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Abstract. Background and aim: A previously unseen body of scientific knowledge of varying quality has been
produced during the ongoing COVID-19 pandemic. It has proven extremely difficult to navigate for experts
and laymen alike, giving rise to the so-called “Infodemic”, a breeding ground for misinformation. This has
a potential impact on vaccine hesitancy that must be considered in a situation where efficient vaccination
campaigns are of the greatest importance. We aimed at describing the polarization and volumes of Italian
language tweets in the months before and after the start of the vaccination campaign in Italy. Mezhods: Tweets
were sampled in the October 2020-January 2021 period. The characteristics of the dataset were analyzed after
manual annotation as Anti-Vax, Pro-Vax and Neutral, which allowed for the definition of a polarity score
for each tweet. Results: Based on the annotated tweets, we could identify 29.6% of the 2,538 unique users as
anti-Vax and 12.1% as pro-Vax, with a strong disagreement in annotation in 7.1% of the tweets. We observed
a change in the proportion of retweets to anti-Vax and pro-Vax messages after the start of the vaccination
campaign in Italy. Although the most shared tweets are those of opposite orientation, the most retweeted us-
ers are moderately polarized. Conclusions: The disagreement on the manual classification of tweets highlights
a potential risk for misinterpretation of tweets among the general population. Our study reinforces the need
to focus Public Health’s attention on the new social media with the aim of increasing vaccine confidence,
especially in the context of the current pandemic. (www.actabiomedica.it)
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anti-vax

the public health efforts to curb the spread and effects
of the pandemic by fostering mistrust in health author-

The still ongoing COVID-19 pandemic has been
accompanied by a continuous and overwhelming
stream of information and scientific evidence, which
has proven invaluable in pooling scientific knowledge
and expertise across the globe. This remarkable col-
lective effort has since shown some less benign con-
sequences, well encompassed by the term “Infodemic”
defined by the World Health Organization (WHO)
as an overabundance of information, both online and
offline (1). This overwhelming amount of data of vary-
ing quality and from different sources could endanger

ities. It could also prove harmful to individual health as
it could lead to uncertainty regarding which informa-
tion to trust and rely on and thus potentially leading to
a higher risk of adopting harmful behaviours.

Said uncertainty and difficulty in acquiring reliable
and scientifically sound information have the potential
to exacerbate the phenomenon of Vaccine Hesitancy
(VH) which has been identified as a major public
health concern by WHO in 2019 (2). The WHO Sci-
entific Advisory Group of Experts (SAGE) working
group on VH defined it as a “delay in acceptance or
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refusal of vaccination despite availability of vaccination
services”: this definition not only encompasses utter
opposition to vaccination but the whole spectrum of
negative stances toward it, including reluctant accept-
ance (3). As the efforts to curb the harrowing effects of
the pandemic on healthcare systems and societies heav-
ily rely on efficient mass-vaccination campaigns, VH
is now more than ever an issue that needs to be firmly
addressed. In a recent concise systematic review, only
a narrow majority of survey studies conducted among
the general population stratified by country (29 out of
47 studies, 62%) showed an acceptance of COVID-19
vaccination 270%, (4). Unsatisfactory rates of COVID-
19 vaccine acceptance have been reported in the Middle
East, Russia, Africa, and several European countries,
including Italy (5-9). In many countries, values under
60% have been registered: a figure below the estimated
range of immune individuals (60-75%) needed to halt
the transmission and spread of the virus (10, 11).

In this context, social media represent a rela-
tively new factor at play; with a potential to acceler-
ate the spread of (good and bad) information and to
offer a mean of rapidly selecting what is relevant to
public discourse. If properly managed, this instrument
might prove invaluable in enabling the diffusion of sci-
entifically validated and useful information, but if left
unchecked it shows some detrimental aspects. In fact,
it has been proven to be a fertile environment for mis-
information, with an apparent advantage of unscientific
views over official and scientifically validated informa-
tion (12). This can be inferred by evidence showing how
anti-vaccine tweets have a 4.13-fold chance of being
retweeted if compared to neutral tweets (13); moreo-
ver, a majority (65%) of YouTube videos on the topic
of vaccines have been shown to convey anti-vaccine
messages (14). Information diffusion patterns on these
platforms have also shown an echo chamber effect,
which originates well-segregated communities and
increases polarization (15). Additionally, previous evi-
dence coming from several studies highlighted not only
that VH is fostered by misinformation (16-19), but also
actively weaponized for political purposes (20). Simi-
lar phenomena have been recently observed during the
COVID-19 pandemic(21), when the scientific commu-
nity initially played the role of boundary spanner but
then lost its relevance and became more isolated within
a context of increasing politicisation of the debate.

In addition to these social phenomena, social
media are sensitive to targeted disinformation cam-
paigns that actively spread malware and unsolic-
ited content. The Twitter discourse around vaccines
has been found to be influenced by Twitter bots and
“trolls” (22), the former being artificial entities spread-
ing antivaccine messages, and the latter users actively
promoting discord and eroding public consensus. The
overall picture regarding vaccines on Twitter during
the last ten years before COVID-19 shows an increas-
ing antivaccine user-base with a minimal amount of
inter-communication between communities (23).

As a possible effect of the division about vac-
cines, previous literature observed that the struggle
between pro- and anti-vaccinationists on various social
media (i.e. Twitter, Facebook) leads to an increase in
the number of undecided people that are more likely
to cluster around anti-vaccination movements rather
than official/institutional sources of information (24,
25). This might be one of the reasons behind the steep-
ing increase of VH in the years following the introduc-
tion of social media, thus leading the WHO to label it
as a major Public Health concern (2).

The aim of our work is to characterize a dataset
of tweets in Italian language referred to both vaccines
and vaccination practice in order to provide the sci-
entific community with potentially useful information
about Pro- and AntiVax users on Twitter. Such knowl-
edge on prevalence, diffusion patterns, polarization,
and other characteristics of tweets regarding vaccina-
tion could be helpful in understanding the machinery
behind the successful online communication of scien-
tific messages, and on a more practical side in planning
more targeted and efficient campaigns on social media
aimed at improving vaccine acceptance, especially con-
sidering their growing role in the public debate.

Materials and Methods

An Italian-based dataset of tweets related to
vaccines and vaccination practice was collected from
October 2020 to January 2021 through the continuous
filter streaming endpoint of the Twitter API imple-
mented in the Python’s package Tweepy. Tweets were
downloaded if they contained at least one of the fol-
lowing words within their text: “vaccino”, “vaccini”,
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“vaccinazione” and “vaccinazioni”, which are the Ital-
ian translations of “vaccine(s)” and “vaccination(s)”.
Starting from a collection of 764K original tweets, we
randomly sampled 7,004 tweets to be manually anno-
tated. A characterization was performed by a panel of
MD Public Health Residents and Physics students

into different predefined classes:

“AntiVax” (AV): expressing negative stances
towards vaccines.

- “Neutral” (N): absence of expression of a clear
judgement even if they are related to the topic.

- “ProVax” (PV):
towards the vaccine.

- “OffTopic” (OT): the vaccine-related word or
topic is not dealt with in the right context (e.g.,

expressing positive stances

metaphors or analogies). Tweets considered as
“OffTopic” for at least 1 over 3 annotators were
removed.

In particular, the annotators were asked to consider
as explicitly AntiVax or ProVax only tweets clearly con-
taining an opinion of the author toward the acceptance
of a vaccine. For this reason, messages expressing aver-
sion to or support for pharmaceutical companies and dis-
tribution strategies were asked to be classified as Neutral.

To characterize the polarization between anti-vax
and pro-vax tweets, we can define a polarity score for
each tweet as Tow,n,
Pr= T

wherethesumisoverec = {AntiVax, Neutral, ProVax}
with w, =-1 for AV, 0 for N and +1 for PV tweets, n, is
the number of annotators assigning the tweet to class ¢,
and n = 3 is the total number of annotators. The polarity
score spans from -1 (3/3 annotations as AV) to +1 (3/3
annotations as PV). Based on this score, we can assign
a polarity class to each tweet: AV if P, < —2/3, PV
if P, =2/3 and N otherwise. This method allows to
distinguish between annotations with “weak disagree-
ment”, such as AntiVax-AntiVax-Neutral annotations
by the three evaluators (producing a value of P = —2/3)
and annotations with “strong disagreement”, such as
AntiVax-AntiVax-ProVax annotations (producing a
value of P; = —1/3). Following the definition of polar-
ity class written before, the tweets annotated with
strong disagreement will be classified as Neutral, while
the tweets annotated with weak disagreement will be
classified in accordance with the majority annotation.

We also calculate the polarity score (p,,) for the
Twitter users in the database as the average P, scores
of the tweets they wrote (in the range [—1;1]). The user
is then assigned to a user polarity class, that is AV if
P, < —-1/3,PVif P, = 1/3 and N otherwise.

Finally, following a previously conducted study
in which the volume of tweets and retweets was con-
sidered (26), a stratified analysis for AV, PV, and N
over time was conducted considering the time series
of Tweets volumes. The visual representation of tweet
volumes over time allows for considerations regard-
ing volume peaks and potential events that might have
caused them. The number of retweets to each one of
the annotated tweets was interpreted as a proxy of the
attention received by the tweets and by the polarity
class associated to that tweet. In this sense, when we
refer to AntiVax, Neutral or ProVax retweets, we refer
to the labels of the manually annotated original tweets.

Results

A corpus of 7,004 tweets was manually annotated,
of which 495 tweets (7.0%) were considered as OT by
at least one annotator and consequently removed. The
remaining 6,509 represented the final sample analysed.

In Figure. 1 the percentage of agreement and
disagreement on tweets annotated with at least 2/3
annotations (based on a majority criterion) in the same
class is shown.
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Figure 1. Percent of agreement and disagreement on tweets
annotated with at least 2/3 annotations in the same class. The
100% agreement percentage is 58.0% for AV, 60.8% for Neutral
and 44.7% for PV.
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As we show in Figure 1, N and AV tweets share
a higher percentage of 100% consensus between
annotators (60.8% and 58.0% respectively), while the
agreement on tweets to be considered as PV is lower
(44.7%).

We then classified each tweet using the polarity
classes estimated through the polarity measure P, ,
which considers all tweets containing annotations of
opposite polarity as Neutral, as detailed in Materials
and methods. The class frequencies according to this
method are thus 61.2% for N, 24.1 for AV and 14.7
for PV. Polarity scores and annotation frequencies
within the dataset are listed in Table 1 and visualized
in Figure. 2. Tweets considered as AV by 3/3 anno-
tators were 1,007 (15.5% of the dataset) while 563
(8.7%) by 2/3. On the other hand, 473 (7.3%) and 479
(7.4%) were labelled as PV by 3/3 and 2/3 annotators
respectively.

Furthermore, 190 tweets received an annotation
in each of the three categories (indicated as ANP in
Table 1) and 272 tweets received partly opposite anno-
tations (indicated as AAP or APP), leading to a strong
disagreement in 7.1% of the total number of tweets.
Even if these three groups of tweets, that we chose
to classify as Neutral tweets, are the least represented
categories in Table 2, their abundance is not negligible
and show to some extent the risk of misinterpretation
of the text content of the tweets. In Figure 2, AAP and
APP annotations are represented by the two small-
est spots in the AV-PV plane (light blue and light red

respectively), while ANP annotations are represented

Table 1. Annotation frequencies and polarity scores.

Tweet polarity
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Figure 2. Scatter plot of agreement fraction for each single
tweet. One point represents one tweet, with random noise

added to help visualization. Tweets are coloured according to
their polarity score.

by the smallest grey spot in the centre of the cartesian
plot.

Twitter users

All the tweets analyzed were written by 2,538
unique users, meaning that on average each user wrote
2.6 original tweets. We grouped the users according to
the polarity class defined above (shown in Figure. 3a)
and in Figure 3b we show how many tweets they wrote
in each A N P category.

PV and AV users are mainly concentrated around
the respective axes in Figure 3b, meaning that these

Short name | AntiVax(A) Neutral (N) ProVax (P) Polarity Polarity class Tweets

PPP 0 0 3 1 ProVax 473 (7.3%)
NPP 0 1 2 0.67 ProVax 479 (7.4%)
NNP 0 2 1 0.33 Neutral 841 (12.9%)
NNN 0 3 0 0 Neutral 2143 (32.9%)
APP 1 0 2 0.33 Neutral 106 (1.6%)
ANP 1 1 1 0 Neutral 190 (2.9%)
ANN 1 2 0 -0.33 Neutral 540 (8.3%)
AAP 2 0 1 -0.33 Neutral 166 (2.5%)
AAN 2 1 0 -0.67 AntiVax 563 (8.7%)
AAA 3 0 0 -1 AntiVax 1008 (15.5%)
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Figure 3. a) Percentage of users assigned to each polarity class. b) Scatter plot of tweets count in each polarity class for each single
user. One point represents the number of tweets written by one single user, with a small random noise added to help visualization (i.e.
remove overlap due to discrete values). Users are colored as the polarity class assigned to them.

categories of users tend to write contents within the
same polarity class. Only 4 PV users wrote 1 or 2 AV
tweets, while 16 AV users wrote 1-3 PV tweets, but
this difference is likely to be associated to the different
total amount of AV and PV users and not necessar-
ily to a different user behaviour. The dispersion of N
users is higher, with users who wrote up to 8 AV or PV
tweets and who are generally more represented in the
ProVax-Neutral plane of Figure 3b.

In Figure 4a we show the average number of
retweets done to the annotated tweets, stratified by
polarity score , while in Figure 4b we show the average
number of retweets received per user, stratified by user
polarity score . On the one hand, tweets with extre-
mal polarity values received more attention on average
(Figure. 4a). On the other hand, the most retweeted
users have an absolute value of polarization around
intermediate values both for PV and AV: the peak is
around +0.5 and -0.7 in Figure. 4b.

We also show the weekly time series of the vol-
ume of tweets between October 11, 2020 and January
31,2021 (Figure. 4c) and their retweets (Figure. 4d) in
the same time frame. Volumes are stratified for polarity

classes (AV, PV and N). Peak volume was reached on

the week of December 23-30, 2020, but also the week
of November 4-11 shows a strong relative volume
increase. In relation to this, we note that on November
9% there was the Pfizer and BioNTech announce of a
vaccine candidate against COVID-19 and on Decem-
ber 27% the vaccination campaign started in Italy, thus
these changes in Tweet volume can be likely associated
to these events with a large echo on the media in rela-
tion to COVID and vaccines.

The volume of original tweets (Fig. 4c) does not
show any particular trend reversal between the catego-
ries, with Neutral tweets being those written the most
during each week, followed by AntiVax and finally
ProVax tweets. On the other hand, the volume of
retweets (Fig. 4d) shows that during the weeks start-
ing in 18/11/2020 and 09/12/2020, the volume of AV
retweets exceeded the volume of the Neutral ones,
even though there were less AV original tweets than N
ones. Furthermore, the fraction of Neutral tweets over
time (Supplementary Fig. 1) follows a negative trend
after the two main volume increases of 4 November
and 23 December. In particular, the first decrease in
the volume of retweets of Neutral content was char-
acterized by an increase of AV retweets, while the
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second decrease was characterized by an increase of
PV retweets.

Discussion

Our study analyzed the volumes of Pro- and
Anti-Vax tweets in Italy in the period from October
2020 to January 2021. A panel of Public Health Resi-
dents and Physics MD students analyzed a total of
7,004 tweets categorizing them into “AntiVax”, “Neu-
tral”, “ProVax” and “Off Topic”, recording a higher rate
of disagreement for “ProVax” annotation. A greater
disagreement in identifying a tweet as pro-vax is likely
due to the inherent difficulty in recognizing a mes-
sage actively supporting vaccine uptake as opposed to
simply sharing the news. Since the majority of offi-
cial and news sources support an implicit endorsement
of the vaccine, it is sometimes difficult to distinguish
forms of active support for the uptake. Our annotation
identified users mainly interested in making neutral
comments who nevertheless engage more in writing
actively ProVax content than AntiVax content. This
might be due to the fact that 1) Neutral users are more
oriented towards ProVax opinions, or 2) potentially
ProVax tweets could have been classified as Neutral to
a major extent as compared to AntiVax tweets, which
result more distinguishable.

Our results are similar to those found by a tweets
sentiment analysis conducted between 2011 and 2019
(27), confirming the consistency of our sampling. In
case of disagreement on a tweet with 2/3 annotations
as PV or AV, the remaining annotation is more often
N than at the opposite pole. However, 2.9% of the
total number of tweets received an annotation within
each category (ANP in Table 1) underlying that even
within annotators we found some grade of disagree-
ment. Remarkably, we observed a strong disagreement
on nearly 500 tweets (7.1%), which received opposite
classification by one of the annotators. This under-
scores a potential ambiguity associated to the mes-
sages conveyed through social media, which may lead
to misinterpretation of the author’s opinion or inten-
tion. In the perspective of devising even more sensitive
and specific algorithms to perform sentiment analyses,
this figure shows how much progress is still needed,
as even highly educated annotators often struggle to

interpret the meaning of messages. On the other hand,
the risk of misunderstanding is possibly enhanced by
the lack of proper context in the task of manual anno-
tation, where annotators were shown just the text of
the tweets without information about the author, com-
ments or replies as it usually happens scrolling down
the Twitter feed.

We also found that tweets at the extremes of the
opinion polarization are much more actively shared,
with a prevalence of attention (number of retweets) for
tweets with AV content versus PV content, similarly to
other cases of dissemination of misleading information
(28-30). Attempts at explaining this known online
behaviour have included the observation that mes-
sages are deemed more convincing if they align with
the reader’s opinion (31): this might mean that indi-
viduals tend to share posts that are more clearly polar-
ized and thus more recognizably aligned (or not) with
their own opinion. This could be amplified even more
by the segregation of groups of users with similar opin-
ions and thus exposed to similar sources of informa-
tion. Moreover, it has been shown that messages with a
more emotionally charged content, or evoking power-
ful imagery, are more likely to be shared online (32). It
could be that such characteristics could both make the
detection of the stance expressed in a tweet more evi-
dent, resulting in a higher polarization score, and have
a higher chance to be shared. Our result shows that
the users are more willing to share extremely polar-
ized content written by not extremely polarized users.
One possible explanation is that an overly extreme user
sharing always highly polarized content is seen as less
trustworthy than a less biased user who writes moder-
ate posts from time to time. Possibly, these moderately
polarized users could assume the function of boundary
spanners for a more balanced discussion, reducing the
gap between the two extremes.

In a previous study we showed how the analysis of
social media can be useful to characterize the percep-
tion about vaccines (26). The analysis of tweet volumes
over time, stratified by their content, could help in
identifying two changes in the time series. An increase
in the total volume of tweets associated to vaccines
occurred very close after the Pfizer’s announcement of
the new vaccine release on November 9, 2020. Another
increase in volume was observed around Decem-
ber 27%, 2020, the so-called V-day corresponding to
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the beginning of vaccination campaign in Italy. After
both events, we reported a decrease on the fraction of
Neutral retweets, suggesting that users tend to amplify
more polarized content after important newsbreaks
that may affect real life, probably trying to convince
people of their own opinion. Interestingly, while after
the November announcement, the volume of Anti-
Vax retweets increased, the ratio turned in favour
of the ProVax group after the beginning of the vac-
cination campaign. This last result might be related
to the considerable increase of tweets posted by offi-
cial channels (i.e. Ministry of Health, ISS) regarding
the campaign kick-off, combined with a tendency by
individual users to share pictures and reports of their
vaccine administration. After 20/01/2021, the retweet
volume becomes balanced between the two opposite
polarizations. However, in the weeks following the end
of the study, public attention globally and in Italy was
drawn towards the reports of several cases of throm-
botic events after the administration of the Vaxzevria
vaccine. This culminated in a report by the Pharma-
covigilance Risk Assessment Committee (PRAC) of
the European Medicines Agency (EMA) linking this
vaccine with some rare coagulation disorders (33). This
might have shifted the opinions about vaccination
uptake in a significant way. In this perspective, it would
be of great importance to continue monitoring through
validated algorithms that analyse not only the volumes
but also the orientation of tweets to understand how
sentiment shifts across different population strata.

The analysis of social media Big Data through the
methods of Data Science, in particular exploiting new
tools of extracting meaning from a large volume of
information, has the potential to drive real change in
Public Health practice, or at least to allow an insightful
monitoring of topics of concern, such as vaccination
hesitancy. For this reason, the creation of algorithms
specifically designed for infoveillance is increasingly
necessary in this field (34-36).

This could help to design targeted campaigns
towards the segment of the population that falls in
the “undecided” category due to confusing messages
conveyance, given their susceptibility to the anti-vax
rhetoric.

Conclusions

Social media play an extremely relevant role in
selecting what becomes matter for public debate and
in steering its direction, with observable real-life con-
sequences. Due to only a partial understanding of the
fine machinery behind the failure or success of content
in the social media arena, its potential for good remains
yet partially untapped. In order to favor the spread of
scientifically validated and useful information with a
positive impact on society, more knowledge is needed
on what makes a message relevant among the cacoph-
ony of posts we are subjected to on a daily basis. In this
study, by characterizing a dataset of almost 7,000 tweets
in Italian language related to vaccines, we showed that
it is not straightforward to understand the stance of
the messages even for educated readers. Furthermore,
we observed that the most retweeted users were only
moderately polarized in the anti-vax vs pro-vax debate,
even if the most shared tweets were extremely polar-
ized. These results offer some insight into the social
mechanisms that govern the amplification of messages
in online social networks, particularly with regard to
sensitive and debated topics such as vaccine uptake.
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Supplementary Figure S1. Fraction of the volume of Neutral retweets with respect to the total volume of retweets. We have drawn
two vertical lines corresponding to the date of the Pfizer and Biontech announce of a vaccine candidate against COVID-19 and the
vaccination campaign beginning in Italy.



