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Abstract

Background: Vaccines are promising tools to control the spread of COVID-19. An effective vaccination campaign requires
government policies and community engagement, sharing experiences for social support, and voicing concerns about vaccine
safety and efficiency. The increasing use of online social platforms allows us to trace large-scale communication and infer public
opinion in real time.

Objective: This study aimed to identify the main themes in COVID-19 vaccine-related discussions on Twitter in Japan and
track how the popularity of the tweeted themes evolved during the vaccination campaign. Furthermore, we aimed to understand
the impact of critical social events on the popularity of the themes.

Methods: We collected more than 100 million vaccine-related tweets written in Japanese and posted by 8 million users
(approximately 6.4% of the Japanese population) from January 1 to October 31, 2021. We used Latent Dirichlet Allocation to
perform automated topic modeling of tweet text during the vaccination campaign. In addition, we performed an interrupted time
series regression analysis to evaluate the impact of 4 critical social events on public opinion.

Results: We identified 15 topics grouped into the following 4 themes: (1) personal issue, (2) breaking news, (3) politics, and
(4) conspiracy and humor. The evolution of the popularity of themes revealed a shift in public opinion, with initial sharing of
attention over personal issues (individual aspect), collecting information from news (knowledge acquisition), and government
criticism to focusing on personal issues. Our analysis showed that the Tokyo Olympic Games affected public opinion more than
other critical events but not the course of vaccination. Public opinion about politics was significantly affected by various social
events, positively shifting attention in the early stages of the vaccination campaign and negatively shifting attention later.

Conclusions: This study showed a striking shift in public interest in Japan, with users splitting their attention over various
themes early in the vaccination campaign and then focusing only on personal issues, as trust in vaccines and policies increased.
An interrupted time series regression analysis showed that the vaccination rollout to the general population (under 65 years)
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increased the popularity of tweets about practical advice and personal vaccination experience, and the Tokyo Olympic Games
disrupted public opinion but not the course of the vaccination campaign. The methodology developed here allowed us to monitor
the evolution of public opinion and evaluate the impact of social events on public opinion, using large-scale Twitter data.

(J Med Internet Res 2022;24(12):e41928) doi: 10.2196/41928
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Introduction

Vaccination is an effective mechanism to reduce the numbers
of hospitalizations and deaths associated with the emergent
coronavirus disease (COVID-19). With the advent of efficient
vaccines after the first wave of the COVID-19 pandemic, public
health efforts moved to strategies to cost-effectively immunize
the population to increase survival and resume economic
activity. Dose availability and uptake rates are fundamental to
reaching sufficient vaccination coverage, but those numbers
vary across countries in the current pandemic. One particular
concern was the hesitancy regarding the safety and effectiveness
of COVID-19 vaccines [1], which affected individuals’
willingness to get vaccinated in not only low- and
middle-income countries [2,3], but also high-income countries
[4-7]. Japan stood out among developed economies as having
one of the lowest vaccine confidence levels in the population
[8]. This resulted from safety concerns about the human
papillomavirus (HPV) vaccine that emerged in the early 2010s
as a result of misinformation spread on the adverse effects of
the HPV vaccine [9,10], prompting the Japanese Ministry of
Health, Labour and Welfare to suspend the proactive
recommendation of the HPV vaccine from June 2013 until
November 2021. Such low public confidence delayed the start
of mass vaccination against COVID-19, and Japan was 2 months
behind the United States, China, and European countries, leading
to safety concerns and inquiries regarding the Tokyo Olympic
Games that had already been postponed to August 2021.
Although mass vaccination started late in Japan, the country
achieved high vaccination coverage in a short time and had one
of the highest vaccination rates in the world (ranking 14th
among 229 countries). Japan achieved a full vaccination rate of
72.4% on October 31, 2021 [11], ranking ahead of early
adopters, such as the United Kingdom (67.0%), Germany
(66.2%), and the United States (58.6%).

It is unclear how public opinion affected government policies
that were also influenced by the domestic economic slowdown
and the concerns about the Tokyo Olympic Games. Public
opinion typically reacts to policies and might serve as a
barometer of government strategies. Monitoring public opinion,
however, is challenging. The largest study of vaccination
intention in Japan surveyed 30,000 participants [7] and found
that a large proportion of the population was unsure (33%) or
unwilling (11%) to receive the COVID-19 vaccine, with side
effects and safety being the main reasons. Classic survey studies
like this are costly, relatively slow, and, with few exceptions
[8], cannot trace changes in public opinion in real time
[2,6,7,12]. Large-scale studies aiming to increase accuracy and

the spatiotemporal resolution of responses require advanced
survey techniques. In recent years, human activity has been
increasingly mediated by digital devices, leaving footprints that
can be exploited to assess the population’s health and opinions
[13-17]. In the context of COVID-19, social media data have
been used to predict the number of new cases (incidence) [18,19]
and to interpret the public perception of the pandemic [20].
Twitter has been particularly useful to monitor public opinion
because users engage and react timely to environmental changes,
for example, reacting to epidemic outbreaks [21,22], expressing
concerns about the disease [23], accepting the pandemic
situation [24], and reacting to vaccination issues [25-27]. Twitter
is widely used in Japan, where more than 60% of people below
40 years old are actively engaged [28]. The pervasiveness of
Twitter provides a unique source of data to monitor the evolution
of public opinion during the various stages of the Japanese
vaccination campaign.

In line with previous studies [25,26], we assumed that Twitter
activity is a barometer of the public perception of COVID-19
vaccination. We thus focused on quantifying the public
perception during the mass vaccination campaign in Japan by
analyzing more than 100 million vaccine-related tweets posted
by over 8 million users (approximately 6.4% of the Japanese
population). The main goal was to understand the dynamics of
public opinion during the vaccination campaign in Japan, which
initially delayed the rollout of vaccines compared with other
high-income countries. We hypothesized that such major social
disruptions would lead the population to focus the debate on a
few topics directly related to their daily experiences, in
particular, their personal experiences with the vaccines. This
debate could potentially generate social support and confidence
to engage more people in the vaccination campaign. To examine
the hypothesis, we identified the main topics on Twitter using
the Latent Dirichlet Allocation (LDA) model [29]. We also
hypothesized that public opinion would timely and semantically
react to critical social events. The reactions would be for not
only the stages of the vaccination campaign, but also major
sports events like the Tokyo Olympic Games taking place during
the vaccine rollout and the 5th COVID-19 wave. To examine
the hypothesis, we quantified the effect of these critical events
on the content of the debates on Twitter, using interrupted time
series analysis [30].

Methods

Data Collection
We downloaded all Japanese tweets with the word “waku-chin”
(vaccine in Japanese) posted between January 1, 2021, and
October 31, 2021. The data set was provided by the NTT DATA
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Corporation [31]. We used data made available by NTT DATA
Corporation to analyze all the vaccination-related tweets. The
Twitter application programming interface (API) has a limit for
the number of tweets that can be downloaded in a month. The
study period was chosen to include a short period before the
launch of the vaccination campaign in Japan (February 17, 2021)
and a short period after the end of the Tokyo Olympic Games
when the full vaccination rate reached 70% of the Japanese
population (October 25, 2021). The data set contained
114,357,691 tweets. We further collected data on the tweet text,
the time stamp (posting time), and whether the tweet was an
original tweet or a retweet. Using data from Our World in Data
[32], we obtained the daily incidence (number of new cases) of
COVID-19 and the full vaccination rate (the percentage of the
population who received the second dose of the COVID-19
vaccine) in Japan [11]. The COVID-19 vaccines available in
Japan were Pfizer, Moderna, AstraZeneca, and Takeda
(Novavax), all of which require 2 doses.

Data Processing
Data processing and analysis were performed using Python
software, version 3.9.7 (Python Software Foundation). We first
extracted the plain text from the remaining tweets and removed
emojis. Afterward, we segmented each text into Japanese words
using the morphological analyzer MeCab [33] and removed
stop words that have little analytic value (eg, “kore,” “sore,”
and “suru” meaning “this,” “it,” and “do,” respectively, in
Japanese). Finally, we changed words to their root forms (eg
“boku” to “watashi” [“I” in Japanese] or “Utta” to “Utsu”
[“inject” in Japanese]). This normalization corresponds to, for
example, “viruses” to “virus” or “went” to “go” in English.

Topic Modeling
The LDA model [29] implemented in the Gensim Python
package [34] was used to identify topics in the Twitter data.
Before the topic modeling analysis, we removed rare words,
that is, words appearing in fewer than 1000 tweets that
corresponded to 0.0004% of the tweets, and the most frequent
words “waku-chin” (vaccine) and “sessyu” (vaccination). In
addition, we identified “bot” tweets by reading typical tweets
in each topic obtained by the LDA model and removed the bot
tweets until the LDA model did not identify artificial topics due
to bots. To determine the number of topics, we calculated the

topic coherence score CV [35], which quantifies the quality of
the topics obtained by the LDA model based on the probability
distribution of the words. The coherence score CV is defined as
a complex function of the joint probability distribution of the
words [35], and a high coherence score indicates that the topics
are highly interpretable for humans, that is, the subject of the
tweets within a topic is likely the same. We adopted the number
of topics with the highest coherence score: K=15 (Multimedia
Appendix 1). Finally, we assigned each tweet to a topic with
the highest posterior probability that was calculated based on
all the words in the tweet.

Interrupted Time Series Regression
We used interrupted time series regression [30] to quantify the
impact of major events (eg, the start of the Olympic games) on
the popularity of a theme in tweets. The statsmodels Python
package [36] was used for this analysis. The theme was defined
based on a subset of keywords (Multimedia Appendix 2), and
the analysis was based on all the tweet data (sample 1: 24
million tweets in Figure 1). We assumed the following
regression model:

Yt = β0 + β1T + β2Xt + β3TXt + ut , (1)

where Yt is the percentage of a theme in tweets at time t (day),
T is the number of days from the start of the observation period
(T=0, which represents 30 days before each event), Xt is a
dummy variable that equals to 0 and 1 before and after the event,
respectively, and ut is the error term. Here, β0 represents the
baseline popularity (in percentage) at T=0, β1 represents the
slope before the event, and β2 and β3 represent the level and
slope change after the event, respectively.

A time series often exhibits autocorrelation, that is, the error
terms are correlated over time, whereas the regression analysis
assumes that the error terms ut are uncorrelated. To evaluate
the confidence intervals of the estimated parameters, we
calculated the Newey-West standard error [37,38], also known
as the heteroskedasticity- and autocorrelation-consistent standard
error, which is robust to the autocorrelation. We also calculated
the Newey-West standard error to evaluate the confidence
intervals of the linear regression analysis.
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Figure 1. Data processing workflow.

Results

Dataset
The original data set contained 114,357,691 vaccine-related
tweets written in Japanese from January 1 to October 31, 2021.
Our analysis is based on 3 samples containing either the original
tweets (24,191,390/114,357,691, 21.2%) or retweets
(75,984,321/114,357,691, 66.4%) that do not contain any
comments (Figure 1). Quoted tweets, that is, retweets with
comments (5,765,735/114,357,691, 5.0%) and mentioned tweets
(8,416,245/114,357,691, 7.4%) were excluded from our analysis
because they were much fewer than the tweets and retweets.
The first sample (Sample 1) contained 24,191,390 tweets posted
by 6,034,435 users and was used to study the evolution of public
opinion, including disruptions due to critical events. A random
sample of the original data (Sample 2, N=1,000,000) was then
used to identify the main topics and themes, and a sample of
all retweets (Sample 3) was used to study the spread of opinions.

Vaccine-Related Tweets
Figure 2A shows the number of vaccine-related tweets per day
during the study period and highlights the following 4 critical
events [39]: (1) the launch of the COVID-19 vaccination
campaign by the Japanese government on February 17, 2021,
focusing initially on essential workers (eg, health care workers);
(2) the start of vaccination of the elderly population (above 65
years old) on April 12, 2021; (3) the start of general public

vaccination on June 21, 2021; and (4) the Tokyo Olympic
Games taking place from July 23 to August 8, 2021. The first
peak occurred on January 21, 2021, when Prime Minister
Yoshihide Suga made a statement that “high coverage of
vaccination is not a precondition for holding the Olympics in
Tokyo” and the Ministry of Health, Labour and Welfare signed
a contract with Pfizer Inc to supply a total of 72 million doses
of its COVID-19 vaccine. Although a spike was observed at
the very start of the vaccination campaign (event 1),
vaccine-related tweets started to increase after event 2, when
the vaccination of nonessential workers began. This coincided
with the outbreak of the 4th wave in Japan (early April 2021;
Figure 2B) and was followed by increased interest during the
peak of infections in the 4th wave (May 13, 2021), when the
online booking of vaccine appointments was launched but
became overwhelmed, leaving many people without a
vaccination slot. There was a sharp relative decrease in tweets
at the start and end of the Olympic Games, followed by the
largest peak on August 26, 2021, when a contamination scandal
(approximately 1.6 million doses of the Moderna vaccine were
discarded) was publicized. This last peak also coincided with
the peak of the 5th wave and was followed by a substantial
decrease in vaccine-related tweets, likely because of the high
vaccination rate in the population (Figure 2). We found a low
to moderate correlation between the number of tweets and the
number of new COVID-19 cases (Spearman rank correlation:
0.322), suggesting that the effect of the pandemic situation on
public opinion was not strong.
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Figure 2. Vaccine-related tweets, vaccination rates, and incidence of COVID-19. (A) The number of vaccine-related tweets per day written in Japanese
(black, left y-axis) and the fraction of the fully vaccinated population in Japan (magenta, right y-axis) between January 1 and October 31, 2021. (B)
Daily incidence of COVID-19 in Japan. The vertical lines indicate 4 main events during the study period: (1) the launch of the COVID-19 vaccination
campaign for essential workers; (2) the launch of vaccination for the elderly population (above 65 years old); (3) the launch of vaccination for the general
population (under 65 years old); and (4) the period of the Tokyo Olympic Games.

Clustering Vaccine-Related Tweets
The ranking of the most used words on vaccine-related tweets
(Sample 2 in Figure 1) revealed that 242,627 (24.3%) of them
explicitly contained the word “COVID-19” (see Multimedia
Appendix 3 for the frequent words). While the prevalence of
specific words in tweets can reveal patterns of popular words,
this measure is unable to unveil hidden semantic relations among
tweets. We thus applied a machine learning methodology, the
LDA model, to a sample of 1,000,000 tweets (100,000 per
month, Sample 2) to automatically identify and classify (ie,
cluster) tweets into meaningful topics. This monthly sampling
was used here to remove the nonstationarity of the tweet activity
given the imbalance in the number of vaccine-related tweets
during the study period. Using LDA, we automatically identified
15 topics from the tweets (solely based on the textual content)
and manually grouped them into the following 4 general themes:
(1) personal issue, (2) breaking news, (3) politics, and (4)
conspiracy and humor. Table 1 shows examples of representative
tweets and the most popular words in each topic. Contributing
terms were manually extracted from the top 30 weighted terms
in the LDA model (Multimedia Appendix 4).

The most popular theme that emerged from the topic analysis
was personal issue (Theme 1; 493,296/989,339 tweets, 49.9%),
and it was formed by 2 topics about personal issues before being
vaccinated, that is, personal view on vaccination and personal
schedule of vaccination, and 4 topics about personal experiences
after being vaccinated, that is, 1 topic about live reporting on
the vaccination experience (eg, waiting room or to/from the
vaccination center) and 3 topics about individual vaccination

experiences including (1) complaints about discomfort, and side
effects and personal life after vaccination; (2) reporting body
temperature after taking the vaccine; and (3) advice to overcome
side effects (Table 1).

The second most popular theme was breaking news (Theme 2;
210,550/989,339 tweets, 21.3%), and it included 2 topics about
news on COVID-19 vaccines, such as vaccine development and
approval, and vaccine effectiveness. The first topic included
tweets about the development of Moderna, AstraZeneca, and
Pfizer vaccines (clinical trials and government approvals) in
Japan and other countries. The second topic was about the
effectiveness of vaccines and contained information about
mRNA vaccines, the effectiveness of vaccines against new
variants, and serious side effects (eg, thrombus) of the
AstraZeneca vaccine. The last topic was about booking an
appointment for vaccination, in particular, about availability
and whether users could successfully book a timeslot (Table 1).

Politics was the third most popular theme (Theme 3;
169,663/989,339 tweets, 17.1%), with 3 topics. The first topic
was related to opinions on the government. For instance, users
complained that the vaccination schedule in Japan was behind
other countries and disagreed on holding the Tokyo Olympic
Games given the low vaccination coverage. Opinions on mass
media, such as complaints about unreliable information from
the media and the attitude of the press inciting unrest, formed
the second topic. Finally, the vaccination policy, including
casual chats, for example, tweets mentioning the assignment of
Mr Taro Kono (a politician famous among the young population)
as vaccine minister, formed the third topic (Table 1).
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Table 1. Topics identified from vaccine-related tweets before and during the COVID-19 vaccination campaign in Japan.

Representative tweetaTop terms contributing to the topic
model

Tweets (N=989,339),
n (%)

Themes and topics

493,296 (49.9)Theme 1: Personal issue

“I’ll be vaccinated because I want to. If you
don’t want to, you don’t have to. I don’t think I
should tell others to be vaccinated!”

I, think, myself, scary, absolutely,
feeling, alright

170,095 (17.2)Personal view on vaccination

“I’m finally getting the Pfizer COVID-19 vac-
cine tomorrow. I’m so excited.”

tomorrow, today, finish, clinic, ap-
pointment, next week, this week

57,763 (5.8)Personal schedule of vaccination

“I’ve arrived the vaccination venue too early.

I’m waiting and killing time ”

pain, go back, venue, swell, 30
minutes, sleepy, wait

31,952 (3.2)Live reports of before/after vacci-
nation

“I’ve got the second shot. I was fine after the
first shot, but I don’t think I’m fine this time.
Side effect will come sooner or later.”

second time, adverse reaction, first
time, yesterday, side effects, work,
fine, temperature

132,843 (13.4)Journal about vaccination experi-
ence

“The injection was given very quickly and was
not very painful. It has been five hours since the
injection, and I feel a little bit of discomfort in
my left arm...”

pain, arm, injection, left arm, feel,
discomfort

65,490 (6.6)Perception after vaccination

“I’ve got the second shot of vaccine! I need to
buy sports drink when I go home... and most
important of all, food for the cat!”

fever, condition, second day, pre-
pare, lighten, better, helpful

35,153 (3.6)Preparation for vaccination

210,550 (21.3)Theme 2: Breaking news

“Approval by the Ministry of Health, Labour
and Welfare (MHLW) of the only vaccine for
new coronavirus from US pharmaceutical giant
Pfizer.”

Pfizer, Moderna, Ministry of Health,
Labour and Welfare, development,
start, clinical trial, approved

79,247 (8.0)Clinical trial and use authoriza-
tion

“It is reported that mRNA vaccines are effective
against corona #corona #mRNA vaccine #effec-
tive.”

death, effectiveness, mRNA, report,
research, Israel, variant

74,120 (7.5)Effectiveness of vaccination

“The unprecedented scale of Mass vaccination:
What is the preparation status of local municipal-
ities?”

booking, preparation, group, avail-
able, campaign, system, local gov-
ernment

57,183 (5.8)Booking vaccination appoint-
ment

169,663 (17.1)Theme 3: Politics

“To the idiots in the government: if you can in-
oculate corona vaccine to all Japanese citizens,
you can hold Olympic and Paralympic, but if
you can’t, cancel them.”

Japan, measures, country, impossi-
ble, government, declaration of a
state of emergency, Tokyo

95,219 (9.6)Opinion about politics

“The mass media raised fears with coronas, and
now they are raising fears with vaccines. Media
should report the facts unbiasedly instead of
raising fears.”

anxiety, information, news cover-
age, rumor, media, explanation, fact

41,094 (4.2)Opinion about mass media

“It may be better to take a wait-and-see approach
to the vaccination. It could be bad.”

third time, recently, tweet, video,
shit, laugh

33,350 (3.4)Vaccination policy

115,830 (11.7)Theme 4: Conspiracy and humor

“They developed the corona vaccine for the
purpose of the Deep State agenda: global human
enslavement, depopulation and money making!”

population, human being, world,
cause, conspiracy theory, reduction

41,428 (4.2)Population control

“It’s very exciting to be able to connect to 5G
when you are vaccinated!”

children, 5G, freedom, destruction,
discrimination

30,221 (3.1)Effect on the body

“Vac-vac-cine-cine! Vac-vac-cine-cine! Vac-
vac! Cine-cine! Cine-cine vac-vac!”

cine-cine44,181 (4.5)Internet meme

aOriginal tweets are in Japanese.

The least popular theme contained topics related to conspiracy
and humor (Theme 4; 115,830/989,339 tweets, 11.7%). The
first topic was about control of the population, for example, the

conspiracy theory that “the purpose of COVID-19 vaccination
was to reduce the global population,” and the second topic was
about the effects on the body, for example, the theory that

J Med Internet Res 2022 | vol. 24 | iss. 12 | e41928 | p. 6https://www.jmir.org/2022/12/e41928
(page number not for citation purposes)

Kobayashi et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


“COVID-19 vaccines are a ploy to connect people to the 5G
network.” Internet memes formed the third topic, for example,
the popular “Vac-vac-cine-cine” (from “vaccine vaccine”
because a person needs 2 vaccine shots to be fully vaccinated
and because the combination of these words sounds like
“exciting” and “male genitalia” in Japanese) (Table 1).

Evolution of the Popularity of Themes
Previous research has shown that the number of tweets about a
particular topic reflects the users’ attention to that topic [40,41].
We thus estimated the popularity of tweets for each topic
(grouped in 4 major themes; see the previous section) to monitor
temporal changes in the interest of users (Figure 3). Personal
issue (Theme 1) continuously increased, starting at nearly 30%
and increasing to over 70% by the end of the study period.
Breaking news (Theme 2) and politics (Theme 3), on the other
hand, declined steadily from nearly 30% and 25%, respectively,
to around 10%, dropping more significantly after June, when
vaccination became available for people under 65 years old (the
majority of Twitter users). Conspiracy and humor (Theme 4)
also reduced slightly during the period and overall remained
relatively low. We further validated this result by creating a
subset of keywords for each theme (Multimedia Appendix 2)
and then extracting all tweets of each theme from the original
data set (24 million tweets) (Multimedia Appendix 5). The linear
regression analysis (Table 2) showed a statistically significant
increase in the tweets about personal issue (Theme 1) and a
decrease in the other themes, with breaking news (Theme 2)
and politics (Theme 3) decreasing 5 times in comparison to
conspiracy and humor (Theme 4). These trends revealed a shift
in the concerns of Twitter users, who initially shared their
attention over personal issues (individual aspect), collecting
information from the news (knowledge acquisition), and
government decisions (the course of the vaccination campaign)
and then focused mostly on personal issues once the vaccination

campaign was effectively implemented in the general
population.

The evolution of specific topics reflected finer aspects of the
opinion dynamics. The combined topics about personal issues
before being vaccinated (ie, personal view and personal
schedule) increased after May followed by a slight decrease
after August (Figure 4A). This pattern reflected increasing
concerns with vaccination and the Tokyo Olympic Games that
ended in early August. The combined topics about a user’s
experience after being vaccinated (ie, live reports, journal,
perception, and preparation) showed a sharp increase after June,
when the vaccination of the general population began (Figure
4A). Moreover, 17.9% (17,760/99,461) of the tweets belonged
to the topic about personal issues after being vaccinated, even
in January before the vaccination campaign in Japan. This is
because the LDA model assigned a topic based on the words
in a tweet (see Multimedia Appendix 4 for the top 30 terms).

In contrast, the popularity of conspiracy theories (population
control and effect on the body) decreased steadily, indicating
that education built up confidence in the vaccines (Figure 4B).
Opinions on the booking of vaccination appointments peaked
in May, when the booking system was launched. Opinions on
politics peaked in April and then decreased substantially,
reflecting an initial criticism toward the government for the late
implementation of mass vaccination, followed by approval once
the campaign rolled out. Again, we validated these findings by
extracting the corresponding tweets using a subset of keywords
for each topic or aggregated topic (Multimedia Appendix 2)
and confirmed the trends (Multimedia Appendix 6), with a low
prevalence of words related to conspiracy theories
(1,452,528/24,032,297 tweets, 6.0%). This result also confirmed
that the initial concerns about the government and the reliability
of the vaccines became secondary once the vaccination reached
most of the population and personal experiences became
dominant.

Figure 3. Popularity of the study themes. Each line represents the percentage of tweets in each theme (Table 1) over time. The percentage is calculated
monthly from a sample of vaccine-related tweets (1 million tweets: Sample 2).
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Table 2. Linear regression analysis of the popularity time series of the themes extracted by keywords.

ThemeaVariable

Theme 4Theme 3Theme 2Theme 1 

Intercept

8.75b24.0b44.0b25.8bCoefficient

8.22 to 9.2722.2 to 25.841.2 to 46.823.9 to 27.695% CI

Slope

−0.014b−0.070b−0.082b0.142bCoefficient

−0.017 to −0.011−0.078 to −0.061−0.097 to −0.0670.133 to 0.15295% CI

aTheme 1: personal issue; Theme 2: breaking news; Theme 3: politics; and Theme 4: conspiracy and humor.
bStatistically significant change (P<.05).

Figure 4. Popularity of the topics. Each line represents the percentage of tweets over time. (A) Aggregated topics about personal issue before/after
being vaccinated (Theme 1). (B) Topics about booking vaccination appointment (Booking in Theme 2), opinions about politics (Opinions about politics
in Theme 3), and aggregated topics about conspiracy theories, that is, population control and effect on the body (Conspiracy in Theme 4). The percentage
is calculated monthly from a sample of vaccine-related tweets (1 million tweets: Sample 2).

Shift in Interest After Critical Events
Specific events may have social and individual consequences
and may affect public opinion and discussion of different
themes. Four critical events marked the vaccination campaign
in Japan during 2021 (the various stages of the vaccination
campaign and the Tokyo Olympic Games; Figure 2). To test
our hypothesis of critical events on opinion dynamics, we
performed interrupted time series regression [30] to estimate
the changes in the popularity of themes (see the Methods
section). We first calculated the popularity (ie, the percentage
of tweets) of 4 themes defined by subsets of keywords
(Multimedia Appendix 2). The themes were as follows: Theme
1, personal issue; Theme 2, breaking news; Theme 3, politics;
and Theme 4, conspiracy and humor. In this analysis, the level
parameter (β2 in Equation 1) indicates a shift in the relative
attention, whereas the slope parameter (β3 in Equation 1)
indicates a shift in the rate of popularity increase of a given

theme. Table 3 shows that politics (Theme 3) was the theme
most affected by these events. The impact of the general
population vaccination rollout and the Tokyo Olympic Games
on public opinion was larger than that of the other critical events,
and they affected all aspects of public opinion. The vaccination
of health workers positively shifted the popularity of the politics
theme, likely because of increasing expectations of rolling out
mass vaccination. The vaccination of the elderly population
only positively shifted the trend. On the other hand, both the
vaccination of the general population and the Tokyo Olympic
Games negatively shifted the interest in politics, suggesting
relatively fewer concerns with government policies.
Furthermore, the vaccination rollout of the general population
increased the rate of tweets about practical advice and personal
experience. Finally, the start of the Tokyo Olympic Games
caused an increase in interest in personal issues that remained
nearly constant afterward (Figure 5), likely because of the large
vaccination coverage achieved during this period.

J Med Internet Res 2022 | vol. 24 | iss. 12 | e41928 | p. 8https://www.jmir.org/2022/12/e41928
(page number not for citation purposes)

Kobayashi et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 3. Changes in the popularity of the 4 themes at critical events.

ThemeaVariable

Theme 4Theme 3Theme 2Theme 1

Health workers

Level (β2)

−0.146.74b−3.931.21Coefficient

−1.45 to 1.181.27 to 12.2−8.88 to 1.03−4.51 to 6.9395% CI

Slope (β3)

−0.050.54b−0.20−0.01Coefficient

−0.14 to 0.030.30 to 0.80−0.55 to 0.15−0.32 to 0.3195% CI

Elderly population

Level (β2)

−0.985.59b−3.25−0.71Coefficient

−2.11 to 0.151.60 to 9.58−7.79 to 1.28−3.54 to 2.1395% CI

Slope (β3)

0.070.060.13−0.14Coefficient

−0.01 to 0.14−0.15 to 0.27−0.17 to 0.42−0.28 to 0.0195% CI

General population

Level (β2)

−0.510.601.952.17 bCoefficient

−1.33 to 0.30−1.21 to 2.42−0.15 to 4.050.49 to 3.8595% CI

Slope (β3)

−0.06b0.14b0.16b0.17bCoefficient

−0.09 to −0.020.06 to 0.220.06 to 0.260.05 to 0.2995% CI

Olympic Games

Level (β2)

−0.89b−2.17b0.544.57bCoefficient

−1.32 to −0.46−3.19 to −1.15−1.42 to 2.512.80 to 6.3595% CI

Slope (β3)

0.03b0.020.18b−0.27bCoefficient

0.00 to 0.07−0.05 to 0.080.04 to 0.32−0.37 to −0.1795% CI

aTheme 1: personal issue; Theme 2: breaking news; Theme 3: politics; and Theme 4: conspiracy and humor.
bStatistically significant change (P<.05).
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Figure 5. Impact of social events on the popularity of the themes. We applied interrupted time series regression to the popularity time series of each
theme (Theme 1: personal issue; Theme 2: breaking news; Theme 3: politics; and Theme 4: conspiracy and humor). We examined the following 4 major
events during the vaccination period: (A) vaccination start for health workers, (B) vaccination start for older people, (C) vaccination start for the general
population (under 65 years), and (D) start of the Olympic Games in Tokyo.

Spread of Opinions
A tweet is a unidirectional process of sharing information with
the community. Retweeting, on the other hand, is a social
process where users engage and share tweets to spread opinions
on their own social network [42]. The analysis of 75,984,321
retweets by 3,917,181 users (Sample 3) showed a higher
prevalence of retweets about personal issue (Theme 1) and
politics (Theme 3) in comparison to breaking news (Theme 2)
and conspiracy and humor (Theme 4) (Figure 6A). Those
observations aligned with the theory of complex contagion,

since users mostly engaged with tweets (by retweeting) related
to personal experiences and political opinion rather than tweets
sharing hard-to-verify information, such as vaccine reliability
and conspiracy theories, that might have negative consequences
and might affect the credibility of the user retweeting [43].
Similar to the popularity of certain topics, the social process is
also intensified during certain periods (Figure 6B). For instance,
the topic of booking an appointment exhibited a peak in May,
coinciding with the popularity of this topic, whereas the topic
of politics declined after April, when vaccination of the elderly
population started.
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Figure 6. Popularity of retweeted themes or topics. Each line represents the percentage of frequently retweeted tweets (retweeted more than 10 times
in a day) in each theme (A) or topic (B) over time. The topics of Conspiracy represent combined topics of population control and effect on the body.

Discussion

Principal Findings
This study aimed to understand the dynamics of public opinion
during the vaccination campaign in Japan, which initially
delayed the rollout of vaccines compared with other high-income
countries. We leveraged the textual information in tweets and
performed a topic analysis of vaccine-related tweets to identify
15 topics further grouped into the following 4 major themes:
(1) personal issue, (2) breaking news, (3) politics, and (4)
conspiracy and humor, during the vaccination campaign in Japan
(from January 1 to October 31, 2021). We found a striking shift
in public interest, with users splitting their attention over various
themes early in the campaign and then focusing on personal
issues, as trust in vaccines and policies built up with an effective
vaccination campaign. Next, we examined the effect of critical
social events on the popularity of the tweet themes. We found
that the vaccination rollout to the general population (under 65
years old) increased the popularity of tweets about practical
advice and personal vaccination experience. This result implies
that the start of vaccination of the general population was a
critical event for Twitter users (mostly 20-30 years old in Japan).
We also found that the popularity of the themes remained at the
same level during the Olympic Games.

Comparison With Prior Work
Previous studies using social media (Twitter and Reddit) [25-27]
to study public opinions of COVID-19 vaccination in different
countries were limited in sample size and did not cover the
whole vaccination campaign. Therefore, only topics related to
breaking news [25-27] and politics [25] were identified. We
showed, however, that personal issue is a common topic
emerging during critical periods and is fundamental for a
successful mass vaccination campaign, since it bonds people
via social support. Furthermore, our findings are more robust
than the findings of existing studies [25-27] because the main
results (Figure 3 and 4) were confirmed by a robustness analysis
using the whole data set (Multimedia Appendix 5 and
Multimedia Appendix 6). While we could not collect all tweets
via the Twitter API, we could still analyze all vaccination-related

tweets by using comprehensive data from NTT DATA
Corporation.

Furthermore, the interrupted time series regression analysis
showed that the vaccination rollout of the general population
and the Tokyo Olympic Games affected public opinion more
than other critical events. Public opinion on politics was the
most significantly affected debate, positively shifting attention
early in the vaccination campaign and negatively later. In
addition, social dialogue was maintained with tweets about
personal issues mostly retweeted when vaccination reached the
adult population, which is the most active user group on Twitter.

Limitations
There are limitations in our study. First, it was impossible to
avoid sampling bias in the online data set even though we
analyzed all Japanese tweets including the word “waku-chin”
(vaccine in Japanese). We analyzed the tweets posted by 8
million users (approximately 6.4% of the Japanese population),
which is comprehensive and represents the opinion of active
users but might not fully represent the general public.
Nevertheless, Twitter data are representative of the opinion of
the younger generation (20-30 years old) in Japan, which is
supported by a survey [28] reporting that more than 60% of the
population below 40 years old is actively engaged on Twitter.
To minimize potential sampling biases, we resampled the
original data of 6 million users to remove temporal effects.
Unlike standard survey studies, we were unable to collect
sociodemographic information and thus could not stratify the
analysis to age group, location, education, and gender [3,7].
Stratification would help us to assess the extent to which certain
social groups (eg, adults vs elderly) and locations (eg, Tokyo
during the Olympic Games) were affected. Second, the study
population was limited to those using Twitter in Japan. While
this limitation enables us to understand the public opinion of
Japanese Twitter users, the results may not be generalizable to
other countries, such as the United States, China, and European
and African countries. Future work is necessary to compare the
public opinions of users in Japan to those in other countries.
Finally, the inclusion criterion of the keyword “vaccine” may
have captured tweets not relevant to COVID-19, such as those
related to the HPV vaccine or to pet vaccination. To assess this
aspect, we manually reviewed tweets and found that most of
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them were not contaminated by discussions of other types of
vaccines.

We used the LDA model to identify topics from tweets, which
assigns a tweet to a topic based on the words present. However,
a topic might contain several issues. For example, more than
10% of the tweets in January (before the vaccination campaign
in Japan) were classified under the topic “after being
vaccinated.” This is because the terms that contributed to the
topic (eg, “side reaction” and “mask”) were used in January.
Moreover, we applied interrupted time series analysis to examine
the impact of critical social events on popular topics on Twitter.
While the standard interrupted time series analysis [30]
neglected the effect of autocorrelation in the time series, we
incorporated it by calculating the Newey-West standard error
to evaluate the confidence intervals. Notably, the low to
moderate correlation between the number of tweets and the
number of new cases in a day suggests that the pandemic status
might impact the popular topics on Twitter. It would be
interesting to further investigate the effect of the pandemic’s
status on the popular topics on Twitter and incorporate it into
the analysis. Finally, we manually identified bot retweets that
impacted the topics obtained by the LDA model. Bot detection
is a challenging research issue, and there have been only few

attempts to identify bots (eg, Botometer [44]). Although we
applied Botometer to our data set, it was unable to identify the
bots we excluded in this study. Further studies are required to
establish guidelines to identify tweets posted by bot accounts.

Conclusions
We studied the evolution of public opinion regarding COVID-19
vaccination in Japan by analyzing more than 100 million
vaccine-related tweets. We identified the following 4 themes
in the tweets: (1) personal issue, (2) breaking news, (3) politics,
and (4) conspiracy and humor. We found a striking shift in
public interest. Users split their attention over various themes
early in the campaign and then focused on personal issues, as
trust in vaccines built up with an effective vaccination campaign.
An interrupted time series regression analysis showed that the
vaccination rollout to the general population (under 65 years
old) increased the popularity of tweets about practical advice
and personal vaccination experience, and the Tokyo Olympic
Games disrupted public opinion but not the course of the
vaccination campaign. The methodology developed here allowed
us to monitor the evolution of public opinion and evaluate the
impact of social events on public opinion, using large-scale
Twitter data.

Acknowledgments
This research was conducted as part of the “COVID-19 AI & Simulation Project” run by Mitsubishi Research Institute commissioned
by the Cabinet Secretariat. The methodology used in this study was developed through support from the Japan Society for the
Promotion of Science (JSPS) KAKENHI (grant numbers JP18K11560, JP19H0113, JP21H03559, JP21H04571, JP22H03695,
JP22K12285, and JPJSBP120202201), Japan Science and Technology Agency CREST (grant number JP-MJCR1401), Japan
Science and Technology Agency PRESTO (grant number JPMJPR1925), and Japan Agency for Medical Research and Development
(grant number JP21wm0525004).

Authors' Contributions
RK, YT, YN, and TS are co-first authors. RK conceived the study, and RK and LECR designed the study. TH, MT, NY, and MK
collected and preprocessed the data. YN, RK, YT, TS, and TU analyzed the data. RK, YN, and YT created the figures. YT, TS,
YN, and RK created the tables. RK and LECR wrote the manuscript. All authors discussed the results and contributed to finalizing
the manuscript. RK supervised the project.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Dependency of the number of topics on the coherence score.
[PNG File , 69 KB-Multimedia Appendix 1]

Multimedia Appendix 2
List of keywords for the 4 themes and their subthemes.
[DOCX File , 459 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Top 50 used words in vaccine-related tweets: Sample 2 (1 million tweets).
[DOCX File , 227 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Top 30 contributing terms of each topic identified from vaccine-related tweets.

J Med Internet Res 2022 | vol. 24 | iss. 12 | e41928 | p. 12https://www.jmir.org/2022/12/e41928
(page number not for citation purposes)

Kobayashi et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=jmir_v24i12e41928_app1.png&filename=7c675836ccd47992f9a1aee73716ad9f.png
https://jmir.org/api/download?alt_name=jmir_v24i12e41928_app1.png&filename=7c675836ccd47992f9a1aee73716ad9f.png
https://jmir.org/api/download?alt_name=jmir_v24i12e41928_app2.docx&filename=1d8af6045c35e9ed93284b83f8353f11.docx
https://jmir.org/api/download?alt_name=jmir_v24i12e41928_app2.docx&filename=1d8af6045c35e9ed93284b83f8353f11.docx
https://jmir.org/api/download?alt_name=jmir_v24i12e41928_app3.docx&filename=529ca7eacf49a886b2160a04a3fa57a2.docx
https://jmir.org/api/download?alt_name=jmir_v24i12e41928_app3.docx&filename=529ca7eacf49a886b2160a04a3fa57a2.docx
http://www.w3.org/Style/XSL
http://www.renderx.com/


[DOCX File , 838 KB-Multimedia Appendix 4]

Multimedia Appendix 5
Popularity of the themes defined based on the subset of keywords (Multimedia Appendix 2). Each line represents the percentage
of tweets of each theme over time. The percentage was calculated for each month (A) and day (B). Dashed lines in panel (B)
represent the fitted lines obtained by the linear regression.
[PNG File , 386 KB-Multimedia Appendix 5]

Multimedia Appendix 6
Popularity of the subthemes defined based on the subset of keywords (Multimedia Appendix 2). (A) Subthemes related to personal
issue corresponding to Theme 1 (Figure 4A). (B) Subthemes related to reservation, politics, and conspiracy theories corresponding
to Themes 2, 3, and 4, respectively (Figure 4B).
[PNG File , 240 KB-Multimedia Appendix 6]

References

1. Wouters OJ, Shadlen KC, Salcher-Konrad M, Pollard AJ, Larson HJ, Teerawattananon Y, et al. Challenges in ensuring
global access to COVID-19 vaccines: production, affordability, allocation, and deployment. The Lancet 2021
Mar;397(10278):1023-1034. [doi: 10.1016/s0140-6736(21)00306-8]

2. Lazarus JV, Ratzan SC, Palayew A, Gostin LO, Larson HJ, Rabin K, et al. A global survey of potential acceptance of a
COVID-19 vaccine. Nat Med 2021 Feb 20;27(2):225-228 [FREE Full text] [doi: 10.1038/s41591-020-1124-9] [Medline:
33082575]

3. Solís Arce JS, Warren SS, Meriggi NF, Scacco A, McMurry N, Voors M, et al. COVID-19 vaccine acceptance and hesitancy
in low- and middle-income countries. Nat Med 2021 Aug 16;27(8):1385-1394 [FREE Full text] [doi:
10.1038/s41591-021-01454-y] [Medline: 34272499]

4. Dror AA, Eisenbach N, Taiber S, Morozov NG, Mizrachi M, Zigron A, et al. Vaccine hesitancy: the next challenge in the
fight against COVID-19. Eur J Epidemiol 2020 Aug;35(8):775-779 [FREE Full text] [doi: 10.1007/s10654-020-00671-y]
[Medline: 32785815]

5. Fisher KA, Bloomstone SJ, Walder J, Crawford S, Fouayzi H, Mazor KM. Attitudes toward a potential SARS-CoV-2
vaccine: A survey of U.S. adults. Ann Intern Med 2020 Dec 15;173(12):964-973 [FREE Full text] [doi: 10.7326/M20-3569]
[Medline: 32886525]

6. Neumann-Böhme S, Varghese NE, Sabat I, Barros PP, Brouwer W, van Exel J, et al. Once we have it, will we use it? A
European survey on willingness to be vaccinated against COVID-19. Eur J Health Econ 2020 Sep;21(7):977-982 [FREE
Full text] [doi: 10.1007/s10198-020-01208-6] [Medline: 32591957]

7. Nomura S, Eguchi A, Yoneoka D, Kawashima T, Tanoue Y, Murakami M, et al. Reasons for being unsure or unwilling
regarding intention to take COVID-19 vaccine among Japanese people: A large cross-sectional national survey. Lancet
Reg Health West Pac 2021 Sep;14:100223 [FREE Full text] [doi: 10.1016/j.lanwpc.2021.100223] [Medline: 34368797]

8. de Figueiredo A, Simas C, Karafillakis E, Paterson P, Larson HJ. Mapping global trends in vaccine confidence and
investigating barriers to vaccine uptake: a large-scale retrospective temporal modelling study. Lancet 2020 Sep
26;396(10255):898-908 [FREE Full text] [doi: 10.1016/S0140-6736(20)31558-0] [Medline: 32919524]

9. Hanley SJB, Yoshioka E, Ito Y, Kishi R. HPV vaccination crisis in Japan. Lancet 2015 Jun 27;385(9987):2571. [doi:
10.1016/S0140-6736(15)61152-7] [Medline: 26122153]

10. Simms KT, Hanley SJB, Smith MA, Keane A, Canfell K. Impact of HPV vaccine hesitancy on cervical cancer in Japan: a
modelling study. The Lancet Public Health 2020 Apr;5(4):e223-e234 [FREE Full text] [doi: 10.1016/S2468-2667(20)30010-4]
[Medline: 32057317]

11. Mathieu E, Ritchie H, Ortiz-Ospina E, Roser M, Hasell J, Appel C, et al. A global database of COVID-19 vaccinations.
Nat Hum Behav 2021 Jul;5(7):947-953. [doi: 10.1038/s41562-021-01122-8] [Medline: 33972767]

12. Murphy J, Vallières F, Bentall RP, Shevlin M, McBride O, Hartman TK, et al. Psychological characteristics associated
with COVID-19 vaccine hesitancy and resistance in Ireland and the United Kingdom. Nat Commun 2021 Jan 04;12(1):29
[FREE Full text] [doi: 10.1038/s41467-020-20226-9] [Medline: 33397962]

13. Chew C, Eysenbach G. Pandemics in the age of Twitter: content analysis of Tweets during the 2009 H1N1 outbreak. PLoS
One 2010 Nov 29;5(11):e14118 [FREE Full text] [doi: 10.1371/journal.pone.0014118] [Medline: 21124761]

14. Aramaki E, Maskawa S, Morita M. Twitter catches the flu: detecting influenza epidemics using Twitter. In: EMNLP '11:
Proceedings of the Conference on Empirical Methods in Natural Language Processing. 2011 Presented at: Conference on
Empirical Methods in Natural Language Processing; July 27-31, 2011; Edinburgh, United Kingdom p. 1568-1576. [doi:
10.5555/2145432.2145600]

15. Proskurnia J, Grabowicz P, Kobayashi R, Castillo C, Cudré-Mauroux P, Aberer K. Predicting the Success of Online Petitions
Leveraging Multidimensional Time-Series. In: WWW '17: Proceedings of the 26th International Conference on World

J Med Internet Res 2022 | vol. 24 | iss. 12 | e41928 | p. 13https://www.jmir.org/2022/12/e41928
(page number not for citation purposes)

Kobayashi et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=jmir_v24i12e41928_app4.docx&filename=48c33df961e8fd4d47d59e3a28adc2a2.docx
https://jmir.org/api/download?alt_name=jmir_v24i12e41928_app4.docx&filename=48c33df961e8fd4d47d59e3a28adc2a2.docx
https://jmir.org/api/download?alt_name=jmir_v24i12e41928_app5.png&filename=43e72515b2c4da957fd4ff15dbd4a9c2.png
https://jmir.org/api/download?alt_name=jmir_v24i12e41928_app5.png&filename=43e72515b2c4da957fd4ff15dbd4a9c2.png
https://jmir.org/api/download?alt_name=jmir_v24i12e41928_app6.png&filename=af7db13c2bff30d850286795aba69d5e.png
https://jmir.org/api/download?alt_name=jmir_v24i12e41928_app6.png&filename=af7db13c2bff30d850286795aba69d5e.png
http://dx.doi.org/10.1016/s0140-6736(21)00306-8
https://europepmc.org/abstract/MED/33082575
http://dx.doi.org/10.1038/s41591-020-1124-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33082575&dopt=Abstract
https://europepmc.org/abstract/MED/34272499
http://dx.doi.org/10.1038/s41591-021-01454-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34272499&dopt=Abstract
https://europepmc.org/abstract/MED/32785815
http://dx.doi.org/10.1007/s10654-020-00671-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32785815&dopt=Abstract
https://www.acpjournals.org/doi/abs/10.7326/M20-3569?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.7326/M20-3569
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32886525&dopt=Abstract
https://europepmc.org/abstract/MED/32591957
https://europepmc.org/abstract/MED/32591957
http://dx.doi.org/10.1007/s10198-020-01208-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32591957&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2666-6065(21)00132-2
http://dx.doi.org/10.1016/j.lanwpc.2021.100223
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34368797&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0140-6736(20)31558-0
http://dx.doi.org/10.1016/S0140-6736(20)31558-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32919524&dopt=Abstract
http://dx.doi.org/10.1016/S0140-6736(15)61152-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26122153&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2468-2667(20)30010-4
http://dx.doi.org/10.1016/S2468-2667(20)30010-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32057317&dopt=Abstract
http://dx.doi.org/10.1038/s41562-021-01122-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33972767&dopt=Abstract
https://doi.org/10.1038/s41467-020-20226-9
http://dx.doi.org/10.1038/s41467-020-20226-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33397962&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0014118
http://dx.doi.org/10.1371/journal.pone.0014118
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21124761&dopt=Abstract
http://dx.doi.org/10.5555/2145432.2145600
http://www.w3.org/Style/XSL
http://www.renderx.com/


Wide Web. 2017 Presented at: 26th International Conference on World Wide Web; April 3-7, 2017; Perth, Australia p.
755-764. [doi: 10.1145/3038912.3052705]

16. Sinnenberg L, Buttenheim AM, Padrez K, Mancheno C, Ungar L, Merchant RM. Twitter as a tool for health research: A
systematic review. Am J Public Health 2017 Jan;107(1):e1-e8. [doi: 10.2105/AJPH.2016.303512] [Medline: 27854532]

17. Du Z, Wang L, Yang B, Ali ST, Tsang TK, Shan S, et al. Risk for international importations of variant SARS-CoV-2
originating in the United Kingdom. Emerg Infect Dis 2021 May;27(5):1527-1529 [FREE Full text] [doi:
10.3201/eid2705.210050] [Medline: 33760727]

18. O'Leary DE, Storey VC. A Google–Wikipedia–Twitter model as a leading indicator of the numbers of coronavirus deaths.
Intell Sys Acc Fin Mgmt 2020 Sep 28;27(3):151-158. [doi: 10.1002/isaf.1482]

19. Qin L, Sun Q, Wang Y, Wu K, Chen M, Shia B, et al. Prediction of number of cases of 2019 novel coronavirus (COVID-19)
using social media search index. Int J Environ Res Public Health 2020 Mar 31;17(7):2365 [FREE Full text] [doi:
10.3390/ijerph17072365] [Medline: 32244425]

20. Tsao S, Chen H, Tisseverasinghe T, Yang Y, Li L, Butt ZA. What social media told us in the time of COVID-19: a scoping
review. Lancet Digit Health 2021 Mar;3(3):e175-e194 [FREE Full text] [doi: 10.1016/S2589-7500(20)30315-0] [Medline:
33518503]

21. Medford RJ, Saleh SN, Sumarsono A, Perl TM, Lehmann CU. An "infodemic": Leveraging high-volume Twitter data to
understand early public sentiment for the coronavirus disease 2019 outbreak. Open Forum Infect Dis 2020 Jul;7(7):ofaa258
[FREE Full text] [doi: 10.1093/ofid/ofaa258] [Medline: 33117854]

22. Boon-Itt S, Skunkan Y. Public perception of the COVID-19 pandemic on Twitter: Sentiment analysis and topic modeling
study. JMIR Public Health Surveill 2020 Nov 11;6(4):e21978 [FREE Full text] [doi: 10.2196/21978] [Medline: 33108310]

23. Abd-Alrazaq A, Alhuwail D, Househ M, Hamdi M, Shah Z. Top concerns of tweeters during the COVID-19 pandemic:
Infoveillance study. J Med Internet Res 2020 Apr 21;22(4):e19016 [FREE Full text] [doi: 10.2196/19016] [Medline:
32287039]

24. Aiello LM, Quercia D, Zhou K, Constantinides M, Šćepanović S, Joglekar S. How epidemic psychology works on Twitter:
evolution of responses to the COVID-19 pandemic in the U.S. Humanit Soc Sci Commun 2021 Jul 23;8(1):179. [doi:
10.1057/s41599-021-00861-3]

25. Lyu JC, Han EL, Luli GK. COVID-19 vaccine-related discussion on Twitter: Topic modeling and sentiment analysis. J
Med Internet Res 2021 Jun 29;23(6):e24435 [FREE Full text] [doi: 10.2196/24435] [Medline: 34115608]

26. Kwok SWH, Vadde SK, Wang G. Tweet topics and sentiments relating to COVID-19 vaccination among Australian Twitter
users: Machine learning analysis. J Med Internet Res 2021 May 19;23(5):e26953 [FREE Full text] [doi: 10.2196/26953]
[Medline: 33886492]

27. Wu W, Lyu H, Luo J. Characterizing discourse about COVID-19 vaccines: A Reddit version of the pandemic story. Health
Data Science 2021 Aug 27;2021:1-11. [doi: 10.34133/2021/9837856]

28. Survey on Information and Communication Media Usage Time and Behavior in Japan. Japanese Ministry of Internal Affairs
and Communications. 2021. URL: https://www.soumu.go.jp/main_content/000765258.pdf [accessed 2022-08-15]

29. Blei DM, Ng AY, Jordan MI. Latent dirichlet allocation. The Journal of Machine Learning Research 2003;3:993-1022.
[doi: 10.5555/944919.944937]

30. Bernal JL, Cummins S, Gasparrini A. Interrupted time series regression for the evaluation of public health interventions:
a tutorial. Int J Epidemiol 2017 Feb 01;46(1):348-355 [FREE Full text] [doi: 10.1093/ije/dyw098] [Medline: 27283160]

31. NTT DATA Corporation. URL: https://www.nttdata.com [accessed 2022-08-15]
32. Our World in Data. URL: https://ourworldindata.org [accessed 2022-08-15]
33. Mecab: Yet another part-of-speech and morphological analyzer. GitHub. URL: https://github.com/taku910/mecab [accessed

2022-08-15]
34. Rehurek R, Sojka P. Software framework for topic modelling with large corpora. In: Proceedings of the LREC Workshop

on New Challenges for NLP Frameworks. 2010 Presented at: LREC Workshop on New Challenges for NLP Frameworks;
2010; Valletta, Malta p. 46-50. [doi: 10.13140/2.1.2393.1847]

35. Röder M, Both A, Hinneburg A. Exploring the Space of Topic Coherence Measures. In: WSDM '15: Proceedings of the
Eighth ACM International Conference on Web Search and Data Mining. 2015 Presented at: Eighth ACM International
Conference on Web Search and Data Mining; February 2-6, 2015; Shanghai, China p. 399-408. [doi:
10.1145/2684822.2685324]

36. Seabold S, Perktold J. Statsmodels: Econometric and Statistical Modeling with Python. In: Proceedings of the 9th Python
in Science Conference. 2010 Presented at: 9th Python in Science Conference; June 28-July 3, 2010; Austin, Texas p. 92-96.
[doi: 10.25080/majora-92bf1922-011]

37. Newey WK, West KD. A simple, positive semi-definite, heteroskedasticity and autocorrelation consistent covariance matrix.
Econometrica 1987 May;55(3):703. [doi: 10.2307/1913610]

38. Andrews DWK. Heteroskedasticity and autocorrelation consistent covariance matrix estimation. Econometrica 1991
May;59(3):817. [doi: 10.2307/2938229]

39. Yamakuma E. COVID-19 Vaccinations in Japan. The Japan Times. 2021. URL: https://www.japantimes.co.jp/
how-to-coronavirus-vaccinations-japan [accessed 2022-08-15]

J Med Internet Res 2022 | vol. 24 | iss. 12 | e41928 | p. 14https://www.jmir.org/2022/12/e41928
(page number not for citation purposes)

Kobayashi et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1145/3038912.3052705
http://dx.doi.org/10.2105/AJPH.2016.303512
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27854532&dopt=Abstract
https://doi.org/10.3201/eid2705.210050
http://dx.doi.org/10.3201/eid2705.210050
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33760727&dopt=Abstract
http://dx.doi.org/10.1002/isaf.1482
https://www.mdpi.com/resolver?pii=ijerph17072365
http://dx.doi.org/10.3390/ijerph17072365
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32244425&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(20)30315-0
http://dx.doi.org/10.1016/S2589-7500(20)30315-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33518503&dopt=Abstract
https://europepmc.org/abstract/MED/33117854
http://dx.doi.org/10.1093/ofid/ofaa258
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33117854&dopt=Abstract
https://publichealth.jmir.org/2020/4/e21978/
http://dx.doi.org/10.2196/21978
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33108310&dopt=Abstract
https://www.jmir.org/2020/4/e19016/
http://dx.doi.org/10.2196/19016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32287039&dopt=Abstract
http://dx.doi.org/10.1057/s41599-021-00861-3
https://www.jmir.org/2021/6/e24435/
http://dx.doi.org/10.2196/24435
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34115608&dopt=Abstract
https://www.jmir.org/2021/5/e26953/
http://dx.doi.org/10.2196/26953
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33886492&dopt=Abstract
http://dx.doi.org/10.34133/2021/9837856
https://www.soumu.go.jp/main_content/000765258.pdf
http://dx.doi.org/10.5555/944919.944937
https://europepmc.org/abstract/MED/27283160
http://dx.doi.org/10.1093/ije/dyw098
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27283160&dopt=Abstract
https://www.nttdata.com
https://ourworldindata.org
https://github.com/taku910/mecab
http://dx.doi.org/10.13140/2.1.2393.1847
http://dx.doi.org/10.1145/2684822.2685324
http://dx.doi.org/10.25080/majora-92bf1922-011
http://dx.doi.org/10.2307/1913610
http://dx.doi.org/10.2307/2938229
https://www.japantimes.co.jp/how-to-coronavirus-vaccinations-japan
https://www.japantimes.co.jp/how-to-coronavirus-vaccinations-japan
http://www.w3.org/Style/XSL
http://www.renderx.com/


40. Kwak H, Lee C, Park H, Moon S. What is Twitter, a social network or a news media? In: WWW '10: Proceedings of the
19th International Conference on World Wide Web. 2010 Presented at: 19th International Conference on World Wide Web;
April 26-30, 2010; Raleigh, North Carolina p. 591-600. [doi: 10.1145/1772690.1772751]

41. Lehmann J, Gonçalves B, Ramasco J, Cattuto C. Dynamical classes of collective attention in Twitter. In: WWW '12:
Proceedings of the 21st International Conference on World Wide Web. 2012 Presented at: 21st International Conference
on World Wide Web; April 16-20, 2012; Lyon, France p. 251-260. [doi: 10.1145/2187836.2187871]

42. Boyd D, Golder S, Lotan G. Tweet, Tweet, Retweet: Conversational Aspects of Retweeting on Twitter. 2010 Presented at:
43rd Hawaii International Conference on System Sciences; January 05-08, 2010; Honolulu, Hawaii p. 1-10. [doi:
10.1109/hicss.2010.412]

43. State B, Adamic L. The Diffusion of Support in an Online Social Movement: Evidence from the Adoption of Equal-Sign
Profile Pictures. In: CSCW '15: Proceedings of the 18th ACM Conference on Computer Supported Cooperative Work &
Social Computing. 2015 Presented at: 18th ACM Conference on Computer Supported Cooperative Work & Social Computing;
March 14-18, 2015; Vancouver, BC, Canada p. 1741-1750. [doi: 10.1145/2675133.2675290]

44. Sayyadiharikandeh M, Varol O, Yang KC, Flammini A, Menczer F. Detection of Novel Social Bots by Ensembles of
Specialized Classifiers. In: CIKM '20: Proceedings of the 29th ACM International Conference on Information & Knowledge
Management. 2020 Presented at: 29th ACM International Conference on Information & Knowledge Management; October
19-23, 2020; Virtual Event, Ireland p. 2725-2732. [doi: 10.1145/3340531.3412698]

Abbreviations
API: application programming interface
HPV: human papillomavirus
LDA: Latent Dirichlet Allocation

Edited by C Basch, G Eysenbach; submitted 16.08.22; peer-reviewed by Z Butt, T Tsang, H Mondal, SF Tsao; comments to author
07.09.22; revised version received 09.10.22; accepted 24.10.22; published 22.12.22

Please cite as:
Kobayashi R, Takedomi Y, Nakayama Y, Suda T, Uno T, Hashimoto T, Toyoda M, Yoshinaga N, Kitsuregawa M, Rocha LEC
Evolution of Public Opinion on COVID-19 Vaccination in Japan: Large-Scale Twitter Data Analysis
J Med Internet Res 2022;24(12):e41928
URL: https://www.jmir.org/2022/12/e41928
doi: 10.2196/41928
PMID: 36343186

©Ryota Kobayashi, Yuka Takedomi, Yuri Nakayama, Towa Suda, Takeaki Uno, Takako Hashimoto, Masashi Toyoda, Naoki
Yoshinaga, Masaru Kitsuregawa, Luis E C Rocha. Originally published in the Journal of Medical Internet Research
(https://www.jmir.org), 22.12.2022. This is an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete
bibliographic information, a link to the original publication on https://www.jmir.org/, as well as this copyright and license
information must be included.

J Med Internet Res 2022 | vol. 24 | iss. 12 | e41928 | p. 15https://www.jmir.org/2022/12/e41928
(page number not for citation purposes)

Kobayashi et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1145/1772690.1772751
http://dx.doi.org/10.1145/2187836.2187871
http://dx.doi.org/10.1109/hicss.2010.412
http://dx.doi.org/10.1145/2675133.2675290
http://dx.doi.org/10.1145/3340531.3412698
https://www.jmir.org/2022/12/e41928
http://dx.doi.org/10.2196/41928
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36343186&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

