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ABSTRACT

The amount of information that social networks can shed on a certain topic is exponential
compared to conventional methods. As new COVID-19 vaccines are approved by COFEPRIS in
Mexico, society is acting differently by showing approval or rejection of some of these vaccines
on social networks. Data analytics has opened the possibility to process, explore, and analyze a
large amount of information that comes from social networks and evaluate people's sentiments
towards a specific topic. In this analysis, we present a Sentiment Analysis of tweets related to
COVID-19 vaccines in Mexico. The study involves the exploration of Twitter data to evaluate if
there are preferences between the different vaccines available in Mexico and what patterns and
behaviors can be observed in the community based on their reactions and opinions. This
research will help to provide a first understanding of people's opinions about the available
vaccines and how these opinions are built to identify and avoid possible misinformation
sources.
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1. INTRODUCTION

Ever since COVID-19 was declared a global pandemic by the World Health Organization
(WHO), different institutions and laboratories around the world have started a race against time
to develop a vaccine with the highest possible efficacy. After a year of pandemic, the first
vaccines are now available, and the vaccination process has started throughout the globe.
However, this process has been affected by the opinions of people regarding the different
vaccines [1].

Even though clinical studies have shown the efficacy of the vaccines against COVID-19, many
people are not convinced of vaccination and have avoided this process. This behavior has
become so dangerous, that the World Health Organization has included vaccine hesitancy in its
top 10 global health threats in 2019 [2].

However, COVID-19 is not the only pandemic in which this phenomenon has occurred. When
the HINL1 virus was first detected in the United States and spread across the world in 2009,
Twitter was full of speculations and conspiracy theories about the origin of the virus and the
development of vaccines. Given the influence of social networks on people's opinions and the
effect on communication, previous studies have made use of Twitter data to provide an analysis
of sentiments toward a specific topic or situation. For instance, the tweets developed during the
H1N1 epidemic helped in the search for sentiments such as humor, sarcasm, frustration, relief,
misinformation, and more [3]. Also, a similar situation was presented in the study by Bessi et al.
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[4], where it was found that friends played a major role in the exposure of false information
when Ebola appeared at the end of 2013.

Regarding the current pandemic, recent sentiment analyses that have been performed have dealt
with topics such as anxiety and panic [5], lack of support for isolation [6], prediction of self-
awareness of precautionary procedures, forecasting of stock sectors [7], and public attitude
towards the pandemic, among others. With the given data about tweets, data mining techniques
can be applied to processed data to discover patterns among data, build networks, form clusters,
and perform classification for making predictions that can provide valuable information about
people and their behavior towards the current pandemic.

Given the tremendous effect of social networks on people's opinions and behaviors, this research
aims to use data mining techniques to identify the sentiments of the Mexican population towards
the different COVID-19 vaccines available in Mexico using Twitter data. The results of this
study will provide an insight into the general opinion of the Mexican population regarding these
vaccines, and the possibility to identify potential misinformation sources and concerns.

The overview of the proposed methodology is show in Figure 1 and its main contributions are:

e To provide a framework through which the general response of the Mexican population
towards the different vaccines available in the countrycan be deciphered.

e To report insights and findings within Twitter data about the behavior of the Mexican
population regarding the available vaccines in the country.

e To find and report different topics within the COVID-19 vaccine’s conversations of
Mexicans on Twitter using novel text mining approaches.

e To identify the main contributors/user profiles on the Mexican population on Twitter
regarding the different COVID-19 vaccines using Social Network Analysis.
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Figure 1. Proposed methodology.
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This work is presented as follows: Section 2 presents related work with focus on sentiment
classification on social media posts, studies related to Twitter data and the COVID-19 disease.
Section 3 describes the methods used to carry out this work, focusing on the main tasks carried
out such as data collection, data preparation, sentiment analysis, exploratory data analysis, and
social network analysis. In Section 4, all the results obtained using modeling and analysis of data
are presented, while in Section 5 the importance of previously stated results are explained and
evaluated. Finally, Section 6 is a brief conclusion and summary of all the findings made.

2. BACKGROUND

Social networks have enabled people to express themselves and show their interest or disinterest
over a wide range of topics and situations. such as specific brands, campaigns, or products. For
instance, in the case of companies that involve sales, the nature of customers' comments or
reviews that are published within social networks greatly affects how current and potential
customers evaluate the company's products and decide whether to stay on the company or not.
Furthermore, by making use of social networks' data, companies may identify these opinions and
make decisions based on them to improve in target areas. Such approaches have been made
between apparel brands [8], in the automotive industry [9], and in food chains [10], among
others.

Data from social networks has also had several applications in sociological and psychological
studies. Some of these applications include the application of sentiment analysis to study social
and cultural aspects ranging from attitudes towards women [11], suicide [12], and literary studies
[13], among others.

The current COVID-19 pandemic has also been the subject of studies that involve people's
opinions and their interpretation. For instance, a study by Kumar et al. [14] focuses on analyzing
public opinion about online learning during confinement due to the COVID-19 pandemic.
Another article published by Toeppe et al. [15], presents an approach to evaluate the different
emotions reflected among affective publics towards the current pandemic. For this study, data
from Twitter was employed for the sentiment analysis. Similarly, Twitter data has been used to
evaluate sentiments about the vaccines that have been developed against SARS-CoV-2. For
example, in one of the studies [16], Twitter data was employed to evaluate the opinion of the
Indonesian population about their vaccination scheme using tweets from January 2021. In
another study [17], millions of tweets in English from February 2020 to December 2020 were
analyzed to identify the emotions of the population on the upcoming vaccines for COVID-19.

While previous studies effectively use Twitter data for providing an insight into the response
towards the different COVID-19 vaccines, vaccine-related tweets in Spanish have not been yet
analyzed and the sentiments of the Mexican population towards the vaccines that are available
within the country have not been explored either. For this reason, we present this study which
focuses on the previous topic within the Mexican population.

3. METHODS AND DATA
3.1. Data Collection

The data used for this study was obtained using the Twitter Developer API. Tweets collected
were filtered using the coordinates and radius of Mexico to obtain only the tweets from Mexican
users. The vaccines selected for analysis were those acquired by the Mexican government to
initiate the wvaccination program in Mexico, which are: Pfizer-BioNTech, Sputnik,
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OxfordAstraZzeneca, CanSino, and Sinovac. An individual dataset was created for each of the
vaccines, initiating the collection of tweets from March 07, 2021, until April 21, 2021.

A total of 176,336, 135,294, 42,819, 24,271, and 62,532 tweets were gathered for the
OxfordAstraZeneca, Pfizer-BioNTech, Sinovac, CanSino, and Sputnik vaccines, respectively.
These tweets were then loaded into a Python Pandas data frame for further analysis.

3.2. Data Preparation

Once loaded into data frames, the tweets were cleaned by removing the duplicate tweets
occasioned by re-tweets (RT), the hashtags, users, and unnecessary spaces in tweets. Afterwards,
the tweets were translated to English to proceed with the Sentiment Analysis. This was carried
out using the Googletrans Python library. After processing the data, the remaining number of
tweets were of 31,905, 26,641, 7,511, 4,204, and 10,928 for Oxford-AstraZeneca, Pfizer-
BioNTech, Sinovac, CanSino, and Sputnik vaccines, respectively.

3.3. Sentiment Analysis

After the datasets were processed, subjectivity and polarity measures were assigned to the tweets.
This was carried out using the TextBlob Python library, using the Sentiment property.

Neutrality, positivity, and negativity measures were assigned to the tweets using the Valence
Aware Dictionary for sEntiment Reasoning (VADER) [18] tool from the Natural Language
Toolkit (NLTK) package in Python.

Valence Aware Dictionary for sEntiment Reasoning (VADER) is a sentiment lexicon-based
sentiment analyst constructed to work with text/sentiment expressed in social media microblogs.
Its lexicon includes common features to sentiment expression in English such as emoticons (":)"
referring to a smiley face, or ":(" referring to a sad face), acronyms ("LOL" and "WTF"), and
slang ("meh", "nah"). Therefore, VADER outperforms other lexicon-based approaches in social
media sentiment analysis. For instance, the approaches based on polarity lexicons (LIWC, Gl, ...)
are not able to capture the sentiment from emotions or acronyms since they are only capable of
generating binary polarity. Although this polarity problem is solved by using valence-based
sentiment approaches such as ANEW, this approach also fails to cover for most common lexical
features in social media. Also, since VADER is not a machine learning model, problems such as
the requirement of large datasets, high computational cost derived from training/classification
time, and having features that are not easily interpretable due to processing in black boxes, are
not present using this method.

Even though it may seem that approaches such as Linguistic Inquiry and Word Count (LIWC)
[26], Affective Norms for English Words (ANEW) [27] or General Inquirer (GI) [28] are not as
efficient for sentiment analysis, VADER's base sentiment lexicon was derived from those lexical
features given they are already rated. The newly introduced lexicon was validated using a
Wisdom-ofthe-crowd approach and then cleaned through a series of evaluations and validations
to maintain the quality. Moreover, some generalizable heuristics were also created to incorporate
wordorder sensitive relationships between terms. These heuristics include punctuation (!) to
increase the magnitude of the sentiment intensity, capitalization to emphasize a sentiment-
relevant word, degree modifiers (such as "extremely”, "super"), contrastive conjunction "but"
pointing a shift in sentiment polarity and examining the trigram preceding a sentiment-laden
lexical feature. This allowed reaching the gold-standard list of lexical features used in VADER,
which makes it the most convenient choice to classify the sentiment of tweets in the present
dataset.
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The classified tweets were then separated into different arrays depending on their sentiment and a
word cloud was created using the WordCloud generator from Python to visualize words
predominating in tweets belonging to each of the sentiments.

3.4. Exploratory Data Analysis

For the exploratory data analysis, the data of each of the vaccine datasets was manipulated using
the Pandas library from Python. The time series for the number of tweets per day was developed
using the time date Python module and the visualization was created using the matplotlib library.
Further manipulation of data was carried out to prepare data for building the tree map of the
percentage of tweets by state. The main results of these maps were coupled with the sentiment
data to analyze sentiments on the days and states with the most tweets.

3.5. Social Network Analysis

To identify the users with the most influence in each of the vaccine datasets, the data from the
user replies were used to build a network. The features of 'User ID' and 'In Reply to User' were
used to build a table with the list of edges, with each edge referring to a connection of a user that
replied to another user. Each of these users was referred to with their Twitter IDs and was set as
the nodes of the graph. Since for this analysis we were interested in identifying the users with the
most influence causing negative replies, the tweets that were selected for the graph were only
those that had a negative classification. A single graph was built for every vaccine dataset using
the Gephi software, filtering the nodes by their in-degree and showing the labels only for the
nodes with in-degree > 5.

4. RESULTS

4.1. Sentiment Analysis and Text Mining

Every tweet in each vaccine's dataset was assigned one of three different sentiments: neutral,
positive, and negative. The number of tweets belonging to each class was normalized and is
shown in Figure 2, where a general tendency towards neutrality can be observed. Figure 2 shows
that Sinovac (54%) is the vaccine with the highest percentage of neutral tweets followed by
Sputnik (48%), Pfizer (42%), CanSino (39%), and AstraZeneca (35%). Moreover, CanSino
(39%) has a higher prevalence of positive tweets as opposed to Sinovac (28%), which had the
lowest percentage. Sputnik and AstraZeneca presented the same percentage (32%), which was
slightly lower than Pfizer (37%). Lastly, AstraZeneca (32%) had the highest percentage of
negative tweets, followed by Pfizer (20%), CanSino (20%), Sputnik (19%), and Sinovac (17%).
These percentages indicate an overview of people's reception towards a specific vaccine, but the
context of why those sentiments arose is also a major topic to inquire about. Furthermore, it is
important to mention that, although the following experiments were carried out using all the
vaccine datasets, only the results for the AstraZeneca vaccine are shown in this paper. The
summarized results for the remaining 4 vaccines can be visualized in Table 1 and Table 2.

The visualization of keywords on the created word clouds, along with existing evidence, allow
the extraction of context that aid in the interpretation of the results from the sentiment analysis.
For instance, in tweets related to positive sentiments found in the AstraZeneca dataset (Fig. 3),
topics where people posted their absence of symptoms after they received their dosages could be
found. Also, the millions of vaccines that would be shared by the USA with Mexico, with an
initial batch of 1.5 million according to the Mexican Secretary of Foreign Affairs Marcelo Ebrard
[19], was shown in the word cloud as well.
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On the other hand, negatively classified tweets (Fig. 4) discussed the most commented side
effect, which was the thrombosis that started appearing in several cases in European countries
and of which news was spread quickly. Additionally, people appeared to be complaining about
the government's decision not to suspend its use in Mexico. Most of these topics, including
"blood clots”, "side effects", "European countries”, and "link between AstraZeneca", can also be
observed in the 2-gram (Fig. 5) and 3-gram.
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Figure 2. Obtained percentages of tweets classified by sentiment across five vaccines in Mexico.
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Similarly, the most important words appear in CanSino's positive word cloud, among which
topics regarding its key feature of requiring only a single dose were found. Another topic
involved people commenting about how their bodies reacted after receiving their unique dose.
Being the most important news at that time was the packaging that would be carried out in
Mexico at Queretaro's DrugMex Pharmaceutical Plant using CanSino's active substance [20].
Since this meant the vaccination progress would speed up, positivity in the tweets including this
topic may be explained. On the other hand, tiredness was among one of the main symptoms
people had days after their dose in connection to the negative sentiment tweets. In addition,
negatively classified sentiments were linked to the vaccine's effectiveness, which was a very
controversial issue when CanSino was first approved by the Mexican Federal Commission for
the Protection Against Sanitary Risks (COFEPRIS). Likewise, those topics are detected in 2 and
3-Grams as "active substance”, "single dose", "drugmex plant”, "first three lots", and "over 60
years", where the latter refers to the decrease in the effectiveness in people over 60 years (Table
1).

In the case of the Russian vaccine Sputnik, negative sentiments also seemed to include several
news. Among the most important news was the distribution of vaccines in the state of Campeche
from apparently authorized retailers, in addition to the fact that, in the same state, vaccines were
confiscated heading illegally to Honduras [21]. People also talked about their side effects after
receiving the drug, but the previously mentioned news appeared to have more impact on the
discussions. Similar to the previously discussed vaccines, the positively classified tweets from
Sputnik, also showed people speaking up, either posting using their own Twitter profile or
replying to other accounts, on the lack of symptoms or thanking governmental institutions for
receiving their dose (Table 1).

Lastly, Sinovac's negative tweets referred to the users that were concerned over the vaccine's
safety due to the death of an elderly person 40 minutes after he received his dose in the state of
Guerrero. In other tweets, also about older adults, users were asking why Sinovac was still being
applied to people over 60 years if only a few adults signed up to clinical trials, according to
Europa Press news agency [22]. Besides this, another complaint was about the waste of vaccines
due to the poor conditions in which they arrived in Mexico along with the bad temperature
management that led to other vaccines being discarded as well. On the positive sentiment side,
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people talked about their experience days after receiving the vaccine and the millions of doses
that were coming to Mexico [23] (Table 1).

Table 1. Sentiment analysis and text mining summarized results on CanSino, Pfizer, Sinovac, and Sputnik
vaccine datasets.

Vaccine WordCloud WordCloud 2-Gram 3-Gram
(Positive) (Negative)

CanSino single, dose, tired, teacher, | single, dose; tired, Over, 60, years;
teacher, china, | emergency, vaccines; older, authorizes,
packaged, cofepris, adults; first, batch; emergency, Use;
queretaro, authorize, marcelo, ebrard; first, three, lots;
ebrard, thank, | effectiveness. | drugmex, plant; Coahuila,
health, emergency, Use; Chiapas,
advantage. active, substance. Nayarit.

Pfizer us, first, shot, got, Second, dose; first, Over, 60, years;
vaccine, already, days, | dose; older, adults; my, first, dose;
second, dose, problems, third, dose; 60, years; | south, african,
well, thank, doses, death, astra, Zeneca; side, variant; Mexico,
time, better, case, risk, effects. new, lot;
already, health, | side, effect. children, under,
want, 12; young,
effectiveness. people, between.

Sinovac well, china, effectiveness, | Second, dose; older, | Adults, over,
effective, thank, | poor, adults; first, dose; 60, | 60; Mexico, has,
today, older, condition, years; after, received;
without, apply, | tired, problem, | receiving; minutes, after,
reached. hidalgo, pharmaceutics, receiving; has,

temperature, vaccines, Pfizer; an,

adult, death, arrived, at. effectiveness;

serious. 15, minutes,
later.

Sputnik dose, well, false, Second, dose; first, Direct,
president, Campeche, dose; false, vaccines; | investment,
health, already, | report, not, know; would, fund; v,
thank, Honduras, have; private, aircraft; | vaccines,
according, doses, via, astra, Zeneca; new, confiscated:;
effective, come, | case, problem, | lot; alberto, private, aircraft,
hope, case. government. Fernandez; false, at; has, an,

doses; direct, effectiveness;

investment. san, pedro, sula;
Campeche,
international,
airport;
European,
medicines,
agency; 5000,
false, doses.
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4.2. Exploratory Data Analysis
4.2.1. Number of Tweets per Day Time Series

In the Exploratory Data Analysis (EDA), the manipulation of data to obtain a time series of the
count of tweets per day for each of the vaccines allowed us to identify trends within data. The
number of tweets about the vaccines seemed to decrease on the weekend, resulting in a weekly
trend of tweets having its peak in the middle of the week. However, a specific peak that
corresponds to the day with the highest number of tweets per dataset could also be identified.

Most of the vaccines had the highest number of tweets in the middle of March (Table 2). For
instance, the AstraZeneca dataset had the highest number of tweets on March 16 (Fig. 6) and the
CanSino dataset on March 23. Also, the Sinovac and the Sputnik vaccine datasets both had their
peak in the number of tweets on March 18, and, while the Pfizer dataset had a high number of
tweets around these days, its peak was found on April 9.
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Figure 6. Number of AstraZeneca vaccine dataset tweets by day.

By tracing back on the events of the peak dates, it is possible to identify which type of events or
news triggered a higher response on the Mexican population. Furthermore, by identifying the
sentiments among the tweets on these peak dates, the nature of the response can also be
elucidated. For instance, the AstraZeneca vaccine had a predominance of negativity on the day
with the most tweets (Fig. 7). This was the same case for the CanSino vaccine, although the
difference in the percentage of negative tweets was higher in the CanSino dataset (45%) than in
the AstraZeneca dataset (38.5%). The remaining three vaccines had predominance for neutrality,
resulting in percentages of 70.71, 56.56, and 38.88, for Sinovac, Sputnik, and Pfizer,
respectively. In these cases, the percentage of neutral tweets was significantly higher in the
Sinovac and the Sputnik vaccine datasets than in the Pfizer dataset, and, also, the second most
predominant sentiment was negative in Sputnik and Sinovac datasets as opposed to the latter, in
which there was a higher percentage of positive tweets (Table 2). This provides evidence that the
immediate response to events about news for each of the vaccines had a positive nature for the
Pfizer vaccine and a negative one for the rest of the vaccines, specially CanSino and
AstraZeneca.
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4.2.2. Percentage of Tweets by State

Data was further manipulated to view how the percentage of tweets obtained for each of the
vaccine datasets was divided into each of the Mexican states. The results were quite similar
among the five datasets (Table 2). The states of Puebla, Querétaro, and San Luis Potosi had the
highest percentage of tweets in the AstraZeneca (Fig. 8) and the Sputnik datasets. Similarly,
CanSino and Sinovac also had among their top 3 the states of Puebla and Querétaro, differing
only by the states of Guanajuato and Oaxaca, respectively. Finally, the Pfizer vaccine dataset
also had Puebla and Oaxaca among its top 3 states, along with Veracruz. These results indicate
that the states that seemed to have the most activity on Twitter regarding the vaccines were
Puebla and Querétaro.

MNegative 38.5%

MNeutral 33.22%

Positive 28.34%

Figure 7. Percentage of tweets per sentiment classification on AstraZeneca vaccine dataset on March 16.
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Figure 8. Tree map of percentages of tweets per state on AstraZeneca vaccine dataset.

Furthermore, the sentiments obtained were also coupled with these results (Table 2). For
instance, the predominant sentiment on the top 3 states with a higher percentage of tweets was
negative for the AstraZeneca vaccine dataset (Fig. 9). This was the same case for the state of
Guanajuato on the CanSino dataset, which was also among the top three states with the highest
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percentage of tweets for this vaccine. However, the rest of the vaccine datasets and their
respective top 3 states had a high predominance for neutral sentiments; and for all the vaccines
except AstraZeneca and CanSino, the second most predominant sentiment was positive. These
results may indicate that the overall response of the most active states regarding the vaccines was
negative for AstraZeneca and CanSino and positive for Sputnik, Pfizer, and Sinovac.

Sentiment of AstraZeneca Vaccine in Tweets from Puebla Sentiment of AstraZeneca Vaccine in Tweets from San Luis Potos{ Sentiment of AstraZeneca Vaccine in Tweets from Querétaro
Negative 37.76% Negative 35.20% Negative 40 54%
Neutral 35.29%
Neutral 36.73% Neutral 32 43%
[ Positive 29.41% Positive 27.03%

Figure 9. Percentage of tweets per sentiment classification on top three states with the highest tweet count
on AstraZeneca vaccine dataset.
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Figure 10. Social Network Analysis of user replies in AstraZeneca vaccine dataset. Graph is filtered by in-
degree > 5, in which labelled nodes correspond to this equality. Numbers in nodes represent the ID of the
Twitter users: 64798737 is Marcelo Ebrard, 316273207 is Dr. Alejandro Macias, and 236636515 is
Joaquin Lépez-Dériga.
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4.3. Social Network Analysis

The Social Network Analysis was based on the user replies from each of the vaccine datasets. A
network was generated per vaccine and was conformed of tweets that were classified as negative.
Filtering the network allowed the identification of the users that had the most negative replies
about the vaccines. For example, the Mexican Secretary of Foreign Affairs, Marcelo Ebrard, was
one of the users with the most replies in all the vaccine datasets. Similarly, Dr. Alejandro
Macias, a researcher from the University of Guanajuato, appeared as one of the nodes with the
most replies in the AstraZeneca (Fig. 10), Sinovac, Sputnik, and CanSino vaccines. A famous
Mexican journalist called Joaquin Lépez-Doriga was also highly present in the negative replies
from the CanSino and AstraZeneca vaccine datasets.

Other figures such as researchers and politicians were also quite present in the vaccine datasets.
For instance, Lilly Téllez, a Mexican journalist and politician had several replies in the Sputnik
dataset. Also, the Quintana Roo Governor Carlos Joaquin appeared as a large node in the Pfizer
dataset, while Dr. Alma Maldonado, a researcher, and professor from the University of Mexico
was highly present in the CanSino dataset. The results from these networks indicate that
politicians and researchers are highly involved in negative responses regarding each of the
available vaccines in Mexico. Further investigations on the nature of the tweets that were highly
replied to may provide an insight into the type of allegations that have the greatest impact on the
target users.

Table 2. EDA and Social Network Analysis summarized results for 5 vaccine datasets.

Sinovac Pfizer CanSino Sputnik AstraZeneca

Mean
(tweets/day) | 166 605 93 237 856
Max tweet
count 478 1273 622 838 2507
Day with
highest March 18, | April 9, March 23, March 16,
tweet count | po21 2021 2021 March 18, 2021 2021
State with
highest
tweet count | pygp|a Puebla Puebla Queretaro Puebla

Sentiment
(highest
tweet count

day) Neutral Neutral Negative Neutral Negative
Sentiment
(highest
tweet count
state)

Neutral Neutral Neutral Neutral Negative
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Main Marcelo Marcelo Marcelo Marcelo Ebrard Marcelo
subjects in | Ebrard Ebrard Ebrard (Politician); Dr. Ebrard
social (Politician); | (Politician);| (Politician); Alejandro Macias (Politician);
network Dr. Carlos Dr. (Researcher); Lilly Dr.
Alejandro Joaquin Alejandro Téllez Alejandro
Macias (Politician) | Macias (Politician/Journalist) | Macias
(Researcher) (Researcher); (Researcher);
Dr. Alma Joaquin
Maldonado LopezDoriga
(Researcher); (Journalist)
Joaquin Lopez-
Doriga
(Journalist)

5. DISCUSSION

The analysis carried out in this research demonstrates an overview of people's reception towards
a specific vaccine. The classes assigned to each tweet in every dataset allowed the visualization
and analysis of the different types of reactions that were encountered for each of the vaccines,
and the reason of those sentiments could be modelled using word clouds that enabled the
identification of keywords that could provide a clue on the topic that was being discussed. For
instance, side effects appear frequently among negative sentiment keywords, as well as
complaints against the government, or reactions to the most shocking news affecting the
vaccines, not only in Mexico but also in other parts of the world. On the other hand, positive
tweets involved appreciation to the government for supplying the vaccines and spoke positively
about the safety and effectiveness of the different vaccines.

To provide more context to the keywords found on the word clouds, 2-grams, and 3-grams for
each of the vaccine datasets were also created. These n-grams allowed us to visualize the most
important phrases from which a context can be extracted without the need for modelling using a
Topic Model such as non-negative matrix factorization (NMF) or Latent Dirichlet Allocation
(LDA). However, LDA was performed as a validation method for the relationship found between
the topics on the word clouds and the n-grams. Given their similarity, LDA results are not shown
in this paper. Furthermore, since the results of the n-grams were not divided into positive and
negative tweets as in the word clouds, the small phrases that appeared depended on how
positively or negatively people talked about the specific vaccine. For instance, since AstraZeneca
had more negative tweets, the most recurrent n-grams were related to the blood clots side effect,
while the case of CanSino, which was the vaccine with the most positive tweets had good
comments regarding its single-dose feature. The identification of these sentiments and topics is
relevant as social networks have a tremendous impact on mass behavior and tendencies.
Consequently, although positive comments could have the effect of promoting vaccination,
negative comments could also affect the decision of the population not to apply their vaccine.

A brief EDA was carried out to have a general visualization of how the tweets from each vaccine
dataset were distributed. First, with a segmentation of the count of tweets per day, we were able
to obtain the days with the most tweets of any sentiment for each of the vaccine datasets. By
tracking back on the news or important announcements, the tweets from our database, and the
results from the previous analyses, we could identify several situations in which the users reacted
and tweeted the most. For instance, in the case of the Sinovac vaccine, the day with the most
tweets,was the day where Mexico received a batch of a million doses [23], for which people had
more positive than negative reactions. This was also the case for the Pfizer vaccine, where the
main announcements involved the arrival of a new batch of vaccines, and the affirmation of the
President that with this new arrival, the doses for all Mexican older adults would be sufficed
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[24]; the tweets on this day were also mostly positive. Moreover, in the case of CanSino,
announcements that were made on the day with the most tweets were related to the liberation and
immediate application of the vaccines in rural regions and the acquisition of more CanSino doses
that were packaged in the state of Querétaro [25]. As opposed to Sinovac and Pfizer, these
announcements had a higher percentage of negative responses. Similarly, on the day with the
most tweets on the AstraZeneca vaccine, the main announcement was the negotiation of Mexico
with the US to obtain these vaccines [19], which also had a mostly negative response. Finally,
the day with the most tweets in the Sputnik dataset matched the day of the announcement of the
discovery of fake vaccines in the state of Campeche [21]. Although most of these tweets had a
neutral tone, the negative responses predominated over positive ones. This information leads to
the conclusion that overall, depending on the previous “reputation” of the vaccine,
announcements involving the arrival of more doses would define the polarity of users’ reactions
towards it.

Also, the datasets were used to explore the states that tweeted the most about each of the
vaccines. Overall, it was found that the number of tweets was concentrated in the southeast and
north-central regions of Mexico. While most results indicated neutrality and positivity towards
the vaccines, there was a notorious exception in the case of the AstraZeneca and CanSino
vaccines, whose tweets from their top three states with the highest number of tweets had a
negative-neutral tendency. While these results provide evidence on the regions of the country
that are the most active in Twitter regarding the vaccines, it would be necessary to further study
the nature of the tweets by each of the states to define the impact that these states are having on
the rest of the country. Furthermore, it would be necessary to validate whether the datasets are
balanced in terms of the number of tweets that were recovered by state using the API.

The results from the Social Network Analysis let us identify those politicians, journalists, and
researchers that were the most influential figures on the vaccine datasets. For instance, the
Mexican Secretary of Foreign Affairs, Marcelo Ebrard, was the node with the highest in-degree
in almost all the datasets. This was expected as the Secretary gives several announcements on the
negotiations and transportations of the different vaccines. A similar effect was visualized in the
case of the famous Mexican journalist Joaquin LOpez-Doriga. However, politicians Lilly Tellez
and Carlos Joaquin, as well as researchers Alejandro Macias and Alma Maldonado, could
represent specific targets within the datasets whose comments trigger a response on the
community. Since the networks were built based on the negatively classified tweets, we can
assume that these people triggered a negative response, however, deeper analysis on each of the
subjects to define what is the exact nature of their impact and which characteristics they present
to create this impact in the community. It is important to mention that, although targets such as
these could be extracted from the networks, noisy users were also found. For instance, in the case
of the Sputnik vaccine, one of the nodes with the highest in-degree was that of an influencer
named “Sputnik”. These types of cases introduce noise to the analysis and should therefore be
considered in future work.

Overall, the sentiment analysis coupled with the text mining, the EDA, and the social network,
allowed us to have a deep overview of each of the datasets created for each of the vaccines
available in Mexico. This approach resulted useful to gain insight into the reactions and
behaviors of the Mexican population towards the vaccines and to open the landscape to future
investigations where misinformation sources can be predicted, and to further implement
measures that may slow down the spread of fake news or allegations that may be harmful to the
community. Actions that can be taken to further improve the current method include refining the
geolocation of the queries from Twitter, curating users that may include noise into the datasets,
including a wider variety of sentiments for classification, and creating social networks that
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demonstrate the polarity of the community. Further work on vaccine follow-ups is also
encouraged.

6. CONCLUSION

The method employed in this work for evaluating the sentiments of Mexicans towards the
currently available COVID-19 vaccines was effective in gaining an insight into the behavior and
opinions of the Mexican population. Using the VADER toolkit allowed the classification of
tweets into three different sentiments, providing a format with which the data could be further
analyzed. This method combined with text mining, exploratory data analysis, and social network
analysis allowed the identification of key words, dates, geographical regions, and people that
were highly represented by the data. While improvements such as expanding the number of
sentiments from the tweets and refining translation can be made, the current analysis provides a
framework that contributes to the understanding of population behavior and to the identification
and avoidance of possible misinformation.
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