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ABSTRACT. Nowadays, the coronavirus infection COVID-19 caused by the SARS-CoV-2 virus is a global concern as
it leads to a dramatic increase in new infections and deaths among the population. Obviously, COVID-19 is not the first pan-
demic in the world. Doctors and researchers have seriously tackled various viruses such as Ebola, Mers-Cov, SARS, etc.

Since the first headline about the coronavirus disease outbreak was published in December 2019, social networks have
become a favourable ground for the spread of information about new COVID-19. And the impact of social media during such
an unprecedented pandemic crisis is to be defined in this study. The author believes many outbreaks and pandemics could
have been controlled promptly if experts had considered the social media data.

In the current paper a social media platform Twitter was subjected to thorough analysis as it has the most accessible
data sources currently available. Moreover, people in this social media are free to discuss and share their opinions about events
in their daily life or express emotions associated with the pandemic. Thus, in the current study social data serves as the basis for
analyzing the opinions and emotional attitude (sentiment) of the author of the text to some objects, processes or events. The aim
of the research lies within the field of word processing in natural language. The automated sentiment analysis of messages from
Twitter was carried out on the basis of modern computer systems and platforms. The large-scale identification of human emo-
tions in social media is essential for international public influence, business decisions and policy development.
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ABTOMATHU3MPOBAHHBIA AHAJIN3 TOHAJIBHOCTH TEKCTOB B COLMAIBbHBIX
ceTsiX BO BpeMsl MaHAeMH i

AHHOTANMS. B nacmoswee spemsi cmpemumenvHoe pachpocmpanerue no 6cemy Mupy KOpoHaeupycHol unpexyuu
KOBH]JI-19, svizvisaemoti supycom SARS-COV-2, aensemcsa npobremotl enobanvho2o macumada, max Kax npugooum K pes-
KOMY POCIMY HOBbIX CLy4des UHMUYUPOBAHUsL, A MAKIICe CMEPMHOCMU cpedu Hacerenuss. OuesuoHo, 4mo 3mo OaieKo He nep-
6blil crydall nanoemuu. B npowwiom epauu u yuenvle cepbe3no 3aHUMANUCH UCCLEO08AHUEM PAZIUYHBIX 8UPYCO8, MAKUX KAK
supyc D6ona, Mers-Cov, SARS u dp.

C mex nop, kax ¢ dexabpe 2019 200a 6vin onyoOIUKOBAH NEPBbIL 3020 1080K O BCHbIUIKE KOPOHABUPYCHOU UH@eKyuU
(KOBUJI-19), coyuanvhvie cemu cmanu 61a20npusmuoi cpedoi Ol pACnPOCMPAHEHUs. UHDOPMAYUU O HOBOM upyce.
B oannoii cmamve npednpunsma nonvimka onpeoenunms iusHUe COYUAIbHbIX Cemell 60 8peMsl MaKo2o Gecnpeye0eHmHo2o
NaHOeMu4ecKo2o Kpusuca. Agmop noiazaem, 4mo MHO2UE GCHBIUKU U RAHOEMUU MOJICHO ObLIO Obl ONEPAMUBHO KOHMPOLU-
posamv, eciu Obi IKCHEPMbL YHUMbLEAU OAHHbLE COYUATILHBIX Cemell.

B oannom ucciedosanuu noosepanacy aHanuzy niamegopma coyuanvhoti cemu « Teummepy, maxk KaK UMEHHO OHA 516]151-
emest cambiM OOCMYRHbIM U3 CYWeCMBYIOWUX 68 HACMOosuee 8peMsl UCHOYHUKOM noaydenus oannvlx. Boree mozo, 6 coyu-
ANLHBIX CemsixX 00U CB0OOOHO 0OCYAHCOAIOM U BbICKA3BIBAION C80U MHEHUS O COOBIMUSX, NPOUCXOOAUUX 68 NOBCEOHEGHOU
JUCUBHU, WU BbIPAINCAIOM IMOYUU, C8A3aHHble ¢ nandemueil. Takum o6pazom, coyuanbHble OAHHbIE CLYICAM OCHOBOU OISl
aHaIU3a MHeHUll U SMOYUOHATIbLHOZO OMHOUWIEHUs] A8MOPA MEKCMA K HEeKOMOPbiM 00beKmam, npoyeccam uiu CoObImusm.
Lenvio pabomel siensiemes npogedene asmoMamu3upo8anHo20 analu3a moHaibhocmu coobujenuti 6 « Teummepey ¢ npume-
HeHUeM COBPEMEHHBIX KOMNbIOMEPHbIX NPOSPAMM U MEXHOI02Ul 8 pycie 06pabomku ecmecmeenno2o sizvika. [Llupokomac-
wmabHoe onpeodeeHue Yeno8eHecKux IMOYULL 8 COYUANbHBIX CEMSX UMEem BaJCHOEe 3HAYEHUE OISl MEICOYHAPOOHO20 GlUsl-
HUsL Ha 06Wecm80, NPUHAMUSL O€JI08bIX PeUteHUl U paspadomKy NOTUMUYECKUX CIPAMEe2Uil.

© llyushkina M. YU. (Mmomkuna M. 10.), 2023
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INTRODUCTION

During the COVID-19 pandemic social net-
works have been used as platforms by health-
care institutions, government organizations,
hospitals and journals to distribute information
in a timely manner. Social networks have also
been the platform for the doctors treating
COVID-19 patients to promptly inform the med-
ical community about their experiences.

Many healthcare professionals are empow-
ered to analyze emerging data, which helps
them and government institutions understand
how population reacts to events, benefiting the
public interest [Alsaeedi & Khan 2019]. Howev-
er, current trends in technology should be con-
sidered as well, as they have shown their con-
tribution to medical decision-making related to
infectious diseases and their outbreaks [Bhat et
al. 2020; Soliman et al. 2020: 92]. Social net-
works have developed platforms that facilitate
communication between human communities
and help them exchange ideas, information,
knowledge and other data through forms of
electronic communication [Kim & Yoo-Lee
2014]. Social media platforms are considered to
be the fastest growing information systems for
public use [Appel et al. 2020: 79-95]. A distinc-
tive feature of Twitter is the public availability of
messages posted there. Twitter has become
not only one of the most popular ways of com-
munication, but also has infiltrated in the vo-
cabulary and the way of thinking.

Thus, given the time that users spend on
such social networks, from a few hours a week
to daily use, these applications undoubtedly
influence the behavior of people. Despite the
large amount of data presented on these social
media platforms, their content can have contra-
dictory effects that range from negative to posi-
tive psychological effect on people's lives.

Sentiment analysis in this context can be-
come a useful tool for assessment of public
opinion. Sentiment analysis contributes to the
understanding of human emotions as it can in-
terpret the behavior of people who interact with
social networking applications. In addition, the-
se multimedia applications are used in various
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fields, including health [Rodrigues et al. 2016:
80], business, tourism [Ainin & Abdullah 2020],
education, such as opinion mining and enabling
people to express their emotions freely [Zarrad
et al. 2014: 664-670]. Thus, sentiment analysis
is a powerful tool for understanding the most
important global trends and events. Especially
when an epidemic becomes such an event. Af-
ter all, immediate and effective communication
is necessary to reduce uncertainty, since it al-
lows getting a clear idea of the situation [Bordia
et al. 2004].

THEORY AND METHODS

The increased interest in the analysis of
subjective opinions in user texts dates back to
the early 2000s [Pang & Lee 2008]. The book
“Sentiment Analysis and Opinion Mining” [Liu 2012]
shows the importance of applying this analysis in
all spheres of business and social life. Moreover,
it describes the problem of automatic sentiment
detection of the text, as well as the problems that
researchers most often face.

Thus, sentiment analysis of texts today can
be considered as one of the most popular re-
search topics in the field of natural language
processing [Sailunaz & Alhajji 2019]. Many sci-
entists are working on the analysis of sentiment
of texts from social networks, for example, con-
cerning the disease COVID-19. Thus, C. Kaur
and A. Sharma analyze the sentiment of mes-
sages-tweets in the social network Twitter and
determine the attitude of people towards the
coronavirus disease COVID-19 [Kaur & Sharma
2020]. R. Medford compiled a list of COVID-19-
related hashtags, that were used to distribute
messages in blogs, and then analyzed their
sentiment to determine the emotional signifi-
cance of each message and identify the domi-
nant emotion [Medford 2020]. K. Sailunaz and
R. Al-Hajj are analyzing the sentiment of Arab
tweets, Twitter posts containing hashtags related
to government-imposed public health measures,
and measuring the number of positive and nega-
tive messages [Sailunaz & Alhajj 2019].

The above mentioned researchers investi-
gate the question of the relationship between
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social networks and human behavior during the
COVID-19 pandemic, emphasizing the practical
importance of analyzing the sentiment of texts
in solving the assigned tasks.

Sentiment analysis of texts finds its applica-
tion, starting from assessing the quality of
goods and services and finishing with the com-
pilation of texts with predetermined emotional
characteristics. The object of emotional as-
sessment can be a proper name, the brand of a
product, organization, service or profession, in
relation to which the opinion is expressed.
However, the daily number of published reviews
in social networks is so huge that their manual
processing is impossible and requires automa-
tion. Therefore, sentiment analysis every year
becomes an increasingly urgent task from both
theoretical and practical points of view due to the
development of the Internet and the change in
the format of communication between people.

The purpose of this research is to analyze
the sentiment of messages in the social net-
work Twitter during the pandemic period from
December, 2020 to January, 2022. We consider
“the sentiment” to be an emotional assessment
expressed by the author regarding the COVID-
19 disease.

This study does not target a specific conti-
nent, country or city to collect data as corona-
virus is an almost ubiquitous health problem.
The existing tools and approaches for word
processing and automatic determination of their
emotional component have been analyzed. To
achieve the goals an application programming
interface (Twitter API) was implemented as it
allows one computer program to interact with
others, load the Tweepy data library, and up-
load the necessary information by keywords.
Throughout the research new words in the peri-
od of 2020-2021 related to the studied topic
were defined. Moreover, the dynamics and fre-
quency of their use was analyzed as well.

THE PROCEDURE AND ALGORITHM
OF THE AUTOMATED SENTIMENT
ANALYSIS

The study is aimed at understanding not
only the interconnection between the data ob-
tained from social media and human behavior
during the outbreak of the coronavirus known
as COVID-19, but also at showing how people,
government organizations and news agencies
transmit such situations.

Many people and government authorities
want to present their views to the public about the
coronavirus and use social media for this pur-
pose. This data can be analyzed in terms of emo-
tional coloration of utterances to observe large-
scale communities at low cost [Choi et al. 2017].
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Sentiment analysis is a class of computa-
tional linguistics methods for the automated
identification of emotionally charged vocabulary
and opinions on the topics mentioned in texts.
In the analysis of the sentiment of the text, an-
other term that is associated with the concept of
opinion — subjectivity, is used. Pang and Lee
define an objective sentence as expressing fac-
tual information about something, while a sub-
jective one expresses someone's personal feel-
ings or assumptions [Pang & Lee 2008: 6].

The algorithm for classifying texts is usually
called a classifier. In the current research we
have launched a probabilistic classifier such as
a Naive Bayesian classifier, which is based on
the maximum entropy method. The Naive
Bayesian classifier is traditionally used in text
classification tasks, such as spam filtering, au-
tomatic categorization, or document sentiment
identification.

Sentiment analysis, also known as opinion
mining, is a powerful tool that can be used to
gain insight into mentions, brands, and products.
It is a natural language processing algorithm that
provides an overview of the positive, neutral and
negative characteristic of the text, and that com-
panies rely on to monitor social data.

At the first stage, operation with social me-
dia platforms is carried out. The user chooses
the source from which he wants to extract an
opinion; for example, when choosing social
networks, the user can choose from various
online sources such as Twitter and Reddit.

The second stage involves data collection
with using specific keywords or hashtags (#) to
get the desired information based on their pref-
erences. This information takes various forms,
such as tweets, messages, news and texts.

The third stage is a preliminary processing
of the extracted information. It is processed to
prepare the data for the next stage. This step
includes feature extraction.

The fourth stage is data analysis when all
preprocessed data is used for its designated
purpose, for example, to determine the polarity,
the sentiment analysis or the frequency analy-
sis [Kim et al. 2016: 763].

Every stage of the sentiment analysis in-
volves the usage of computer technology. For
example, one of the most popular modern pro-
gramming languages, Python, with its libraries
is a universal tool for solving many applied
problems, from automated information collect-
ing to data analysis.

To achieve the research goal, two main
methods were used:

1) based on the analysis of mass data of
the social network Twitter: collection, pro-
cessing and analysis of data;
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Fig. 1. TextBlob library operation

2) based on extracted tweets, natural lan-
guage processing (hereinafter NLP — Natural
language processing) to determine the senti-
ment of users' mood.

The data-driven methodology uses the
Twitter API to access the Tweepy library through
the Python programming language, which al-
lows you to retrieve the relevant data using
keyword and hashtag (#) searches. The ex-
tracted tweet methodology uses TextBlob, a text
processing library written in Python, and also
uses a Naive Bayes classifier for machine
learning in the English language.

SENTIMENT ANALYSIS IN PYTHON
WITH TEXTBLOB

Advanced technologies in natural language
processing (NLP) allow us to analyze natural
languages on different layers: from simple
segmentation of textual information to more
sophisticated methods of sentiment categoriza-
tions. Thus, for example, Python library —
TextBlob — was created for processing textual
data which provides a simple API interface for
diving into common NLP tasks such as part-of-
speech tagging, noun phrase extraction and
sentiment analysis.

The approach that the TextBlob package
applies to the sentiment analysis differs in that it
is rule-based and, therefore, requires a pre-
defined set of categorized words. These words
can, for example, be uploaded from the NLTK
database — a package of libraries and pro-
grams for symbolic and statistical natural lan-
guage processing written in the Python pro-
gramming language.

Once a Python model is fed by the neces-
sary input data, a user can obtain the sentiment
scores in the form of polarity and subjectivity.
We can see how this process works in Figure 1.

The first step is to analyze the input file,
which is the users™ feedback file, i.e. a text for-
mat designed to present tabular data and pass
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it as an input to the sentiment analysis model.
A Python library named TextBlob is used to
create this model. This library contains two im-
plementations of the sentiment analysis, that is,
the NaiveBayes analyzer, which is part of the
NLTK, and the template analyzer, which de-
pends on template libraries. The Python code
analyzes the file and uses a sentiment model,
after that it gives an output in the form of polari-
ty and subjectivity.

TextBlob output for a polarity task is a float
within the range [-1.0, 1.0] where -1.0 is a nega-
tive polarity and 1.0 is positive. This score can
also be equal to 0, which stands for a neutral
evaluation of a statement as it doesn’t contain
any words from the training set. Polarity and
subjectivity help define the sentiment of a
comment and understand the opinions of differ-
ent users. If the estimation decreases towards
the positive range, then the comment is more
likely to be positive. If the estimation equals to
zero, the comment is neutral, and if the estima-
tion lies in the negative range, the comment
tends to be negative. Subjective evaluation
helps to understand the objectivity of the sen-
tence. If this estimation drops to 0.0, we can
say that the comment is objective in nature, and
if the estimation is close to 1.0, then the com-
ment is subjective.

To change the default settings, we specify a
Naive Bayes analyzer in the code. Our Python
model gives the sentiment evaluation. The
TextBlob library is used to perform sentiment
analysis on imported sentences as well as
tweets.

SENTIMENT ANALYSIS OF COVID-19
MESSAGES

Sentiment analysis is a machine learning
algorithm that automatically determines the
emotional coloring of online conversations,
classifying them as positive, negative, or neu-
tral. Sentiment analysis tools are a cost-
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effective and fast way to analyze huge amounts
of opinion data that people simply cannot pro-
cess efficiently. Equipped with natural language
understanding feature (NLU), sentiment analy-
sis tools can automatically understand text in
the same way as a human. In our paper, senti-
ment analysis means finding opinions in the text
and determining the emotional attitude to the
pandemic events.

There are many open source code senti-
ment analysis resources used to create a sen-
timent analysis tool that can produce accurate
results. We will apply one of these options for
sentiment analysis evaluation in this research,
using a database with messages from Twitter.

The platform Brand24 is a social tool de-
signed to track and analyze brand status in real
time, and will be used in the current research.
The “mentions tab” filters and displays all men-
tions by sentiment, the “analysis tab” shows
things like reposts, interactions, and likes, and
the “summary tab” shows the overall coverage
of a brand, product, or campaign. Brand24 al-
lows us to export information from various
sources and provides a 14-day free trial, allows
up to 100,000 text messages for each study
subject and has a built-in «sentiment analysis»
function, which is perfectly suited for solving the
problems in our research.

During pandemic time people spend more
time on social media than usual. Twitter trans-
mits news faster than official news channels
and emergency response agencies [Imran et al.
2020]. With proper planning and implementa-
tion, social media data can be analyzed and
processed to extract situational information that
can be used to develop effective responses to a
pandemic. Therefore, in this research, we use
Twitter social media posts, known as tweets,
that contain statements and opinions about
COVID-19. We search for the required tweets
by keywords of the year 2020 referring to coro-
navirus topic, for example, "Lockdown"
blocking, "social distancing" — maintaining so-
cial distance, etc. Based on Coronavirus Cor-
pus, designed to reflect social, cultural and
economic impacts of coronavirus (COVID-19) in
2020 and beyond, we evaluate the dynamics
and frequency of use of identified words from
January, 2020 to December, 2021 and view
how things have changed over time. We also
use an online platform Brand24, designed to
track and analyze social opinions from Twitter
in real time, allowing users to have negative
and positive mentions, and analyze tweets for a
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month from December, 2020 to January, 2021,
which was indicated as the peak period. We are
using the Python programming language as it
also provides many easy-to-use libraries for
accessing the social networking platform Twit-
ter. With the resulting data, we analyze the sen-
timent of the tweets (or, as it is often called "the
analysis of emotional coloring"”). Sentiment
analysis should, first of all, serve the purposes
of describing and predicting social phenomena
in order to prevent victims and panic during
pandemics and disasters.

CONSTRUCTING SAMPLES FOR ANALYSIS

We started constructing the samples for
analysis by defining the keywords by which the
search and export of the tweets we need will be
carried out. For this reason, we search several
well-known online sources such as the Global
Language Monitor and Merriam-Webster, as
well as dictionaries such as the Oxford English
Dictionary and Collins Dictionary, which provide
a list of 2020 new words on coronavirus topics,
such as self-quarantine, lockdown, self-isolate,
social distancing, Zoombombing, Coronacation,
covidiot, etc.

To analyze the dynamics of the use of new
words appeared in 2020, a corpus Coronavirus
Corpus (https://www.english-corpora.org) was
investigated. The corpus shows what people
actually say in online newspapers and maga-
zines in 20 different English-speaking countries.
The corpus currently has around 814 million
words and keep on growing with 3-4 million
words every day. We can also compare differ-
ent periods to see how things have changed
over time. To do this, in the search bar, we indi-
cate the search word and the time period for
analysis (see Figure 2).

As can be seen in Figure 2, the search
word is indicated in the search bar, we indicate
the time interval and click "search for matching
lines" of the search for matches. We begin our
analysis with the word “Coronavirus”. Picture 1
demonstrates the dynamics of the use of this
word in 2020.

As we can see in Picture 1, the word “coro-
navirus” was used according to the corpus
20 thousand times in January, 2020. This is due
to the fact that the first death from the virus was
confirmed, and in February, 2020 the virus be-
gan to spread rapidly in various countries, de-
spite the quarantine measures taken by the
Chinese authorities.
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Picture 1. Dynamics of the use of the word “Coronavirus”

The next step was to estimate the frequen-
cy of use of new words in 2020.

Based on the results of Picture 2, we see
that the words “Coronavirus” and “COVID-19”
are on the list of the main contenders to be-
come the words of the year. Coronavirus was
used 1794.188 thousand times, COVID-19 —
2138.989 thousand times. Further descending
are the words “Pandemic”, “Outbreak”, “Lock-
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down”, “Quarantine”, “Isolation”. The least
popular words were “Furlough” — 14,248 thou-
sand times, and “Flatten the curve” — 7,629
thousand times. This may be due to the fact
that “Flatten the curve” was only discussed by
health organizations and government authori-
ties, as it was their job to develop a strategy to
slow down the spread of the virus.
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WORD
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Picture 2. Comparison of the frequency of use of new words for 2020

TWITTER SENTIMENT ANALYSIS
IN PYTHON USING TEXTBLOB

Sentiment analysis of tweets included the
stages of preparation, app authentication and
processing of statements. We needed two li-
braries to start sentiment analysis of tweets.
The first one was Tweepy, a Python library for
accessing the Twitter API. The other one, Text-
Blob, is a library for processing textual data. It
provides a simple API for solving basic tasks in
natural language processing: sentiment analy-

sis, morphological parsing, nominative extrac-
tion, etc.

With the use of an authenticated account
(API), we entered a search for specific words
required for sentiment analysis. After choosing
the keywords and compilation of tweets, we
processed them using TextBlob.

For a start, we found the latest tweets associ-
ated with our keyword. Then we used TextBlob to
determine the sentiment of each individual tweet
and display it as shown in picture 3.

#Searching through tweets public_tweets = api.search('Coronavirus')

for tweet in public_tweets:

#Displaying tweets
print(tweet.text)

#Using TextBlob to determine the sentiment of a tweet

analysis = TextBlob(tweet.text)
print(analysis.sentiment)
print('\n")

Picture 3. Defining the sentiment through TexrBlob
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Table 1. Twitter data on coronavirus per week

Date Number of tweets
#Coronavirus
Thu 01/01/2021 44,357
Fri 02/01/2021 71,053
Sat 03/01/2021 16,399
Sun 04/01/2021 28,391
Mon 05/01/2021 31,775
Tue 06/01/2021 22,389
Wed 07/01/2021 34,229

Total per week

Number of tweets Total number

#Covid-19
49,183 93,540
80,781 151,834
26,231 42,630
26,761 55,152
26,747 58,522
35,987 58,376
35,949 70,178
530,232

The program displays several tweets and
analyzes their sentiment. Polarity determines
how positive or negative the emotional colour-
ing of the text is. Subjectivity measures to what
extent the author's personal opinion is ex-
pressed in the text.

Despite numerous limitations of Twitter API,
we have made consistent attempts to access as
many posts as possible. About 530,000 tweets
from around the world with the keywords
#COVID-19 and #CORONAVIRUS were re-
trieved from Twitter (see Table 1).

Data collection was performed within one
week, and the data for each day was stored in
different files. Next, the tweets received from
the Twitter were sent for sentiment analysis
using the Python TextBlob library.

The sentiment polarity of tweets for seven
consecutive days from January 1, 2021 to
January 7, 2021, was observed. The data is
displayed for two keywords, namely coronavirus
and Covid-19. On average, more than 36% of
users posted optimistic messages, while only
about 14.5% of the tweets were negative. How-
ever, the neutral attitude towards the keywords
coronavirus and COVID-19 was significantly
high (49%).

The figures for different days are relatively
similar. A large number of neutral tweets indi-
cates that the bulk of the information included
facts, not opinions. The next stage was to ana-
lyse the subjectivity of data in detail. For both
keywords, most of the entries were objective,
which accounted for approximately 64%.
Meanwhile, about 22% of them were subjective,
expressing feelings and opinions. Finally, 14%
of tweets did not keep clear characteristics: nei-
ther subjective nor objective. This study un-
veiled the fact that Twitter users were being
more optimistic when they used the word
#COVID-19 rather than #Coronavirus in their
tweets.

CONCLUSION

In this study, automated sentiment analysis
of tweets on the topic of COVID-19 collected
from Twitter database was applied. 818,224 co-
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ronavirus-related messages were collected dur-
ing the high period of the pandemic from De-
cember, 2020 to January, 2022, and analyzed
using Brand24, an online social data analysis
service. 530,232 tweets that mention two
hashtags #Coronavirus and #COVID-19 were
collected during the week from January, 1 to
January 7, 2021. Using the Twitter API and the
flexible Python Tweepy library, the polarity and
subjectivity of the tweets were identified. Text-
Blob, a library of Python sentiment analysis
methods, was applied to the collected tweets.
The results showed neutrality of most of the
tweets, with a significant portion of entries being
objective, which accounted for approximately
64%. However, the tone of the rest of the mes-
sages is negative. This data on the outbreak of
the coronavirus known as COVID-19 showed
us how people, state organizations, and media
outlets interpreted the events.

One of the limitations of the current study is
that Twitter users do not represent the entire
population and only indicate the views and re-
actions of online users towards COVID-19.
However, the Twitter dataset is a valuable
source for understanding Twitter's real-time
user-generated content in relation to actions
against COVID-19.

A similarity was found between the results
of text sentiment analysis using the Brand24
online service and the results obtained with Py-
thon using the TextBlob library: most of the
messages were negative, i.e., statements on
coronavirus were negative; however, it is worth
noting that over 50% of the tweets were neutral,
expressing no opinions, and, thus, not emotion-
ally coloured.

However, many aspects are held aside for
further research. In regard to sentiment analy-
sis, in our paper we have chosen TextBlob,
which uses the Naive Bayes classifier model,
but it would be interesting to try other models
that may lead to interesting results, such as
vocabulary-based algorithms.
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