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ABSTRACT

Social media, and in particularly Twitter, can be a resource of enormous value to retrieve information
about the opinion of general populaton to vaccines. The increasing popularity of this social media has
allowed to use its content to have a clear picture of their users on this topic. In this paper, we perform
a study about vaccine-related messages published in Spanish during 2015-2018. More specifically, the
paper has focused on two specific diseases: influenza and measles (and MMR as its vaccine). By also
including an analysis about the sentiment expressed on the published tweets, we have been able to
identify the type of messages that are published on Twitter with respect these two pathologies and
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their vaccines. Results showed that in contrary on popular opinions, most of the messages published are
non-negative. On the other hand, the analysis showed that some messages attracted a huge attention
and provoked peaks in the number of published tweets, explaining some changes in the observed

trends.

Introduction

In this era of new technologies and globalization, the amount
of knowledge that we generate, and that is searchable world-
wide, is increasing in a daily basis. The main source for such
a vast amount of data is the Internet, where different formats,
services and applications coexist in an interconnected net-
work. During the past years, the Internet has not only rede-
fined the way we obtain information about almost any field,
but also the way we communicate and interact with other
individuals.

Regarding this context, people can search, share infor-
mation and express health-related opinions on the
Internet." Utilizing the derived data and incorporating it
in research studies can enhance social wellbeing by means
of improving healthcare strategies.” A wide range of diverse
works corroborate this idea,”® referring to social media as
one of the major Internet channels were this kind of infor-
mation is engaged.

Social media is a global term that can be defined as “a group
of Internet-based applications that are built on the ideological
and technological foundations of Web 2.0, and that allow the
creation and exchange of user-generated content”.” Therefore,
social media brings together multiple services of different nat-
ure, where billions of people'® from all types of communities
around the world virtually interact and post opinions, ideas
and contents, including those about health issues.'' Utilities of
analyzing health-scope social media data vary from predicting

disease outbreaks,'>"?
preventing suicide,'>1®
strengthening medication safety.

The condition of such a platform makes it ideal to open
debates about any topic, but when talking about health, some
online interventions and dialogs may be facilitating
misinformation.'” The anti-vaccine movement is one of the
principal cases of the aforementioned environment.”® Several
studies present the influence of this kind of discourses, mostly
in Twitter and Facebook, on the increase of vaccine
hesitancy.”** This fact can conduct to serious public health
problems since it raises population fear and loss in vaccine
confidence.”>** As vaccine acceptability and vaccination rates
connected to misinformation decrease, the risk of disease out-
breaks gets higher.*>°

Related works cover a large number of vaccines and dis-
eases. Numerous analyses have been developed around the
early detection or vaccine uptake of influenza.'>*” >’
Moreover, many other researches have studied the controversy
on social media and the vaccination refusal of human papillo-
mavirus (HPV)*>?°® or HPV vaccination campaign
analysis.””*®* More examples of vaccines whose related senti-
ments and opinions have been investigated on the media are
those related to polio,” measles*>*' or the MMR (measles —
mumps - rubella) vaccine.**

assessing epidemiological patterns,'*

detecting drug side effects'” or
18

In the present paper, we present an exhaustive analysis of
influenza and measles vaccine-related messages published in
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Twitter in Spanish language during the period 2015-2018. The
rest of the paper is organized as follows: Section 2 shows the
followed methodology, including descriptions of the sample
selection, the sample extraction and the sentiment analysis, and
providing a glossary of terms. Section 3 details the results
obtained when performing the descriptive analysis of the
tweets subsets and Section 4 discusses on such results.
Section 5 highlights the achieved conclusions.

Methods

General methodology

The goal of the paper is to show and analyze the impact and
trends of messages published in Twitter in Spanish referred to
influenza, measles, and MMR. The analysis has been per-
formed by using several variables such as the sentiment
expressed in the tweets, tweet location or repercussion
(retweets, favs) among other characteristics.

In this context, the methodology that has been utilized in
this paper consists on the selection and extraction of the
sample to be studied, based on the keywords to be search; the
extraction of the tweets that conform the study using the tools
available at Twitter; the identification of the sentiment
expressed in the messages by using both commercial tools
and developing new mechanisms based on machine learning
(ML); and the final descriptive analysis of the obtained results.

While different technical approaches have been implemen-
ted and used in this study, especially for the identification of
the sentiment expressed on the tweets, the aim of this paper is
to focus on a descriptive analysis of the tweets referred to
influenza, measles and MMR using the characteristics already
described. For this reason, the paper will not dig into the
technical details about the tweet sentiment identification,
which has been already described with anteriority.*

Sample selection

The study procedure was approved by the Ethics Committee of
Universidad Politécnica de Madrid under the title “Analysis of
Spanish social media vaccines messages: The MAVIS Study” on
April 12, 2019. The dataset retrieved consisted in all the tweets
published in Spanish in Twitter from January 1 2015 to
December 31, 2018 that contained the following keyword
pattern:

((vacuna OR vacunas OR vacunaciéon OR vacunaciones)
(VPH OR Papilomavirus OR Cervarix OR Gardasil OR
Rotavirus OR Rotarix OR Rotateq OR Sarampién OR Triple
virica OR Hepatitis OR Neumococo OR Prevenar OR Synflorix
OR Enfermedad neumocécica invasora OR Enfermedad
neumocécica invasiva OR ENI OR Varicela OR Varivax OR
Varilrix OR Zoster OR Tosferina OR Gripe OR Enfermedad
meningocécica invasora OR Enfermedad meningocdcica inva-
siva OR EMI OR Meningitis OR Bexsero OR Trumenba OR
Nimenrix OR Menveo OR Sepsis))

The query allowed to retrieve any tweet containing
“vacuna”, “vacunas”, “vacunacion” or “vacunaciones” (differ-
ent forms of the vaccine noun and verb) plus any of the

Table 1. Concepts used in the search.

Spanish concept English concept Vaccines names

Bexsero, Trumenba, Nimenrix,
Menveo

Enfermedad
meningocécica
invasiva,
Enfermedad
meningocdcica
invasora, EMI

Enfermedad

Invasive meningococcal
disease

Invasive pneumococcal  Prevenar, Synflorix

neumocoécica disease
invasora,
Enfermedad
neumococica
invasiva, ENI,
Neumococo
Gripe Influenza
Hepatitis Hepatitis
Rotavirus Rotavirus Rotarix, Rotateq
Sarampién Measles Triple Virica (known as MMR in
English)
Sepsis Sepsis
Tosferina Whooping cough
Varicela Chickenpox Varivax, Varilrix
Zoster Shingles
Papilomavirus, Human papillomavirus Cervarix, Gardasil
VPH infection

keywords that can be seen in the second part of the query
which contains the name of the vaccines and diseases to be
studied.

The diseases and vaccines to be studied (when applicable),
translated to English can be found in Table 1.

Whilst as can be seen the search criteria used included
several other pathologies and vaccine names, current paper
will be focused mainly on the analysis of influenza, measles
and MMR. The main reason to focus on those concepts was
based on the obtained results: influenza is a seasonal disease
and for hence the information published on social media
mainly follows seasonal patterns, being of greater interest to
analyze the type of messages available on social media about
this type of pathologies. On the other hand, we could observe
in the general results that measles had an atypical behavior in
the frequency and type of messages published, being possible to
analyze more in depth and obtain interesting results.

Sample extraction

Twitter data was obtained by using the official API (Application
Programming Interface), from which all the needed information
for the current study could be extracted. The execution of the
extraction process obtained a total of 1,028,421 tweets, from
which 318,133 were different/original tweets. The number of
retweets was 710,288 and the number of tweets quoted from the
original tweets was 65,793. The keywords used in the search
were mentioned 1,187,046 times. After extracting all the tweets,
they were all submitted to a cleaning process in order to get
a consistent and understandable version of the texts. Hashtags
(#), user mentions (@), URLs, e-mail addresses, retweet markers
(RT:) and emojis and other non-representable characters were
removed. Stop words were not removed since they could affect
the general meaning of tweets and its removal did not improve
sentiment classification models.**

The precise numbers of tweets in the context of the groups
of keywords subject to analysis (Gripe (Influenza); Sarampién



(Measles) and Triple Virica (MMR)) is provided in subsection
2.5 - Glossary terms. Moreover, detailed descriptions of the
different types of classification used for tweets are included.

All the data used for the current analysis have been
uploaded to a public repository.*’

Sentiment analysis

The detection of the sentiment expressed in a text is a complex
task with many challenges.*® Currently, there are plenty of
methods and models that have been developed to detect the
polarity of a text as can be drawn from the different papers that
have been published during the last years, analyzing
approaches?” such as lexicon-based methods,”® ontology-
based approaches,® or deep learning®™ among others.
Sentiment analysis over textual data, and specially over
Twitter, has been one of the hottest research topics in the
area of Natural Language Processing and text mining. The
reason behind such interest are the potential applications that
the companies can make of such useful knowledge.

However, even considering the large amount of research
that has been done on this area, the models created to identify
the polarity of a text are very sensitive. Most of the models have
been created using large amounts of a corpus containing dif-
ferent types and topics of sentences. For this reason, the models
are mainly created to be as general as possible. And the main
problem that emerges from these approaches is that general
models tend to fail when dealing with specialized domains.

On the other hand, the creation of ad-hoc models to identify
sentiments in texts of a very specific domain requires a large
amount of effort which clearly overpass the goals aimed at this
scientific work. In the context of this study, the creation of ad-
hoc models was unaffordable. For this reason, the team decided
to explore the use commercial tools to solve the problem of
identifying the sentiment in Tweets. Three different tools were
explored for this goal:

IBM: International Business Machines Corporation (IBM)
offers a service named “Natural Language Understanding”
which belongs to the “IBM Cloud” suite. This service allows
for analyzing the characteristics of natural language texts. As
part of the functionalities of the service, it allows analyzing
categories, concepts, emotions, entities, keywords, metadata,
relations, semantic roles, and syntaxis.

Google Cloud: Google offers a service named the “Cloud
Natural Language” which belongs to “Google Cloud” (GC)
suite. This service allows for analyzing the characteristics of
natural language texts. As in the previous tool, this service
allows retrieving several characteristics from a text.

Meaning Cloud: Meaning Cloud (MC) offers a service
named “Sentiment Analysis API”. This service allows for ana-
lyzing the characteristics of natural language texts. As in the
previous tools, this service allows retrieving several character-
istics from a text.

The analysis of the three tools showed that for a given tweet,
the results returned by the system were not enough accurate to
be used to classify the sentiment of the tweets. Although
a manual validation of the three systems independently showed
a barely reasonable accuracy, the reality is that none of the
systems separately provides sufficiently accuracy to consider
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the use of the system to identify the sentiment expressed. The
results from*’ showed that the use of commercial tools inde-
pendently did not provide enough accuracy in the identifica-
tion of the tweets individually. The agreement level between
both tools and evaluators was quite uneven, as it can be seen
in.*> The tools were not able to separately capture the nature of
the sentiment expressed in the tweets and evaluators did not
agree in some cases. However, the creation of the meta-model
using as input the outputs of such tools allowed achieving
a higher accuracy, improving the previous results given by
the commercial tools.

For this reason, a meta-model based on ML techniques was
created to identify the sentiment expressed in the tweets of our
dataset, using as input variables the results of the commercial
tools. As has been described, the metamodel (created by
a Random Forests classifier) allows to identify the sentiment
expressed with a ROC value of 0.86.*> Such ROC value
ascended to 0.9 when generating the model by up-sampling
the under-represented negative tweets set.”’ Further compar-
isons with other ML techniques (MultiLayer Perceptron, C5.0,
Logit Boost, Bayes and Support Vector Machine methods) to
develop this metamodel can be explored in the previous
work.”!

Glossary terms

There are several ways of classifying tweets: by their nature
(whether it is an original tweet or a retweet, may be a quote
and/or a reply); by their repercussion (whether the tweet has
been retweeted, replied, quoted or marked as favorite); by their
localization (whether the tweet is associated to geoinforma-
tion); by the keywords they mention (in the present paper,
whether a tweet is associated to Influenza group or to
Measles and MMR group); or by the polarity they are assigned
by the meta-model (whether a tweet is considered negative or
non-negative from the sentiment point of view). The same
tweet can belong at the same time to different classes. The
definition of each of the different types of tweets according to
the exposed classifications and the total numbers stored in the
dataset are provided below.

e Tweet (T). Any of the Twitter posts, regardless its classi-
fication. 1,028,421

Ts by the mentioned keywords:

o Influenza tweet (inflT). Tweet which text contains the
term “gripe”. If not specified, those inflTs include any of
the other classification types of Ts. There was a total of
184,139 inflTs in the database.

e Measles and MMR tweet (m-mmrT). Tweet which text
contains the terms “sarampion” and/or “triple virica”. If
not specified, those m-mmrTs include any of the other
classification types of Ts. There was a total of
263,920 m-mmrTs in the database, 258,810 mentioning
“sarampion”, 6,152 mentioning “triple virica” and 1,042
mentioning both.

Ts types by their nature:
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e Original tweet (OT). Tweet that is not a retweet. It can be
a tweet that someone has posted directly, a reply to
another tweet or a quote, but the text in it is originally
published and different from the other OT texts. Tweets
with different texts before the cleaning process but with
same cleaned text afterward are also included here. In
some situations, those happen to seem to be published by
bots. In the complete set of Ts, there were 318,133 OTs.

e Retweet (RT). Tweet that is a retweet of another post. The
user does not post original text in it. In the complete set,
there were 710,288 RTs.

® Quote tweet (QT). Tweet that is itself a quote of any other
tweet, that is, an interaction with other tweet that includes
a comment. The content of the texts in these tweets is
originally posted by the user that is quoting. Therefore,
QTs are sometimes OTs, since they include original text
contents, but in some cases are RTs, given the users
interactions. In the complete database, there were
65,793 QTs, from which 402 were set as OTs and
65,391 were considered RTs.

e Reply tweet (RPLT). Tweet that is itself a reply to another
tweet. Most of the times, a RPLT is an OT, but there are
a few exceptions were RPLTs are seen as RTs. In the
complete set of Ts, there were 24,007 RPLTs, from
which 23,774 were OTs and 233 were RTs.

The numbers of Ts classified within the previous typologies
according to the mentioned keywords are provided in Tables 2
and Tables 3.

Ts types by their repercussion:

o retweeted tweet (rtedT). Tweet that has been retweeted
by other tweet(s) at least once. In the complete database,
there were 59,231 rtedTs.

e replied tweet (rpledT). Tweet that has been replied by
other tweet(s) at least once. In the complete database,
there were 8,956 rpledTs.

Table 2. Numbers of the different subsets of Ts based on the mentioned keywords
and their nature (OTs vs RTs).

Nature

Group Total of Ts OTs RTs
InfTs 184,139 81,201 102,938
m-mmrTs 263,920 56,964 206,956
Invasive meningococcal disease 130,534 33,671 96,863
Invasive pneumococcal disease 225,957 58,258 167,699
Hepatitis 92,017 30,705 61,312
Rotavirus 32,280 8,973 23,307
Sepsis 1,314 144 1,170
Whooping cough 26,596 7,476 19,120
Chickenpox 77,145 29,150 47,995
HPV 150,141 48,829 101,312

Table 3. Numbers of the different subsets of Ts based on the mentioned keywords
and their nature (comparing RPLTs vs QTs and OTs vs RTs).

Nature
Group Total of Ts OTs RTs
InfTs RPLTs 6,060 6,056 4
QTs 6,944 126 6,818
m-mmrTs RPLTs 4,307 4,290 17
QTs 13,128 48 13,080

e quoted tweet (qtedT). Tweet that has been quoted by
other tweet(s) at least once. In the complete database,
there were 3,710 qtedTs.

e favorite tweet (favT). Tweet that has been marked as least
once as favorite. In the complete database, there were
54,112 favTs.

The numbers of Ts that were categorized as to be the men-
tioned repercussion types in the different keywords’ groups are
provided in Table 4.

Ts types by their location:

e Geolocated tweet (geoT). Tweet that has associated geo-
location information. Such information can include the
particular coordinates, the country, the locality, the
region, the subregion and/or the hemisphere. In the com-
plete database, there were 543,738 geoTs.

Ts by their polarity:

e Negative tweet (negT). Tweet that has been classified by
the meta-model as to have a negative sentiment. In the
complete database, there were 20,324 negTs.

e Non-negative tweet (non-negT). Tweet that has been
classified by the meta-model as to have a non-negative
(positive or neutral) sentiment. In the complete database,
there were 363,200 non-negTs.

The numbers of T's that were tagged with location information
and/or polarity classified (and the actual classification) regard-
ing the mentioned keywords are displayed in Table 5.

Results

In this section, the descriptive analysis that has been performed
in the case of the tweets related to first Influenza and second
Measles and MMR is presented.

Influenza

As it has already been stated, a total of 184,139 Ts mentioning
the term “gripe” were obtained: 31,745 inflTs were posted in
the year 2015, 47,736 inflTs in 2016, 38,414 inflTs in 2017 and
66,244 inflTs in 2018. The tendency of those numbers of inflTs

Table 4. Number of the different subsets of Ts based on the mentioned keywords
and their repercussion.

Repercussion

Group rtedTs rpledTs qtedTs favTs
InfTs 19,677 7,549 2,514 22,996
m-mmrTs 19,325 5,813 2,738 18,928

Table 5. Number of different Ts according to the mentioned keywords in two
subsets: polarity annotated Ts and geoTs.

Polarity

Location
Group Total of polarity Ts negTs non-negTs geoTs
InfTs 88,670 5,349 82,670 109,528
m-mmrTs 70,044 2,996 67,048 145,460
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Figure 1. Tendency of the number of infITs each month colored by their corresponding year.

each month is summarized in Figure 1, where colors represent
the different years.

There was an increase of the number of tweets all the years
during the months of October and November, being especially
relevant in 2018, although it follows the trend of previous years.
In October 2018, a total of 12,281 inflTs were posted, from
which 4,019 were OT's and 8,262 were RTs. Most of them were
published in Spain; 402 were neg-Ts and 4,473 were non-
negTs. The neg rtedT that had the highest impact, with 243
times retweeted and 272 times repeated its cleaned text, was
posted in Spain by the user @JuanGrvas. The cleaned text was
as follows: “Paciente/familiar. EXIJA que le atiendan profesio-
nales sanitarios NO VACUNADOS contra la gripe. La
vacunacion conlleva multiplicar por seis (6) los virus que se
expulsan con las gotitas (aerosoles con el virus gripal en el aire
que se exhala)”. The T and its translation is shown in Figure 2.

Another significant peak can be found at the months of
May-June of the year 2016, where there was a strong rise
comparing to other years’ trends. The number of infTs
published in May 2016 was 11,396, where 5,697 were OT's
and 5,699 were RTs. The rtedT with the highest repercus-
sion was retweeted 159 times, and its text content revolved
around Influenza A (“Se estdn empezando a morir médicos
x la Gripe A y las vacunas no aparecen. Difundamos. Se
oculta la informacion.” - approximate translation:
“Physicians are starting to die because of Influenza A and
the vaccines are not appearing. Spread the word. Information
is being hide”). It was a non-negT and it can be consulted at
Figure 3. The most repeated cleaned text along that period
of time was “Los jugadores se vacunaron contra la gripe
antes de irse de vacaciones. ;Vos ya lo hiciste?” - approx-
imate translation: “The players get vaccined against influenza
before going to holiday. Did you?”). The majority of inflTs
posted in May 2016 came from users from Argentina (4,408

Juan Gérvas 000
@JuanGrvas

Paciente/familiar.

EXIJA que le atiendan profesionales sanitarios NO
VACUNADOS contra la gripe.

La vacunacién conlleva multiplicar por seis (6) los virus
que se expulsan con las gotitas (aerosoles con el virus
gripal en el aire que se exhala):
pnas.org/content/pnas/e...

ranslated from Spanish by Google

Patient / family member.

REQUIRE UNVACCINATED flu health professionals to
see you.

Vaccination involves multiplying by six (6) the viruses
that are expelled with the droplets (aerosols with the
influenza virus in the air that is exhaled):

12:04 PM - Oct 24, 2018 - Twitter Web Client

38 Retweets 60 Quote Tweets 45 Likes

S n VY &

Figure 2. Most repeated infl_negT during the unusual event of October 2018. All
information shown here refers to the time when the screenshot was taken, which
can differ from the information at the present time and at the time the analysis
was performed. Includes automatic translation to English from Twitter.

inflTs) and Uruguay (1,109 inflTs), and 5,232 were classified
as non-negTs while 520 were tagged as negTs.

In the context of geoTs, 109,528 inflT's were annotated with
location information. The highest rates were found in Spain
(49,277 inflTs) followed by Argentina (25,247 inflTs). The
distribution across the world is presented in Figure 4(a) and
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a Adrian Eslaiman

Se estdn empezando a morir médicos x la Gripe Ay las
vacunas no aparecen. Difundamos. Se oculta la
informacion.
Translated fro by Google

Doctors are beginning to die from Flu A and vaccines
do not appear. Let's spread. Information is hidden.

= puevie] REGISTRADO

CONURBANO / EN EL HOPITAL DE
GONZALEZ CATAN

Fallecio la médica
internada por Gripe
Ay se agrava la
crisis en la
Provincia de
Buenos Aires

~ N7

Figure 3. Most infl_rtedT during the event of May 2016. All the information shown
here refers to the time when the screenshot was taken, which can differ from the
information at the present time and at the time the analysis was performed.
Includes automatic translation to English from Twitter.

the ten countries where most inflTs were posted are included in
Figure 4(b).

Influenza is a disease that presents a seasonal behavior,
which was therefore depicted in the tendencies of the number
of inflTs. They varied not only over the time of the year but also
over the different locations, conducting to different tendencies
of posts in the North and South hemispheres. It was observed
a high increase of the posts in those months that corresponded
to Influenza vaccination campaigns, as shown in Figure 5. That
is, in the North hemisphere, increases took place mostly during
October-November and December (in green); and in the South
hemisphere, during April-May-June (in red). By contrast, the
rest of the months (in blue) presented a lower number of inflT's.
In the Tropic and in not-geoTs, both hemispheres’ patterns
were shown together.

Regarding polarity classification, there were 88,670 inflTs
sentiment annotated. The percentage of negTs was 6.08%
against the 93.92% of non-negTs. High rates of negTs (when
compared with the general trend) were posted by users in

Argentina (43.09% of infl_neg_geoTs), while most non-negT's
were published in Spain (27.15% of infl_non-neg_geoTs). The
90.89% of negTs were OTs. The proportion of neg (light blue)
and non-neg (dark blue) inflTs along the months in the differ-
ent years is represented in Figure 6.

Although the number of negTs was always lower than the
number of the non-negTs, there was one month, February of
2018, when the number of negTs relatively increased. To have
more insights of what was causing that increment of negTs,
inflTs posted in February 2018 with polarity information were
analyzed. The number of infTs classified as negTs was 452; and
as non-negTs, 1,713. There were 277 negTs with repeated
cleaned texts related to vaccinated infants’ Influenza-caused
deaths (“VACUNA CONTRA LA GRIPE: LOS NINOS
VACUNADOS SIGUEN MURIENDO DE GRIPE” - approxi-
mate translation: “Influenza vaccine: Vaccine kids are still dying
because of influenza”), which represented more than half of
such event negTs content. They were all published in
Argentina.

The distribution of the different types of T's in the context
of their nature and repercussion was also analyzed.
A percentage of 44.1% inflTs were OTs and 55.1% were
RTs. However, this proportion evolved in time, resulting in
an increment of the number of RTs in the general trend in
the last months of 2018, as it can be seen in Figure 7. The
percentage of the rest of subsets over the total of 184,139
inflTs hardly evolved during the years and months, being as
follows: 3.29% were RPLTs, 3.77% were QTs, 10.69% were
rtedTs, 4.1% were rpledTs, 1.37% were qtedTs and 12.49%
were favTs. For all the classifications here mentioned, the
distribution over seasons and hemispheres of the different
percentages neither significantly changed.

Nevertheless, it was important to analyze the differences of
sentiment annotations in the previous subsets. The exact
proportions of each nature and repercussion subsets’ negT's
and non-negTs are displayed in Table 6. While the overall
percentage was 6.08% of negTs and 93.92% of non-negTs,
there were some types of inflTs that did not followed such
distribution. OT's had a lower rate of negTs (5.64%) whereas
RTs showed a higher proportion (7.71%). RPLT's and rpledTs
presented relevantly larger rates of negTs (9.97% and 8.97%
respectively).

Measles and MMR

As mentioned before, a total of 263,920 Ts containing the term
“sarampion” and/or the term “triple virica” were obtained:
39,561 m-mmrTs were posted in the year 2015,
10,473 m-mmrTs in 2016, 35,652 m-mmrTs in 2017 and
178,234 m-mmrTs in 2018. The tendency of those numbers
of m-mmrTs each month is summarized in Figure 8, where
colors represent the different years. The number of m-mmrT's
was significantly higher in 2018, but there was not a general
trend over the different years.

In the context of geoTs, 145,460 m-mmrTs were location-
tagged. The highest rates of m-mmrTs were again found in
Argentina (with 33,874 m-mmrTs) closely followed by Spain
(with 33,149 m-mmrTs). Figure 9(a) illustrates the m-mmrT's
distribution across the world and Figure 9(b) presents the
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Figure 4. Number of inflTs in the context of geoTs. (a) World map showing the distribution of the number of infITs across the different countries. (b) Number of infTs
published in each country. For the sake of clarity, only the top ten countries with highest number numbers of posts are presented.

number of tweets published in the top ten countries associated
with highest m-mmrTs’ number of publications.

In the case of m-mmrTs, visualizations from the location
and seasonal context point of view did not provide relevant
information and, therefore, have not been included in the
present manuscript.

The evolution along time of the number of m-mmrTs that
mentioned each of the terms “sarampion” (in orange) and
“triple virica” (in purple) is shown in Figure 10. The general
trend was that the number decreased from the year 2015 to
2016, and then increased again in 2017. In 2018, such growth
was larger. Compared to the times that the term “sarampion”
was present in m-mmrTs, the keyword “triple virica” was
mentioned a significantly lower number of times. However,
in proportion to the total number of m-mmrTs related just to
“triple virica”, there was an important rise of those posts in
July 2018. Special attention must be paid to the greater peaks
presented during the months of March-April 2018 and July-
August 2018. Such events will be better covered and analyzed
further on.

Regarding the polarity classification of m-mmrTs, there
were 70,044 m-mmrTs sentiment classified. Once again, the
overall percentage of non-negTs (95.72%) was higher than
negTs ones (4.28%). That is, such a difference was even greater
than for inflTs. The progression of the proportion of negTs
(light blue) and non- negTs (dark blue) along time is presented
in Figure 11.

Two increases of negTs took place on March 2016 and
February 2017. The first one corresponded to the event that
will be later explained. Regarding the second, in
February 2017, 423 m-mmrTs were posted, but only 98 were
sentiment annotated (18 were negTs and 79 non-negTs) since
they were the only ones that had original text content. The
most repeated negT contained the cleaned text “La
vacunacion global contra el sarampién, insuficiente” (approx-
imate translation: “Global vaccination against measles,
insufficient”.

In the context of the different nature-classified m-mmrTs
distributions, a percentage of 21.58% were OTs and 78.42%
were RTs. In this case, the number of RTs was much higher
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than when compared to inflTs (55.1% inlf RTs). Likewise,
inflTs, m-mmrTs rates of OTs and RTs evolved during time,
increasing the number of RTs in the general trend, specifically
in the last months of 2018. That performance is reflected in
Figure 12. The percentage of the rest of nature and repercus-
sion subsets over the total of 263,920 m-mmrTs, scarcely
neither changed along the years and months: 1.63% were
RPLTs; 4.97% were QTs; 7.32% were rtedTs; 2.2% were
rpledTs; 1.04% were qtedTs and 7.17% were favTs. While the
average number of m-mmr_RTSs was higher than infl_RTs, and
except from QTs, all of the other m-mmrTs categories pre-
sented lower rates than inflTs.

The differences of polarity classification of the
former m-mmrTs subsets are included in Table 7. The overall
percentage was 4.28% of negTs and 95.72% of non-negTs. It
is noticeable that, this time, the proportion of neg_RTs was
lower than in the general set (1.81%), whilst OTs’ percentage
was similar (4.25%). However, RPLTs presented the triple
rate of negTs (12.05%), and rtedTs, rpledTs and qtedT's also

had higher proportions than the average (5.15%; 7.35% and
5.66% respectively).

In 2018, there were two atypical periods of time were the
number of m-mmrTs soared: the event of March-April and the
event of July-August. In both situations, there were a few OTs
that were largely repeated.

During the months of March and April of 2018 there was an
unusual increasement in the number of m-mmrTs. Argentina,
Ecuador and Venezuela were the three countries were most of
the m-mmrTs were posted. One of the m-mmrT coming from
this atypical period is included in Figure 13. The m-mmrT was
repeated 3,305 times and was posted by the user @melquiadess.
The geoinformation of such user pointed to Buenos Aires,
Argentina. It had 9,497 followers and a total of 57,797 published
tweets.

A second unusual peak in the number of m-mmrTs
appeared during the months of July and August of 2018.
The countries where a higher number of tweets were
posted were Argentina, Spain and Venezuela. Figure 14
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Figure 7. Evolution of the proportion of OTs and RTs over time in the case of infITs.

displays the most repeated m-mmrT during that period (it
was repeated 1,870 times). The m-mmrT was posted by
@luciapediatra, whose geoinformation pointed to Alicante,
Valencia, Spain. The user had 61,518 followers and a total

of 26,348 published tweets. All the shown information
refers to the time when the analysis was performed,
which can differ from the information at the present
time.
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Table 6. Proportion of the different subsets of infITs regarding their nature and repercussion and on the basis of the sentiment annotation (negTs vs non-negTs).

Nature Repercussion
Group OTs RTs RPLTs QTs rtedTs rpledTs qtedTs favTs
negTs 5.64% 7.71% 9.97% 7.56% 5.03% 8.97% 5.97% 5.84%
non-negTs 94.36% 92.83% 90.03% 9.44% 94.97% 91.03% 94.03 94.16%
Discussion

In the current section, we first discuss the results obtained
regarding Influenza; afterward, we analyze the results coming
from Measles and MMR set; and finally, we compare both.

A total of 184,139 inflTs have been analyzed: 44.1% were OT's
and 55.1% were RTs. 88,670 inflTs had a sentiment annotation:
6.08% were negTs and 93.92% were non-negTs. There were
109,528 geoTs. In all the studied years (2015, 2016, 2017 and
2018), the number of inflTs incremented during certain periods
of months: April-March-May and Oct-Nov-Dec. That trend
varied when considering North hemisphere inflTs and South
hemisphere infITs separately, revealing seasonal patterns corre-
sponding to Influenza vaccination campaigns. While users in the
North hemisphere tended to post more inflTs during the months
of October-November-December, users in the South hemisphere
published a higher number of inflTs in April-May-June. Users in
the Tropic or not geo-tagged showed a combination of both
behaviors. The percentage of negTs was higher in the case of
RTs, RPLTs and QTs than for the average negative-sentiment
rate, leading to think that users’ interactions related to Influenza
tended to be slightly more negative than original content posts.

Referring to Measles and MMR, a total of 263,920 m-mmrT's
were obtained: 21.58% were OTs and 78.42% were RTs. There
was a higher number of tweets mentioning the word

30,000

20,000

Total number of m-mmrTs

10,000

“sarampion” (meaning Measles) than mentioning the term “tri-
ple virica” (meaning MMR). There were 70,044 m-mmrT's sen-
timent classified (with a 4.28% of negTs and a 95.72% of non-
negTs) and 145,460 geoTs. For m-mmrTs, OTs presented
a higher rate of negTs (4.25%) than the average, while RTs and
QT exhibited a lower percentage (1.81% and 1.84%), meaning
directly posted contents in the case of m-mmrTs were more
negative than interaction posts. There was not a trend in the
number of published m-mmrTs over time, even though there
were two significantly atypical periods in 2018 with increase-
ments in the number of posts: March-April and July-August.
They both showed similar patterns consisting of few original
tweets broadly repeated.

When comparing both, there are several points that
need to be mentioned. For both inflTs and m-mmrTs,
the highest numbers of posts were reached in 2018.
Higher rates of negTs were obtained in the case of inflTs
(6.08%) than m-mmrTs (4.27%). Both inflTs
and m-mmrTs were mostly published in Argentina and
Spain.

When comparing both, there are several points that
need to be mentioned. Both inflTs and m-mmrTs were
mostly published in Argentina and Spain, and for the two
of them, the highest numbers of posts were reached in
2018. Larger rates of negTs were obtained in the case of
inflTs (6.08%) than for m-mmrTs (4.27%), and the

Year
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- 2018
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Figure 8. Tendency of the number of m-mmrTs each month colored by their corresponding year.
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Figure 9. Number of m-mmrTs in the context of geoTs. (a) World map showing the distribution of the number of m-mmrTs across the different countries. (b) Number
of m-mmrTs published in each country. For the sake of clarity, only the top ten countries with highest number numbers of posts are presented.

distribution of that rate did not relevantly vary over time.
Nevertheless, it did vary in both cases for the different
typologies of Ts, but in distinct ways for the two diseases
related tweets. Whilst inflTs showed higher rates of negTs
for RTs and QTs, m-mmrTs presented a larger proportion
of negTs in OTs. Such a fact implies differences in the way
that users directly posted content or interacted between
each other regarding the Influenza or the Measles and
MMR scope. In the case of Influenza, users were inclined
to interact in a more negative-sentiment manner, while for
Measles and MMR, that negative opinion was seen to
a greater extent in directly written posts. For both inflTs
and m-mmrTs, the general OTs/RTs rate distribution
similarly varied over time: in January 2015 the rate was
close to 50% and descended down to lower than 20% in
December 2020. With the vyears, the number of RTs
related to the two diseases increased over the OTs.

The study has shown the incredible potential of the analysis
of social media such as Twitter to understand the opinion of

the general population or to identify possible patterns in the
publication of messages that can be consequence of different
events. The understanding of population doubts and opinions
on certain public health measures, such as vaccination is of
great interest to public health officials in order to maximize
these measures and address potential concerns of the
population.

Limitations

There are some limitations that need to be identified. On one
hand, a proper analysis of the possible mass-publication events
and the reasons behind them are difficult to handle. With an
enormous number of tweets published every day, even the filter-
ing of the information in an appropriate way requires a detailed
and comprehensive analysis by experts in the field to understand
what it is happening. On the other hand, the lack of specific
information such as the geographical location of some tweets
can reduce the potential value of the extracted information, not
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Figure 10. Number of m-mmrTs mentioning the terms “sarampion” (in orange) and “triple virica” (in purple) each year and month.

2017 2018
g}
o}
[a]

2016

2015

1.00 -

Sentiment analysis
Negative

. Non negative

ear and mont

- uep

-28Q
- AON
- 0o
- deg
- Bny

-unp

5
=

>
T
=

- 1dy

'
o=

ol
w=

- uep

75+
.50 -
25-
0.00-

=} o o
(uonejouue Ajuejod yym) s]Jww-w Jo Jsquinu ay} jo uojodold

Figure 11. Proportion of negTs and non-negTs each year and month, in the case of m-mmrTs.



HUMAN VACCINES & IMMUNOTHERAPEUTICS . e1877597-13

2015 2016

2017 2018

100%

75%

50%

Proportion of m-mmrTs

25%

0%

RTs
OTs

S IPSI PRI S S$PFLPSI LRSS
ds“’«“’sﬂfé"s’ﬁ FEOLS FEITALY IS OLS
mon

Figure 12. Evolution of the proportion of OTs and RTs over time in the case of m-mmrTs.

Table 7. Proportion of the different subsets of m-mmrTs regarding their nature and repercussion and on the basis of the sentiment annotation (negTs vs non-negTs).

Nature Repercussion
Group OTs RTs RPLTs QTs rtedTs rpledTs qtedTs favTs
negTs 4.25% 1.81% 12.05% 1.84% 5.15% 7.35% 5.66% 4.79%
non-negTs 95.75% 98.19% 87.95% 98.16% 94.85% 92.65% 94.34% 95.21%

josé b.
@melquiadess

X

Se confirmé un caso de sarampion en CABA sin
antecedente de viaje en una bebé de 8 meses, que por
su edad no podia recibir la vacuna. ;Se entiende lo
CLAVE que es que el resto estemos vacunados para
evitar la circulacion?

Translated from Spanish by Google

A case of measles was confirmed in CABA without travel
history in an 8-month-old baby, who due to her age
could not receive the vaccine. Is it understood how KEY
it is that the rest of us are vaccinated to avoid
circulation?

8:55 PM - Mar 29, 2018 - Twitter for Android

3.5K Retweets 110 Quote Tweets  6.2K Likes

9 T Q

&

Figure 13. Most repeated OT_m-mmirT during the unusual event of March-April
2018. All the information shown here refers to the time when the screenshot was
taken, which can differ from the information at the present time and at the time
the analysis was performed. Includes automatic translation to English from Twitter.

being in most of the tweets to locate where the user is tweeting and
for hence how the comments are affecting specific populations
worldwide. In the context of sentiment analysis, it is important to
emphasize that the identification of the sentiments in the tweets is
a hard task due to the very different types of writing styles and
expressions used. Also, the limitation to a specific number of
characters makes difficult for automatic systems to contextualize
the content properly, being this an important limitation.

Conclusions

The current study presented two cases of vaccine-related dis-
eases that confirmed a problem. Analyzing Influenza, and
Measles and MMR related tweets has proven that there is an
inherited dilemma on the population when it comes to the
topic of vaccines and vaccination. Such a matter is derived
from sociocultural and political insights and it is of utmost
importance to correctly identify and address certain situations
that can be monitored in social media. All the pointed unusual
events confirmed this fact and had to be individually studied in
isolation since they were mostly related to completely different
issues. In both related disease tweets, the antivaccine debate
was one of the emphasized disjunctives. As observed and stated



e1877597-14 L. P. SANTAMARIA ET AL.

\.“ Lucia, mi Pediatra
@luciapediatra

Tercera muerte por sarampién en un mes en Francia.
Sarampidn, esa enfermedad de la que algunos dicen
que son unos granitos y ya esta. Sarampién esa
enfermedad para la que hay una vacuna segura y
efectiva. Las #vacunas salvan vida. DEP #VaccinesWork

ranslated from Spanish by Google

Third death from measles in a month in France.
Measles, that disease that some say are pimples and
that's it. Measles, that disease for which there is a safe
and effective vaccine. The #vacunas save life. D.E.P
#VaccinesWork

La muerte de una menor por sarampién en Francia pone el foco en las vacunas
Los vacunélogos recuerdan que no hay que bajar la guardia, aunque en Espaiia la
cobertura es muy alta

& lavozdegalicia.es

5:11 PM - Jul 7, 2018 - Twitter for iPhone

1.9K Retweets 53 Quote Tweets  1.6K Likes

o T O !

Figure 14. Most repeated OT_m-mmrT during the unusual event of July-August
2018. All the information shown here refers to the time when the screenshot was
taken, which can differ from the information at the present time and at the time
the analysis was performed. Includes automatic translation to English from
Twitter.

in the literature, antivaccine groups have gained a special rele-
vance in the media. Now more than ever, it is essential to
generate general awareness on the population of the impor-
tance of herd immunity, and how we must protect not only the
susceptible people but also those that cannot be vaccinated.
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