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Aggressive behaviour of anti-vaxxers and their
toxic replies in English and Japanese
Kunihiro Miyazaki 1✉, Takayuki Uchiba2, Kenji Tanaka1 & Kazutoshi Sasahara3✉

The anti-vaccine movement has gained traction in many countries since the COVID-19

pandemic began. However, their aggressive behaviour through replies on Twitter—a form of

directed messaging that can be sent beyond follow-follower relationships—is less under-

stood, and even less is known about the language use differences of this behaviour. We

conducted a comparative study of anti-vaxxers’ aggressive behaviours by analysing a long-

itudinal dataset of COVID-19 tweets in English and Japanese. We found two common fea-

tures across these languages. First, anti-vaxxers most actively transmit targeted messages or

replies to users with different beliefs, especially to neutral accounts, with significantly toxic

and negative language, and these replies are often directed to posts about vaccine operations.

Second, influential users with many followers and verified accounts are more likely to receive

the most toxic replies from the anti-vaxxers. However, pro-vaccine accounts with a few

followers receive highly toxic replies in English, which is different from the Japanese case.

These results provide insights into both language-dependent and independent counter-

measures against anti-vaxxers’ aggressive behaviour.
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Introduction

The COVID-19 pandemic began at the end of December
2019 and spread rapidly worldwide, affecting both the
global economy and health. The pandemic also caused the

overabundance and spread of misinformation related to COVID-
19, such as incorrect treatments, conspiracy theories, and pseu-
doscience about vaccines (Agley and Xiao, 2021), which induced
secondary damage to society. In particular, the vaccine hesitancy
caused by anti-vaccine advocates, or anti-vaxxers, who spread
misinformation and anxiety-provoking information, is an urgent
social problem, as it may delay or hinder the widespread of
vaccination (Burki, 2019) and the achievement of herd immunity
necessary for a post-pandemic world (Fontanet and Cauchemez,
2020). The World Health Organization (WHO) has called such a
flood of mis/disinformation under the pandemic an ‘infodemic’1.
To solve this problem, a scientific understanding of online anti-
vaccine behaviour and effective countermeasures across countries
are required.

Much research has focused on the social media ecology of anti-
vaxxers, or anti-vaccine advocates; their thoughts and claim
contents (Brennen et al., 2020; Kata, 2012); behavioural patterns,
emotions, topics, and positions in the social networks (Germani
and Biller-Andorno, 2021); changes in their attitudes over time
(Mitra et al., 2016); temporal patterns of how fake information
spreads (Gunaratne et al., 2019); and motivations for sharing
misinformation (Apuke and Omar, 2021). Although many
attempts have been made in these directions, we have yet to
understand the most direct messaging form for anti-vaxxers’
beliefs on social media, that is, reply behaviour. Unlike other
forms of messaging behaviours (e.g., posts, shares), replies can be
sent beyond the boundaries of follow-follower relationships,
thereby gaining many impressions2 by being viewed by the targets
and their followers. Especially on vaccine topics, users are often
inside ‘echo chambers’, only seeing beliefs they want to see
(Sasahara et al., 2020), but in reality, a reply can reach anyone
regardless of the follow-follower networks (Choi et al., 2020)3.
Furthermore, most of the existing studies on anti-vaxxers’ beha-
viours have analysed English data, and it is unclear whether the
findings from these studies are valid across different languages.

In this paper, we empirically examine the characteristics of
anti-vaxxers’ reply behaviours in the context of COVID-19
infodemic by analysing a longitudinal dataset of tweets in English
and Japanese (see Data collection). The ratio of replies among all
tweets turned out to be considerably small; nevertheless, the reply
behaviours of anti-vaxxers are indispensable for research because
the recipients can be seriously affected by the negative replies
from an unknown user outside of their follow-follower networks.
We found that in both languages, anti-vaxxers most frequently
sent replies to clusters with different beliefs, especially to neutral
accounts, and the content of their replies was significantly toxic
and emotional. Furthermore, the most-targeted users were con-
spicuous accounts with large numbers of followers, including
accounts related to healthcare or representing scientists, policy-
makers, media figures, or outlets. Based on the findings, we finally
discuss possible countermeasures in multilingual settings, which
can be useful for pro-vaxxers, fact-checkers, and platformers for
creating guidelines and automated systems that detect harmful
content, including mis/disinformation about vaccines.

Methods
Data collection. We continuously used Twitter Search API to
collect a comprehensive dataset of COVID-19-related tweets from
February to December 2020. The query terms for this search
include ‘corona virus’, ‘coronavirus’, ‘COVID19’, ‘2019-nCoV’,
‘SARS-CoV-2’, and ‘wuhanpneumonia’ and their counterparts in

Japanese. We then extracted tweets that contained any of the
following vaccine-related words: ‘vaccine’, ‘vax’, and ‘vaccination’,
and their counterparts in Japanese, and then retained them for
analysis. The resulting volume of English tweets was 8,579,728, of
which 6,879,713 (80.2%) were retweets (RT) and 293,946 (3.43%)
were replies (RP). The number of unique users was 2,799,034. For
Japanese tweets, we obtained 1,952,376 tweets, of which 1,591,410
(81.5%) were RTs, 51,685 (2.64%) were RPs, and the number of
unique users was 576,894. Note that we did not include ‘vaccine’
in the search query for the above-mentioned crawling, because
our focus is on vaccine-related tweets in the context of the
COVID-19 infodemic. Therefore, we first collected the COVID-
19 tweets and then filtered tweets with the above vaccine-related
words, rather than the other way around. At the time of the start
of the search, the WHO had not declared a pandemic and
therefore we did not include ‘pandemic’ in the query term in the
succeeding search for data consistency.

Networks of anti-vaxxers and other groups. We employed the
RT network-based clustering to classify users according to their
vaccine stance. RT network clustering detects users with similar
stances by applying network clustering to an RT network (Con-
over et al., 2011, Fortunato, 2010). We used RT network clustering
in our study for three reasons. First, on the topic of vaccines,
research has illustrated that a network community can be easily
divided by their stance on vaccines and emerges echo chambers
(Cossard et al., 2020; Gunaratne et al., 2019), which led us to
believe that we could get anti-vaccine clusters using this method.
Second, RT network clustering can automatically reveal clusters of
like-minded users without imposing any thresholds for classifi-
cation. Last, it does not present the problem with an arbitrariness
that differentiating pro-vax from anti-vax hashtags does.

To construct the RT network, using all data from February to
December 2020, we created an edge between users with more than
two RTs (including mutual RTs). As a result, the meaning of the
endorsement was more robustly incorporated into the edges
(Garimella et al., 2018). After creating the network, we applied k-
core decomposition (k= 3) to exclude users with only weak
connections to the primary discussions (Alvarez-Hamelin et al.,
2006). Next, the Louvain method was used to cluster anti-vaccine
users and other groups (Blondel et al., 2008). Owing to the
constraints RT ≥ 2 and k-core= 3, the number of users was reduced
to only those participating in the discussion about vaccines.

We found the five clusters by the method mentioned above and
named each cluster by looking at their retweeted texts (see the
word clouds in Fig. 1 and raw texts (SI)) and the representative
accounts that were most retweeted.

Measurement of toxicity. To measure the degree of attack con-
veyed by tweets toward others on Twitter, we employed Google’s
Perspective API4, a popular tool widely used for online abuse and
harassment research (Hua et al., 2020a, b; Wu and Resnick, 2021).
The perspective API allows users to measure the toxicity of a text
in English on a scale from 0 to 1. For measuring the toxicity from
the text in Japanese, we needed to translate it to English, as the
perspective API is only available in English. To this end, we used
the Google Translate translator API5 (Samoilenko et al., 2017).

Measurement of emotions. To evaluate the emotions of replies,
we adopted an approach of counting the words registered in the
sentiment dictionary. For the positive and negative emotions, we
used the LIWC 2015 dictionary (Pennebaker et al., 2015). As for
the level of arousal and valence, we used the dictionary of War-
riner et al. (2013). We counted the number of words per tweet
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with scores above the median for each metric in the dictionary
because the dictionary also contains words with low scores. In
measuring emotions, we translated Japanese tweets into English
using the Google Translate translator API, the same as for mea-
suring toxicity.

Results
Communities related to vaccine discourse. We constructed the
retweet (RT) networks from the COVID-19 tweets to identify
anti-vaxxers and other groups (see Methods). The resulting net-
works are illustrated in Fig. 1a for English and 1c for Japanese.
Figure 1b, d illustrate popular words used in each group.

We found five clusters or groups in English tweets (Fig. 1a).
Although these groups commonly used factual words related to
COVID-19 and vaccines (‘trial’, ‘response’), they also used
different keywords specific to each group (Fig. 1b). One group
paid much attention to the efficacy and the evidence of vaccines
(‘efficacy’, ‘the lancet’), suggesting the Pro-Vax group. Another
group focused on conspiracy theories and criticism of the
government (‘bill’, ‘fauci’6,7), suggesting the Anti-Vax cluster;
especially, a large portion of conspiracies consisted of Bill
Gates, one of the biggest proponents of vaccination8. Another
group that mentioned the topics of Bill Gates’s investment in
vaccines and some political names (‘bill’, ‘billion’, ‘kennedy’,
‘realdonaldtrump’) seemed to be a political right cluster,
whereas the one that contained words for politics and
government (‘trump’, ‘house’) seemed to be a politically left
cluster. In addition, we identified one that contained vaccine
makers, universities, and news media outlets (‘cnn’, ‘oxford’,

‘pfizer’, ‘moderna’) as a neutral cluster. We further confirmed
the above observations by checking each group’s retweeted
accounts and tweets for each group (see Supplementary
Information (SI)). While in most clusters, the popular accounts
included various users, such as politicians, journalists, doctors,
anonymous influencers, and organisations (WHO, the White
House), the neutral cluster was mainly occupied by news media,
such as CNN and Reuters (see SI).

The comparable five clusters with topic structures emerge in
the Japanese dataset (Fig. 1c): the pro- and anti-vaxxers, the
political Left and Right clusters, and the Neutral cluster. Besides
factual words (‘inoculation’, ‘development’), the Pro-Vax group
used words related to the efficacy of vaccinations (‘prevention’,
‘effect’), whereas the Anti-Vax group used words related to
conspiracy theories and criticism of the government (‘gates’,
‘ministry’9). In the political clusters, the Right cluster criticised
China (‘china’), whereas the Left group criticised the govern-
ment (‘ministry’). In addition to Japanese news media, vaccine
makers’ accounts (‘astrazeneca’) and words related to the
possibility of vaccination (‘realisation’, ‘clinical trial’) were
found in the neutral group. Thus, the vaccine information
ecosystems demonstrate striking similarities in English and
Japanese, although they have different vaccine policies and
political backgrounds. This structural and topical resemblance
suggests that vaccination is a common political matter across
countries (Sharun and Dhama, 2021), and was perhaps
weaponised during the COVID-19 infodemic (Broniatowski
et al., 2018; Jamison, 2020). To vaccinate or not is a matter of
intersection between personal freedom and public health policy
(DiResta, 2018). Therefore, the vaccine topic may intensify

Fig. 1 RT network. RT network (a) for English users and the corresponding word clouds (b) and Japanese counterparts (c, d). In a, the number of nodes is
47,135, and the number of edges is 241,370, while in c, the number of nodes is 12,017, and the number of edges is 62,132. Nodes represent users and links
represent retweets, and colours correspond to clusters. The five biggest clusters were found in both networks: in a, Pro-Vax (9.17%), Left (Anti-Trump)
(16.31%), Neutral (24.84%), Anti-Vax (12.23%), and Right (Pro-Trump) (12.18%); in c, Pro-Vax (18.6%), Left (16.02%) Anti-Vax (19.5%), Neutral
(25.42%), and Right (10.86%). In the word clouds b and d, font size corresponds to keyword frequency, and font colour corresponds to their Tf-Idf values
(i.e., word importance). In d, Japanese keywords are translated into English.
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conflicts between groups with different ideologies and beliefs,
which will be further discussed later.

Active reply by anti-vaxxers. After identifying the groups, we
analysed how actively anti-vaxxers targeted other groups using
replies. Figure 2a, c illustrate that both in English and Japanese,
anti-vaxxers were the most active in reply behaviour. Looking at
the reply frequencies in inner-cluster (i.e., replies to the same
cluster) and inter-cluster (i.e., replies to the other clusters)
conditions, we find two similarities in both languages. While
most replies were directed towards the same cluster (inner-
cluster), the Anti-Vax groups sent the largest number of inter-
replies (n.b., the Right cluster is comparable in Japanese). Thus,
anti-vaxxers are supposed to be more enthusiastic about
reaching out to people with other beliefs. In contrast, pro-
vaxxers sent out direct messages to external clusters at a lower
frequency according to the inter-reply rate, although they
should have contributed to disseminating the correct knowledge
about the COVID-19 vaccination.

Reply targets of anti-vaxxers. Next, we examined the main tar-
gets of anti-vaxxers (Fig. 3a, d). Although all the groups were
mainly targeting the Neutral group, the Anti-Vax groups had this
tendency more apparent than others (shaded in red) in both
languages (especially in English). This result is consistent with the
findings of previous research that anti-vaxxers are more entan-
gled with neutral groups than pro-vaxxers and thus, successful in
their reach (Johnson et al., 2020). On the contrary, the rate of
replies from Anti-Vax to Pro-Vax is lower than that of their
opposite counterparts in both languages (shaded in yellow). This
asymmetry in reply frequency suggests that the Anti-Vax group
tends to neglect the Pro-Vax group.

Furthermore, we found that the reply targets have large
numbers of followers, and the median scores of followers of reply
receivers are much larger than those of reply senders (see SI). To
quantify the tendency of replies toward influential accounts, we
calculated the percentage of replies directed to accounts with
more than 10,000 followers (Fig. 3c, f)10. We found that most of
these neutral accounts have numerous followers, and the neutral
accounts that received the most replies from anti-vaxxers were
media and politicians’ accounts. Contrarily, the percentage of

replies from anti-vaxxer to pro-vaxxer groups was considerably
small (shaded in yellow).

Highly toxic replies by anti-vaxxers. To characterise the nature
of anti-vaxxers’ inter-replies (i.e., replies to other groups), we
measured the toxicity of languages used in replies (see Methods)
and tested the differences between inter- and inner-replies in
each group (Fig. 4a, d). We found that the inter-cluster replies
were significantly higher than the inner-cluster replies in both
languages.

The toxicity of the inter-reply is compared between clusters in
Fig. 4b, e. This reveals that the toxicity of the Anti-Vax’s inter-
reply is higher than the other groups, especially significantly
higher than those of the Pro-Vax and Neutral groups in both
English and Japanese11. Next, we examined who was more likely
to receive a highly toxic reply from the Anti-Vax group. Looking
at the toxicity of Anti-Vax’s inter-cluster replies by target (see
SI), it was found that the Anti-Vax’s high toxicity is significantly
directed at the Right cluster in English tweets. Upon scrutinising
the content of the highly toxic replies from Anti-Vax to Right,
we found that most of the replies were among the lines of ‘Don’t
spread the vaccine’. As the Trump administration was in power,
it seems that complaints and requests were made against the
administration with high aggressiveness, even though the Right
cluster was close to the Anti-Vax cluster in the RT network. On
the contrary, in Japanese tweets, most of the toxic replies from
Anti-Vax to Right were about criticism against the administra-
tion party, although they were not concerned with the vaccine
rollout. The toxicity from the Anti-Vax to Right clusters was not
significantly high compared to those of other clusters.

Moreover, we found a positive correlation between toxicity
and the number of followers of the target of Anti-Vax replies
both in English and Japanese. Figure 4c, f illustrate the max
toxicities one received from Anti-Vax users, indicating that
users with many followers are more likely to receive replies with
high toxicity. In English, however, there are a certain number of
accounts with a small number of followers that still receive
highly toxic replies, and if we view them as less tolerant of
toxicity than people with larger followings, they should be
careful about the toxic replies. We cannot find this tendency in
Japanese tweets.

Fig. 2 Tweet and reply activities between clusters. a Reply activities of each cluster in English tweets. Here, TW: tweets. RP: replies. TW includes normal
tweets, RP, and RT. Reply rate (RP/TW) was significantly higher in the Anti-Vax cluster (χ2 test: p < 0.001, illustrated in rad shades); b Ratio of inter-cluster
replies per all replies from each cluster in English tweets; c and d are the Japanese counterparts.
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Finally, we evaluated the emotions of inter-cluster replies.
Compared with the other clusters, replies from the Anti-Vax
cluster contained more negative and fewer valence words in
both English and Japanese, although the less use of positive
words is apparent in English only (Fig. 5). This result is
consistent with the finding that the Anti-Vax users’ replies are
toxic and thus negative.

Discussion
Fragmentation of the vaccine information ecosystems. We have
found topically and structurally distinct clusters in the vaccine
information ecosystems for both English and Japanese tweets.
Such political polarisation and echo chambers have been long
discussed in the literature. It is known that the stronger the
ideology of a group, the more isolated it is on social media
(Bright, 2018). Political ideology (i.e., left-right wing) is a prime
example, and existing research has observed that left and right
groups tend to be divided on social media regardless of country
(Bright, 2018, Ozaydin). In particular, conservatives are known to
form stronger political echo chambers in the U.S. (Adamic and
Glance, 2005; Boutyline and Willer, 2017; Ozaydin and Nishida,
2021). This was also confirmed by the result of this study in that
the Right group was more distant from the Neutral group than
the Left group in English tweets. Besides political topics, it is
known that users with similar stances on vaccination pre-
ferentially interacted with each other (Mønsted and Lehmann,
2022), creating a fragmentation on social media (Cossard et al.,
2020; Gunaratne et al., 2019).

Why do we see similar fragmentation in the vaccine
information ecosystems? Concerning the relationship between
vaccines and politics, studies revealed that conservative factions
are notably correlated with anti-vaccine people and are more
likely to believe vaccine conspiracy theories than liberals
(Featherstone et al., 2019; Jennings et al., 2021; Muric et al.,
2021). This may be because conservatives’ preference for stability
(Boutyline and Willer, 2017) is consistent with the nature of anti-
vaccine groups or because, as some studies have argued
(Broniatowski et al., 2018; Jamison, 2020), conservatives are
weaponizing the vaccine narrative, often with misinformation
and anxiety-provoking statements, for their political gain.
Particularly with regard to vaccines, ‘freedom of choice’ is a

partisan issue rather than medical concerns, such as vaccine side
effects (DiResta, 2018). For example, most conservatives place
particular emphasis on individual freedom of choice in the U.S.
(DiResta, 2018). Thus, the more liberals advance pro-vaccine
policies, the more anti-vaccine stances become a good excuse for
conservatives to denounce liberals, and consequently, anti-
vaxxers gain allies who share their position. The most concern
from these results is that such an echo chamber environment may
cause the acceleration of political polarisation and exacerbate
further social divide in the vaccine information ecosystems.

As mentioned, the vaccine information ecosystems demon-
strate striking similarities in English and Japanese, although they
have different vaccine policies and political backgrounds (Owen
et al., 2020). For example, Japan has less political use of social
media than the U.S. (Owen et al., 2020) and the right-wing has a
xenophobic attitude toward China and South Korea (Fujishiro
et al., 2020) rather than a conservative one (partially confirmed
by this word cloud in this study) in Japan. Despite such
differences, this structural and topical resemblance suggests that
vaccination is a common political matter across countries
(Sharun and Dhama, 2021), especially in the context of the
COVID-19 pandemic.

Aggressive reply behaviours of anti-vaxxers. We have revealed
that the replies of anti-vaxxers are highly active, targeted, and
toxic compared to others’ replies. Consequently, the reply of
anti-vaxxers can work as a targeted attack to influence vaccine
belief and may provoke anxiety about vaccination in other
clusters, because replies can reach beyond a follow-follower
network. These characteristics are common in English and
Japanese, although Western countries and Japan have different
cultures and policies about vaccination. The repeated exposure to
the same belief can affect people’s perception efficiently, in what
is known as the ‘mere exposure effect’ (Bornstein, 1989a), cou-
pled with subliminal techniques often used in propaganda
(Bornstein, 1989b; Bornstein and D’agostino, 1992). Further-
more, because their replies were directed to popular accounts
such as news media, the possibility of being witnessed by users in
other communities would be impactful. This kind of borrowing
of the authority of prominent social media accounts is a typical
strategy for spreading disinformation (Benkler et al., 2018;

Fig. 3 Ratio of targeted clusters and popular accounts in inter-cluster replies. a Ratio of inter-cluster replies by source and target pairs in English; b Ratio
of popular accounts (with the number of followers ≥10,000) in each targeted cluster. c and d are Japanese counterparts of a and b, respectively.
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Watts et al., 2021). Thus, a potential reason the anti-vaxxers
actively send replies to neutral accounts (mostly media accounts)
would be to attempt to propagate anti-vaccine beliefs and
strengthen their influence.

Our study also demonstrated that the inter-cluster replies of
anti-vaxxers conveyed higher toxicity and negative sentiment.
Previous research on effective vaccine narratives has illustrated

that texts with strong emotionality were more likely to leave a
greater impression on receivers than texts with a detailed
description (Betsch et al., 2011). Other researchers have reported
that influential users on social media tend to be individuals who
express negative sentiments (Quercia et al., 2011; Xiao and
Khazaei, 2019). Emotional messages effectively affect users who
just witnessed the message even though they are not directed at

Fig. 4 Toxicity scores. a Median toxicity scores of inner-cluster and inter-cluster replies from each cluster. The Anti-Vax's inter-cluster replies have a
significantly higher toxicity score than its inner-cluster replies. The Left's inner-cluster replies have a significantly higher toxicity score than its inter-cluster
replies. Both have p < 0.001 by Mann–Whitney U-test with Bonferroni correction. b Boxplots represent the toxicity of the inter-cluster replies from each
cluster. Each data point indicates the toxicity of a reply. Each median score is annotated in the boxes. Replies from the Anti-Vax cluster were significantly
more toxic than ones from the Pro-Vax and Neutral clusters in both languages (***p < 0.001 by Mann–Whitney U-test with a Bonferroni correction). c The
maximum toxicities that one received from Anti-Vax users. Each data point in the figure is the users who received the reply. The x-axis is the number of
followers of the users, and the y-axis is the toxicity of the replies received. The correlation coefficients are d: 0.02 (p= 0.601), e: 0.198 (p < 0.001),
h: 0.096 (p= 0.254), and 0.268 (p < 0.005). d, e, and f are Japanese counterparts of a, b, and c, respectively.

Fig. 5 Comparison of emotions of inter-cluster replies. a for English and b for Japanese. The comparison is based on each feature using the
Mann–Whitney U-test with a Bonferroni correction. The direction of the brackets indicates the cluster with the larger amount. ‘ < < < ’: p < 0.001, ‘ < < ’:
p < 0.01, ‘ < ’: p < 0.05.
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them (Grandjean et al., 2005). Considering this evidence, the
toxic attack by the Anti-Vax is a potentially dangerous behaviour
that may increase vaccine hesitancy and put anti-vaccine beliefs
into other groups’ minds.

Given the above characteristics of anti-vaxxers’ replies that are
common across languages, two important implications arise.
First, platformers will be able to take measures to avoid exposing
anti-vaccine discourse to other users. Reply behaviours can jump
over the follow-follower relationships, and thus they can be
exposed to the recipients and the followers of the recipients.
Although reply behaviour cannot be banned due to the freedom
of expression, platformers can consider varying the priority of
displaying replies or adding some delay, especially replies toward
prominent accounts. The reply to prominent accounts is one
place where we can see tweets with different beliefs. If there can
be anti-vaccine-related replies, lowering the priority of displaying
these replies would decrease the possibility of exposing them to
other users.

Second, pro-vaxxers should prepare for toxic and emotional
replies from anti-vaxxers. In the interviews with pro-vax
organisations about their experiences with responding to anti-
vaxxers (Steffens et al., 2019), an interviewee highlighted the
‘need to come across as the responsible, reasonable, calm ones
because of all the people that are reading and not commenting’.
This study also found that anti-vaxxers were negative in their
expressions and tone. Those findings, including ours, should be
shared by social media users and platformers. Although there are
several attempts to fact-check vaccine misinformation12, fact-
checking organisations should make more actionable guidelines
to deal with high toxic replies from anti-vaxxers.

Equipped with countermeasures based on language-dependent
and independent features of anti-vaxxers, such as ours, we can
better guard from the toxic targeted attack by anti-vaxxers both at
individual and platform levels.

Data availability
The tweet IDs used in this study is available at https://github.
com/Mmichio/Aggressive_Behaviour_of_Antivaxxers_public.

Code availability
The code used for analysis is available at https://github.com/
Mmichio/Aggressive_Behaviour_of_Antivaxxers_public. The
open-source software Gephi and Python libraries were used to
compute statistics and produce the figures.
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Notes
1 https://www.who.int/health-topics/infodemic.
2 https://en.wikipedia.org/wiki/Impression_(online_media).
3 Twitter recently added a feature that allows users limit accounts that can reply to
them, but most users still permit free reply access to them. https://techcrunch.com/
2020/08/11/twitter-now-lets-everyone-limit-replies-to-their-tweets/.

4 https://www.perspectiveapi.com/.
5 https://cloud.google.com/translate/.
6 Dr. Fauci (‘fauchi’), the director of the NIAID.
7 National Institute of Allergy and Infectious Diseases https://www.niaid.nih.gov/.
8 https://www.gatesfoundation.org/our-work/programs/global-health/vaccine-
development-and-surveillance.

9 The Ministry of Health, Labor and Welfare of the Japanese government.
10 On Twitter, accounts with followers of more than 10,000 have much influence, and

the number of 10,000 is an official milestone to be recognised as a large account

https://www.cnbc.com/2021/09/01/how-to-use-twitter-super-follows-to-earn-money.
html.

11 On the other hand, we have to note that there were fewer tweets with very high
toxicity overall (e.g., tweets with toxicity scores above 0.7 (Hua et al., 2020a, b) or 0.5
(Gehman et al., 2020)), regardless of the cluster.

12 https://vaccinationdemandobservatory.org/.
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