent keywords as shown in Figure 4.
This cluster opened another interesting trending perception of Twitter’s virtual
communities related to doomsday, doomsday’s preppers and exhibited a cynical opinion
about science. The word “grocery store,” appeared to be quite complicated to draw a huge
concept of doomsday in tweets. With a widespread shutdown of cities and a panicky rush to
buy supplies to make excessive storage of daily life goods. The shortage of toilet papers in
memes and pictures of the empty aisle of supermarkets went viral on Twitter. Some sample
tweets are as follows:
 Coronavirus is bringing a plague of dangerous doomsday predictions.
 As #coronavirus spreads, it fuels another dangerous contagion – doomsday
prophets – that experts seem helpless to stop.
 Be very wary. Use common sense and remain calm in the midst of rampant and
reckless doomsday predictions.
 When #doomsday goes down I think toilet paper will be as important as ammo.
#2012.

Figure 4.
Cluster 3 (purple):
Public sentiments
about doomsday and
science credibility

K

Some tweets also showed that some people who believed that science had failed to protect
mankind and only spirituality could help. In some Twitter virtual communities, it was
expressed that science had failed to stop forest ﬁres in Australia and the spread of COVID19 worldwide. Some sample tweets are as follows:
 Science could not stop the ﬁre spreading in Australia, which killed millions of
animals, now it is unable to stop the coronavirus spreading in China. The solution to
all these disasters is spiritual knowledge.
 Science is not even worth a penny before God. Now see that there is no cure for
coronavirus, no one knows how many such diseases can come in human life, to
avoid this one should follow the constitution of God.
3.5 Cluster 4 (blue): public sentiments about Coronavirus in India
Big sin, coronavirus, eating meat, nomeatnocoronavirus (a hashtag) and deadly disease were
prominent words in this cluster as shown in Figure 5.
This cluster informs us about the sentiments of the Indian public. After conﬁrmation of
the ﬁrst COVID-19 case in the state of Kerala (India), a large public outrage emerged. Most of
the tweets were seen exhibiting a bias related to animal meat consumption using the
hashtag #NoMeatNoCoronaVirus. Furthermore, the spread of coronavirus presumably
from animal meat (bat soup) was against some people’s religious convictions or beliefs due
to them being, for example, vegetarian. Some related tweets are:
 “#NoMeatNoCoronaVirus Stop eating meat China marks the deadliest day as who
declare a global health emergency in the ﬁght against Wuhan coronavirus.”
 “#NoMeatNoCoronaVirus Stop eating meat.”
 “#NoMeatNoCoronaVirus Eating meat causes fatal diseases, so diseases such as
cancer, AIDS, troubles us.”
3.6 Cluster 5 (yellow): public sentiments about Coronavirus emergence
In this cluster, Wuhan, bat, virologist and paper were prominent keywords as shown in
Figure 6.
This cluster provides information about what some people thought were reasons for the
COVID-19 outbreak. For example, an article named “Angiotensin-converting enzyme 2 (ACE2)
proteins of different bat species confers variable susceptibility to SARS-CoV entry” was
retweeted several times (3,200 times with discussion) to promote the theory that COVID-19
could have been engineered by researchers of the Wuhan Institute of Virology. A survey

Figure 5.
Cluster 4 (blue):
Public sentiments
about COVID-19 in
India
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Figure 6.
Cluster 5 (yellow):
Public sentiments
about COVID-19
emergence

conducted on Twitter found that 11.80% of people believed that COVID-19 spread from a
seafood market, while 88.20% believed that it was engineered. Some related tweets are:
 “#Coronavirus may have originated in lab linked to China’s self-prepared program.”
 “#Breaking: 1. Phased progress has been made in the #traceability of the
#coronavirus from #China. From 585 environmental samples from the Huanan
#SeafoodMarket in #Wuhan for the ﬁrst time, 33 samples were detected to contain
#novelcoronavirus #nucleicacids.”
3.7 Cluster 6 (light blue): public sentiments about Coronavirus in the Philippines
In this cluster, ﬁrst death, novel coronavirus, Philippines and second case were prominent
keywords as shown in Figure 7.
This cluster informed us about people’s emotions regarding the ﬁrst death due to COVID-19
in the Philippines. The 44-year-old man was the second conﬁrmed case, a companion of the
woman who was the ﬁrst conﬁrmed case. Both people were from Wuhan, China – the city at
the epicenter of the coronavirus outbreak. A wave of fear was observed through tweets from
the Philippines and neighboring countries. This outbreak shook not only the whole world but
also had an inﬂuence on how some countries managed their borders. For example, the
Philippines temporarily banned non-Filipino travelers arriving from mainland China, Hong
Kong and Macau. Overall, this cluster has shown a sentiment from different corners of the
world toward boycotting travels to or from China. Some tweets are:
 “The country’s ﬁrst death of a patient who tested positive for novel coronavirus, a
44-year-old man who was the partner of the ﬁrst conﬁrmed case in PH.”
 “Hong Kong hospital workers are threatening to strike against coronavirus
outbreak if the government doesn’t close borders with China.”
 “OMG Everyone please stop transiting in Wuhan and even in China! Please take it
seriously.”

K

Figure 7.
Cluster 6 (light blue):
Public sentiments
about COVID-19 in
the Philippines

3.8 Cluster 7 (orange): public sentiments about Coronavirus US intelligence report
In this cluster deadly disease, risk, work and USA intelligence agency were prominent
keywords as shown in Figure 8.
As the number of COVID-19 patients was increasing dramatically in the USA (March 17:
10,000 cases, March 23: more than 50,000, March 26: more than 100,000, March 29: 150,000,
March 31: more than 200,000). This cluster informs us that American agencies warned the
government about the outbreak but no strict precautionary measures were taken. Some
sample tweets are as follow:

Figure 8.
Cluster 7 (orange):
Public sentiments
about COVID-19 US
Intelligence Report







Quite possibly a lot, and for quite a while: As reported in a @washingtonpost last
week (see below) Intelligence agencies “were issuing ominous, classiﬁed warnings
in January and February while President Trump and lawmakers played down the
threat.”
Yes even as late as February the Trump administration wasn’t taking it seriously. I
think Trump and his supporters are banking on mass amnesia that forgets how
long this problem was ignored.
The intelligence reports didn’t predict when the virus might land on US shores or
recommend particular steps that public health ofﬁcials should take, issues outside
the purview of the intelligence agencies. However, they did track the spread of the
virus in China and later in other countries and warned that Chinese ofﬁcials
appeared to be minimizing the severity of the outbreak.

4. Mining frequent patterns in tweets about Coronavirus
In the ﬁeld of data mining, SPM techniques (Fournier-Viger et al., 2017) are often used to ﬁnd
interesting and useful patterns (information) that are hidden in large corpora of sequential
data. In this section, SPM techniques are used to analyze collected tweets for discovering
common words/patterns and hidden relationships between them.
For this analysis, the corpus of collected tweets was converted into a suitable format
to apply SPM techniques on them. Each line in the corpus, called tweets corpus (TC),
represents a tweet, which is basically a sequence of words. In SPM, various measures
are used to investigate the importance and interestingness of sequences in a sequence
database. The most famous one is the Support measure. The Support of a sequence Sa
in the TC is the total number of sequences (S) that contain Sa and is formally deﬁned
as:
supðSaÞ ¼ j fS jSa v S ^ S 2 TCgj
A sequence, S, is a frequent sequence (also called a sequential pattern), iff sup(S)  minsup,
where minsup (minimum support) is a threshold set by the user.
The SPMF data mining library (Fournier-Viger et al., 2016) was used to analyze the TC.
SPMF is an open-source JAVA library that is specialized in pattern mining tasks. It offers
implementations of more than 196 data mining algorithms. It is fast, provides both
command-line and graphical interfaces, and lightweight with no dependencies on other
libraries.
The SPMF implementation of the Apriori algorithm (Agrawal and Srikant, 1994)
was ﬁrst applied to the corpus to reveal frequent sets of words. A particularity of
Apriori is that it does not consider the order of words in tweets. In the context of this
study, Apriori takes a corpus and the minsup threshold as input and returns frequent
sets of words as output. Table 1 lists the most frequent patterns (sets of words)
discovered in the TC by the Apriori algorithm. For a minsup threshold of 10%, Apriori
generated 392 frequent itemsets (frequent sets of words). Note that there are some
frequent terms such as WHO which were not included in this analysis because the
English word “who” also occurred in the corpus alongside the acronym WHO. Most of
the terms found in VOSviewer clusters were found in the frequent words/patterns
identiﬁed by the Apriori algorithm.
Then, we tested some SPM mining algorithms that consider the order of words (unlike
Apriori) on the corpus. Several fast and memory-efﬁcient SPM algorithms have been
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proposed in recent years. The TKS (Top-k Sequential) algorithm ﬁnds the top-k sequential
patterns in sequences (Fournier-Viger et al., 2013), where k is a user-deﬁned parameter that
represents the number of sequential patterns to be discovered by the algorithm. The
parameter k is used in place of the minsup threshold because setting it is more intuitive than
setting and ﬁne-tuning the minsup support. The parameter k puts an upper bound on the
total number of patterns to be discovered by the algorithm. Unlike TKS, the CM-SPAM
algorithm offers the minsup threshold (Fournier-Viger et al., 2014). Results obtained by TKS
and CM-SPAM are listed in Table 2. It is important to point out that Apriori ﬁnds patterns
with high support values, whereas the support values for the same patterns are
comparatively low for TKS and CM-SPAM. This is because this latter consider a strict
ordering between words. Patterns discovered by TKS and CM-SPAM are similar. Moreover,
the total number of patterns explored by TKS depends on the value of k. CM-SPAM
explored many more patterns than TKS and fewer than Apriori. CM-SPAM generated more
frequent patterns than Apriori.
But sequential patterns that appear frequently in a corpus with low conﬁdence are not
useful for decision-making or prediction. Thus, we considered extracting sequential rules, a
type of sequential pattern that is found by considering not only their support but also their
conﬁdence. A sequential rule of form X ) Y indicates a sequential relationship between two
unordered sets of words (X and Y) that appear in the same tweet. The rule r: X ) Y means
that if words in X occur in a tweet, the words of Y will occur afterward in the same tweet.
The conﬁdence and support of a rule r in TC are deﬁned as:
confTC ðrÞ ¼

supTC ðrÞ ¼

jfSjr vS ^ S 2 TCgj
jfSjX v S ^ S 2 TCgj

jfSjr v S ^ S 2 TCgj
jTCj

A rule r is called a frequent sequential rule iff supTC (r)  minsup and r is called a valid
sequential rule if and only if it is frequent and confTC (r)  minconf, where the thresholds
(minsup, minconf [ [0, 1]) are set by the user.
The task of mining sequential rules in a corpus consists of ﬁnding all the valid sequential
rules. For this, the equivalence class-based sequential rule miner (ERMiner) algorithm was
used (Fournier-Viger et al., 2014), as it is one of the most efﬁcient algorithms for this task. To
apply ERMiner, the conﬁdence (misconf) threshold was set to 5%, which means that rules
must have the conﬁdence of at least 5% (a rule X => Y has a conﬁdence of 5% if the set of
words in X is followed by the set of words in Y at least 5% of the times when X appears in a
tweet). For example, the ﬁrst rule in Table 3 shows that 12% of the time, the word is
lockdown followed by a coronavirus.

Frequent words/patterns

Table 1.
Discovered frequent
words with apriori

Covid19
Coronavirus
Testing
Pandemic
Chinese Virus

Support
6,396
9,612
549
773
175

Frequent sets of words
Trump
India
Italy
lockdown
Wuhan Virus

Support
1,166
218
411
281
86

To the best of our knowledge, no published study has used SPM techniques for the
analysis of COVID-19 related tweets. Two recent studies (Mohamadou et al., 2020; Shi
et al., 2020) provided a comprehensive review of how mathematical models and
artiﬁcial intelligence techniques have been used for the forecasting, diagnosis,
detection and prediction of the COVID-19 disease. However, most of the studies
considered COVID-19 medical imaging data (such as computed tomography (CT) and
X-ray). For example, Apostolopoulos and Mpesiana (2020), Butt et al. (2020) and Ozturk
et al. (2020) applied neural networks on CT scans and X-Ray by using supervised
learning techniques such as Support vector machines (SVM), whereas Barstugan et al.
(2020) and Li et al. (2020) applied logistic regression (LR).
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5. Discussion
Overall, a huge socio-economic change has been observed throughout the world due to
COVID-19. The people are affected quite differently depending on their locations and their
business. This study thematic analysis shows that common people have diverse views
about COVID-19 based on religious, socio-economic and cultural backgrounds. Despite
studying only English language tweets, the predominance of Spanish, Portuguese and
French tweets reﬂected panic and pain about the sudden exponential growth of COVID-19 in
European countries. The rise of COVID-19 related Tweets in English, in mid and late March,
indicated that people in the USA were concerned about the shortage of daily use goods, food
and health safety. Doomsday’s preppers were active on Twitter, sending messages about
preparing well for the world’s end. The Government of the USA was active on social media
to calm down common folks by announcing the world’s largest relief package. Furthermore,
the WHO’s used Twitter to publish health guidelines. Therefore, local health agencies and
public health practitioners may also investigate the social and behavioral barriers to
COVID-19 infection control and information.

TKS

Sup

CM-SPAM

Sup

Covid19
Coronavirus
Testing
Pandemic
Chinese virus
Trump
India
Italy
lockdown
Wuhan virus

5,120
6,750
439
533
95
806
146
244
193
25

Covid19
Coronavirus
Testing
Pandemic
Chinese virus
Trump
India
Italy
lockdown
Wuhan virus

5,120
6,750
439
533
95
806
146
244
193
25

Words/patterns
Coronavirus ) lockdown
Chinese ) Virus
Coronavirus ) testing
Originated in ) China, Wuhan
Coronavirus ) COVID-19

SUP

Confidence (%)

15
25
45
23
87

12
8
8
6
5

Table 2.
Discovered frequent
words/patterns with
TKS and CM-SPAM

Table 3.
Discovered
sequential rules
discovered between
words/patterns

K

The interesting question may be raised in the reader’s mind, whether there is any cultural
bias in this study. In terms of data collection, the tweets analyzed in this paper were not
collected based on any geographic boundaries. Thus, the collected tweets represent
various areas around the world. The reason is that the main goal of this study was to
analyze the most retweeted stories related to COVID-19 to evaluate the general public
reaction on Twitter that is not tied to a speciﬁc country. It should be noted that although
cluster names mentioned geographic areas, data collection was not done to target these
areas. The cluster names were given after ﬁnding the clusters by observing that
retweeted stories were more popular in some speciﬁc countries. In future work, it could be
an interesting avenue to collect tweets from speciﬁc countries or areas purposely and
focus on speciﬁc languages to perform a more detailed analysis of the local reaction of
people in these regions.
The origin of COVID-19 was discussed on the Twitter platform, some declaring it as a
bioweapon, while some blaming it on meat. The presence of embedded URL links suggested
that user-generated content remains the preferred direct channel to send COVID-19
information by Twitter users worldwide. Throughout the world, folks were found to blame
their governments for being unable to control the spread of COVID-19. Therefore,
government agencies should focus on providing a trustworthy environment to lessen the
stress on people and reduce uncertainty related to COVID-19. Twitter resonated well with
the public concerns about COVID-19 vaccination. The Lockdown brought a different living
style to people’s life, some sharing sad music lists, women sharing videos and pictures of
household chores and preparing food and most of the tweets expressed people badly
missing their work routines and going out. Furthermore, there was a lot of negativity
associated with COVID-19, but the most retweeted positive story related to COVID-19 was
about climate change. Countries that have been under stringent lockdowns to stop the
spread of the coronavirus have experienced an unintended beneﬁt. The outbreak has, at
least in part, contributed to a noticeable drop in pollution and greenhouse gas emissions in
some countries.
The main theoretical contribution of this study is the application of VOSviewer for the
thematic analysis of tweets related to the new coronavirus (COVID-19) and the application of
SPM to discover in its frequent patterns. In prior studies, VOSviewer and SPM algorithms
have been applied separately but in this study, we have applied both techniques
simultaneously on COVID-19 tweets data. Moreover, VOSviewer has been extensively used
in bibliometric analyzes, but not to explore related themes from original tweets as a data
mining tool except by Yoon et al. (2018), according to our best knowledge. Yoon et al. (2018)
analyzed electronic word-of-mouth from 10,000 tweets related to shoe characteristics and
found six clusters based on keyword co-occurrence analysis. Similarly, we applied
VOSviewer on English tweets related to the coronavirus (COVID-19) and found seven
clusters related to the public reaction to COVID-19. By applying SPM algorithms, we found
some interesting word patterns. However, ﬁnding frequent patterns and sequential rules
with SPM has some limitations.
First, SPM is an enumeration problem where the aim is to ﬁnd all the frequent
subsequences in the corpus. A sequence containing n items (keywords in this work) in a
corpus can have up to 2n – 1 distinct subsequences. For example, if a tweet contains 8
keywords, then there are 28 – 1 = 255 possible sub-tweets. This means that the size of
the search space (that is the total number of possible sub-tweets) is very large even if
there are few tweets in the corpus. In fact, the overall size of the search space also
depends on how similar the tweets are in the corpus and on whether the k and minsup
values are low or high. Second, the presence of redundant keywords (such as if, then, is,

the and of) have a direct effect on discovered frequent patterns and sequential rules. For
example, unimportant frequent words such as “the,” “of” “in the,” “there is,” “they do
not care” have high support (for some in thousands). The sequential rules between such
frequent words have higher conﬁdence than those of important frequent sets of words.
This was also evident with preliminary obtained results obtained in this study, which
indicated that the total number of keywords in each tweet has a direct correlation with
the efﬁciency of SPM algorithms.
The emergence and origin of COVID-19 have received diverse opinions on Twitter.
Obtained results and discussion related to this controversial topic in this study is not
the author’s own point of view. Rather it is the opinion of the general public that was
evaluated from tweets with VOSviewer and SPM techniques. It is also important to
mention here that this study used very time-speciﬁc tweets that were collected within
two months of the COVID-19 outbreak. This data is corrected enough to support an
initial perception of the general public about the COVID-19. We anticipate that results
might have been different if more tweets were included in the data set. Moreover, due to
the time sensitiveness of tweets, people’s perception might change with the passage of
time. Thus, their reaction and opinions should be interpreted with caution.
6. Conclusion, limitations and future direction
This study has shown that Twitter can be used to gain interesting insights into the general
public opinion about the COVID-19 outbreak. It was observed that several users were
sending tweets to seek information related to COVID-19. Moreover, several interesting
perspectives were detected in tweets such as opinions about the high cost of COVID-19
treatments, societal changes, the recovery of a 90 years old woman and doomsday. Tweets
by the WHO have also shown a quick and organized public health response to create
awareness about COVID-19. The clustering done in this study provided data that could be
used to support and enhance existing early warning systems and for further research in
academia related to COVID-19.
This study is time-sensitive i.e. tweets were collected in February-March 2020 but are
valid enough to perform thematic analysis of the public reaction to COVID-19. Seven
clusters (themes) emerged from the keyword co-occurrence analysis of tweets using
VOSviewer, which highlighted the current conditions of COVID-19. Moreover, frequent
patterns of words were discovered from tweets using SPM techniques. We found that
keywords in tweets through which VOSviewer generated clusters were in fact frequent
patterns obtained by SPM, which means that results of VOSviewer and SPM correlated with
each other.
There are several directions for future work. First, other researchers may analyze
the Twitter data with VOSviewer and SPM on a larger data set that contains millions of
tweets. We anticipate that results may be slightly different on a bigger data set, which
may reveal additional insights. Second, only Twitter data was used in this study. It
would be interesting to extract and analyze data from other online platforms (such as
Google Trend, Google News, Facebook and YouTube) to evaluate the correlation with
information found in tweets to see if the results of this study are consistent with those
for other online platforms. Third, other pattern mining techniques could be applied
such as high utility itemset mining (Fournier-Viger et al., 2019), where the focus is to
ﬁnd patterns that have high importance based on individual weights assigned to each
word.
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