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A B S T R A C T

When studying complex systems present in nature, such as networks of neurons
and proteins, or complex systems created by man, it is possible to observe the pres-
ence of modular structures, called communities. A community is formed by a subset
of vertices that are more connected to each other, compared to the other vertices in
the network. In this research, the use of complex networks in topic modeling, social
networks, and spatial networks was studied. Specifically, a topic modeling model
based on community detection was proposed. In addition, some specific applications
of complex networks to combat misinformation in social networks were presented.
And finally, the research closes on the analysis of community consistency in spatial
networks. The results show that the topic modeling method presented better results
than traditional techniques on data from social networks. The application of com-
plex networks to combat misinformation shows that the analysis and detection of
user communities can help identify users who spread misinformation or find sets of
links that lead to sites with misinformation content. Regarding the spatial analysis of
communities, the results show that in weather networks variables such as land use,
or terrain altimetry, influence the structure of communities in space. In summary,
the research results have contributed to several areas through the use of complex
networks.
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R E S U M O

Ao estudar sistemas complexos presentes na natureza, tais como redes de neurônios
e proteínas, ou sistemas complexos criados pelo homem, é possível observar a pre-
sença de estruturas modulares, chamadas comunidades. Uma comunidade é formada
por um subconjunto de vértices que estão mais ligados uns aos outros, em compara-
ção com os outros vértices da rede. Nesta pesquisa, foi estudado o uso de redes
complexas em modelagem de tópicos, redes sociais e em redes espaciais. Especifi-
camente, foi proposto um modelo de modelagem de tópicos baseado em detecção
de comunidades. Além disso, foi apresentado algumas aplicações pontuais de redes
complexas no combate à desinformação nas redes sociais. E por fim, a pesquisa se
encerra na análise da consistência de comunidades em redes espaciais. Os resultados
mostram que o método de modelagem de tópicos apresentou resultados melhores
que as técnicas tradicionais em dados provenientes de redes sociais. Já a aplicação de
redes complexas no combate a desinformação, demonstra que a análise a detecção de
comunidades de usuários pode auxiliar na identificação de usuários que propagam
desinformação, ou encontrar conjuntos de links que levam para sites com conteúdos
de desinformação. A respeito da análise espacial das comunidades, os resultados
demonstram que em redes meteorológicas variáveis como o uso do solo, ou a altime-
tria do terreno, influenciam na estrutura das comunidades no espaço. Em resumo, os
resultados da pesquisa contribuíram em diversas áreas através da utilização de redes
complexas.
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Le savant n’est pas l’homme qui fournit les vraies réponses,
c’est celui qui pose les vraies questions. — Claude Lévi-Strauss [161]
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1
I N T R O D U C T I O N

In a world where everything is connected and integrated, many real systems can
be modeled as networks [92]. They are ubiquitous in our modern society, playing an
increasingly larger role in everyday life. In other words, the elements of these systems
can be represented in nodes, and interactions between elements are edges. Networks
permeate almost every conceivable discipline —including sociology, transportation,
economics, just to name a few — and the study of network science has become a
crucial component of modern scientific education. They constitute the backbone of
complex systems, such as the human brain, computer communications, transport
infrastructures, and online social systems. Thus, complex networks are structures
that feature patterns of connection that are neither purely regular nor purely ran-
dom [192].

When studying complex systems present in nature, such as networks of neurons
[21] and proteins [60], or the complex systems created by man [26], it is common to
observe the presence of modular structures, called communities or clusters [112, 195].
A community is formed by a subset of vertices that are strongly connected when
compared to the other vertices of the network [71, 202]. To illustrate this, Figure 1
presents a network with three community structures (vertices of the same community
are presented with similar colors).
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Figure 1: Example of network with three communities

Generally speaking, vertices belonging to the same community have similar charac-
teristics [99], which contributes to a better understanding of the system under study.
In a social network, for example, it is natural for users who are physically close to
each other to end up belonging to the same community. There are a number of expla-
nations for it, such as the number of social interactions is higher among close users
than in geographically isolated users. After all, there is a cost associated with these
interactions and distance is a limiting factor [234].

Although communities reveal important information about a system, detecting
communities is not a trivial task. A community can also have a hierarchical struc-
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1.1 objectives 2

ture, that is, a cluster can be formed by [71] subcommunities. This also adds addi-
tional computational costs to detect these clusters [99], resulting in NP-Complete [71]
problems.

Prior studies have proposed several community detection algorithms Fortunato
[99]. To evaluate the quality of these algorithms, synthetic networks are generally
used. This type of network is built based on predetermined parameters provided
by the researcher, such as the number of communities that the synthetic network
will have [196, 83]. A more detailed approach to community detection can be found
in Fortunato [99].

1.1 objectives

The goal of this thesis is to contribute in three distinct areas. First, by proposing
a topic modeling method based on community detection. Second, by applying com-
plex networks to the analysis of social networking sites, with a focus on combating
misinformation. And lastly, contributing to the field of spatial networks, by analyz-
ing the consistency of communities. Some contributions of this thesis are more timely.
Others can be applied to a wide range of use cases.

Regarding the proposal of a new topic modeling method, based on Markov chains,
this study represented text messages in social media through graphs. In this way,
communities could be detected from these generated networks and, consecutively,
they represent topics present in these texts. In the contributions in the area of so-
cial networks, user communities and analysis about links shared by users on Twitter
were detected. In the proposal of spatial networks, it was observed that the spatial
analysis of communities contributes to the understanding of the relationship between
community structures and the space occupied by them. It can also be used as crite-
ria for the installation of facilities, such as rain gauges in networks obtained from
meteorological data.

In summary, this study addresses three specific topics:

1. Topic modeling, via the proposition of a method based on community detec-
tion;

2. Application of complex networks to help in the combat of fake news; and

3. Study the consistency of spatial networks.

1.2 motivations

The motivations are described and implications of this study are discussed in detail
in the following subsections.

1.2.1 Topic Modeling and Complex Networks

Topic modeling is a subfield of text mining that aims to identify topics present in
certain sets of texts, which are also referred to as text corpora. According to a review
produced by Kherwa e Bansal [146], topic modeling can be divided into two main
streams: probabilistic and non-probabilistic methods. These two main trends consist
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in the use of probabilistic methods based on Latent Dirichlet Allocation (LDA) and
non-probabilistic methods based on Latent Semantic Analysis (LSA). The authors
analyzed 300 articles on the subfield to reach this conclusion.

In Scopus, searching for “Latent Dirichlet Allocation” yielded 25,532 results (as of
May 2021). Built on a probabilistic model that uses unsupervised machine learning,
LDA takes as input a set of documents and the output is composed of sets of words
that represent topics [51]. The purpose of LDA is to convert each document into
topics. The method “is a generative probabilistic model of a corpus. The basic idea
is that documents are represented as random mixtures over latent topics, where each
topic is characterized by a distribution over words” [51]. LDA therefore performs well
on large text corpora like news articles [51], a field that has become widely applied
in recent years [37].

On the other hand, LSA is a method for extract and represent the meaning of
words by usage through statistical calculations applied to a large body of text t [156].
The basis of LSA is the distributional hypothesis, which states that terms with similar
meanings also occur closely in contextual use [146]. The search for studies containing
the term in Scopus database generated 23,283 results (as of May 2021). These results
show that LDA and LSA are methods widely used in the academic literature to model
topics.

Due to the sheer volume of data being produced today on social media platforms,
it is easy to find a plethora of articles related to modeling topics in user content,
particularly from Facebook and Twitter. These two platforms are widely used by the
public and offer, even under certain limitations, some access to user data through
their APIs [101]. However, Facebook after the Cambridge Analytica scandal has lim-
ited much of the access to data, limiting its access via CrowdTangle, a third-party tool
acquired by Facebook in November 2016. The solution has its limitations [47] but has
been widely used by scholars worldwide. However, recent news reports have indi-
cated that CrowdTangle is being dismantled by Meta [23, 292]. On the contrary, Twit-
ter has become one of the most used social media platforms for academic purposes.
The platform has recently expanded academic access to historic tweets, opening up
possibilities for the academic community [256].

Scholars have applied LDA and LSA to analyze social media content. For example,
the LDA algorithm was used to analyze in the image captions to detect subtopics in
these posts [16]. In this study, the authors collected data and metadata from 1,000 In-
stagram posts, using 20 hashtags. As expected, the results showed that the most rele-
vant hashtags from an Instagram image are those that match the best match topic [16].
To achieve better results usually LDA and LSA are combined with other methods at
different stages. In another study, Instagram hashtags were used to detect topics us-
ing LDA, finding 11 themes across the entire dataset [138]. This limited-text corpora
was useful as people tend to add hashtags that represent the photos they posted.

On Facebook, topic modeling was applied in a different way. A study used a com-
bination of metrics and semantic relationship techniques, such as LSA, to build an
unsupervised learning model to automatically determine users’ interests based on
their posts, comments, and likes. Thus, the study was able to infer implicit interests
of users and use resources such as social tags and document categories to model
their interests. Similar to other studies, LSA was applied in association with other
methods to achieve better results [33].
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With regard to Twitter, the platform is not only widely used by users to discuss
various topics, but is also used as a real-time news source [45, 268]. In the work
of Hidayatullah et al. [124], official football Twitter accounts from Indonesia were
used to analyze the themes that emerged in the live discussions. LDA was used to
detect what kind of topics were in these tweets, such as updates on the progress
of matches in real time, pre-match analysis, football club achievements, information
about leagues in other countries. In this study, the authors relied solely on the LDA
to identify topics, limiting their results to the distribution and frequency of words in
the text [124].

Previous research has also highlighted the importance of combining methods to
better identify themes. A prior study used tweets to assess the debate of Twitter users
about health-related issues in the United States. Through an automated model, the
authors used supervised and unsupervised machine learning methods to map five
topics that emerged from these tweets, such as diabetes, digital health, drug market
and pharmacy, care and cancer [18]. To conduct this analysis, the authors analyzed
topic trends for every 43 US states using a combination of algorithms, which included
the Word2Vec model, the Convolutional Neural Network (CNN), and LDA. The LDA
model served to validate the topics and inputs for CNN’s training. According to their
analysis, this method could succeed with 83% accuracy, after processing 37,910 tweets.
Conversely, this method presents a high complexity, requiring more computational
power to execute it as well as CNN requires a fixed input size, which is hard to define
as tweets vary in size [18].

Despite decades of research, extracting topics from social media messages is not a
trivial task. Traditional methods, such as LDA and LSA, are applied to limit phases,
often requiring the support of other computational methods. Furthermore, these
methods require a large lexical diversity and huge text corpora [56, 121, 128, 291].
Therefore, this continues to be debated among topic modeling methods for social me-
dia content. For this reason, this study proposes a method based on graphs, aiming
to expand this literature.

To the best of our knowledge, few previous studies have modeled texts as complex
networks. A prior study using literary texts to construct graphs has been reported in
the academic literature [13]. This model was designed using each sentence as a vertex
and they were connected by an edge if both sentences shared nouns with the same
meaning. Thus, the authors used the topological characteristics of complex networks
to study the quality between texts, in terms of coherence and cohesion. Another
study proposed identification of topics based on graphs generated from the books’
authorship. The networks were used to analyze the topological characteristics of each
one of these books, which was then compared to identify similar network measures
[15]. Although little used, these previous studies showed that the modeling of texts
as a graph is not a recent approach and has already obtained promising results.
However, to date, the use of text-based graphs for topic detection is lacking in the
scientific literature. Therefore, this study bring a paper that address this topic: A
Markov-inspired method to model topics on social media platforms and Fake news
agenda in the era of COVID-19:Identifying trends through fact-checking content.

In this scenario of spreading rumors and false information online, it is therefore
necessary to understand the topics discussed on these online messages. One of the
contributions of this thesis aims to fill this gap in the academic literature. This article
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addresses the application of tweets represented by graphs, which until now has been
lacking in the scientific literature. Inspired by Markov chains, the proposed method
creates clusters of topics that have similar content or keywords. In this way, we can
combine different datasets to find these clusters to understand the similarity of these
topics. The vast majority of methods proposed in the scholarly literature focus on
classifying topics with large text corpora, limiting its applicability to social media
content. The proposed method in this study presents a framework for extracting
topics based on similar content using messages from Twitter, which are usually short
(280-characters maximum). Furthermore, this study combines this Markov-inspired
method with other computational methods such as time series and content analysis
to gain a better understanding of the problem being studied.

1.2.2 Fake News and Online Social Media

The value of information is more than ever in question. The term “fake news”
has gained popularity in recent political events, such as the context of the 2016 US
presidential election and the UK’s departure from the European Union (commonly
referred to as Brexit) [180]. Although rumors and false information have always been
a central element in communication, the internet and online social networks made
them reach a new level. With an overabundance of information, an increased need for
speed and immediacy, questioning the status quo and the veracity of events is posi-
tive and necessary in a democracy. This sheer volume of news in the public sphere
often calls into question the way things actually happened, reducing people’s abil-
ity to differentiate the real from the invented. Furthermore, everyone has a voice on
social media, helping the spread of rumors and misinformation is growing rapidly
[181]. In this respect, there must be measures to deal with false or misleading infor-
mation, especially those of public interest, such as the COVID-19 pandemic.

One of these measures is debunking false content that is spread online. The pop-
ularization of fact-checking initiatives is happening on multiple levels across the
world, as an alternative to guarantee public information. While these efforts have
been around since the 1990s, fact-checking has grown in quantity and scope in Latin
America in recent years [231]. Previous research suggests that fact-checking resur-
faces as a “reformist movement” that seeks to rescue principles of journalism, espe-
cially the truth and objectivity [116].

The potential harmfulness of fake news is magnified when we consider how new
technologies are being used together. Deep fakes, unethical algorithms, and filter
bubbles are some examples that call into question the way we consume online in-
formation today, affecting aspects of life that go beyond elections. Social networking
algorithms have given users the possibility of content that is aligned to their interests
and desires, leading to unintentional (or perhaps intentional) segregation that does
not reflect our society [209, 205, 48]. This process ended up generating more trust in
the content of users than in the news articles carried by the traditional media outlets
[271].

The power of misleading or false information should not be underestimated in
the real world, as such information creates confusion and often causes panic. Health
crises showed us how fake news is influencing public health. The H1N1 epidemic in
2009, the Ebola epidemic in West Africa in 2014, and the vaccine debates are examples
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of events that have become fertile ground for the spread of erroneous or misleading
content [249, 4, 131]. However, misinformation about COVID-19 appears to be an
emblematic case in terms of both scope and impact. As for new pandemic diseases,
developments happen in real-time, creating a challenge for individuals to obtain the
vital and correct information. As a result, the neologism “infodemics” was proposed
on February 2, 2020, by the World Health Organization to designate this situation of
information abundance (false and reliable) and its dangers [278]. When social media
users began to play a role in the translation of knowledge, fake news about the
disease and its management became the norm on social media platforms. Thus, this
pandemic has changed the fact-checking landscape as managing rumors, dispelling
misinformation, and conspiracy theories have become essential to combat the spread
of coronavirus to reduce the number of deaths and contamination [87].

In this respect, platforms such as Facebook, Instagram, YouTube, and Twitter have
begun deleting information that goes against health guidelines, even when shared by
political leaders around the world. Videos showing President Jair Bolsonaro (Brazil)
disrespecting social distancing, minimizing the pandemic, and advocating the use
of hydroxychloroquine flouting the social media rule were removed from platforms
[274]. Other leaders followed the same bad example. The Venezuelan President Nicolás
Maduro’s message about the so-called natural remedy for COVID-19 that mixes
lemongrass, ginger, and water [175]. Posts by former New York mayor and Donald
Trump’s attorney Rudy Giuliani, advocating hydroxychloroquine have been deleted.

Therefore, there is a need to provide computational methods to better understand
this phenomenon. This strong politicization of information exchange, polarization,
and ideological perceptions seem to be sharpened on social media platforms [189].
Furthermore, the COVID-19 pandemic has become highly politicized, liking how
governments and political leaders are handling the crisis.

Additionally, platforms are facing an avalanche of misleading or false content [69],
especially linked to the pandemic, ranging from miracle cures to racist explanations
about the origin of the coronavirus and even conspiracy theories about its origin and
spread. [47, 206, 122, 238].

Each platform must develop a response strategy, which needs proper data science
to use this data properly [69]. Twitter has pledged to help the world access reliable
information about the coronavirus, a complex task when in January 2020 the platform
had already listed more than 15 million tweets on the subject.

As fact-checking agencies are overwhelmed by the sheer volume of fake news cir-
culating on different platforms and must make the difficult choice of what to debunk
– considering the possible implications and scope of each item of disinformation cir-
culating online – platforms taking responsibility is another step to help control the
infodemic that has emerged along with the spread of the coronavirus These examples
may mark a turning point in the moderation policy of the platforms, often criticized
before for a certain carelessness [189]. A commitment by these networks, which are
assuming their role and responsibility as publishers of content – albeit in embryonic
form – shows an attempt to tackle the problem of misinformation, deleting prob-
lematic messages, or even deplatforming from legitimate public figures [189]. In this
respect, the study COVID-19 fake news diffusion across Latin America aims to fill
this gap by studying this phenomenon across six different countries. After that, the
study Tracing the “Early Treatment” against COVID-19 in Brazil: A Cross-Platform
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Disinformation Problem is about the dissemination of fake news across platforms
fills this gap.

1.2.3 Community Detection in Spatial Networks and its Consistency

Complex networks have been used as a common framework to study a diversity
of complex systems, such as climate [255, 92, 84, 85]. In particular, due to their flexi-
bility and generality to represent system topology, networks have emerged as a new
interdisciplinary science, called Network Science [194, 21].

Notably, several papers have been published by the climate community [31, 85],
in which the result of the network study complements traditional approaches by
revealing higher-order statistical interrelationships in climatological data. However,
there is still a gap regarding network analysis, especially in very high-resolution
meteorological process data.

Several complex dynamic systems are embedded in geographic space. In this sense,
geographic data have proven their importance across various domains. For example,
the formation of climate networks has emerged as a new research topic in the en-
vironmental literature. However, investigations of scenarios with very high spatial
resolution, such as those considering meteorological data, are yet to be explored in
the academic literature.

Spatial networks, besides incorporating nodes in space, are graphs that are easily
manipulated with Geographic Information System (GIS). Furthermore, they repre-
sent a suitable tool to deal with very high-resolution scenarios, such as meteorologi-
cal data.

In this context, this thesis relies on spatial networks, a graph-based approach,
through a model based on rainfall data from radars. After analyzing the topologi-
cal properties of graphs considering distinct thresholds, this study reveals that well-
defined community structures are consistent with the topographic, altimetric data as
well as land use and coverage.

Results show that the relationship between geographic properties and topological
network structure can be applied to different ecological studies, from sustainable
development to urban planning and disaster risk reduction.

1.3 outline

In the next chapters, the results of this study are presented. This includes contri-
butions in the area of topic modeling and Spatio-temporal networks using complex
network principles. Chapter 2 presents the article on the method developed for topic
modeling based on Markov chains. In the proposed method, a graph is represented
through the words of a text as vertices and the connections between these words
are the edges. As each text represents a sequence of words, the graph is, therefore,
directed respecting the text structure. Each edge has a weight that represents how
many times these two words were connected in the dataset. After building the graph,
a community detection method is applied. As a result, it was observed that each
community represents a topic present in the text.



1.3 outline 8

In the chapters 3 and 4 contributions on the application of the topic modeling
method presented in the previous chapter are presented. The first article applies
topic modeling to tweets posted by two Brazilian fact-checking agencies at a given
moment of the COVID-19 pandemic. The second contribution is the expansion of
the previous article by applying topic modeling in six fact-checking agencies in Latin
America during the COVID-19 pandemic. This study also explores the use of complex
networks to understand the similarity of topics between these different countries.
Both works were able to sensitively identify topics related to fake news and politics
on the agenda of these fact-checking agencies during the research period.

In the chapters 5 and 6 are presented on applications of complex networks on on-
line social networks. In the study presented in 5, disinformation links that navigate
between two social networks, Twitter and Facebook, are analyzed to understand the
cross-platform dissemination of disinformation. Meanwhile, in the chapter 6, com-
plex network theory was used to analyze information cascades about Copa America
on Twitter during the COVID-19 pandemic, identifying that this information was
disseminated by few actors.

In the chapter 7, an article is presented about a spatial network built from meteoro-
logical data provided by radar. From the complex network built, communities were
detected and it was possible to observe a relationship between geographic properties
and the structure of communities.

In the last chapter 8, conclusions, limitations, and future studies are discussed.



2
A M A R K O V- I N S P I R E D M E T H O D T O M O D E L T O P I C S O N
S O C I A L M E D I A P L AT F O R M S

Topic modeling is a sub-area of text mining that aims to identify topics present
in certain sets of texts. The academic scholarship of topic modeling can be into two
main categories, probabilistic and non-probabilistic methods. LDA and LSA are two
methods that present good results in large-text corpora like news articles. Only a
few studies have shown how to detect topics on short-text corpora like social media
content. In this study, we rely on Twitter content from different news beats of six
elite news media organizations to propose a new method to model topics on the
short-text corporal. Using these tweets, we tested three different algorithms: LDA,
LSA, and the proposed method called here Markov-inspired method. Our method
showed to be more efficient than traditional topic modeling algorithms. This can be
explained by the low lexical diversity and short text contained in tweets.

2.1 introduction

Social media platforms are widely used by their users to share information and
opinions. These contents shared in these platforms have awakened a huge interest
of both the scientific community and companies, as they saw the inherently flexible
potential of these messages that can be used for a variety of purposes, ranging from
business decisions to understanding the public’s needs and wants [43, 233].

However, it is difficult to understand and classify the topics that these users are de-
bating on these platforms due to the large amount of data generally involved and its
features [42]. Each social media platform developed its affordances based on social
characteristics. For example, Facebook was built to establish friendly relationships,
while Instagram was primarily deployed for sharing images. In a different vein, the
use of LinkedIn is for professional purposes and Twitter is used to expressing opin-
ions or sharing short messages [43]. In doing so, the messages posted on Twitter,
Facebook, and Instagram have very different characteristics and formats, such as the
prevalence of text over photos, or vice-versa, making this difference even more dis-
crepant when compared with texts from the traditional media or academic articles,
which are structured and have more corpus [219]. To illustrate this, Facebook allows
long-format content, which presents multimedia features, while Twitter limits its con-
tent to 280 characters, which led users to rely on Twitter’s technological affordances,
such as URLs, hashtags, emojis, and memes. Thus, the content is relatively short
when compared to news articles. This makes the whole process of topic modeling
even more complicated, as the resulting text can have three or four words.

In particular, traditional methods for topic modeling are not very effective for this
type of content, as in its great part is a short-text with low lexical diversity, such as
Latent Dirichlet Allocation (LDA) [51] and Latent Semantic Analysis (LSA) [127]. In
this respect, LDA became the norm to extract the main subjects of the texts. However,
previous literature showed that these methods did not perform well in tweets [128].

9
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Thus, it reveals that short-text corpora, like tweets, are usually the most problematic
in applying topic modeling techniques [217]. A new approach is therefore needed for
topic modeling of short-text corpora and with low lexical diversity.

In our work, we propose a computational method to detect topics on short-text
corpora. To study this, we conducted a mixed-method analysis (qualitative and quan-
titative), comparing the results of our method—here described as Markov-based
topic modeling—, LDA and LSA based on tweets from editorial brands of elite
news media organizations. Thus, six editorial brands, namely Economy, Entertain-
ment, Sports, Environment, Health, and Technology, from six news outlets—BBC,
Bloomberg, Reuters, South China Morning Post, The New York Times, The Washing-
ton Post—were used in this study. Therefore, our article poses the following research
questions:

(RQ1) How does a Markov-inspired method perform in comparison to traditional
topic modeling methods, such as LDA and LSA?
(RQ2) To what extent does a graph-based method could identify topics in short-text
corpora like tweets?

To fill this literature gap, this paper analyzes an innovative method approach com-
paring its results with other traditional topic modeling methods. Our method is a
non-probabilistic sampling procedure inspired by Markov chains [109] and graph the-
ory [41]. Therefore, the core of this method is to build a directed graph [41] following
the sequence of the words that were used in the message. Furthermore, this graph
adds weight to each edge, representing the sequence of two words [56]. In case two
words appear again in the same sequence, our graph does not include these words
once more, instead, it adds one to the weight of every satisfying edge. To achieve
better results, a preprocessing phase is required to remove punctuation, numbers,
stopwords, or any other words that are not relevant to the text [265]. By representing
the words in a graph, this article greatly improves the representation of topics, which
allows for better detection of the clusters that emerge in this network [99].

To validate our method, we chose to compare the proposed computational method
with the LDA and the LSA, in our viewpoint, a reference in the literature when it
comes to topic modeling. In this respect, we collected data from Twitter accounts
using the academic research API access. In particular, this study used media channel
accounts that represent specific news beats, such as sports, economy, and environ-
ment, where the lexical diversity is low and topics are pretty similar, which poses a
further challenge to model topics.

In the next section, we will briefly discuss the literature review on topic modeling.
After that, we detail the data and the computational method proposed by this study,
for then discussing the results comparing them to LDA and LSA. We conclude this
study by pointing out the strengths and limitations of our methods and an agenda
for future studies.

2.2 related work

This section presents works related to social networks, topic modeling, and news
beats.
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2.2.1 Works on topic modeling and social media

Topic modeling is a sub-area of text mining that aims to identify topics present in
certain sets of texts (also referred to as text corpora). The topic modeling scholarship
can be divided into two main categories, probabilistic and non-probabilistic meth-
ods, according to a review produced by [146], who analyzed 300 articles on topic
modeling to determine this classification. In this work, the authors note that there
are two main current trends consisting of using probabilistic methods based on the
Latent Dirichlet Allocation (LDA) and non-probabilistic methods based on the La-
tent Semantic Analysis (LSA). Thus, LDA became one of the most used methods to
detect topics in the text. Only in Scopus, the search for “Latent Dirichlet Allocation”
produced 25,532 results (as of May 2021). This is because LDA presents good results
in large-text corpora like news articles [51]. Built on a probabilistic model that uses
unsupervised machine learning, LDA uses as input is a set of documents and the
output is composed of sets of words that represent the topics [51]. The objective of
LDA is to convert each document into topics. Thus, LDA “is a generative probabilis-
tic model of a corpus. The basic idea is that documents are represented as random
mixtures over latent topics, where each topic is characterized by a distribution over
words” [51] LSA is a method “for extracting and representing the contextual-usage
meaning of words by statistical computations applied to a large corpus of text” [156].
“The theoretical foundation of LSA is distributional hypotheses, which states that
terms with similar meaning also occur very close in their contextual usage” [146]. In
respect to LSA, the search for studies containing the term in Scopus generated 23,283

results (as of May 2021). Thus, these two methods are widely used in the scholarly
literature to model topics.

Due to the large volume of data being produced today in social media platforms, it
is easy to find a myriad of articles related to topic modeling on users’ content, mainly
from Facebook and Twitter. These two platforms are widely used by the public and of-
fer, even under certain limitations, some access to user data through their APIs [101].
In this respect, Facebook after the Cambridge Analytica scandal limited much of the
access to the data. Scholars are relying on CrowdTangle, a third-party tool acquired
by Facebook in November 2016; however, the solution has its limitations [47]. Twitter,
on the other hand, became one of the most used social media platforms for academic
purposes. More recently, the platform has expanded academic access to historical
tweets, opening up the possibilities for the academic community [256].

In this respect, studies applying LDA and LSA on social media content are com-
bined in different phases to achieve better results. For example, the LDA algorithm
was in the images’ captions to detect subtopics in these posts [16]. In this study,
the authors collected data and metadata from 1000 Instagram posts, using 20 hash-
tags. Thus, each hashtag was a topic. As expected, the results showed that the most
relevant hashtags of an Instagram image are the ones that coincide with the best
matching topic [16]. In a different vein, Instagram tags were used to detect topics
using LDA, finding 11 themes across the dataset [138]. This limited text corpora was
useful in this study, as people tend to add hashtags that represent the photos they
posted.

Similarly, previous studies used data from The Movie Database (TMDb), a free
and collaborative database on Movies and TV Series to detect topics. Using LDA and
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LSA, Bergamaschi and Po (2015) built a system of plot-based film recommendations
based on a unique input from the user, such as a previous movie watched. This
system relies on topic modeling to identify similar movies and series. The authors
concluded that both the LDA and the LSA presented good results. However, the LSA
has outperformed in relation to LDA. This study also points out some limitations
of both techniques, such as requiring a large dataset and possessing a great body of
content. To overcome this, the authors suggest combining LDA and LSA with other
computational techniques [32].

On Facebook, topic modeling was applied in a different form. For example, a study
used a combination of Semantic Relatedness metrics and techniques, such as LSA, to
build an unsupervised learning model to automatically determine users’ interests
based on their posts, comments, and likes. Thus, the study could infer implicit user
interests, and use features such as social tags and document categories, for modeling
their interests. However, similar to other studies, LSA was applied in association with
other methods to reach better results [33].

With respect to Twitter, the platform is not only widely used by users to discuss
various topics, but it is also used as a source of real-time news. In the work of Hi-
dayatullah et al. (2018), official Indonesian Twitter accounts focused on soccer were
used to analyze the themes that emerged in these discussions. In this work, LDA
was used to detect what kind of topics were in those tweets, such as updates on the
progress of matches in real-time, pre-match analysis, soccer club achievements, infor-
mation about leagues in other countries. The authors relied only on LDA to identify
the topics, limiting their results to the distribution and frequency of the words in the
text [124].

Similarly, previous researches have provided evidence for the importance of the
combination of methods to better identify topics. For example, a prior study used
tweets to assess the American users’ debate on Twitter concerning health-related is-
sues in the United States. The authors build an automated model that uses supervised
and unsupervised machine learning methods to map five topics that emerged from
these tweets, such as diabetes, digital health, market drug and pharmacy, care, and
cancer [18]. To achieve it, the authors analyzed the topic trends for each 43 US States
using a combination of algorithms, which included the Word2Vec model, the Convo-
lutional Neural Network (CNN), and LDA. The LDA served to validate the topics
and input to training the CNN. Thus, this method could successfully have 83% of
accuracy, after processing 37,910 tweets. However, their method presents a high com-
plexity, demanding more computer power to run it. Furthermore, CNN requires a
fixed input size and as tweets vary in size, it requires padding for shorter tweets [18].

Additionally, Twitter is widely used for political discussions. Previous studies have
shown how topic modeling, using LDA, was useful to detect public opinion on polit-
ical discussions on Twitter. For example, a prior study identified polarization among
users during the 2014 mayoral elections in Seoul, South Korea using LDA, reaching
an accuracy of 83% when the authors compared with poll data [286].

Thus, extracting topics from social media messages is not trivial. Traditional meth-
ods like LDA and LSA, are applied to limit phases, usually requiring the support
of other computational methods. Additionally, these methods require a great lexi-
cal diversity and a large text corpus [56, 121, 128, 291]. Despite decades of research,
this continues to be debated among the topic modeling methods for social media
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platforms. Although there are many studies, the research in topic modeling on so-
cial media content remains a challenge. For this reason, we propose a graph-based
method, aiming to expand this literature.

2.2.2 Complex networks and social media

Complex networks are used to represent a range of systems in nature and society,
such as the weather, the Internet, a network of routers and computers connected by
physical links and social networks. In a few words, a complex network is a graph that
contains many different subgraphs [147]. For example, when we represent a social
network as a complex network, users are usually the vertices of the graph and the
interactions between them are the edges [43]. In the literature, complex networks
applied in social media platforms have been discussed by a great number of authors;
however, the majority of prior research is restricted to using these platforms as data
input to communities detecting algorithms in large-scale networks without focusing
on a more holistic study of the social network [53, 237].

This has been explored in a myriad of ways in prior studies, for example, a prior re-
search used a parallel computing environment to study a complex network of 697,628

Korean Twitter users [281]. This study aimed to detect patterns of unfollow behavior
on Twitter. Thus, the authors could show that unfollow links are interdependent, i.e.,
they are highly reciprocal and clustered among the users. Similarly, another study
used three online social network sites, Google+, Facebook, and Twitter, to test their
community detection method for complex networks [155]. Using the concept of social
circles to define the list created by users to classify their friends, the authors proposed
a method using these circles (local) as an efficient way to capture network-level com-
munity structures (global) [155].

Further exploring the greater use of complex networks on social media platforms,
some studies used several strategies to detect communities, such as hyperlinks shared [163]
or based on the users’ topics [149, 242]. In another study, it was explored the interac-
tion between users to build a graph based on the users’ interactions, such as tweets
and retweets, and another graph with static relationships, such as friends and follow-
ers to better understand the link between these two networks [201]. To do so, this
study used data from tweets collected from December 2010 to October 2011 related
to three major events: the Arab Spring, the London Riots, and Hurricane Irene. By
using this data, the authors could identify that even though these networks have dif-
ferent structural arrangements, they present some similarities, such as these graphs
are free-scale complex networks. Thus, these networks present hubs that are impor-
tant to connect these nodes [21].

However, a more systematic and theoretical analysis is required for analyzing ei-
ther the network structure or the user interaction process on social networks, in
particular using users’ posts as graphs. To our knowledge, few prior studies have
modeled texts as complex networks. For instance, it was previously reported in aca-
demic literature the use of literary texts to build graphs [13]. In doing so, the authors
use the complex networks’ topological features to study the quality between texts,
in aspects of coherence and cohesion In another study, a computational method that
summarizes messages based on graphs were formed from large text corpora [14].
Thus, this model was designed using each sentence as a vertex and they were con-
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nected by an edge if both sentences shared nouns with the same meaning. Another
study proposed authorship identification tool-based graphs generated from books.
These networks were used to analyze the topological features of each of them. After
that, the authors compared the results of each graph, in which books written by the
same author should have similar network measurements [15]. Although not widely
used, these previous studies have shown that modeling texts as graphs is not a recent
approach and has already obtained promising results. However, so far lacking in the
scientific literature the use of graphs based on text to detect topics.

Among the approaches of graphs’ studies, Markov chains became widely used,
as they are meant to model the evolution over time of real phenomena. These net-
works are efficient in statistically modeling stochastic processes, and can be applied
in different areas, such as predictive text suggestions on smartphones. In other words,
Markov chains can be explained as a set of transitions that are determined by a prob-
ability distribution [216]. Therefore, these graphs can be applied in network analysis.
For example, Li et al. [162] used a type of these networks, the Markov Random Fields
T-MR (a generalization of the classic Markov Random Fields), is implemented to ana-
lyze whether a user is responsible for promoting a campaign on Twitter based on the
links shared by them. In the other study, Markov chains are used as a complement
to the LDA. The method consists of applying the LDA in each document identifying
the topics, instead of applying it throughout the whole corpora. After obtaining the
topics of each document, they are used as input in the Markov chains to detect the
probabilities of a document is related to the others [275].

Although there are many studies, researches combining complex networks and
topic modeling remain limited. There is a great potential both for the use of graphs
to model texts and also for the application of social network content. Taking into
account that the current topic modeling methods are not the most suitable for short
texts, a new approach is therefore needed.

2.2.3 The Beats in Journalism

Journalism is professionalized according to different areas, which centralize jour-
nalists according to their expertise, allowing them to have easier access to sources,
and consecutively, more efficient news reporting [258]. Thus, news organizations have
different “beats” for journalism, such as criminal, sports, environmental, among oth-
ers. The centralization of topics according to journalists’ expertise, known as news
beat, presumably improves the quality of journalism [75]. However, the recent budget
cuts and layoffs have resulted in more practitioners working as general journalists
than in specific topics [257]. Similarly, freelance journalists took part in the job of
these specialists by producing content at lower costs [258].

However, there are some news beats or journalistic areas that remain important in
the news organizations, such as sports and politics. Conversely, other topics emerged
due to recent issues that made them salient to the news agenda. For example, climate
emergency reporting has made news media worldwide incorporate editorial brands
or units dedicated to cover environmental journalism. This could be noticed in elite
news outlets recently, which decided to create desks dedicated to cover this topic,
such as BBC, Bloomberg, The Guardian, The Independent, and The Economist [151].
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To attract audience attention, these news organizations use social media platforms
to share their content [191]. Today individual users behave differently on social media
platforms such as Facebook, WhatsApp, Snapchat, or Twitter, and therefore news
media saw that there is an urgency to attract these audiences back to their news
portals. Mainly, because this public is essential for the sustainability of journalism,
through subscriptions, advertisers, or promoting their brand. In particular, Twitter
presents features that make it easier to get the attention of audiences, such as the use
of multimedia content and short text, both do not require much effort from the public
and can convert in click to their websites. Furthermore, creating Twitter accounts for
different news beats is a form to segment the content according to the needs and
interests of the audience. In addition, these accounts present a characteristic that
makes this study relevant, as the vocabulary of the tweets of each account is pretty
similar, challenging algorithms to cluster them. By posing this extra challenge, our
study looks at Twitter accounts that cover news beats of elite news outlets, such as
economy, entertainment, environments, health, sports, and technology. As far as we
know, no previous research has investigated topic modeling on news beats. Next, we
will describe in detail the data and methodology adopted in this study.

2.3 data and methods

In this section are presented the data preparation and the proposed method.

2.3.1 Data description and collection

To fill the gap in the literature, this study proposed a computational method to
cluster topics on short-text corpora. The experiment was performed with tweets from
news organizations that were collected using the Twitter Academic API. These data
consist of tweets published between January 2015 and December 2019 of the accounts
of six elite news outlets: BBC, Bloomberg, New York Times, The Washington Post,
Reuters e South China Morning Post. As shown in Table 1, we collected tweets that
covered six main topics (economy, entertainment, environment, health, sports, tech-
nology) that were posted in specific accounts dedicated to these beats. To avoid the
influence of the overload information about the COVID-19 pandemic, we decided to
not consider tweets posted during 2020. In total, 902, 535 were collected considering
the six Twitter accounts.

The selection of these news outlets was motivated for two reasons. First, these or-
ganizations are widely known for the quality of their work and as elite news media
that have a great presence on social media networks, pushing them to generate more
content focused on those platforms. Second, these news outlets have big teams, re-
sulting in units dedicated to working on specific news beats. Thus, there is a high
chance that there is a wealth of vocabulary on each beat.

2.3.2 Data preparation

During the process of data exploration, data analysts spend most of their time on
data preparation activities, that is, the data cleaning, data compilation, and prepro-
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Table 1: Description of the collected data

Twitter Handle Area News organization URL N° de tweets

BBCBusiness Economy BBC https://twitter.com/BBCBusiness 41509

economics Economy Bloomberg https://twitter.com/economics 68667

ReutersBiz Economy Reuters https://twitter.com/ReutersBiz 108723

scmpbusiness Economy SCMP https://twitter.com/scmpbusiness 393

BBCNewsEnts Entertainment BBC News Entertainment https://twitter.com/bbcnewsents 12758

nytimesarts Entertainment New York Times Arts https://twitter.com/nytimesarts 89158

ReutersShowbiz Entertainment Reuters Showbiz https://twitter.com/reutersshowbiz 9758

scmplifestyle Entertainment SCMP Lifestyle https://twitter.com/scmplifestyle 5599

climate Environment Bloomberg https://twitter.com/climate 7400

environment Environment Bloomberg https://twitter.com/environment 24241

bbchealth Health BBC https://twitter.com/bbchealth 7775

nythealth Health NYT https://twitter.com/NYTHealth 31556

posthealthsci Health Post https://twitter.com/posthealthsci 8679

BBCSport Sports BBC https://twitter.com/BBCSport 265064

postsports Sports Post https://twitter.com/postsports 108703

ReutersSports Sports Reuters https://twitter.com/ReutersSports 46632

scmp_sport Sports SCMP https://twitter.com/scmp_sport 13047

BBCTech Technology BBC https://twitter.com/BBCTech 12610

ReutersTech Technology Reuters https://twitter.com/ReutersTech 40263

cessing phase. Thus, after collecting the data, we ended up with a dataset of 902,535

tweets divided into six topics. To run the topic modeling methods, we decided to ran-
domly collect a sample of 100 tweets. For this, we decided on five categories based
on a keyword. For example, in the Entertainment news beat, we randomly selected
20 tweets containing the word Festival. We repeated this process of the other four
categories until we reached 100 tweets. By randomly selecting tweets, we do not
consider the number of likes or the text size. We only considered those tweets that
have keywords related to the proposed categories. A brief description of each of the
categories is given in Table 2. Thus, these tweets could come from different news or-
ganizations or years. Thus, there is a vocabulary range and corpora size, conditioning
our experiment to real-life situations.

Table 2: Categories by each topic

Topics Category 1 Category 2 Category 3 Category 4 Category 5

Sports NBA Soccer Rugby UFC Crossfit

Economy Brexit China Aviation Financial Cryptocurrency

Entertainment Music Oscar Radio Festival Series

Environment Wildfires Air pollution Carbon emissions Renewable Energy Deforestation

Technology Apple 5G Bitcoin Streaming Uber

Health Vaccine Cancer H.I.V. Depression Antibiotics



2.3 data and methods 17

The next step was conducted a qualitative analysis by one of the authors to guaran-
tee that all tweets could be classified into determined categories. This was important
to ensure that the tweets were classifiable from a human perspective. Importantly, the
tweets that could be classified in more than one topic were replaced. The idea was
to provide equal conditions for the three methods (LDA, LSA, and Markov-inspired),
which allowed us to compare how they perform in identifying pre-established cate-
gories.

After the completion of the selection, it was necessary to perform a data prepro-
cessing phase. This step is essential to further increasing the efficiency of the three
methods, as Twitter posts are full of noise, irrelevant, and uninformed content. In
this step, we removed stopwords, such as common prepositions and pronouns, punc-
tuation marks, and any other symbol that did not aggregate value to the content. For
instance, the symbols of “RT” from retweets, “#” of hashtags, and “” were extracted
from messages as they did not bring any relevant information to detect topics. To
illustrate this, the tweet below before the preprocessing phase:

Disney to start online streaming, bypassing Netflix

After this phase of removing the unnecessary content, our tweet looked like this:

DISNEY START STREAMING BYPASSING NETFLIX

From this step, we could build our graphs inspired by the Markov chains [253]
for each of the six topics. Each graph G = (V ,E) was composed of vertices V =

{v1, v2, v3...vn} that represent the words of the tweets. Each word in sequence consti-
tutes a connection. In other words, if a word x was followed by a word y, there
was a link between them. In the graphs, these are presented by the edges E =

{e1, e2, e3...em}. To respect this word sequence, our graph is direct, meaning that x
has an arrow pointing to y. Additionally, it was considered an edge-weighted graph,
in which the weight W = {w1,w2,w3...wm} represents each time these two words
were connected. This is important because the graph is built in the whole dataset of a
category, for example, Sports. Furthermore, the weight is fundamental to the process
of detecting communities, or in our case, topic modeling. Importantly, cycles are not
considered in our graph as repetition of the words in the sequence is not common in
the formal language. Based on the example above, we built the following graph, see
Figure 2.

2.3.3 Data analysis

In this phase, our tweets were cleaned and the graphs were builts. These graphs
are used to model topics using the method proposed by this study. However, LDA
and LSA used the preprocessed tweets, as their algorithm is not built on graphs.
These two methods were built using Python libraries that were available. As they are
libraries, the tendency is to be optimized and have more precision than this algorithm
built from scratch. The LDA algorithm used in this study is part of the Sklearn library,
while the LSA method is found in the Gensim library. These algorithms returned
a pack of words divided in the number of themes defined by us. As we consider
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Figure 2: Tweet transformed into a graph

only five categories, we asked to return only the five most representative themes,
according to these methods.

Concerning the computation method inspired on Markov chains, we ran it over the
six topics (Economy, Entertainment, Environment, Health, Sports, Technology) and
asked to return the five most representative clusters. Similar to the other methods,
this algorithm returns a package of words. Thus, we have limited the method to
return the five best words for each of the five categories (in total, the results consisted
of 25 words). Figure 3 describes the workflow of these three methods.

Figure 3: Workflow of data analysis
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2.4 results

Our results are presented in six sections, following the topics that emerged from
the specific news beat. Each topic qualitatively and quantitatively analyzes the results
of LDA, LSA, and the method based on Markov chains. Then, we proceed with a
general discussion about the results obtained and their respective responses to our
RQ1 and RQ2. To better visualize it, the results from algorithms were represented
in tables divided by five categories established by an expert based on the content
of the tweets. The idea is to fulfill each category according to Table 2. However, we
acknowledge that some results do not represent the category well and were assigned
to it due to the lack of space. These results are highlighted in red in the tables.

2.4.1 Sports

In our dataset of Sports, there were five main categories: CrossFit, NBA (National
Basketball Association), Rugby, Soccer, and UFC. In particular, the category soccer
was built on tweets using the word football. To avoid any confusion with Ameri-
can football, we avoid including tweets from the U.S.—based news organizations, as
football refers to American football.

Looking at these five categories, we run the three methods (LDA, LSA, and Markov-
based method) to identify how the results performed well. We could see that each
category used different vocabulary terms, which in some cases are repeating among
each other. For example, the words champion, final, and score are presented in tweets
of different sports, such as soccer and rugby. This common and typical lexicon of
tweets related to sports had considerably hampered the LDA and LSA’s results, both
identified only 60% of the categories. On the other hand, the Markov-inspired method
performed well and identified the five categories.
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Table 3: Categories related to Sports: NBA, Soccer, Rugby, UFC, CrossFit

Sports LDA LSA Markov-inspired

Category 1
warriors, know, allstar,

finals, lebron, alive,

state, golden, need, title

nba, game, finals,

warriors, allstar

nba, warriors, game,

win, know, durant, year,

cavaliers, allstar, alive

Category 2
football, crossfit, game,

barcelona, female, madrid,

club, change, showdown, legal

barcelona, football, real,

madrid, feast, tonight

football, legal, barcelona,

club, brazilian, cultures,

systems, youth, humanity, set

Category 3
rugby, host, named,

world_cup, france, federation,

south, surprise, africa, conor

action, barcelona real madrid,

feast, football,

tonight, follow

rugby, league, world_cup,

host, surprise, named,

champions, announces, star, world

Category 4
championship, jeremy, sara,

sigmundsdottir, dubai, crossfit,

qualify, play, fifa, women

mcgregor, ufc, fight,

anticipated, highly

ufc, conor, mcgregor,

return, title, start, fighter,

fight, business, takes

Category 5
crossfit, game, rugby,

league, challenge, announces,

world_cup, football, leads, square

barcelona, football, club,

brazilian, striker, neymar, clause

crossfit, fraser, open,

day, sigmundsdottir, hongkong,

wins, mat, toomey, issues

To better understand the results, the first and second rows of Table 3 represent,
respectively, the results from the categories NBA and soccer. All methods performed
well and detected keywords that represent these categories. In particular to NBA,
our selection was based on tweets containing the topics NBA, although the results
LDA did not return this word, the other terms were useful to identify this category.
Concerning the second category, soccer, LDA made a good selection of words to
determine the category, however, it was in the same bag of terms, the word CrossFit,
which could complicate the recognition of the theme soccer. We speculate that this
might be due to the term “game” that was presented in both tweets.

Moving on to these categories, the results were not common in the following ones.
Concerning the category Rugby, the LSA method did not perform well and could not
detect a bag of terms composed of the majority of words related to the practice. The
result was a bag of words that had a mix of CrossFit and soccer terms. It is difficult
to explain such results within this context, however, we might consider that words
like “action” that were presented in both datasets helped confuse the algorithm.

In a different vein, the LDA did not present good results about the UFC category.
The bag of words comprised a mix of terms related to NBA, rugby, and soccer. Con-
versely, LSA and the Markov-inspired model performed well and clearly found bags
of words that represent UFC.

However, the category CrossFit did not present good results for LDA and LSA
methods. There was a combination of terms related to other practices, such as rugby,
soccer, and basketball, which limited the performance of the methods. Furthermore,
there were words like “square” that were presented in different datasets, as it rep-
resents Madison Square Garden, a location where the competition of UFC happens,
and square in basketball. Overall, the Markov-inspired method performed better than
the others, finding bags of terms that allowed us to identify the five categories.
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2.4.2 Economy

Another news beat chosen to become part of this study was economy. This type of
content is interesting to test the methods, as they present a very specific vocabulary,
which covers a wide range of categories, such as names of heads of state, countries’
names, and the word “economy.” This hampered the ability to identify themes and
compare the findings, in particular to the LDA model. It was possible to clearly detect
only one category in LDA, Brexit. Thus, this method had a performance of 20% only.
A description of the results is given in Table 4.

Table 4: Categories related to Economy: Brexit, China, Aviation, Financial Market, Cryptocur-
rency

Economy LDA LSA Markov-inspired

Category 1
brexit, nodeal, deal,

hits, british, trade, china,

wave, case, stockpiling

brexit, trade, china,

uk, nodeal, war

brexit, uk, hit, prices,

government, future, europe,

home, british, year

Category 2
trade, china, bank,

postpones, world, financial,

circling, metro, sharks, economic

china, trade,

war, back

china, trade, war,

talks, india, industry,

rules, dispute, making, concerns

Category 3

airline, financially, boeing,

home, independent, crash,

ethiopian, cryptocurrency,

financial, bitcoin

Airline, ethiopian,

boeing, crash

airline, boeing, jet, widebody,

crash, months, father,

operations, ask, oust

Category 4
services, businessdaily, busiest,

creates, morgan, bankbacked,

growth, china, cryptocurrency, buoyant

circling, metro, bank,

financial, sharks

financial, services, house,

bank, central, key, handle,

unusual, apple, companies,

Category 5
airline, brexit, crypto,

rich, investors, think,

quick, bitcoin, libra, economy

bitcoin, crypto,

investors, think

cryptocurrency, bitcoin, world,

economic, facebook, mining,

warning, makes, busiest

Category 1 represents tweets concerning the process that the United Kingdom
voted to leave the European Union (EU) in 2016, popularly known as Brexit. Our
dataset was built using this term and covered the process and its economic conse-
quences. Although the results showed some terms related and could give us a hint
that one category that emerged in these tweets was Brexit, LDA and LSA returned
some words that were not part of the Brexit lexicon. For instance, terms related to
our category 2, China, appeared in both results. This does seem to depend on termi-
nology found on the tweets, which have certain common characteristics in economic
vocabularies, such as trade and deal.

In relation to the other categories (2-China, 3-Aviation, 4-Financial Market, 5-Cryptocurrency),
LSA and Markov-inspired obtained representative bags of words. Despite some terms
found in category 1 that could mislead the identification, we could say that LSA was
able to identify 100% of the topics. Similarly, the Markov-inspired method has also
performed well, detecting 100% of the topics. On the other hand, LDA failed to model
topics from categories 2 to 5.
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2.4.3 Entertainment

The selection of tweets pertaining to Entertainment covered the following cate-
gories: festival, Oscar, radio, and music. This was chosen because these classes have
some similarities among them, consequently, they also shared terms in common, ham-
pering the conditions to model topics. For example, the word “streaming” is found in
the tweets referring to music as well as series. Overall, the LDA and LSA algorithms
did perform well, achieving, respectively, 20% and 40% of the correct answers. On
the other hand, the Markov-inspired method had great results and detected 100% of
the categories. Table 5 brings a description of the results.

Table 5: Categories related to Entertainment: Music, Oscar, Radio, Festival, Series

Entertainment LDA LSA Markov-inspired

Category 1
humans, years, album,

fans, stars, reenergised, score,

nominees, include, opening

album, la, coming,

radio, streaming,

land, service

album, fans, gilda,

rock, pop, launch, comedy,

read, gets, documentary

Category 2
oscar, wins, album,

ahead, film, best, carpet,

scenes, announced, radio

oscar, la,

land, wins

oscar, still, carpet,

viola, statues, wraps, lions,

nominations, dicaprio, award

Category 3
radio, oscar, coming,

chris, moyles, album,

festival, gilda, comedy, digitized

radio, chris, dj,

host, temporarily

radio, moyles, economy,

host, found, trove,

returnsrd, free, hosts, dj

Category 4
home, festival, streaming,

read, series, sound, apple,

black, album, radioxtra

film, festival,

oscar, best, berlin

film, festival, london,

full, sundance, leave,

coming, act, albums, orchestra

Category 5
series, year, minute,

goes, best, radio, economy,

television, festival, join

series, radio,

album, fans, tv

series, bbc, single,

black, year, tv, sound,

goes, geographics, national

The first category described in Table 5 is music. The tweets for this category were
selected if they contained the word “album”. In this category, only LSA did manage
to find a bag of words that could represent it. In this case, there were a lot of terms
related to the movie La La Land, Oscar winner in 2017.

Conversely, in the categories radio and Oscar, LSA underperformed. The method
could not identify terms related to these categories and the bag of words returned by
them encompassed a mix of words from other categories. Similarly, LDA and LSA
did not detect terms related to series and festivals. It is important to highlight that we
do not expect a perfect result from any method, but that when analyzing the set of
words that represents a given category, it needs to have a semantic cohesion between
the words so that the subject can be easily identified by the specialist. This cannot be
seen in categories 4 and 5 for the LDA and LSA methods, hampering for the specialist
to label which category the words belong to. The Markov-inspired method, on the
other hand, was easy to determine these topics.
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2.4.4 Environment

Corresponding to environmental beat, our dataset included the five categories:
wildfires, air pollution, carbon emissions, deforestation, and renewable energy. This
is another challenging topic, as there are many lexicons intertwined in the different
categories. For example, the word “air” is found in all of the five categories. Overall,
our results again showed that the Markov-inspired method overperformed in com-
parison to the other two methods (100% of the correct categories).

Table 6: Categories related to Wildfires, Air pollution, Carbon emissions, Renewable Energy,
Deforestation

Environment LDA LSA Markov-inspired

Category 1
scientists, australia, east,

coast, quality, major,

away, year, years, wildfires

australia, wildfires,

hold, key, stopping,

indigenous, strategy, may

wildfires, australia, increasingly,

drought, key, painful, coast,

compliance, triggered, triggering

Category 2

pollution, carbon, million,

children, cost, curbing,

real, presidential,

shown, campaign

air pollution,

epa, state, crosses

air, pollution, rule,

industry, toxic, state, limits,

even, cut, groups

Category 3
percent, emissions, deforestation,

carbon, power, brazil,

deal, solar, amazon, coal

carbon, emissions,

power, campaign,

trump shown

emissions, carbon, climate,

country, year, percent,

push, eu, across, nearly

Category 4
indigenous, hold, stopping,

strategy, biggest, amazon,

australia, surge, breaking, controls

power, wind, solar,

electricity, coal

solar, power, wind, energy,

electricity,coal, farms,

plants, plant, use

Category 5
decade, deforestation, brazil,

push, carbon, pollution,

emissions, federal, area, surges

australia, wildfires,

air, quality,

east, coast

deforestation, amazon, brazil,

soared, largest, decade, record,

threatening, brazilian, twoyear

The LSA method follows next with 80% of the categories detected. Again, the LDA
did not deliver good results, only identifying one category (wildfires). This data is
detailed in Table 6.

The first category, wildfires, was detected by all three methods. These tweets in-
clude bushfires that happened in Australia and Brazil, for instance. Concerning cate-
gory 2, air pollution, the LDA algorithm returned a mix of words that was not possi-
ble to clearly detect the class. Similarly, the bag of terms returned in categories 3 and
4 for the LDA did not show any information that could identify the categories carbon
emissions and deforestation. In the last category, renewable energy, both LDA and
LSA did not perform well and the terms returned were mixed with other categories,
so that the category was neither evident nor easily identifiable.

2.4.5 Technology

In the technology topic, we selected tweets on the following topics: Apple, bitcoin,
5G, streaming, and Uber. In relation to the first category, it includes tweets that ad-
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dress the iPhone, such as sales and processor manufacturer Qualcomm. This category
was evident in the results of the three methods. On the other hand, the LDA method
failed to detect four categories, returning a mixed bag of terms that were neither
evident nor easily identifiable.

Table 7: Categories related to Technology, Apple, 5G, Bitcoin, Streaming, Uber

Technology LDA LSA Markov-inspired

Category 1
iphone, apple, india,

sales, bitcoin, vodafone,

court, profits, business, uber

apple, iphone,

sales, ban

iphone, apple, iphones,

selling, researchers,

german, find, win, opens, set

Category 2
record, streaming, huawei,

researchers, network, offers,

hits, telecoms, netflix, disney

5g, huawei,

network, ban

5g, huawei, ban, network,

zte, tent, back, core, excluded, bdi

Category 3
launches, service, bitcoin,

japan, streaming, qualcomm,

facebook, bids, rise, resumes

bitcoin, plans, regulated,

crypto, split, developers

bitcoin, crypto, facebook,

growing, up, lost, soars,

fundraising, highlighting, grill

Category 4
london, germany, streaming,

huawei, disney, launch, sales,

music, service, bitcoin

streaming, apple, iphone,

service, music

streaming, launch, netflix,

forecast, service, exceeds,

bypassing, big, start, date

Category 5
iphone, apple, uber,

china, delay, streaming,

huawei, rivals, google, change

uber, bitcoin, india,

london, sued, guides

uber, india, billion, costs,

loses, london, easing,

boss, disputes, google

The LSA algorithm performed better and identified three categories: Apple, 5G,
and bitcoin. In category 4 (streaming), LSA’s results brought terms related to Apple,
such as the name of the company and iPhone. Similarly, there were some words, such
as bitcoin (category 2), presented in category 5 (Uber). Thus, the Markov-inspired
method has presented the best results, making evident the five categories. The de-
tailed result is found in Table 7.

2.4.6 Health

Last, health-related tweets were categorized into the five themes: vaccine, cancer,
HIV, antibiotics, depression. During the selection of tweets, we realized that antibiotic-
related content (Category 3) had many terms related to depression. This was impor-
tant to increase the complexity of the topic modeling on these tweets, as by having
two categories that are semantically very close, methods tend to fail in modeling top-
ics. In fact, this could be seen in the results of the three methods. All of them failed
in identifying category 5, antibiotics. We speculate that this might be because the
depression-related tweets refer to this type of medicine as treatment and there were
mentions about bacteria resistant to current drugs, making a complex scenario for
topic modeling.

Similar to previous results, LDA achieved only 40% of the results corrected, which
made it again less efficient than the other two methods. The LSA and Markov-
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inspired algorithms returned all the other four categories correctly, meaning that
they were 80% effective. The detailed result is found in Table 8.

Table 8: Categories related to Health: Vaccine, Cancer, HIV, Depression, Antibiotics

Health LDA LSA Markov-inspired

Category 1
trial, ebola, begins,

cured, patient, vaccine,

need, work, infection, ward

ebola, vaccine,

trial, begins

vaccine, ebola, disease, research,

congo, patients, effective,

battle, cdc, sept

Category 2
cancer, women, risk,

breast, drug, search,

young, goths, anxiety, linked

depression, cancer, women,

panel, patients,

study, treatment

cancer, women, risk, linked,

breast, study, may,

implant, carry, time

Category 3
frontline, sale, home, goes,

vaccine, test, mindfulness,

option, johnson, analysis

goes, sale, uk,

hiv home, test

hiv, patient, cured, scientists,

aids, man, results, pharmaceutical,

epidemic, infection

Category 4
dark, emergency, indiana,

tested, approved, depression,

cells, vaccine, children, health

treatment, depression,

active, ingredients,

ketamine

depression, well, treat, prevent,

dementia, pregnancy, like,

used, know, anxiety

Category 5
cure, depression, vaccine,

antibiotics, helps, panel, prevent,

millions, approach, national

cured, patient, hiv,

aids, infection, seems

health, experts, panel,

year, trials, approved, drugs,

ingredients, put, expert

2.5 discussion

To have a brief understanding of how the methods performed in comparison to
each other, we conducted a straightforward statistical analysis comparing the results
obtained from the three different methods, as shown in Table 9. If one category was
easily detected by us, we give the value 1, otherwise, we consider it 0. Thus, we could
calculate the mean of each of the methods. LDA was the worst performer, with an
average of 30% of corrected identification of the categories. Its standard deviation was
0.47, representing that there are a great number of categories that were not identified.

In a different vein, LSA performed better, reaching a mean of 0.7 and a standard
deviation of 0.47. This means that there were more precise results with the categories
evident, or easily identifiable. However, there were also a number of categories that
were not identifiable on each topic. With respect to the Markov-inspired method, it
reached the best results, with more easily identifiable results. Thus, the mean was
0.96, which is extremely high, and a standard deviation of 0.18, meaning that few re-
sults failed. In this case, it refers to the topic Health, which had one category that was
not evident, nor easily identifiable by looking at the bag of terms returned from the
methods. Thus, our study answers RQ1 and RQ2 showing that the Markov-inspired
method performed better than the other results.
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Table 9: Comparison for all six topics and five categories of each

LDA LSA
Markov-

inspired

Category 1 1.00 1.00 1.00

Category 2 1.00 1.00 1.00

Sports Category 3 1.00 0.00 1.00

Category 4 0.00 1.00 1.00

Category 5 0.00 0.00 1.00

Category 1 1.00 1.00 1.00

Category 2 0.00 1.00 1.00

Economy Category 3 0.00 1.00 1.00

Category 4 0.00 1.00 1.00

Category 5 0.00 1.00 1.00

Category 1 1.00 0.00 1.00

Category 2 0.00 1.00 1.00

Entertainment Category 3 0.00 1.00 1.00

Category 4 0.00 0.00 1.00

Category 5 0.00 0.00 1.00

Category 1 1.00 1.00 1.00

Category 2 0.00 1.00 1.00

Environment Category 3 0.00 1.00 1.00

Category 4 0.00 1.00 1.00

Category 5 0.00 0.00 1.00

Category 1 1.00 1.00 1.00

Category 2 0.00 1.00 1.00

Technology Category 3 0.00 1.00 1.00

Category 4 0.00 0.00 1.00

Category 5 0.00 0.00 1.00

Category 1 1.00 1.00 1.00

Category 2 1.00 1.00 1.00

Health Category 3 0.00 1.00 1.00

Category 4 0.00 1.00 1.00

Category 5 0.00 0.00 0.00

Average 0.30 0.70 0.97

Standard Deviation 0.47 0.47 0.18
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2.6 conclusion

Overall, our results show that the proposed Markov-inspired method presents bet-
ter results when compared to LDA and LSA. In particular, our dataset consisted of
tweets that are short-text corpora and in some cases could present a low lexical di-
versity. Thus, the proposed method, Markov-inspired, showed to have better results
than the traditional LDA and LSA. Nonetheless, we believe that it is well justified
that traditional methods, like LDA, are probabilistic methods relating the frequency
of a word compared to its neighbor, that is, the precision depends on the size of the
dataset and lexical diversity. Similarly, LSA is a natural language processing algo-
rithm, which analyzes the relationships between a set of documents and their terms.
Thus, LSA works as a distributional semantics, which requires large amounts of text
to represent the word meaning using abstraction mechanisms [40]. Thus, both meth-
ods, LDA and LSA, require large amounts of text and some lexical diversity to model
topics. This is not required in the Markov-inspired methods, as it uses graphs and
their structure to detect communities, which in our case, represent the topics.

Additionally, our method does not require a preset quantity of topics to run the
method. These topics are identified according to the clusters that emerge in this graph.
We used here only the five first communities, however, there was the possibility to
expand it. This method is generic and can be applied not only to tweets, but to a dif-
ferent range of datasets with distinct sizes. Future studies could fruitfully explore this
issue further by applying this method in large-text corpora and different patterns of
social interactions beyond social media content, for instance, books and news articles.

Regardless, future research could continue to explore this method in distinct con-
texts, such as content written in different languages. As the words would be more
connected to the ones written in the same languages, there is a high possibility that
this method could cluster topics according to languages. This may constitute the
object of future studies. In another vein, our approach was static. and this could
be explored dynamically. Thus, future research should examine modeling topics in
real-time or through a time series analysis, allowing the users to identify topics that
emerge and disappear throughout the time, which is not seen in a static analysis.

This experiment adds to a growing corpus of research on topic modeling show-
ing other ways to detect themes that emerge in short-text corpora, like social media
content.
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The rise of social media has ignited an unprecedented circulation of false informa-
tion in our society. It is even more evident in times of crises, such as the COVID-
19 pandemic. Fact-checking efforts have expanded greatly and have been touted as
among the most promising solutions to fake news, especially in times like these. Sev-
eral studies have reported the development of fact-checking organizations in Western
societies, albeit little attention has been given to the Global South. Here, to fill this
gap, we introduce a novel Markov-inspired computational method for identifying
topics in tweets. In contrast to other topic modeling approaches, our method clus-
ters topics and their current evolution in a predefined time window. Through these,
we collected data from Twitter accounts of two Brazilian fact-checking outlets and
presented the topics debunked by these initiatives in fortnights throughout the pan-
demic. By comparing these organizations, we could identify similarities and differ-
ences in what was shared by them. Our method resulted in an important technique
to cluster topics in a wide range of scenarios, including an infodemic – a period over-
abundance of the same information. In particular, the data clearly revealed a complex
intertwining between politics and the health crisis during this period. We conclude
by proposing a generic model which, in our opinion, is suitable for topic modeling
and an agenda for future research.

3.1 introduction

On September 3rd, 2018, Fabiane Maria de Jesus, a young woman in her early
thirtieth, could never imagine she would never return home after a church service.
She died at the hands of a lynch mob driven by a series of vicious online rumors
on the outskirts of Guarujá, a small coastal city in São Paulo, Brazil. Her death was
motivated by the suspicion that Ms. Fabiane was connected to child abductions in the
region thought to be linked to black magic rituals. However, investigations showed
that the rumors were false. It all began with a post on Facebook that alerted local
residents of a woman kidnapping children in the region to use them in witchery
rituals. A tragic end for Ms. Fabiane shows the potential that disinformation has on
social media[52].

Better known as fake news, the emergence of various forms of harmful content
are many perils of social media that users can, even unconsciously, encounter in the
online ecosystem[229]. The nature of information disorder of fake news makes it
overlaps with other concepts that arose from the fabricated information that tends to
mimic news content. In fact, fake news can take many shapes, it is therefore needed
to distinguish between ‘misinformation’ and ‘disinformation.’ The first represents the
claims that are false connected or inaccurate information, while the latter describes
false information that is purposely spread to deceive people[159]. In the case of Ms.
Fabiane, we can call that misinformation happened, once people shared the news

28
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that seemed accurate at the time but they later found it was made up. However, there
are other situations where disinformation behaviors happen when an individual has
intentional actions to purposely mislead people. Thus, false information has real con-
sequences, which makes it a relevant subject for study. This is especially true for
troubled times that serve as nourishment for fake news[252]. The coronavirus pan-
demic has given a tremendous increase to this issue on social media networks. By
taking root in a critical juncture filled with uncertainties and fears, the exploitation of
the COVID-19 crisis has generated an excessive amount of information about a prob-
lem. Consequently, we also need to fight against the proliferation of false information
about the topics related to the virus. This ’infodemic’ “can hamper an effective public
health response and create confusion and distrust among people"[278]. Furthermore,
the decline in public trust in the media and the current political situation in a state
of great flux around the world have even more notoriety to fake news[250].

There is no simple antidote to fake news. To face this problem, fact-checking be-
came an important mechanism to fight falseness and information with the intent to
harm[250]. The rise of several fact-checking initiatives in recent years has shown the
importance of debunking “widely circulating claims online"[249]. However, conflicts
in the logics that guide the operation of these sites have also been challenged by ac-
cusations of political bias[80] and lack of clarity on what is being assessed by these
initiatives, which shows the importance of understanding what topics actually are
covered by these organizations. On the other hand, fact-checks can give a hint of
what type of horrors lurk inside social networks.

Several studies have shown the development of fact-checking organizations in
Western societies but little attention has been given to Global South[273]. Special at-
tention is necessary to address the dissemination of fake news in this region, where
the rise of leaders like Jair Bolsonaro (Brazil), Daniel Ortega (Nicaragua), Rodrigo
Duterte (Philippines), and Nicolas Maduro (Venezuela) reveals that autocratic pop-
ulism can thrive in a wide range of environments to the propagation of rumors or
false information, posing a global threat to democracy[97, 115]. To address this gap,
this study analyzes the trend based on a topic modeling approach to understand
what was covered during the pandemic based on different fact-checking organiza-
tions. Therefore, in this study, we consider Brazil because even with the pandemic
taking the media agenda in the world, the country has entered into a period of strong
political instability, which makes the country even more susceptible to fake news
campaigns[273, 274].

Drawing on a literature review of communication and computer science, we em-
ployed in this study a mixture of quantitative and qualitative methods including
time-series analysis, topic modeling, and trend analysis. Through an original compu-
tational method inspired by Markov chains, we identify the “fake news” trends in
Twitter accounts of Brazilian fact-checking organizations to further understand the
rumors and false information that arose during the first half of the global health cri-
sis. In this process, we also qualitatively analyzed the clusters to identify the topics
that emerged in the time span defined by the authors.

Our contribution here is twofold to academic scholarship. First, we propose an
innovative method that clusters topics based on an established time span. Second,
we use this model to identify the topics that emerged in this extremely complex
period known by an overabundance of the same information, also referred to as
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an infodemic, in a country that is facing a populist government, which makes it
even more relevant. To show the usefulness of the proposed method, we focus our
experimental investigation on tweets that were crawled of the timelines of the two
major fact-checking initiatives in Brazil during the first half of the 2020 global health
crisis.

Our approach tackles the abuse of social media along three dimensions: a better
understanding of the debunks of the fact-checking initiatives during this period; the
noisy points in the process by measuring the discrepancy between political and pan-
demic agendas; and also a correlation between the themes that were covered by these
two initiatives to detect topic repetition and characterize the dissemination of false
news information during this time frame.
RQ1: What are the topics that fact-checking initiatives covered during the pandemic?
And how are these topics related between these two organizations?
RQ2: How is the evolution of political topics intertwined with the pandemic crisis?
RQ3: What are the challenges to map topics in a period of overload of information
on the same issue?

The results obtained through the proposed method provide answers to the ques-
tions above and also our methodology is not restricted to this topic (fake news).
The article is organized as follows. First, we propose a theoretical background to
understand the importance of fact-checking initiatives and fake news in the media
ecosystem. Second, we contextualize the situation of the pandemic in relation to the
dissemination of false information and rumors to later introduce the relatedness of
the Brazilian political agenda in this matter. Third, we describe our method to ap-
proach the problem. Fourth, we discuss the results relating to the evolution of false
information and the influence of the political agenda during the health crisis. Last,
we include some concluding remarks and further research issues.

3.2 related work

3.2.1 Fact-checking: a task force to fight fake news

The Internet has given everyone a voice, but many feel entitled to use these voices
to spread false or misleading information. Consequently, the effect of propagation of
misinformation, disinformation, and propaganda has recently been amplified due to
the unprecedented increase in access to social media access. Ostensibly popularized
as ‘fake news,’ and widely questioned in academia and the industry as it was used as
a political weapon, this type of content predates the development of technology and
social media and brings a range of meanings that have been associated with it [252],
such as destroying the credibility and trust of journalism as well as articulating and
popularizing a political ideology.

Previous studies have emphasized the strategies behind the dissemination of this
content[251]. The reasons behind go from money interest to political weapon, but
the main purpose is to deceive the public [250]. As has been previously reported in
the literature, the efforts to misinform or disinform the public is understood by the
financial motivation within the fake news chain from where it starts (upstream) to
where and how it spreads (downstream). For example, research has provided evi-
dence for the inadvertent funding granted to disinformation websites from program-
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matic advertising[20, 44]. Furthermore, fake news relied on the platforms and their
business models to gain traction by offering tools to actively promote dissemination
and monetize content[159].

Fake news has primarily drawn attention during the 2016 U.S. presidential election
and became a constant problem, which made organizations look for ways to mitigate
it[118]. One of the most popular forms to address the prevalence of fake news has
been fact-checking. The practice is defined by assessing the validity of claims made
by institutions or public people “to identify whether a claim is factual"[274]. The idea
behind this is to provide information to improve public discourse. Consequently,
fact-checking organizations claim that they are nonpartisan and non-political entities.
Thus, these initiatives establish a clear institutionalization to become more credible
and acquire the professional prestige of the audience as a form to clarify their inten-
tion to become antidotes to misinformation.

Besides that, a close examination of scholarly literature has shown ambiguity about
the efficacy of fact-checking [10, 273, 274]. While some studies have pointed out that
political interest and ideology play a key role leading to a failure of fact-checking,
others argue that debunks influence people’s receptiveness to trust a source. Further-
more, the efficacy of fake news is contested by motivated reasoning and also preex-
isting beliefs that play a major role in determining the way information is processed.
That happens because fact-checking organizations navigate in a “tricky terrain"[274],
discussing complex and often contradictory information whilst attempting to bring
knowledge to the general public. Furthermore, there is an increasing polarization in
online social media that has been gaining scholarly attention in recent years amid
the changing political landscapes of many parts of the world. These polarized com-
munities share a common narrative, which is empirically observed in the existence
of echo chambers, stimulating the confirmation bias, i.e., the information confirm-
ing their beliefs even if containing false claims[215]. Prior research suggests that in
these groups, fact-checking corrections often fail to lessen misperceptions within an
ideological group[199]. Also, studies documented numerous situations of a “back-
fire effect” in which these fact-checking debunks or corrections actually strengthen
misperceptions amid these groups[199, 279, 88].

In fact, political ideology plays a major role in determining how fact-checking is
processed by individuals[61]. Therefore, fact-checking reporting is usually accused
of political bias, as readers believe that some candidates are likely to be more scruti-
nized than their counterparts. To overcome this, many organizations appeal to social-
scientific approaches to selecting claims to avoid perceived bias[117]. Even so, impor-
tant differences persist between topics that are covered by distinct initiatives, which
reinforces the impression of bias.

However, many fact-checking initiatives exist with limited resources as they are
yet small and employ few people that are insufficient compared to the scale of the
fake news industry. Hence, there is a delay of approximately 13h between the con-
sumption of fake news stories and its verifications. Thus, fact-checking lags behind
misinformation and disinformation in terms of overall reach and response time[235].
Still, to this date, the debate on how to improve the efficacy of fact-checking is far
from resolved and all information is needed to come to a high-quality debunking
decision.
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Additionally, fact-checking has its peak during political events, such as elections
or campaigns[64]. Scholarly studies have shown that people tend to share at a faster
speed more false information on Twitter than other platforms, especially political
topics[269, 259]. In 2020, it was marked by a particular unique shock when the
COVID-19 pandemic killed hundreds of thousands of people and forced all of us
into social isolation, similarly to the period of elections when fact-checking is needed
most[188]. The health crisis has shown that individuals are more likely to be exposed
to misinformation or disinformation[206] and the importance of fact-checking to de-
bunk these claims. Thus, the power of fake news encounters in its ability to penetrate
social spheres [252].

3.2.2 Computational Social Science and Twitter

Since the escalating notoriety of online social media platforms and the emergence
of computational science, more and more researchers from a range of distinct areas
have begun to examine social phenomena using large scale human-generated data
computationally. Within this conjuncture, Twitter has become an indispensable social
communication platform by offering many contrasting views and cultures on miscel-
laneous topics[42]. Indeed, a large number of existing studies in the broader literature
took the opportunity of this platform to examine and get a better understanding of
the interactions between individuals and their environment[42].

Recent progress in various disciplines, such as mathematics and computer science,
and particularly a subset of areas, such as network analysis, computational linguis-
tics, and statistics have given a variety of tools to better understand social media
content. By tracking, modeling, analyzing, and using mining techniques, scholars
could grasp meanings out of the complexity of social media data[248]. The social
network approach has given a valuable method to explain the way that information
travels and how users put themselves at the intersections of routes where information
flows[219]. In fact, some studies argue that social networks are not always the most
effective methods to identify collective action efforts[114].

On the other hand, numerous methods have been developed to map the collective
sentiment of tweets[203], such as Naive Bayes, Support Vector Machine (SVM), linear
classifier, and maximum entropy. These algorithms intend to classify tweets into pos-
itive, negative, or neutral[19]. Yet, another study approached the sentiment of tweets
based on hashtags and emojis by manually labeling 12 categories that were then used
to identify the users’ perceptions of these messages[72].

Another prominent area of study in computational social science is the trend and
time-series analysis. A recent study analyzed in Facebook the evolution of rumors
that related the pandemic outbreak to the rollout of 5G broadband technology using
the time-series analysis to understand the evolution of this disinformation through-
out the time analyzed[47]. Despite this study, false information has spread to all social
media platforms, and Twitter has become an increasingly popular social network to
study the evolution of the pandemic. To illustrate this, deniers of the pandemic used
the hashtag #FilmYourHospital on Twitter to encourage users to visit hospitals and
hinder the work of physicians and nurses in the middle of a health crisis to take
pictures to “prove” that the COVID-19 pandemic is an elaborate hoax[120]. In fact,
several methods to predict the trends of news topics on Twitter have emerged in re-
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cent years[139]. For example, prior work has applied trend analysis methods, such as
the Moving Average Convergence-Divergence (MACD) indicator, to understand the
news topics that were trending at the moment and could potentially become popular
on Twitter[172].

Similarly, topic modeling became increasingly popular on social networks. Many
sources give methodological guidance on how to apply LDA topic modeling on news
articles, for instance, on temporal analysis of climate change articles published be-
tween 1997 and 2016[145]. However, the application of the LDA algorithm in tweets
was reported in the literature that may not work well because the text corpus is
short[291, 129]. To overcome this, a study has used a fetched category from news ar-
ticles to compare the classification of tweets using Naive Bayes and SVM algorithms,
and concluded the latter is more effective[79]. Other studies proposed to aggregate
tweets as a single document. An example of this is the technique to group together
tweets occurring in the same user-to-user conversation and use a combination of
Latent Dirichlet Allocation (LDA) and the Author-Topic Model (ATM) to determine
topics in tweets[11].

In the same vein, existing studies in the broader literature have examined the ap-
plicability of LDA in Twitter messages to detect fake news. By analyzing the main
topics of the messages with reliable sources, such as magazines and news portals,
it helped to identify false information disseminated in tweets[244]. Another method
introduced was the combination of sentiment analysis with topic modeling. In it,
the authors extracted the sentiment from replies or retweets to analyze the general
opinion on topics and assist LDA in the classification of fake news[59, 267].

A recent study used sentiment analysis and LDA to analyze tweets and concluded
that there is a wide range of automated accounts that were disseminating content on
Twitter. For instance, in a set of 29 million tweets, the authors found that 21% of the
accounts were bots and, consequently, 30% of these tweets. However, it is not clear
whether the implications of bots are always negative on social networking sites, once
there are automated accounts that share reliable information[170].

Other methods were also proposed to detect false information on social media
content without topic modeling algorithms, such as Principal Component Analysis
– PCA[282] and Statistical Relational Learning – SRL[280]. PCA is a technique to ex-
tract features and in general, used to eliminate irrelevant information. In this case,
it applied to identify rumors and false content. In the same vein, SRL combines
machine learning and data mining to detect noisy, missing, or partially observed
information[244].

Despite these studies showing good results, a number of questions regarding the
evolution of fake news agenda in time remain to be addressed. Furthermore, there is
no solution to curb fake news at the moment. As technology spawned the dilemma of
fake news, it is tempting to assume that technology can solve it. In this context, schol-
ars proposed a range of strategies to curb the dissemination of false information on
social media, for instance, focusing on the role of network polarization[249]. In addi-
tion, artificial intelligence (AI) solutions have been particularly effective in detecting
and removing dubious or undesirable content online. On the other hand, scholars
raised concerns about the accuracy and transparency of AI by placing responsibility
for technology to detect and tag what is false content on social media platforms[239].
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Methodology-wise, combining computational methods and human analysis provides
a more effective way to explore such information in social media[185].

3.2.3 From a health crisis to a political firestorm: How Brazil is handling the outbreak

The newness of the COVID-19 virus means that no one has yet been able to un-
derstand the etiology of the pandemic. This has caused many uncertainties and fears
in the population. To make matters worse, as the COVID-19 pandemic made land-
fall in every continent, fake news ramped up on just about every platform, caus-
ing widespread fear and confusion. The furor over fake news has intensified long-
standing concerns in this fragmented media environment that is seen in society today,
with many sources of information. Furthermore, online rumors and political lying are
other concerns that have exacerbated this fake news scenario [118].

This mix of facts, fears, rumors, and speculations has characterized the pandemic
and provided fertile ground for the dissemination of misleading information and
cybercrime on the Internet[197, 271]. Considering that fake news that “spreads faster
and more easily than”[278] a virus, this became a concern during the pandemic. For
all that, the World Health Organization (WHO) has declared that false information
shared on social media about COVID-19 is an “infodemic" that must tackle alongside
the pandemic itself and the concern over the problem is global.

But apart from this issue, some heads of state stand apart for their continued de-
nials of the threat the pandemic poses. To illustrate this, leaders of Belarus (Alexander
Lukashenko), the USA (Donald Trump), and Brazil (Jair Bolsonaro) use their position
to deny the global movement to fight the pandemic and described the illness as a
“little flu,” or promoting a medicine (hydroxychloroquine) as a cure for the illness,
despite growing scientific evidence against the efficacy of the malaria drug[230, 103].
In a scenario where official information is understood as unreliable, the climate is set
for the viral dissemination of unproven rumors and speculations [158].

In this environment, not everything is false, some “emerging, albeit unverified, in-
formation might be valuable, and deleting it would cause harm"[158]. In fact, the
effects of this factually dubious content produced with no regard for accuracy or
fairness that mimics the format of journalism in the public remain to be addressed
[159]. On the other hand, it also made more evident than ever the fundamental impor-
tance of fact-checking initiatives in periods of crisis, mainly where politicians made a
complicated landscape for citizens. In Brazil, the political scenario has created many
uncertainties and fears in the population. The systematic violation of access to in-
formation and transparency during the coronavirus pandemic made by the Brazilian
Federal Government has failed to mitigate the impacts of the pandemic on the popula-
tion [206, 17]. Consequently, major legacy media organizations teamed up to provide
transparency of daily coronavirus death tolls and infection rates to citizens[98].

In the same vein, fact-checking initiatives play a crucial role in debunking and ver-
ifying information that is disseminated in social media in Brazil. Some organizations
in the country target politicians exclusively but others focus mainly on correcting
mistakes in the media or even in niche areas, such as fact-checking of religious con-
tent posted by Christian personalities, especially politicians and influencers in social
media platforms [28]. Among the most recognizable fact-checking organizations in
Brazil are Agência Lupa and Aos Fatos[86, 190]. Besides being the major producers of
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fact-checking stories, these organizations are committed to the transparency standard
of the International Fact-Checking Network (IFCN), an alliance that abides by pro-
moting excellence in fact-checking[136]. Whereas most fact-checkers in the United
States have ties to a news outlet, internationally fewer than half do[247], what it is
exactly the case of these two organizations that have their entire operation focused
on debunking information propagated in social media platforms. Furthermore, these
two initiatives have a huge impact on social media, for example on Twitter, Agência
Lupa has more than 181K people following their content, while Aos Fatos counts with
238K followers (as of November 2020).

Our analysis deals only with these two organizations that came about due to the
huge demand for rigorously verified information, with public and transparent data
that gained evidence in the last years. Thus, this study wants to uncover features
and issues that were debunked during the pandemic to test an original method to
evaluate the trends of fake news topics on Twitter based on a Markov-inspired model.
A comprehensive description of methods and data has been provided to support our
results in the next section.

3.3 data and methods

Beyond electoral impacts, it is still restricted what we know about the effects of
fake news content in periods of crisis, similar to the COVID-19 health crisis. From in-
creasing cynicism and apathy about the health crises to encouraging extremism with
false statements, this article studies the topics that have risen up the agenda during
this period. There exists little evaluation of the trends of fake news in these regards,
and also a computational method to identify these topics properly. To address this
gap, this study proposes a comprehensive method that provides a nicely integrated
solution to identify these trends in a time-series analysis.

3.3.1 Data description

To investigate the evolution of fact-checking trends during the pandemic and un-
derstand how the political agenda has influenced the fake-news agenda, we analyzed
tweets from Brazilian fact-checking accounts. Instead of a simple topic modeling, we
propose a method that clusters the topics and its evolution in an established time. To
address this phenomenon, this article relies on the open Twitter application program-
ming interface (API) connection to crawl the timelines of the two major fact-checking
agencies in Brazil, @aosfatos and @agencialupa. In total, these accounts account for
5115 tweets from January to July 2020.

We concentrate on two fact-checking organizations, and we do not investigate the
numerous other smaller initiatives existing in the platform because the number of
tweets produced by them during the period was not enough to be considered in this
study. Nevertheless, because our samples include activities of the most prominent
fact-checking organizations, we can draw consistent inferences about our method
and the questions proposed by this research piece.

We retrieved the tweets and metadata related to these accounts to assemble the
pool of data for our computational method. This choice is made because these or-
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ganizations posted the most tweets related to fact-checking content over the course
of the period appraised. Also, as mentioned before, these organizations are well em-
bedded in a set of historically rooted values, traditions, and norms that shaped the
fact-checking process. Other initiatives were considered but their number of tweets
was not enough to compute effective temporal features. After devised compilation
and cleansing, data is further used in our computational model.

3.3.2 Data preparation

Literature has shown different approaches for topic modeling, such as Latent Dirich-
let Allocation – LDA[38] and Latent Semantic Analysis – LSA[232] and also best
practices that yield more coherent topic-bags[176]. However, these models are inde-
pendent of time, and to overcome this issue, other algorithms are used to obtain this
temporal information, such as DDTM (Discrete-time Dynamic Topic Model), CDTM
(Continuous-time Dynamic Topic Model), ToT (Topics over Time), and TAM (Trend
Analysis Model). However, these models also deal with the limitation of the com-
plexity of variational inference or there is a need to delimit the number of topics
beforehand[173]. To address this gap, we derive a novel algorithm that analyzes
tweets in the fortnightly tide by clustering the output inspired by Markov chains[68].
We made the decision to divide into fortnights because that encompasses an ideal
number of functional units that can be formed as a community (or cluster).

Due to the nature of Twitter data, there is a lot of noise among words. Preprocess-
ing of tweets is still a popular technique to help in this procedure. It is a common
task for text normalization and almost every task related to natural language pro-
cessing (NLP) to apply some kind of tokenization, stemming, and lemmatization.
In our case, the tokenization is performed in the context of graphs that were gen-
erated to represent the tweets. The purpose of stemming and lemmatization is to
lessen inflectional forms and sometimes derivationally similar modes of a word to a
common base form. However, the Portuguese language has its own particular char-
acteristics. Lemmatization considers the syntactic classification of words, presenting,
for instance, different lemmas for a verb or a noun (in the same word family). In
English, this nuance is different, once the same lemma can assume multiple syntactic
categories. Instead, in Portuguese, and other romance languages, it is of predominant
importance, and changes the meaning of the sentence. In practice, many exceptions
to these same rules frustrate the goal of achieving an accuracy close to 100% in most
of the romance languages[222].

An example, the word campeão (champion) in singular and campeões (champions)
in the plural to extract the end of these two words includes many exceptions that do
not necessarily fit the typical case for one option or another and result in an impossi-
ble task for computers to perform. Stemming is easier to implement, usually refers to
a crude heuristic process that chops off the ends of words. However, it discards possi-
bly valuable information, by making it practically difficult to identify, for instance, a
noun from a verb in its stemmed form[222]. Thus, due to the complexity of this task
for the Portuguese language and at the risk of losing sight of the main point of the
tweet, our algorithm does not include lemmatization and stemming processes in the
pre-processing phase.
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On the other hand, we decided to first map all threads and treated each of them as a
single tweet to encompass the same topic. To be able to achieve it, the tweets that were
posted in the time interval of fewer than two minutes were aggregated into a single
one. Known as Twitter threads, it is a series of connected tweets from one account
and usually contains the same sort of elements. This was an important step to enrich
the vocabulary of a certain topic and guarantee that neither the content would remain
separated. Secondly, a pre-processing step consisted of eliminating stop words and
punctuation signs. We additionally removed the “RT" from the retweets, mentions,
and hashtags. We also evaluate the impact of different models of lexicons for the
Portuguese language and the effect of pre-processing techniques for the task and
mapped the common words that are not relevant and appear in our dataset to be
removed.

LDA and LSA algorithms were used to help in the process, as these algorithms
use probabilistic models to extract latent bags of words or topics in a document. We
run a number of times these algorithms, which did not present good results in the
clusterization process, but they served along with our model in the optimization
of the pre-processing phase. Likewise, after evaluating and deleting the terms and
expressions that are common by these fact-checking agencies, such as “We verified"
and “This is false," we prepare our data for the application of our method based on
graphs. Other specific and popular terms in this specific context, such as coronavirus
and COVID-19, were also removed to help in the clustering process. To illustrate the
preprocessing model, a tweet in our dataset was like this one:

• NO AR. OMS não orientou evitar sexo com animais para se prevenir do coronavírus.
(LIVE. WHO did not guide to avoid sex with animals to prevent from coronavirus, in
English) https://aosfatos.org/noticias/oms-n... #CoronaVirusFacts

After the preprocessing, it should have been coded in that way:

• OMS ORIENTOU EVITAR SEXO ANIMAIS PREVENIR
(WHO GUIDE AVOID SEX ANIMALS PREVENT, in English)

3.3.3 Markov chains and topic modeling

Markov chains are widely applied in various fields, such as economics, finance,
sports, and even are applicable to on our daily routine, such as typing in smartphones,
where the device predicts what one is going to type next. However, the model has not
“yet been widely implemented in communication research”[260]. Unlike the conven-
tional view of classifying tweets, like LDA, Markov chains use a stochastic approach
that is formally equivalent to the equations for steady-state probabilities.

https://www.aosfatos.org/noticias/oms-nao-orientou-evitar-sexo-com-animais-para-se-prevenir-do-coronavirus/
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Figure 4: Example of a directed graph based on the pre-processed tweet: “OMS ORIENTOU
EVITAR SEXO ANIMAIS PREVENIR”

Here we develop a network that is inspired in a Markov chain[253], our method
that generates a graph G = (V ,E) that is composed of vertices V = v1, v2, v3. . . vn that
represent the words of a tweet and the edges E = e1, e2, e3. . . em are the connections
between these words. As each tweet, with n = |V | vertices andm = |E| edges, involves
a sequence of words, our graph here is directed, thus, it respects the text structure.
Furthermore, each E has a weight W = w1,w2,w3. . .wm that represents how many
times these two words were connected in the dataset, as shown in figure 19.The
importance of directed graphs in our methods lies in generating the right knowledge
to form the sequence of processed words in the tweets. For example, “Flavio” (subject)
and “steal” is not the same as “steal” and “Flavio” that is the reason a directed graph
is necessary to maintain the ideas that a sentence shares. Similarly, it is the relation
in Twitter, one person follows someone that does not necessarily follow the same
person back[42].

Besides that, cycles were not considered in this method, once words that are feed-
ing themselves do not bring extra information to our topic modeling approach. Weight-
ed graphs are a more informative graph, which tells the probability of visiting the
next node or maybe the distance of a node to another or maybe the dependency of one
node over the other[253, 109]. Once the graph is built, a community detection method
highlights the main communities of the network and, consequently, the topics. The
graph was constructed using tweets within a certain time window. Specifically, af-
ter a careful investigation of distinct time resolution (days, weeks, and a month),
we observe that, for the scenario considered in this investigation, a time window of
two weeks, i.e., 15 days. This number was decided based on experiments to obtain a
representative sample of tweets of each organization that could be evaluated by our
algorithm. In fact, it was also noted through our experiments that the major topics of
the dataset remained in this time span. The method is then applied for tweets within
each interval, thus, each graph was composed of the words (V) and the connection
between them (E). To provide an intuitive understanding of the algorithm proposed
here, we described the steps conducted below:

• After pre-processing, each tweet that is loaded, vi are added to the graph. In
case, a word is already on the graph, it is not added.

• The tweet is read from left to right (the same way that we read) and for each
pair of words that are subsequent in the dataset, an ei is added with weight 1.
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Again, in case the edge already exists, no other edge is added, but the weight
increases by 1.

• This process happens until all tweets are loaded in the graph.

As a result, the obtained graph is a subset of the dataset that conforms to a time
span. Thus, simple, cost-effective measures could be found, such as the degree of any
vertices and the weights of any edges, which reveals some important information
about the dataset. To put it another way, in many fortnights, the top five heaviest
edges were related to the main topics found during the study period. After that, the
graph is clustered, which we used an edge-clustering framework that can group the
heaviest edges into bundles to reduce the overall edge crossings.

Furthermore, we ran our method a couple of times to detect possible words that
could be merged in the pre-processing phase. For instance, in our initial analysis, we
identified that the edges with higher weight represent compound names, such as city
or states’ names (Rio de Janeiro) or important figures (Jair Bolsonaro or Sérgio Moro).
Indeed, this was an important step to return to our data preparation. In many cases,
pre-processing is not a single operation. Instead, pre-processing is an entire pipeline
composed of many phases to achieve an optimal formulation.

In our graph, we relied on a Python library igraph that provides different types
of clustering methods. In an echo of scholarly literature, we selected the walktrap
algorithm, as it delivers the correct number of communities regardless of network
sizes[284]. Walktrap approach based on random walks, i.e., run unsystematically the
graph, thus, the walks are more likely to stay within the same community because
there are only a few edges that lead outside a given community, which result in
more precision in the topic modeling. Consequently, our graph could identify clusters
of tweets that were closely linked with each other, thus determining a topic. For
each graph, we qualitatively analyzed the clusters to observe the different topics.
Regarding community detection, any method that is suitable for directed networks
would work in our case. As a methodological choice, walktrap is a method that we are
used to and we have a certain domain about it. Other community detection methods
would work as well in our algorithm.

Our time-series analysis divided the period into fortnights and generated the clus-
ters of the five major clusters for each individual period to obtain meaningful infor-
mation on the evolution of the topics covered by the organizations during the time
assessed. Since classifying the clusters would involve a considerable manual effort,
we prioritized the annotation of the five major clusters, once those groups usually
represent a larger number of tweets. We also limited the number of topics to the five
major communities, as we would like to visualize it through figure 6 and 8, which
were produced using the ggplot2 library in R. Furthermore, topics that were closely
related or too small were not considered, thus reducing the number of topics in a
certain time span.

Another important point is that to better visualize the communities, we decided
to adopt a word cloud to represent each community. In it, the words represent the
vertices and their weight. Hence, it gives greater prominence to vertices with higher
weight, the ones that were more frequently used in that cluster. Lastly, it is worth
mentioning that the smallest clusters were threads or one single tweet that was not
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(a) Topic: Federal Government - COVID19

Aos Fatos– Fornight 7

(b) Topic: Federal GovernmentAos Fatos – Fornight
12

(c) Topic: Environment
Agência Lupa – Fornight 1

(d) Topic: Prevention - COVID19

Agência Lupa – Fornight 12

Figure 5: Random word clouds to show the communities generated by the computational
method

relevant for this study. Thus, we created word clouds of the most connected vertices
(filtered above 10 degrees), as shown in figure 5.

We also observe in our results the presence of clusters in specific languages. Al-
though the fact-checking organizations use Portuguese in their tweets, some retweets
were in English or Spanish. As the process of creation of the graph connects related
words, it is natural that words in the same language present more connection be-
tween them than in other languages. Thus, it is easily detected as a cluster by our
algorithm. One disadvantage of the most traditional methods, such as LSA and LDA
that are probabilistic methods (related to the frequency of a word in relation to its
neighbor), is that the precision depends on the size of the dataset and lexical diversity.
The method here proposed is instead designed to be not influenced by these factors,
once it considers the connection of the words contained in tweets in relation to the
dataset. The quantity of topics is also another strength as it does not need to be pre-
viously established. However, by adopting a rigid clustering system, there is a risk
that the clusters formed will be a thread or a single tweet. This level of adjustment
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also allows better control of the topics found. In the process of labeling our clusters,
we identified 23 codes in the whole dataset, which includes Federal Government
(topics related to the Presidential Government), Politics (in general), Health, and also
topics that were related to COVID-19 associated with other areas like COVID-19 –
Dissemination or COVID-19 – Treatment (see more in Table 10 and 11). By applying
the method here described, we could identify the topics and the patterns that were
covered by fact-checking agencies during the first half of 2020 and were described
next.
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Timeframe Topics Code Cluster (%)VertexEdge

Fortnight 1 Iran - USA - General International Affairs 6.95 148 246

Fortnight 1 Australia - Bushfire - Fire Environment 3.05 65 100

Fortnight 1 GeniuX - Product - Medicine Health 2.39 51 58

Fortnight 1 Water Rio - CEDAE Public Policy 2.21 47 63

Fortnight 2 SP - Crackland - Investment - Government Politics 11.66 203 334

Fortnight 2 Brumadinho - Disaster Disaster 13.33 58 65

Fortnight 2 Water Rio - CEDAE Public Policy 2.41 42 48

Fortnight 2 Non-existent employee - Paiva - President Federal Government 2.01 35 38

Fortnight 2 Animal - Heineken - Dog-baiting - Sponsor Business 1.95 34 37

Fortnight 3 Economy - Bolsonaro - Minister - Guedes Federal Government 5.83 136 198

Fortnight 3 Pandemic - China - Virus - Flight Dissemination - COVID19 3.77 88 117

Fortnight 3 Sickness - Spread - Market Transparency - COVID19 2.14 50 52

Fortnight 3 Economy - ANEEL - Light Economy - COVID19 1.93 45 50

Fortnight 3 Fennel - Tea - Throat Prevention - COVID19 1.93 45 53

Fortnight 4 IPVA - IPTU - Fuel - ICMS Economy 7.83 113 149

Fortnight 4 Councillor - Journalist - Population Media 7.07 102 126

Fortnight 4 Carnival - Glitter - Environment Leisure 6.51 94 131

Fortnight 4 Pope Francis - Manifestation - Lula Politics 3.26 47 56

Fortnight 4 Alcohol Gel - Wash hands Prevention - COVID19 2.01 29 29

Fortnight 5 Vaccine - Alcohol Gel - Wash Hands - Breathalyzer Prevention - COVID19 5.28 160 276

Fortnight 5 Carnival - Agglomeration - Isolation Dissemination - COVID19 4.71 143 172

Fortnight 5 Cancer - Skin Cancer - Sun Health 2.54 77 92

Fortnight 5 Bolsonaro - Deputies - Manifestation Federal Government 1.62 49 74

Fortnight 6 Information - Vaccine - Sickness - Pandemic Transparency - COVID19 15 512 991

Fortnight 6 Governors - Secretary - President - States Politics - COVID19 4.39 150 213

Fortnight 6 Closure - Israel - Cuba - Sweden - President Dissemination - COVID19 2.75 94 102

Fortnight 6 Emergency Aid - Numbers - Deputies Economy - COVID19 1.82 62 67

Fortnight 6 Gas - Gas Station - Harmful Products Prevention - COVID19 1.82 62 68

Fortnight 7 Flight - COVID 19 - Cases - Numbers Transparency - COVID19 4.68 173 276

Fortnight 7 Governor SP - Hospitalized - Police Local - COVID19 3.84 142 224

Fortnight 7 Hospitals - ICU - Hospital Beds - Health Secretariat Hospital - COVID19 2.19 81 120

Fortnight 7 Hydroxychloroquine - Treatments - Eficacy Treatment - COVID19 2.03 75 106

Fortnight 7 Deputies - President - Chambers - Former President Politics - COVID19 1.95 72 109

Fortnight 8 Pandemic - COVID19 - Masks - Dissemination Dissemination - COVID19 7.89 347 606

Fortnight 8 Justice - Sergio Moro - Minister - Bolsonaro Federal Government 3.75 165 235

Fortnight 8 Number - Cases - Notaries - Data Transparency - COVID19 3.55 156 241

Fortnight 8 Amazonas - Empty Coffins - Municipalities Local - COVID19 2.98 131 169

Fortnight 8 Open Coffins - Empty Coffins - Alleged - Recording Politics - COVID19 1.68 74 85

Fortnight 9 Respiratory Illness - Deaths - Numbers Transparency - COVID19 6.28 262 502

Fortnight 9 Against - Globo Group - CNN Brazil - Journalists - InterviewsMedia - COVID19 2.92 122 164

Fortnight 9 Hospital - Isolation - Recording - 99% cured Hospital - COVID19 2.73 114 135

Fortnight 9 Data - Civil Registry - Transparency - Portal Transparency - COVID19 2.37 99 153

Fortnight 9 Cellphone - Bolsonaro - PGR - STF - Seize Federal Government 1.84 77 98

Fortnight 10Isolation - Positive Test - South Corea - COVID19 Dissemination - COVID19 13.85 474 955

Fortnight 10Vaccine - Test - Studies - OMS - Ineficacy - Quarentine Prevention - COVID19 1.64 56 68

Fortnight 10Pazuelo - Interim Minister - Saude Federal Government - COVID19 1.37 47 53

Fortnight 10Car - Parking lot - Macae - PT - Worker’s Party Politics 1.34 46 50

Fortnight 11Pandemic - Symptoms - Isolation - Dissemination - COVID19 9.32 348 629

Fortnight 11Trump - USA - Millions - Positive - Genocide Transparency - COVID19 5.44 203 248

Fortnight 11Vaccine - Test - SINOVAC Prevention - COVID19 4.9 183 267

Fortnight 11Receitas - Effectiveness Treatment - COVID19 1.1 41 47

Fortnight 12Youth - COVID19 - Virus - Masks - Hydroxychloroquine Dissemination - COVID19 11.68 528 995

Fortnight 12Bolsonaro - President - Data - Montage Federal Government - COVID19 5.31 240 330

Fortnight 12Vaccine - Gates - Church Prevention - COVID19 1.66 75 92

Fortnight 12Federal Supreme Court - Minister - Federal Police Politics 1.24 56 62

Fortnight 12Lacombe - Band - China International Affairs 1.24 56 65

Table 10: Clusters generated for @agencialupa
l
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Timeframe Topics Code Cluster (%)VertexEdge

Fortnight 1 Bolsonaro - Lula - Temer - Government Federal Government 9.29 235 337

Fortnight 1 Iran - Brazil - Girls International Affairs 8.82 223 336

Fortnight 1 Sex Education - Damares - Pregnancy - Abstinency Public Policy 3.24 82 106

Fortnight 1 Politics - Ditadura - Sanctions - Complaint Transparency 2.14 54 53

Fortnight 1 Military - Campaign - Flávio - Protesters Politics 1.62 41 42

Fortnight 2 Vitamin - Fennel - Wet Throat - Fried Food - Canada - WHO Prevention - COVID19 5.52 78 118

Fortnight 2 Virus - Family - Patent - Bat - USA Dissemination - COVID19 5.02 71 86

Fortnight 2 Bolsonaro - Government - Drop - Occurrences Federal Government 4.67 66 81

Fortnight 2 Data - Information - Law - Security Transparency 3.96 56 75

Fortnight 2 Regina Duarte - Military - Actress - Cultural Media 3.33 47 57

Fortnight 3 Patricia - Bulk messages - Reproductions - Folha de SP Media 7.66 137 210

Fortnight 3 Showers - Mayors - Atypical - Flood - Quality Public Policy 5.54 99 127

Fortnight 3 Sonnante - Vatican - Lula - Pope - USA - Dilma Politics 3.58 64 80

Fortnight 4 ICMS - Fuels - Gas - Ethanol Economy 12.86 187 314

Fortnight 4 Carnival - Millons - SP - Rio - Salvador Leisure 6.46 94 137

Fortnight 4 Detention - Pre-trial - Brazil - Excess - Prison Public Security 4.75 69 99

Fortnight 4 Vitamin - Vinager - Water - Hot - Lemon Prevention - COVID19 2.96 43 58

Fortnight 4 Bolsonaro - Protest - Artists - Impeachment Federal Government 2.41 35 48

Fortnight 5 Sickness - Symptoms - Cases - Risk - Aglomeration - Minister Dissemination - COVID19 10.75 208 371

Fortnight 5 Alcool Gel - Wash - Hands - Vitamin - Vinager Prevention - COVID19 3.57 69 90

Fortnight 5 Forecasts - Growth - GDP - Brazilian Economy 2.02 39 51

Fortnight 5 Government - Economy - House - Value - Trump Politics - COVID19 1.6 31 33

Fortnight 6 Data - China - Cases - Death - People Dissemination - COVID19 6.09 264 517

Fortnight 6 Pandemic - Ministers - Health - Mark Politics - COVID19 4.98 216 330

Fortnight 6 Withdrawal - Bolsonaro - Temer - Supermarket - Aid Economy - COVID19 1.55 67 79

Fortnight 6 Social Isolation - Measures - End - Hygiene Prevention - COVID19 1.18 51 56

Fortnight 6 Drauzio - Varella - Little Flu - COVID19 Treatment - COVID19 0.92 40 42

Fortnight 7 Measures - Social Distancing - Heath System - Aglomeration Prevention - COVID19 7.33 185 289

Fortnight 7 Bolsonaro - President - Mandetta - Osmar Terra Federal Government - COVID19 5.11 129 195

Fortnight 7 Emergency Aid - Jobs - Unemployment insurance - Traffic - Flights Economy - COVID19 4 101 130

Fortnight 8 Departure - Sergio Moro - Bolsonaro - Federal Police - Resignation Federal Government 8.88 145 214

Fortnight 8 Death - COVID19 - States - Health Minitry Dissemination - COVID19 5.21 85 129

Fortnight 8 Isolation - Municipalities - Distancing - Cities Local - COVID19 2.21 36 46

Fortnight 9 Data - Sites - Platform - Transparency - WHO - Registry - Civil Transparency - COVID19 8.55 88 114

Fortnight 9 Treatment - Hydroxychloroquine - Antibiotics - Cure - Corticoid Treatment - COVID19 8.07 83 127

Fortnight 9 Pandemia - Brazil - Politics - Less Media 4.86 50 58

Fortnight 9 Doença - Ceará - Dealth - Minas Gerais Local - COVID19 2.43 25 27

Fortnight 10Bolsonaro - Statistics - COVID19 - Protest Dissemination - COVID19 10.87 169 252

Fortnight 10Bolsonaro - Federal Supreme Court - Meeting - Decisions Federal Government 8.04 125 163

Fortnight 10Gaviões da Fiel - Protest - Visited - Politician Politics 1.67 26 25

Fortnight 10Trials - Reliable - Clinic - RCTS Transparency - COVID19 1.61 25 26

Fortnight 11Investigated - Inquires - Federal Supreme Court - Bolsonaro Federal Government 9.44 59 73

Fortnight 11Government - Company - Foods - Argentina - Fernandez International Affairs 5.92 37 41

Fortnight 11Ministers - Weintraub - World bank Federal Government 4.16 26 28

Fortnight 11COVID19 - Pandemic - Nurse - Entrepreneur - Invoice Economy - COVID19 4 25 30

Fortnight 11SINOVAC - Contract - Doria - Agreement Prevention - COVID19 3.52 22 23

Fortnight 12Government - Francisco River - Transposition - PT Federal Government 7.9 68 82

Fortnight 12Agencia Brasil - EBC Media - COVID19 4.41 38 49

Fortnight 12Federal Supreme Court - Action - Decision - Bolsonaro - Pandemic Federal Government - COVID19 4.41 38 44

Fortnight 12Bolsonaro - Hydroxychloroquine - Ivermectin - Azithromycin - CorticoidTreatment - COVID19 3.72 32 48

Table 11: Clusters generated for @aosfatos
l

3.4 results

Our results are divided into three parts, each of them dedicated to answering a
research question. The first part is dedicated to present the topics that were covered
during the 2020 pandemic and the validity of our computational method (RQ1). In
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the second part, we analyze the evolution of the political agenda during the pandemic
and how it is intertwined with the health crisis(RQ2). Last, we describe the main
challenges that arose to identify topics in a period of infodemic (RQ3).

3.4.1 Fact-checking shows the evolution of false information

In order to address RQ1, we present first our findings to the fake news topics that
have been debunked or explained by the organization here examined. In response
to the COVID-19 crisis and the infodemic, there have been great efforts put into in-
forming the public of the pandemic and its surroundings. The impact of COVID-19

is affecting the way that organizations address immediate and strategic people issues.
During the first semester of 2020, Brazilian fact-checking organizations have used so-
cial media to combat the spread of false information about the COVID-19 pandemic,
which mirrors recently released studies about efforts to tackle misinformation prob-
lems via social platforms[171, 198]. Therefore, the structure of our computational
model provides a unique framework to interpret the evolution of fact-based informa-
tion based on the response to the proliferation of misinformation and disinformation
online. To validate this, we conduct a brief preliminary round, checking manually
random tweets per fortnight.

The clusters obtained using our algorithm are shown in Tables 1 and 2. To illustrate
this, we also summarize here the relevant results. False information about the dissem-
ination of the virus, such as pets could transmit COVID-19 and a photo of a wet food
market from Indonesia shared as it was in China’s Wuhan were debunked. Also,
forms of prevention, such as lemon, orange, fennel, and bicarbonate were spread
as forms to protect from coronavirus disease. Another community that our method
identified described the rumors and false news about the register of death and over-
notification. Also, political topics have also arisen and been developed during this
period. Due to the fact that Bolsonaro and his peers disseminated information that
was deemed fake or distorted during the pandemic[246], we decided to group them
in a category different from “politics." This was important to show the pandemic has
also been influenced by major political and institutional dysfunctions, which will be
discussed more in the next section.
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Figure 6: Trends of fake news topics by fortnights (Q1–Q2/2020)

Our algorithm has shown the similarities and differences in the working of fact-
checking initiatives to disprove rumors and combat disinformation. A better picture
of the evolution of these trends is shown in figure 6. In it, the topics are colored
according to the organization, being Aos Fatos in blue and Agência Lupa in red. When
a topic is covered by the two organizations at the same time, the gray color is used
and is represented by a bar of double size. Furthermore, the flows between one bar
and another represent the topics that continued to be debunked in the following
month. In this way, we clearly illustrate the continuity of the topics in the time span.

During fortnight 1, both organizations focused a great part of their work on fact-
checking statements about the Australian bushfires and the US-Iran crisis, and also
related to public policies, such as the water supply in Rio de Janeiro. Moving to
fortnight 2, the Federal Government has gained increasing attention from both orga-
nizations. In fortnight 3, our model did not find any major topic that was common
to the two initiatives.

From fortnight 4, which includes the two last weeks of February when the first
case was reported in Brazil, the discussions about pandemic dominated social me-
dia conversations, which provided insight into the fake news spread in online social
networks about the COVID-19. The forms of prevention and dissemination were fre-
quently debunked during the whole time considered. These organizations fact-check
statements by public figures, major institutions, and other widely circulated claims
of interest to society, thus, economy, politics, and Federal Government were also top-
ics that were covered by these two organizations in the same time period. The only
exception is during fortnight 4 when Carnival happened, thus, these organizations
verified information about leisure activities, such as false information that glitter can
damage the health and funding costs for Carnival.
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The pandemic crisis is intertwined with uncertainty over the future and a com-
plicated landscape for citizens. This is explained by tapping into topics that cover
Federal Government, transparency, and local decisions related to COVID-19 that ap-
peared in our results. There is some fundamental coincidence between these topics in
fortnight 12, 9, and 8, respectively. Also, during fortnight 8, politics appeared related
to the 2020 pandemic flooded by fake news about supposed empty coffins that were
being buried, which induced the population to panic.

A closer look at the literature on fact-checking and fake news argues that the rep-
etition of debunks makes it more believable by the public, however, reveals a num-
ber of gaps and shortcomings[210, 250]. Several fact-checking initiatives around the
globe to probe the veracity of news stories in social media but no previous research
has investigated if these organizations tend to debunk different stories or are almost
exclusively focused on diversifying their content. To better understand the common-
alities in the coverage of the different themes that are found in the stories of these
two organizations and look for repetition in these topics, we discuss the correlation
between the trends that were mapped through their data.

Based on the 23 topics found in the time-series analysis of these two fact-checking
initiatives, we verified if the same theme emerged in the same time span during
the course of the period examined. To this end, a Spearman’s correlation, formally
referred to as Spearman’s rho, was run to determine the relationship between these
topics. Opting for the Spearman correlation is because it is based on the ranked
values for each variable rather than the raw data, and also these variables tend to
change together, but not necessarily at a constant rate. Also, this correlation is used to
assess relationships involving ordinal variables and not linear relationships between
two continuous variables, which would require the Pearson correlation. By applying
Spearman’s correlation on the ranked values based on the time when it was covered,
we could find the relationships between the topics not exclusively when it happens
but also the lack of this topic in a certain period of time, which are presented in figure
7.

Figure 7 shows only one topic has a strong correlation with the time-series data.
Leisure was common to both fact-checking initiatives in the same period of time
due to the period of the most important event in the country, the Brazilian Carnival,
which happened in the last fortnight of February. The second strongest correlation
is the topic Economy due to the financial crisis that the country is going through
and the polemics involving president Jair Bolsonaro that have a strong impact on the
economy. And it was also the theme of the third strongest correlation but in this case
related to misleading information about the impact of COVID-19 in the economy.
Overall, our studies indicate that there are overlapping in the coverage areas of these
two organizations. However, in the major part, these initiatives pick and choose what
to scrutinize, limiting their main points of incidence. Also, a few topics last for a very
long time, which does not echo studies that show that the message repetition made
it more believable[210, 250].

3.4.2 Political agenda is used to draw the attention away from the health crisis

Our algorithm demystifies that fact-checking organizations were only overwhelmed
by coronavirus misinformation (RQ2). Understanding this phenomenon is crucial,
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Figure 7: Correlation between the topics covered during the pandemic

given the short and long-term effects of fake news not only on individuals and or-
ganizations but also on societies and cultures. These organizations debunk politics
and government power and offer a hopeful outline of a world both free and more
democratic, as shown in the literature[250, 273, 117]. When politicians fail on how to
translate the scientific evidence into policy and action, it amplifies the influence of
rumors, informal news sources, and fringe journalism. This raises the importance of
understanding change over time in relation to each case, rather than relying only on
a comparison of volumes, and we turn to figure 6 for this.

Furthermore, by uncovering false and misleading information, these fact-checking
organizations shed light on the influence of politics on the disproportionate rates
of illness and death experienced during the COVID-19 situation. A first observation
that highlights the imbalance between fortnights is significant. The evolution in time
shows a continuously growing trend towards misinformation about the dissemina-
tion and prevention of COVID-19 but also about themes related to the Federal Gov-
ernment that did not arise from the pandemic. While in the fortnights 6 and 7 only
topics related to COVID-19 were fact-checked, the following weeks were composed
by exposure of stories that are in the public interest corresponding to mainly Fed-
eral Government but also media, politics, and international affairs but not related to
health crises.

This echoes with the political situation in Brazil that helps to explain these develop-
ments. In the due course, the country had three ministers who resigned, being two of
them Health Ministries. Also, in June, the government had even stopped publishing
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total numbers of deaths and cases[212]. This shows how disinformation thrives with
political instability and conflict.

Our main approach was to compare relative volumes of different classes by the
organization as shown in figure 8. This illustration shows the topics exposed by the
falseness of claims, dissemination, and prevention have led, followed next by the Fed-
eral Government. Between the two fact-checking outlets, Aos Fatos have checked more
claims related to the government and the president Bolsonaro than Agência Lupa. This
demonstrates how the silence on the influence of politics and also the shifting focus
from deadly virus to politics, law, and jobs is a matter of serious concern. An exam-
ple is a fake news story about the former Brazil’s justice minister, Sergio Moro, when
he resigned: a rumor was spread in social media that citing that the former minister
prevented an investigation of other politicians when he was a judge to tarnish his
reputation. Similarly, other events happened that have shifted the focus away from
the pandemic.

Beyond a computational method, we propose in this article to investigate the inter-
play between fake news, fact-checking, politics, and the ongoing health crisis, and to
outline the temporal evolution of debunked topics. As shown in these results, this is
particularly important in Brazil, once we show that the political agenda has gained
more attention than the health crisis due to the political actors and institutions in the
country. Thus, our finding highlights that there is a distinct number of topics that
were specifically focused on politics and COVID-19, while others were exclusively
about politics. Consequently, it focuses people off the health crisis and keeps going
with the disinformation agenda about politics. A new approach is therefore needed
to understand how fact-checking organizations decide which topics to debunk and
the political campaigns that are currently fueling social media platforms with fake
news.

3.4.3 The infodemic: a very specific scenario

In our work about fact-checking political claims and debunking viral deceptions,
we have found a tremendous amount of misinformation on the coronavirus pan-
demic. This was expected as the unprecedented COVID-19 crisis triggered an avalanche
of unprecedented challenges both for people and society. In this context, the restric-
tion to a very specific scenario and model hinders interoperability with other compo-
nents. Our data shows that the majority of topics covered are based on the dissemina-
tion and prevention of the COVID-19 outbreak. Also, fake news about transparency
and treatment dominates the hot topics that were debunked.

These potential contradictions that are created by fake news generate confusion
and distrust in society and it can undermine an effective public health response. This
fact also deals with the limitation that infodemic brought by spreading an excessive
amount of information about an issue, which makes it confusing and hinders to
identify a solution (RQ3). Therefore, this is fertile ground for the dissemination of
fake narratives as we identified by the number of refuted or checked claims by fact-
checkers.

Furthermore, our data has shown that some topics lasted longer than others. Before
the first case (since fortnight 2), the fact-checking about dissemination and prevention
have been checked by at least one of the organizations here studied. Although this
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Figure 8: Topics covered by these two organizations during the 2020 pandemic crisis

period has an information overload about the same theme, this asymmetry does not
influence our investigation. The clusters were generated even with an insufficient
lexicon coverage, as described by the percentage of community in relation to the
whole dataset in Tables 10 and 10.

These examples show that the use of a computational method based on Markov
chains is more effective than other traditional methods for topic modeling, such as
LDA and LSA, which require more lexicon and more corpus. Our study also pro-
vides an opportunity for the examination of relationships between relative volumes
and temporal dynamics, whether across a whole dataset or for individual Twitter
accounts.

3.5 discussion and conclusion

Fake news has existed, still exists, and will continue to exist. The digital age and
the rapid expansion of social media have provided a breeding ground for the dis-
semination of misleading and false information. Thus, fake news became a global
phenomenon with no solution on the horizon. Debunks became a stopgap measure
to reduce belief in false claims or prevent the uptake of misinformation. In fact, the
importance of fact-checking initiatives lies in their ability to uncover and debunk
hoaxes on social media platforms to facilitate the exposure of stories that are in the
public interest. These fact-checks are used as forms to mitigate the spread of harmful
misinformation. Collectively, our results provide a potential mechanism for identify-
ing the fake news topics that arose during the time span considered.
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The findings presented here provide us with first insights into fake news agenda
based on the fact-checking content posted by specialized organizations on Twitter.
Against the wave of speculations and fake news[47], scientific facts matter. The info-
demic has shown presence and allowed it to escalate to a level that requires a coordi-
nated response. It has triggered an army of fact-checkers and debunkers worldwide
to verify these false or misleading statements. In Brazil, the fact-checking agencies
Lupa and Aos Fatos showed the relevance of fact-checking in a situation where polit-
ical decisions remain incongruent to the global health crises. Their debunks covered
not only this infodemic but also a range of topics that were necessary to address in
autocratic populism promoted by Jair Bolsonaro.

Our method has shown the widespread potential to scale up this analysis from two
accounts with 5115 tweets to a broad number of accounts or tweets. In our analysis
of the two major fact-checking organizations in Brazil, we have found the similar-
ities and differences in what was debunked by these organizations, which shows
a different perspective from the existing literature stating that repetition makes fact-
checking more believable [210, 250]. Only a few topics lasted more than one fortnight.
Also, this applied to the topics that were covered during the fortnights and were not
continued into the following periods.

The analysis leads to the following conclusions: these organizations do not nec-
essarily debunk the same topic and also the fact-checking agenda does not neces-
sarily reflect the situation that currently exists within a country. Furthermore, the
literature pertaining to fact-checking practices strongly suggests that a detailed de-
bunking message when presented to the user repeatedly in varying time intervals
correlated positively with the debunking effect [57, 210, 250]. However, in our study,
the fact-checking agencies adopted to cover distinct themes.

This article contributes to a growing corpus of research of fake news by devel-
oping a method that can determine the main characteristic of the fake news and
fact-checking genres that can help news organizations to identify topics that rose or
fell in popularity in the social media platforms and look at unique ways and angles
to tackle this issue. Also, identifying categories that experience sharp temporal in-
creases during the pandemic is important to set an agenda and include support for
efforts to resolve these issues and identify means of fostering cooperation between
different fact-checking initiatives.

The analysis presented here also suggests that the political agenda has shifted away
from the focus of the health crisis and gave more attention to the political actors and
institutions. An extreme right-wing political agenda is used to legitimize the leader’s
actions and remove the focus from the crisis. Consequently, politics and pandemic
have been intertwined in varying degrees, which causes continuing difficulties for
tackling misinformation. Future studies should aim to replicate results in a larger set
of time to an integrated overview of pandemic and its evolution over time. Also, our
computational method can be applied to political entities to cluster what they are
posting on social media during these health crises. In addition, future research might
automate the time spans to optimize the division of topics per period.

Although this study is very beneficial to the field, limitations should be addressed.
Unfortunately, there are not enough tweets from other fact-checking initiatives. We,
therefore, concentrate on two major fact-checking organizations, and we do not in-
vestigate the numerous other smaller initiatives existing in the platform because the
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number of tweets produced by them during the period was not enough to be con-
sidered in this study. This can be a potential limitation of this observational cohort
study. Future studies should aim to replicate results in a more substantial dataset,
including more organizations and countries. Also, a different time interval can help
to include more fact-checking initiatives that have less number of tweets.

Last, a critical open question is whether this method is generic and can be applied
not only to tweets but to a different range of datasets with distinct sizes. This ex-
periment adds to a growing corpus of research showing that even with limited text
corpora, we were able to cluster topics. This result shows that our method has the
potential to be applied to other contexts, but future studies could fruitfully explore
this issue.

Fact-checking is an effort to tackle misinformation problems but there is no one-
size-fits-all solution to fake news. But in a period of uncertainty and almost constantly
changing news and new research is added regularly while much has not yet been
discovered, fact-checking provides a service by clarifying the assessment of a claim by
delivering context and background information in a situation that any little bit makes
a difference. The COVID-19 pandemic is just a reminder about the huge problem of
misinformation, disinformation, and hoaxes that have become part of our lives now.



4
C O V I D - 1 9 FA K E N E W S D I F F U S I O N A C R O S S L AT I N A M E R I C A

Fact-checking verifies a multitude of claims and remains a promising solution to
fight fake news. The spread of rumors, hoaxes, and conspiracy theories online is ev-
ident in times of crisis, when fake news ramps up across platforms, increasing fear
and confusion among the population, as seen in the COVID-19 pandemic. This article
explores fact-checking initiatives in Latin America, using an original Markov-based
computational method to cluster topics on tweets and identify their diffusion be-
tween different datasets. Drawing on a mixture of quantitative and qualitative meth-
ods, including time-series analysis, network analysis, and in-depth close reading, our
article proposes an in-depth tracing of COVID-related false information across the re-
gion, discerning whether there is a pattern of behavior through the countries. We rely
on the open Twitter application programming interface (API) connection to gather
data from public accounts of the six major fact-checking agencies in Latin America:
Argentina (Chequeado), Brazil (Agência Lupa), Chile (Agência Lupa), Colombia (Colom-
bia Check from Consejo de Redacción), Mexico (El Sabueso from Animal Político), and
Venezuela (Efecto Cocuyo). In total, these profiles account for 102,379 tweets that were
collected between January and July 2020. Our study offers insights into the dynam-
ics of online information dissemination beyond the national level and demonstrates
how politics intertwine with the health crisis in this period. Our method is capable
of clustering topics in a period of overabundance of information, as we fight not only
a pandemic but also an infodemic, evidencing opportunities to understand and slow
the spread of false information.

4.1 introduction

Fact-checking efforts have been touted as among the most promising solutions to
fight falseness and information with the intent to harm [250, 249]. Thus, fact-checking
initiatives are recognized as an important endeavor to mitigate the effects of false
information after the recognition that misinformation has a high potential to affect
societies on a global scale [249]. This is especially true after the 2016 US presidential
election, which was marked by a heavy fake news rhetoric. Since then, ever greater
numbers of fact-checking initiatives have been recorded across the globe. The practice
is defined by assessing the validity of claims made by institutions or public people
“to identify whether a claim is factual” [274]. Thus, the idea behind it is to provide
information to improve public discourse.

In fact, these false or misleading narratives have been exacerbated by social media
platforms. In part this is explained because social network sites rely on homophily
and popularity mechanisms as the primary determinant of social interactions [182].
This can be traced back to social media platforms’ origin, which is built on network
externalities, that is, their value directly depends on the number of users [142]. Users
see the benefit of interacting with relatives and friends, which allows them to record
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the conditions giving rise to engagement patterns on these platforms. Consequently,
this will also draw in more members [166].

In this way, controversial content is an important part of the structure of social
media platforms, as homophilous means of connecting individuals of similar tastes or
opinions [166]. Based on these features, users are pushed to engage with content that
is aligned with their ideological views. Thus, the corrections posted by fact-checkers
might lead users to strengthen misperceptions, instead of elucidating them. Known
as the “backfire effect” [125, 279], this happens when people strengthen their belief
in the misconception, rather than rectifying it after exposure to an evidence-based
correction.

On the other hand, fact-checking organizations’ claims of nonpartisan and nonpo-
litical practices are not always taken into consideration by the public. Overall these
initiatives do not make clear how they pick and choose what to scrutinize [200]. This
has led to a selective perception, becoming an issue for the fact-checking industry
as it attempts to secure confidence by the public. Fact-checkers “are human beings
subject to the same psychological biases as everyone else” [55]. This has generated
accusations of conflicts in the logic that guide the operation of these sites, which have
also been challenged with accusations of political bias [81]. This elucidates the impor-
tance of understanding what topics actually are covered by these organizations.

Furthermore, in times of crisis, such as the COVID-19 pandemic, fact-checkers are
primarily useful in detecting accidental mistakes, rumors, or false narratives that
could endanger people’s health. Additionally, the novelty of the strain of coronavirus
that spread quickly throughout the world meant that no one has yet been able to
understand the etiology of the pandemic, resulting in uncertainty and fear among
the public. Hence, a mix of facts, fears, rumors, and speculations emerged, provid-
ing a fertile ground for the dissemination of misleading information and cybercrime
on the Internet and becoming an issue to deal with along with the pandemic itself
[205, 272]. The World Health Organization (WHO) went so far as to state that fake
news “spreads faster and more easily than” [70] a virus and declared a COVID-19

“infodemic”—a period of an overabundance of the same information, often disinfor-
mation, which had to be tackled alongside the pandemic itself. This dire situation
caused an abundance of content being shared online, which showed once again the
profound necessity of fact-checking initiatives to combat disinformation [70]; this is
similar to pre-election periods, when fact-checking traditionally peaks [65].

In this context, our article proposes to study the diffusion of so-called fake news
under the lens of fact-checking initiatives that debunk misinformation and disinfor-
mation in Latin America. We conducted an in-depth tracing of COVID-related false
information across the region, comparing six countries to discern whether there is
a pattern of behavior. Though several studies have reported on the development of
fake news and fact-checking organizations in Western societies, little attention has
been given to the Global South, more specifically Latin America. Our research aims
at filling this gap by drawing on a computational method associated with a mixture
of quantitative and qualitative methods to study this topic from the perspective of
six countries in the region.

In particular, we propose to answer the following research questions:

(RQ1) How are these topics intertwined between the different countries?
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(RQ2) What are the topics that fact-checking initiatives in Latin America covered dur-
ing the pandemic?
(RQ3) How are these topics affected by politics during the period considered?

To address this phenomenon, our study relies on the open Twitter application pro-
gramming interface (API) connection to gather data from the public Twitter accounts
of the six major fact-checking agencies in Latin America: Argentina (Chequeado), Brazil
(Agência Lupa), Chile (Mala Espina Check), Colombia (Colombia Check from Consejo de
Redacción), Mexico (El Sabueso from Animal Político), and Venezuela (Efecto Cocuyo). In
total, 102,379 tweets were collected from January 2020 until July 2020, which coin-
cided with the first wave of COVID-19 infections.

To investigate the dissemination of fake news content across these countries, we
combined network analysis with a Markov-based computational method [260, 56] to
cluster topics found in short texts. After careful data processing, we built a Markov-
chain-inspired network for each of the six countries, which was used to draw a graph
that shows the relations between the tweets’ contents of these fact-checking organi-
zations. Afterward, we performed a network analysis, a time-series analysis, and in-
depth close reading to understand the similarities in the diffusion of false or mislead-
ing narratives in these six countries over the time frame considered. Our study offers
relevant new insights into the dynamics of the dissemination of disinformation on-
line beyond the national level, which poses a threat to society as it has the potential to
reach people around the world. Also, our results demonstrate how political disinfor-
mation is intertwined with the health crisis during this period considering these six
Latin American countries. Last, our method is capable of clustering similar topics in
a period known as an infodemic, that is, containing redundant information, which is
consistently backed by our analysis. The contributions made in this study have wide
applicability, including slowing the spread of false information across countries. This
article is structured as follows. Section 4.2 describes the literature framework used to
understand the diffusion of false and misleading information, while Section 4.3 dis-
cusses the data and methodology adopted in this study. Our analysis and discussion
are then presented in Section 4.4. We conclude with final remarks and a discussion
of future directions.

4.2 literature review

4.2.1 Works on fake news and social media

The value of information is more than ever in question. The term “fake news” has
gained popularity in recent political events, such as the context of Donald Trump’s
election as US president in 2016 and the departure of the United Kingdom from the
European Union (commonly referred to as Brexit), although it has always been a cen-
tral element of communication [180]. And now, within a digital society, where there
is an overabundance of information, increased speed and immediacy, and everyone
has a voice in social media, the spread of rumors and misinformation is growing
quickly [181]. Questioning the status quo and the veracity of events is positive and
necessary in a democracy. However, there must be at least minimal consensus on
the facts, especially those of public interest. The large volume of news in the public
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sphere in the era of fake news often puts into question the way things happened in
reality and reduces people’s ability to differentiate the real from the invented.

The popularization of fact-checking initiatives is being seen in a context of dissem-
ination of false information at many different levels. Although these endeavors have
existed since the 1990s, fact-checking has grown in quantity and scope across Latin
America in recent years [231]. Prior research suggests that fact-checking resurfaces as
a “reform movement” that seeks to rescue principles that guided modern journalism,
especially truth [116]. In this scenario, these initiatives gain prominence by present-
ing themselves as an alternative to guarantee the public information whose veracity
has been previously checked.

The potential harmfulness of fake news is magnified when we consider how novel
technologies are being used together. Deep fakes, unethical algorithms, and filter
bubbles are some examples that put into question the way one looks at reality today,
affecting aspects of life that go beyond elections. Social networks’ algorithms created
by tech platforms have given users established filter bubbles, leading to unintentional
(or maybe, intentional) segregation of people on the Internet that does not reflect our
society [209, 205, 48]. Thus, this process has ended up generating more trust in users’
content than in the stories published by conventional news media [271]. In this sense,
filter bubbles also matter for media and fact-checking initiatives, because, as these
organizations are responsible for correcting and verifying news, they find difficulty
in reaching precisely the users who most need to see it.

Once more, history brings us to the verge of a health crisis that cannot be spared
from the phenomenon of fake news. The H1N1 epidemic in 2009, the Ebola epidemic
in West Africa in 2014, and debates against vaccines are examples of events that have
become fertile ground for the spread of erroneous or misleading content [249, 4, 131].
However, disinformation about COVID-19 seems to constitute an emblematic case
because of both the number and the diversity of false or inaccurate news reports, in
both scope and impact. As for novel pandemic diseases, developments happen in real
time, creating a challenge for individuals to get vital and correct information. As a
result, the neologism “infodemic” was put forward on February 2, 2020, by the World
Health Organization, to designate this situation and its dangers [278]. When social
media users began to play a role in all stages of knowledge translation, spreading
fake news about the disease and its management became the norm on social media
platforms. Thus, this pandemic has changed the fact-checking landscape, as manag-
ing rumors and dispelling misinformation and conspiracy theories have also become
essential to combat the spread of the coronavirus in order to reduce the number of
deaths and contaminations [87].

Although so-called “fake news” has become commonplace, the power of mislead-
ing or false information should not be underestimated, as such information sows
confusion and often causes panic. This situation has naturally become even more
problematic, as we are seeing with the COVID-19 pandemic. Platforms such as Face-
book, Instagram, YouTube, and Twitter have begun to delete information that goes
against health guidelines, even when it has been shared by political leaders across
the world, such as videos showing President Jair Bolsonaro (Brazil) breaking the rule
of social distancing, minimizing the pandemic, and defending the use of chloroquine
[274]. Another example was messages from Venezuelan President Nicolas Maduro
regarding a so-called natural remedy for COVID-19 mixing lemongrass, ginger, and
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water [175]. Also, posts from the former New York City mayor and Donald Trump’s
personal lawyer Rudy Giuliani defending chloroquine were deleted. These examples
allow us to outline important points regarding the spread of fake news surrounding
the coronavirus pandemic.

First, there is a strong politicization of information exchange (conspiracy theories
and accusations between states, among others), and the divisions, political and ide-
ological, that seem to be stirred up on social media platforms [189]. Beyond being
a medical condition with technical solutions and a health crisis, the COVID-19 pan-
demic has entered the political field, intrinsically linked to how governments and
political leaders are handling the crisis.

Second, the biggest web platforms are facing an avalanche of misleading content
[69], especially linked to the pandemic, running the gamut from miraculous cures
to racist explanations of the origin of the coronavirus to even conspiracy theories
about its origin and dissemination [47, 178, 122, 238]. And in the end, each platform
must develop a response strategy [69]. The coronavirus is gaining ground, and with
it false information [197]. A few hours after a speech by the World Health Organiza-
tion director general, Tedros Adhanom Ghebreyesus, which declared the coronavirus
outbreak an “international public health emergency” [70], Facebook, Google, and
Twitter each implemented mechanisms to contain the spread of false information on
their networks [135]. Twitter pledged to help the world have access to reliable infor-
mation about the coronavirus, a complex task when in January 2020 the platform had
already listed more than 15 million tweets on the subject.

However, these examples do show an unprecedented practice by social networks
of intervening in cases of fake news, which could mark a turning point in the policy
of moderation of platforms, often criticized before for a certain carelessness [189]. A
commitment from these networks, which are assuming their role and responsibility
as content editors—even in an embryonic form—shows an attempt to tackle the prob-
lem of disinformation head-on by deleting problematic messages, even when these
emanated from legitimate public figures [189]. As fact-checking agencies are over-
whelmed by the sheer volume of fake news circulation on the different platforms and
have to make the hard choice of what to debunk—considering the possible implica-
tions and reach of each item of misinformation circulating online—platforms taking
responsibility is another step to help control the infodemic that surged alongside the
spread of the coronavirus.

4.2.2 Works on topic modeling, Markov chains, and Twitter

Rumors, misinformation, and false information on social media have been a global
issue that has been exacerbated during and after disasters and emergencies [153].
Several methods are reported in the literature to address this issue. Among Twitter-
based studies, a rich body of work has been carried out using sentiment analysis to
understand users’ perceptions [288, 100]. Other studies have combined social network
analysis with sentiment analysis to take a further analytic step [185, 47].

Additionally, substantial advances in computational power have helped to improve
algorithm precision to introduce novel methods for the identification of important
topics in social networks. In this respect, Markov chains are a simple way to statisti-
cally model random processes applied in many different domains, ranging from text
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generation to topic modeling. In brief, a Markov chain consists of a set of transitions
that are determined by some probability distribution satisfying its properties. Thus,
Markov chains are quite intuitive and usually implemented without the need for any
advanced statistical concepts [216]. For this reason, this stochastic model is becoming
widely applied in network analysis. Prior research has suggested the application of
Markov chains to identify whether an account is a campaign promoter on Twitter,
using the URLs shared by the users [162]. In this study, the authors applied typed
Markov Random Fields (T-MRF) to classify these accounts. The MRF is a “stochastic
process that generalizes the Markov process in the sense that the time index of the
original Markov process (characterized by the memoryless property) is substituted
by a space index [140].

The use of graphs inspired by Markov chains has been observed in the work of
[201] about the protests in Egypt that began on January 25, 2011, and ran for 18

days. This happened in the wake of the Arab Spring protests, which was historically
marked by the 30considerable amount of attention focused on the role of digital tech-
nologies in promoting collective activism to circumvent state-operated media chan-
nels. In its control of these channels, the Egyptian government attempted to eliminate
the nation’s Internet access to inhibit the use of social media to generate protests. In
their study, graphs were used to identify communities of users who were organiz-
ing these protests based on static (friends and followers) and dynamic (mentions
and retweets) connections [219, 43]. In the same vein, [237] used a Markov Cluster-
ing Algorithm (MCL) to detect communities of users using their static and dynamic
connections.

A large number of existing studies in the broader literature have examined the
applicability of Markov chains on Twitter, but to our knowledge, no prior studies
have used tweets to design graphs. On the other hand, there are a number of studies
that have proposed the representation of text in the form of graphs, which were used
to create summaries [14], also described as abstract meaning representation graphs
(AMR) [168], to analyze literary style [12], or the richness of vocabulary in a text
using graphs [13].

Furthermore, a new wave of studies has been exploring how to use social net-
works to classify topics [126] or even identify users’ roles and actions in political
conversations [225, 67]. Topic models, such as the Latent Dirichlet Allocation (LDA)
method, have become the norm to extract the main subject of texts [244]. However,
previous studies have identified that some of those methods, like LDA, require more
lexicon and more corpus [291, 128, 56]. An example is trend-detecting algorithms
based on hidden Markov models that use trained models to detect topics in a dataset
[290, 169]. Similarly, another research project applied Markov chains to model topics
gathered from Twitter using Wikipedia to help in the classification process. In this
computational method, each tweet was considered a vertex in the graph, and the
edges between these vertices were established if there was a similarity between them
according to Wikipedia articles. In this case, the algorithm still required conducting
searches on Wikipedia to give the context to tweets [77].

The literature on topic modeling describes a twofold approach: probabilistic and
nonprobabilistic. Based on the analysis of 300 journal articles, [146] found that the use
of Markov chains is restricted to improve LDA results, and not as a formal method
to cluster topics. Similarly, other methods for the identification of topics in social
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networks have emerged from network topology [50]. Another reported approach was
using a dictionary learning-based framework for topic modeling in social media [141].
Last, but important, LDA together with text-mining techniques have become two of
the most popular current forms, if not the most frequently used ones, to identify
topics [51, 244]. On the other hand, tweets are restricted to only 280 characters, which
limits their corpus, presenting a challenge for clustering topics using LDA, as shown
in previous studies [291, 128].

Despite these limitations, several approaches highlight the contribution of Twitter
in the extraction of knowledge that could be useful to understand, for instance, po-
litical leanings or views [210]. Inclusively, recent studies have combined time-series
analysis and network analysis to identify the evolution of disinformation in social
media [47, 290]. Methodology-wise, combining social network analysis with differ-
ent techniques provides a stronger and novel way to explore information in social
media.

A new approach is therefore needed for understanding the diffusion of false infor-
mation on Twitter and in social media in general. Therefore, our work aims to fill
this gap, as it differs in several key points from the aforementioned studies. The vast
majority of methods focus on the classification of topics in large corpora, while our
proposed methodology presents a framework for the extraction of similar content
using different Twitter accounts and limited corpora. Additionally, this article ad-
dresses the application of tweets represented through graphs, which to date has been
lacking in the scientific literature. Inspired by Markov chains, our approach creates
clusters of topics that have similar content or keywords. In this way, we can combine
different datasets to find these clusters to understand the similarity of these topics.
Moreover, we combine this Markov-inspired method with time-series analysis and a
qualitative approach to gain a better understanding of the problem studied. Below,
we describe the data and methods used in this study.

4.3 data and methods

Our study focuses on the tweets published between January and July 2020 col-
lected from the profiles of six of the major fact-checking agencies from Latin America
(see Table 12). Chequeado, from Argentina, has been online since 2010, and it is the
first portal in Latin America dedicated to fact-checking. The initiative is a nonparti-
san and nonprofit digital medium, devoted to verifying public discourse and fighting
disinformation. In the same vein, Agência Lupa was founded in 2016 and is the first
organization to be fully dedicated to fact-checking in Brazil. As a news agency, it
sells its debunked reports for publication in other outlets and is also part of Face-
book’s third-party fact-checking program. Beyond that, the Brazilian initiative has
developed educational programs that promote training, workshops, and lectures on
fact-checking and disinformation.

4.3.1 Data description

Another organization that is emerging in the region is Mala Espina Check, an inde-
pendent project that began operating in 2019. The initiative proposes to contribute
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to the Chilean citizenship fight against misinformation and to be a tool for the com-
munity, clarifying doubts about incorrect information that appears, above all, on so-
cial networks. ColombiaCheck, founded in 2016, is a project of Consejo de Redacción, a
nonprofit, nonpartisan organization that brings together more than 100 associated
journalists in Colombia to promote investigative journalism. The project consists of a
digital, open, and collaborative platform based on fact-checking.

Agency Country News Site Twitter Handle

Chequeado Argentinahttps://chequeado.com/ https://twitter.com/Chequeado

Agencia Lupa Brazil https://piaui.folha.uol.com.br/lupa/ https://twitter.com/agencialupa

Mala Spina Check Chile https://www.malaespinacheck.cl/ https://twitter.com/malaespinacheck

Colombia Check Colombia https://colombiacheck.com/ https://twitter.com/Colcheck

El Sabueso (Animal Politico) Mexico https://www.animalpolitico.com/coronavirus-covid-19/https://twitter.com/ElSabuesoAP

Efecto Cocuyo Venezuelahttps://efectococuyo.com/ https://twitter.com/EfectoCocuyo

Table 12: Information about the studied fact-checking organizations

Similarly, El Sabueso is the fact-checking branch of the Mexican news outlet Animal
Político, and it seeks to present the true facts unaffected by agenda or biases. Last,
Efecto Cocuyo is a Venezuelan website devoted to independent media. The organiza-
tion was founded in early 2015 by three experienced journalists who decided to join
after recent issues of censorship in Venezuela. Efecto Cocuyo was first launched on
Twitter, but its portal went to air after receiving funding from the public and inter-
national philanthropic foundations. Since then, it has become an important source
of information about Venezuela. Beyond investigative reporting, the outlet has also
dedicated itself to debunking mis- and disinformation related to the country.

The selection of these organizations was motivated by two reasons. First, they are
widely recognized in the fact-checking scene and follow the transparency standard of
the International Fact-Checking Network (IFCN), an alliance that exists to promote
excellence in fact-checking [136]. Second, these outlets are widely present in social
media and use their Twitter accounts to disseminate information and debunks. In
this way, we could collect a total of 102,379 tweets from these six initiatives. Before we
conducted our analysis, we filtered the tweets that were not related to fact-checking.
After data cleansing, our dataset was composed of 100,916 tweets. In the case of Efecto
Cocuyo, the organization does not have a detached account to disseminate debunks.
However, the Venezuelan outlet uses the hashtag #CocuyoChequea when a tweet is
related to its fact-checking branch. This was used for further cleaning.

4.3.2 Data preparation

Our dataset was composed of tweets and their metadata in two languages, Spanish
and Portuguese. Before assembling the pool of data for our computational method, a
preprocessing phase was necessary. In general, Twitter data has a lot of noise among
words. In this step, we eliminated stop words and punctuation signs that were not
necessary to understand the context and meaning of the tweets. Additionally, the sig-
nals of “RT” from the retweets, “@” in mentions, and “#” (known as hashtags) were
also removed. Finally, we also evaluated the different models of lexicons for Spanish
and Portuguese languages to map common words or expressions that were not rel-
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evant and could be removed from the data. To illustrate, fact-checking expressions
such as “This is false” and “We verified” were removed.

After a devised preprocessing strategy, these tweets were used to build a network,
which was inspired by Markov chains. These are an important mathematical tool in
stochastic processes and are commonly applied to a myriad of fields, such as finance
and economics. In finance, Markov chains can be used to predict macroeconomic
situations like cycles between recession and expansion or even market crashes. Also,
banks use Markov chains to predict asset and option prices or calculate credit risks.
In communications, prior studies have used Markov chains to describe the news user
journey while navigating in a news portal [261, 266]. However, to date the uses of
Markov chains have been relatively limited in communications [260, 261].

4.3.3 Data analysis

In our study, a graph is generated composed of the vertices, which here represent
the words that pertain to a tweet after preprocessing, and the edges, representing a
sequence of words, i.e., if two words are followed in a sentence, they are connected
by an edge. To illustrate this, we built Figure 19 based on the sentence below from
Efecto Cocuyo:

#CocuyoChequea Es falso que Unicef informara que si el virus se expone a una
temperatura de 26 a 27 grados muere #CoronavirusFacts #PrevenirCOVID19

After the preprocessing, the tweet is presented in this way:

UNICEF INFORMARA VIRUS EXPONE TEMPERATURA GRADOS MUERE

As can be seen in Figure 19, each tweet will be represented by vertices and edges,
which depict a sequence of words. In this study, the graph is directed, thus, it respects
the text structure. In addition, each edge has a weight that represents the number of
times two words were connected in the dataset. In fact, this graph concretely demon-
strates the relation between two words visually and also gives a different weight to
the edge of word pairs that repeat in the long run [66, 90].

UNICEF

INFORMARA VIRUS EXPONE

TEMPERATURAGRADOSMUERE
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1
=
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Figure 9: An example of a tweet in graph form

For each country, we built a Markov-inspired network that connects words in the
sequence that they appear in the tweet [56]. Although they were directed graphs, in



4.3 data and methods 61

the network analysis we consider only the most used words in the dataset, that is, the
terms with heavier degrees in the graph. The degree refers to the sum of in-degree
(number of incoming edges) and out-degree (number of outgoing edges) instances.
Furthermore, only degrees above 10 were retained to highlight only the most frequent
words.

After that, each degree was normalized to identify the percentage of occurrences in
the country’s graph, which was referred to as “weight” in this study. It was necessary
to adjust their values to a notionally common scale based on their proportionality
in their dataset (i.e., of each fact-checking agency). Importantly, only Agência Lupa
(Brazil) renders its content in Portuguese. Therefore, we translate it using googletrans,
a free and unlimited Python library that translates texts via requests using Google
Translate API. A triple was then created following this pattern: source (country),
target (word), and weight. The set of triples of the six countries was used to generate
an edge-weighted directed graph to represent the common words among the dataset
from different countries.

The graph is composed of connected, ordered pairs, which includes a set of coun-
tries and the words, through weighted and directed edges. The weight corresponds
to the frequency of a determined word appearing in the country dataset. To better
visualize it, the point size of the font uses the weighted degree value of each node
of this edge-weighted graph. In this case, the weighted degree is the sum of all edge
weights connected to one node, as defined by [182]. This metric was chosen to better
visualize the words that have more mentions in the different countries. Also for bet-
ter view, the words are clustered according to the frequency that they appear in the
countries. Thus, there are several words that are used in more than one country; how-
ever, our study only considered the words that were used in at least three countries.
We did not consider common words, such as “year,” “month,” “days,” or “number.”

Thus, we could design a graph that could unite the different fluxes of information
from the various countries, as shown in Figure 10, that was implemented in the net-
work analysis software Gephi [27]. In it, we could identify topics that were majority
diffused across countries to evaluate evolutions temporally and identify the patterns
of dissemination of mis- and disinformation. In subsection 4.4.1, we present samples
of these false narratives. After that, we present, in subsection 4.4.2, time-series anal-
yses of six terms that were highly mentioned by these fact-checking organizations
to identify the diffusion over time. These trends represent the terms mostly used
by these organizations: CASOS (cases), CORONAVIRUS, CUARENTENA (quaran-
tine), PANDEMIA (pandemic), and VACUNA (vaccine). Finally, some political lead-
ers were highly mentioned during this period, and to evaluate them we create a
category denoted PRESIDENTS, which covers the mention of each head of state in
their respective countries (see subsection 4.4.3). To better visualize the evolution of
these topics (Figures 11 to 16), we normalized our dataset by calculating the percent-
age of each term in relation to the total number of tweets in a certain period of seven
days. Thus, we could achieve consistency in the results that allowed us to identify the
evolution of these main terms during the pandemic outbreak. In addition, to justify
our observations, we crossed our data with links to news articles or fact-checks using
googlenews, a Python library to access Google News API. In the following section, we
discuss our findings in relation to these questions and in the light of the theoretical
framework described earlier.
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4.4 analysis and discussion

Our results are presented in three sections, each answering one of our research
questions. In the first section, we present the validity of our computational method
by demonstrating the use of network analysis on how topics were closely interwoven
between the different countries (RQ1). We then follow up with a discussion of the
topics that were mostly covered during the pandemic by fact-checking initiatives in
the six Latin America (RQ2). Finally, our data shows that, in fact, the dissemination
of fake news in the pandemic was also affected by politics during the period (RQ3).

4.4.1 The intertwined process of dissemination of disinformation

We begin this analysis with an overview of the network structure between the
topics in relation to the countries during the time frame. In Figure 10, it is possible
to see the edges intertwined in different countries, which means that these words
were also mentioned in the other nations. Our analysis suggests that there are terms
that become more evident in certain countries than others. But, on the other hand, it
reveals a strong connection between the countries on certain topics.

Figure 10: Relationship between terms in the six countries
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To simplify, we decided to aggregate the terms COVID-19, COVID, and CORON-
AVIRUS into CORONAVIRUS. As expected, our analysis found evidence that the
term coronavirus was one of the biggest concerns of fact-checking initiatives during
the time frame. This result is consistent with the idea that fact-checking tradition-
ally peaks in the period of crisis [65, 188]. In addition, it is in line with the alarm
sounded by the World Health Organization, which described the health crisis as an
“infodemic” since there is an overabundance of information—some accurate while
others not—that challenges people to understand what are trustworthy and reliable
sources [287]. Furthermore, the present method confirmed findings that false or mis-
leading information was disseminated beyond their countries of origin. This did not
imply that this “fake news” originated in the nations here studied.
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Country OrganizationNumber of tweetsDate of the first debunkDate of the last debunk

Vaccine

Argentina Chequeado 43 21-Feb-2020 26-Jul-2020

Brazil Agência Lupa 151 17-Jan-2020 30-Jul-2020

Chile Mala Espina 24 21-Jan-2020 14-Jul-2020

Colombia Colcheck 149 8-Feb-2020 31-Jul-2020

Mexico El Sabueso 160 27-Feb-2020 30-Jul-2020

Venezuela Efecto Cocuyo 452 19-Mar-2020 31-Jul-2020

Quarantine

Argentina Chequeado 140 12-Mar-2020 28-Jan-2020

Brazil Agência Lupa 40 28-Jan-2020 16-Jul-2020

Chile Mala Espina 75 18-Mar-2020 24-Jul-2020

Colombia Colcheck 102 12-Feb-2020 31-Jul-2020

Mexico El Sabueso 88 15-Mar-2020 29-Jul-2020

Venezuela Efecto Cocuyo 402 21-Feb-2020 31-Jul-2020

5G

Argentina Chequeado 20 17-May-2020 8-Jul-2020

Brazil Agência Lupa 7 11-May-2020 23-Jun-2020

Chile Mala Espina 11 16-Apr-2020 10-Jun-2020

Colombia Colcheck 38 4-May-2020 31-Jul-2020

Mexico El Sabueso 52 14-Apr-2020 29-Jul-2020

Venezuela Efecto Cocuyo 126 15-May-2020 28-Jul-2020

Lemon

Argentina Chequeado 10 12-Mar-2020 12-May-2020

Brazil Agência Lupa 13 5-Mar-2020 29-Jul-2020

Chile Mala Espina - - -

Colombia Colcheck 20 18-Mar-2020 16-Jul-2020

Mexico El Sabueso 91 19-Mar-2020 29-Jul-2020

Venezuela Efecto Cocuyo 14 17-Mar-2020 1-Apr-2020

Australia bushfire crisis

Argentina Chequeado 6 8-Jan-2020 15-Jan-2020

Brazil Agência Lupa 5 9-Jan-2020 16-Jul-2020

Chile Mala Espina - - -

Colombia Colcheck 24 8-Jan-2020 19-Apr-2020

Mexico El Sabueso 13 8-Jan-2020 22-Jul-2020

Venezuela Efecto Cocuyo - - -

Qasem Soleimani

Argentina Chequeado - - -

Brazil Agência Lupa 9 6-Jan-2020 23-Mar-2020

Chile Mala Espina 1 22-May-2020 22-May-2020

Colombia Colcheck 3 10-Jan-2020 24-Jan-2020

Mexico El Sabueso 2 9-Jan-2020 14-May-2020

Venezuela Efecto Cocuyo - - -

Bleach

Argentina Chequeado 6 3-Mar-2020 17-Jul-2020

Brazil Agência Lupa 3 13-Mar-2020 20-Mar-2020

Chile Mala Espina 14 4-Feb-2020 20-Mar-2020

Colombia Colcheck 42 11-Mar-2020 30-Jul-2020

Mexico El Sabueso 63 16-Mar-2020 30-Jul-2020

Venezuela Efecto Cocuyo 190 27-Feb-2020 1-Jun-2020

Table 13: Summary of tweets that were common in different Latin American countries be-
tween January and July 2020

By analyzing the network, we can say that the graph is structured more similarly
to power-law networks than to random networks. This similarity is due to the fact
that the countries represent hubs in these networks, while words are the final nodes.
In this network, however, high-degree nodes are less connected to one another, i.e.,
the countries.
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With respect to the topics that emerged, Figure 10 shows that debunks about VAC-
UNA (vaccine)—even before it was released, as well as CUARENTENA (quarantine)
and the risks and forms of virus transmission were common in the analyzed coun-
tries. In Table 13, we selected some of the most common topics—in at least three
countries—that emerged in these fact-checks and potentially show us that there was
fake news disseminating about these topics in the respective countries. In our in-
depth close reading of some of these topics, we could identify that these fake news
items revamp and change to stay active for a long time. To illustrate this, Table 13

describes the number of tweets and shows the dates of the first and last tweet, with
debunks that covered those topics.

For example, we identified the narratives about the dissemination of rumors that
the pandemic outbreak was related to the fifth-generation technology standard for
broadband cellular networks, commonly known as 5G. In Mexico, 5G rumors were
first reported in mid-April and remained until the end of the period examined (July
2020). On the other hand, that was not seen in other examined countries. Three days
after Mexico, the Chilean fact-checking organization, Mala Espina Check, also verified
rumors about 5G and published the same verification in its Twitter account over April
and June. In Colombia, the dissemination of false information drawing connections
between COVID-19 and 5G only began to be debunked in May, but it continued
toward the end of July 2020.

Similarly, Venezuela and Argentina also shared debunks about conspiracy theo-
ries linking 5G and the pandemic outbreak from May to July 2020. In contrast, the
Brazilian fact-checking agency, Agência Lupa, published reports that evaluated distinct
claims about 5G only at two moments: early May and the end of June. It is notable
that in all these countries 5G is not deployed or is in trial phases, the converse is
true for Western countries that have seen a full expansion of these novel broadband
cellular networks. This result ties well with previous studies showing that some false
information about 5G technology has spread around the world during the pandemic
[47] and also shows that the uncertainty and the fear of the unknown are fertile
ground for the dissemination of misleading or false information [205, 272].

Other fact-check stories that received great prominence in most of the selected out-
lets are regarding the origin, diagnosis, treatment, prevention, and spread of the virus.
There was a substantial common ground in false claims about interventions and prac-
tices to help prevent coronavirus. An example is the false claim that lemon juice could
inactivate the virus. It first appeared in Brazil, where a short text was shared in social
media at the beginning of March that suggested a “prevention” against COVID-19

was to drink a daily dose of water with lemon and vitamin C. A couple of days
later, in Argentina, the same false claims were shared. Four days later, a Venezuelan
deputy made a video sharing a receipt that included ginger, lemon juice, honey, and
pepper as a “natural” way to protect against the coronavirus.

At the same time, in Colombia, a simple statement was shared on social media: “In
the absence of a vaccine, lemon juice” (“A falta de vacuna, jugo de limón,” in Span-
ish). A similar situation happened in Mexico. These stories were being spread from
March to June 2020, with different variations. Overall these findings are in line with
those reported by [197], who identified the pervasiveness of fake news in social media
during this period, “full of false claims, half baked conspiracy theories and pseudo-
scientific therapies, regarding the diagnosis, treatment, prevention, origin and spread
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of the virus” [197]. Also, fake news began in the United States after former president
Donald Trump suggested injecting disinfectant to kill coronavirus [29]. These false
stories evolved in Latin America, as recommendations to drink bleach as a way to
prevent and cure the coronavirus appeared first in Mexico, then later in Venezuela
and Argentina.

A similar pattern of results was obtained in fact-checked content that was pub-
lished before the pandemic outbreak hit Latin America in March. In January, when
Australia was affected by a bushfire crisis, false stories were disseminated in these
countries. First, a satellite image of Australia burning was shared in Argentina, then
the same story was also spread in Colombia. With a slightly different approach, ru-
mors were diffused in Brazil and Mexico that claimed, respectively, humans caused
the fires and not a climate change phenomenon. Another false claim argued that the
rain ended the wildfires. Similarly, further false stories repeatedly shared in those
countries were related to the assassination of Iranian major general Qasem Soleimani
by United States forces, while he was on his way to meet Iraqi Prime Minister Adil
Abdul-Mahdi in Baghdad. In Brazil, Colombia, and Mexico, rumors were linking
politicians to Mr. Soleimani.

The results of the computational experiment showed clear support for the view
that there was a common ground of rumors and false claims that were disseminated
between these countries, based on the important similarities that are visible across
the network analysis and in our in-depth close reading of these tweets. Under certain
assumptions, this can allow some generalizations that are visible across nations and
cultures. Despite these similarities, we could identify that there were also some im-
portant differences in terms of the fact-check stories that these outlets debunked to
curtail the proliferation of fake news that presented the individuality of each country.
Thus, by answering (RQ1), this article makes a significant contribution to this debate
by proposing an experiment that analyzed the terms that emerged in the debunks of
fact-checking initiatives by showing that the disinformation was consistently travel-
ing across nations. Additionally, we explore how some of these topics also traveled
over time from one country to another, suffering adaptations but maintaining their
essence. In addition, these fact-checks cover different social media platforms, which
potentially show that these misinformation narratives were traveling across social
media platforms.

4.4.2 An infodemic that overwhelms us

To answer the research question RQ2, we analyzed the nodes of Figure 10 that
have a large number of connections, not considering words that do not aggregate any
information, such as PERSONAS (people). This analysis found evidence again for a
period of an overabundance of the same information [287]. Our results cast a new
light on the evolution of the main false and misleading information spread during
the 2020 pandemic. Through a time-series analysis, we could identify the evolution
of five main topics based on the tweets that these fact-checking organizations shared
during the time frame considered.

These five terms were CASOS (cases), coronavirus, CUARENTENA or QUAR-
ENTENA (quarantine), PANDEMIA (pandemic), and VACUNA or VACINA (vac-
cine). In the following paragraphs, we present these results and illustrate how the
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diffusion of false claims or rumors was linked to the evolution of the pandemic
in the region. In Figures 11–16, the values were normalized within each country’s
dataset, so that it shows the percentage of tweets in relation to a certain topic in a
period of seven days starting on January 1. Of course, the bigger the number is, the
more debunks can be found in this certain period. We decided to look at a period of
seven days because debunks demand time, and fact-checkers do not always debunk
misleading or false narratives at the exact time they appear. Also, we are looking at
topics that are related to fake news, which requires a larger amount of information
to identify clusters of topics that exhibit similar behavioral patterns.

The first cases of SARS-CoV2 infection in Latin America were recorded in late
February. The confirmation came from Brazil that turned it into the first country
in the region with the disease [240]. In our dataset, we could identify an increas-
ing growth of information debunking that mentioned the term “cases” when the
pandemic hit Latin America. From these results, it is clear that countries like Chile,
Colombia, Mexico, and Brazil on a smaller scale suffered from rumors and allega-
tions related to coronavirus cases at the beginning of the pandemic in the region, but
this number went down after the first weeks, as shown in Figure 11. In particular,
Brazilian debunks about cases lasted throughout the period, with a small peak at
the end of April led by rumors spreading about asymptomatic cases not being conta-
gious and also a false narrative that there was a reduction in new infections around
the world [5, 7].

On the other hand, the term “coronavirus,” which was merged with similar terms
such as COVID-19 and SARS-CoV2, showed a consistent pattern in most countries
during the time frame considered. In particular, Venezuela showed a tendency that
was a bit different from the others. The country had a major growth in debunks when
the first confirmed case appeared in Latin America [240], and since May 2020 the
number of debunks with the terms “coronavirus,” “COVID-19,” and “SARS-CoV2”
have been reduced.

These results led to a conclusion of an overabundance of false information about
the virus, with a falling tendency toward the end of the period analyzed (see Figure
12). We speculate that this might be due to the fact that the number of cases reached a
plateau only by mid-July after a long period of higher levels of infection, resulting in
a loss of interest by either the fake news disseminators or the fact-checking initiatives
[49].

In fact, this can also be seen through the fact-checks related to the term “pan-
demic” that have been stable or falling since late June, as seen in Figure 13. Another
important finding is that until the WHO announced in March 2020 [70] that the
novel coronavirus outbreak was a global pandemic, no pandemic-related fact-checks
had appeared in these countries. The result of this analysis echoes findings in the
academic literature that shows that periods of uncertainty and fear lead to the dis-
semination of false information [66].

In our time-series analysis, we could also identify that the dissemination of false
claims about “quarantine” represents another important topic of debate. Our findings
show that there are interests and ideologies underneath the pandemic coronavirus.
For example, in Argentina, where quarantine was stricter, the stories and debunks
about this topic have been carried out by Chequeado, the Argentine fact-checking orga-
nization, during most of the time frame of this study [78]. In the same vein, Venezuela
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Figure 11: Evolution of the term “casos” (cases) in the time frame

also represented a consistent level of debunks about this topic since late April 2020,
when the Venezuelan government announced the alarm status and also established a
“mobility card” to restrict the circulation of people and reduce the effects of the pan-
demic [78]. On the other hand, in the other countries, debunks about “quarantine”
were far more visible at the beginning of the pandemic than at the end of the period
analyzed (see Figure 14).

The last topic that became more evident across these countries is the “vaccine.”
These types of “fake news” ranged from canine and bovine vaccines for coronavirus
to conspiracy theories leveraged and amplified by malicious actors to promote anti-
vax movements. In fact, the academic literature has also shown how these anti-
vaxxers are presented on social platforms to problematize and oppose vaccination
[167, 100]. In addition, previous studies have shown that anti-vaxxers are frequently
interacting with each other, strengthening their relationships, and making the infor-
mation redundant within their community to diffuse false information in line with
their beliefs against immunization [186].
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Figure 12: Evolution of the term “coronavirus” in the time frame

The fear and uncertainty about vaccination have exacerbated the dissemination of
fact-checks about this topic, and consequently, the so-called “fake news” appeared
from the confirmation of the fist case in Latin America until the end of the time
frame analyzed, with special peaks during the last two months when the vaccines
were already in clinical trials, as seen in Figure 15. The proportion of disinformation
about vaccines was larger in Brazil, Colombia, and Venezuela than in other countries.
This can be explained by many reasons. In Venezuela, there was a large volume of
false content related to the use of Bacillus Calmette–Guérin (BCG) vaccine against
COVID-19; this immunization is primarily used against tuberculosis, and there is no
proof of the plausibility of efficacy against the novel coronavirus. In another vein, the
country suffered from criminal groups who invaded houses, creating false narratives
that they were applying vaccines against COVID-19, when in truth the groups were
robbing these people.

In Colombia, the debunks clarified that there was no vaccine yet available to the
population, while vaccines were already being developed and tested in other coun-
tries. In the case of Brazil, the country took part in several vaccine trials, which gen-
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Figure 13: Evolution of the term “pandemia” (pandemic) in the time frame

erated rumors and fears from the population. The fact-checks clarified that there was
no evidence of negative effects during this phase. Another reason might be political,
as discussed below, in that the country’s president was prejudiced against the Chi-
nese vaccine [241], resulting in misleading information about this vaccine. Moreover,
false information about the trials of Sinovac’s vaccine was common, such as allega-
tions that the company tested the vaccines only in monkeys, which was debunked by
Agência Lupa [6]. Finally, the fear that vaccines might not work, and misinformation
about when they would be available, generated many rumors in the country.

4.4.3 Politics and Pandemic, a perfect storm

As mentioned before, our data has also revealed a significant political influence
on the debate about the pandemic (RQ3). Political instability and polarization in the
Latin American countries under study have influenced a range of false or mislead-
ing information. In Brazil, political turmoil took over the agenda of the fact-checking
agency, which had to check more Bolsonaro-related content from late February to
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Figure 14: Evolution of the term “cuarentena” (quarantine) in the time frame

July, as seen in Figure 16. An example happened when there was fake news related
to the former justice minister, Sérgio Moro, who resigned from his position after di-
vergences with the president, which ramped up fake news about the former minister
[179]. It is by now generally accepted that continued denials of the threat the pan-
demic poses by Jair Bolsonaro, the Brazilian president, who went against his own
health ministry’s advice and had to change the minister of health more than once,
have generated considerable dissemination of false information by Bolsonaro sup-
porters.

Figure 16 also shows that there were a great number of mentions in debunks re-
lated to heads of state in other countries. In Argentina, the country was also suffering
from rumors against its president, Alberto Fernández, who decided to adopt a strict
lockdown that produced dissatisfaction from his opposition. Similar to Bolsonaro, the
Mexican president, Andrés Manuel López Obrador, took a skeptical view on social
isolation at the beginning of the crisis, which led to a number of fact-checks about the
importance of quarantine. These findings show that politics is strongly intertwined
with the health crisis and fake news. Furthermore, this also reveals that political de-
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Figure 15: Evolution of the term “vacuna” (vaccine) in the time frame

cisions can lead to drastic consequences for the quality of information consumed by
society.

4.5 conclusion

By looking at 102,379 tweets from six major fact-checking agencies in the Latin
American context, this study allowed us to conclude that so-called “fake news” trav-
els beyond countries’ borders and is intertwined with the political situation of each
country. Our computational method obtained robust results in identifying the main
terms that were being used, and through these words we could find the common
topics that arose in these countries. In addition, this method allowed us to detect
COVID-19 narratives without the need to read every single tweet.

Throughout the world, fact-checkers have been playing an important role in reveal-
ing fake news that has been spread in their countries [250]. Our study shows that
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Figure 16: Evolution of the term “presidente” (president) in the time frame

these fact-checking agencies act primarily on social media, such as Twitter, to dissem-
inate their debunks and act as a stopgap measure to correct the “fake news” being
spread in this environment. These organizations have played an active role during
the COVID-19 pandemic, and in some cases their role complements governmental
activities in combating the health crisis. These debunks have been shown to be fun-
damental in diminishing rumors and false narratives that are putting lives at risk, as
seen in Argentina, where a child drank bleach to prevent infection by the coronavirus
[154].

Furthermore, in our network analysis, we identified that the words are strongly
connected among these different nations, even though our network is structured
more similarly to a free-scale graph, in which the countries represent the hubs. As
expected, our results provide evidence for the period of an abundance of the same
information, that is, an infodemic. The fact-checking agencies have had to debunk
false or inaccurate information about cases, coronavirus, quarantine, pandemic, and
vaccine that were clearly linked to the evolution of the pandemic in all of the six
countries studied. By analyzing these most common terms that have a large number
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of connections, our findings show a strong consistency throughout the entire obser-
vation period.

Our findings have also shown that a large part of debunks related to the COVID-19

pandemic have emerged at a certain time and they continue to threaten citizens for a
long period of time. In our in-depth close reading, we could see that this is possible
because some fake news items are revamped and adapted in format to stay active for
a long period of time. Additionally, our analysis showed that some relevant findings
related to debunks of international topics, such as the Australia bushfires and the as-
sassination of Iranian major general Qasem Soleimani, are associated with local politi-
cians. These two topics were popularly debunked in the fact-checking initiatives of
the countries analyzed by Efecto Cocuyo, the Venezuela fact-checking organization. We
speculate that this might be due to the escalated political situation in Venezuela after
US sanctions made the country more closed to the outside. Future studies could fruit-
fully explore this issue further by qualitative studies with fact-checkers in Venezuela
to understand what they cover and what are the main fake news topics that emerge
in the country.

With respect to the influence of politics during the pandemic, it is well-known
that the politicization of information has made fake news ramp up across platforms.
Broadly translated, our findings indicate that politics plays an important role in shap-
ing the dissemination of rumors and false information. “Fake news” is a profoundly
complex issue that involves platforms, governmental institutions, policy reviews, and
regulatory boards, and as such, these are issues that fact-checking agencies alone will
not solve, even though they are an important part of the equation. Looking at the fact-
checks, we can say that there are political topics intertwined with the health crisis,
and in some instances these political topics draw the attention of the pandemic. This
can lead to drastic consequences, specifically danger to people’s lives. Future studies
could fully investigate the dynamics between politics and the COVID-19 crisis.

Our original method helped to develop a simple but consistent analysis of the diffu-
sion of “fake news” across Latin American countries. In part, our algorithm worked
well due to the similarity between Portuguese and Spanish languages. Future re-
search should certainly test whether debunks of fake news using other languages
would work as expected. In particular, future studies could examine the dissemina-
tion of fake news content in the Americas.

An apparent limitation of the method is that it is based on debunks, which can
lead to a selective bias, as these initiatives pick and choose what to scrutinize [55].
Inclusively, the scholarly literature has shown that these organizations have been
suffering from accusations of political bias due to their selection of content to debunk
[81]. Because of these potential limitations, we cannot say that these topics are the
only misleading or false narratives disseminated on social media platforms, but these
debunks serve to shed light on relevant topics that emerged during the COVID-19

crisis.
In another limitation of this study, it could be argued that fact-checking initia-

tives have different forms of dissemination of debunks that can directly influence
our results, such as repeated tweets of the same fact-check story or reliance on other
social media platforms. Therefore, this data is a sample of the fake news narratives
disseminated during the period. Further work is certainly required to disentangle
these complexities in Latin America, potentially through qualitative research with
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practitioners to better understand how these organizations interact and interrelate.
Moreover, future research could perform a network analysis over time to have a bet-
ter understanding of how these topics could be addressed in the future to avoid
diffusion beyond where the fake news started.

In conclusion, the COVID-19 pandemic has served to consolidate the need for and
an awareness of the importance of this branch in the journalistic sector [189], despite
its limitations [36]. We argue that it is undeniable that fact-checking initiatives, just as
journalistic endeavors themselves, are essential to combat the spread of misinforma-
tion online. Irrespective of some shortcomings, these fact-checks represent a strong
indicator of the main fake narratives that are disseminated in the countries under
study, which shed light on relevant topics that emerged on social media platforms.
In fact, we would be remiss if we did not point out that there is a need for joint
action by governments, educators, laws, institutions, and platforms, together with
fact-checking agencies, to circulate proper information content, and also to discour-
age and stop disinformation campaigns. Finally, our analysis reveals opportunities
to understand the diffusion of “fake news” in Latin American countries to slow the
spread of false information, and to avoid people being affected by these types of
narratives in future events.
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T R A C I N G T H E “ E A R LY T R E AT M E N T ” A G A I N S T C O V I D - 1 9 I N
B R A Z I L : A C R O S S - P L AT F O R M D I S I N F O R M AT I O N P R O B L E M

The development of the internet and technologies brought us convenience in com-
munication. On one hand, it brought an unseen development of new, alternative ways
for communication. On the other hand, not all information on social media is reliable
and can be trusted. This could be seen during the pandemic: the novelty of the SARS-
CoV-2 virus implies that no one has hitherto been able to understand the etiology of
the disease. As a result, narratives of conspiracy theories and misinformation were
spreading quickly, causing uncertainty surrounding the sickness and hampering peo-
ple’s understanding to substantiate the content that they were consuming on plat-
forms. In Brazil, the so-called “early treatment” against COVID-19 transformed into
one of these main narratives. To understand the information sources disseminated
across Facebook and Twitter about the “early treatment,” we use a computational
strategy that enables us to merge existing tools—such as, time-series analysis, net-
work analysis, and in-depth close reading—to simultaneously quantify and qualify
the URLs and their domains disseminated across these platforms. Our results indi-
cate that disinformation is highly evident on both networks and represents a major
part of the content distribution across different platforms. Additionally, on both plat-
forms, affordances, and features govern what users disseminate, such as audiovisual
content. We conclude this study by showing how it clarifies a more general trend on
the cross-platform disinformation problem.

5.1 introduction

The development of the internet and technologies brought us convenience in com-
munication. This has allowed people to be connected around shared interests and
passions. Thus, all over the world, the so-called social network sites (SNSs) developed,
such as MySpace, Orkut, Facebook, and Twitter [43]. Most of these portals vary in
the extent to which they incorporate new information and communication tools, but
these sites support the maintenance of pre-existing social networks that were made
in person, and in other cases, SNSs help to meet people who share interests, political
views, or activities [143].

On the positive angle, social networks gave voice to almost everybody, becoming
an open space for social communication. Users of social media are in a power po-
sition that they are the ones responsible for distributing information and opinions
replacing somehow the role of newspapers [107]. Due to the open nature of the inter-
net, however, not all information on social media is reliable and can be trusted [250].
However, in countries, where people reading and paying for digital news is low, such
as Latin American countries [174], social network sites play an important role in how
those people get informed. Furthermore, the platformization of society has altered
the web, making the transition of social network sites into social media platforms,
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which are more than mediums to connect with your friends and family, but are also
a broadcasting tool, such as Whatsapp and Telegram [293].

In Brazil, this is very important considering the high use of mobile phones and so-
cial media platforms. Even politicians rely on social media platforms to communicate
with the public [220]. However, these authorities are also sharing information that is a
matter of faith rather than something that can be proved or disproved. This informa-
tion can be described as conspiracy theories, rumors, and unpopular opinions, which
have been merged to false or misleading content over recent years, transforming into
this field popularly known as “fake news” [95]. Once perceived as “silly and without
merit” [144, p. 109], fake news gained widespread traction and credibility because
those influential figures disseminated them.

This phenomenon became popular worldwide with the advent of social media
platforms. This could be seen during the pandemic: the novelty of the SARS-CoV-
2 virus implies that no one has hitherto been able to understand the etiology of
the disease [171]. As a result, narratives of conspiracy theories and misinformation
were spreading quickly, causing uncertainty surrounding the sickness and hamper-
ing people’s understanding to substantiate the content that they were consuming on
platforms. In Brazil, the so-called “early treatment” against COVID-19 transformed
into one of these main narratives [148]. And to make matters worse, Brazilian Presi-
dent Jair Bolsonaro uses his position to deny the pandemic either by describing the
illness as a “little flu” or promoting “early treatment” to prevent the infection by the
Sars-CoV-2 virus, which included the hydroxychloroquine, ivermectin, azithromycin,
nitazoxanide, corticoid, zinc, vitamins, anticoagulant, rectal ozone, among others [63,
108, 264]. Despite growing scientific evidence against the efficacy of these drugs, users
were discussing them on social media platforms. As false or misleading content has
potentially harmful consequences and impacts on society, there is a need to under-
stand, on each social media platform, how different affordances and features govern
the dissemination of content throughout the network in different ways.

In the present paper, we use a computational approach to trace the information
sources related to the “early treatment” against COVID-19 in Brazil. Specifically, our
computational strategy enables us to merge existing tools—such as, time-series anal-
ysis, network analysis, and in-depth close reading—in our analysis to simultaneously
quantify and qualify the URLs and their domains disseminated across two different
social media platforms, specifically Facebook and Twitter, between March 2020 (when
the pandemic hit Brazil) and April 2021 (the second wave of infection). Having this
in mind, this study poses the following research questions:

(RQ1) How these different types of information are propagated throughout these
different networks?
(RQ2) What is the prevalence of questionable sources surrounding the “early treat-
ment” content across Twitter and Facebook? How does this activity compare to that
of popular high-credibility and media sources?
(RQ3) How do different affordances and features on each social media platform gov-
ern what users disseminate?
By capturing both content characteristics and interaction structures of social media
throughout the pandemic across different platforms, we aimed at expanding the un-
derstanding of cross-platform disinformation campaigns, which are usually meant
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to damage an adversary’s image or undermine public objectives. In doing so, we
can generate insights and obtain useful information to combat or at least slow down
disinformation campaigns surrounding these unproven early treatments against the
virus. In fact, this can save lives, as many of these prophylaxis treatment methods
have proven to cause serious adverse effects [164, 206].

5.2 platforms : from a source of information to an information dis-
order

Before, the news media were responsible for providing information to the public.
This has changed with the advent of social media platforms. In this respect, these tech
companies changed the information workflow, transforming from a one-to-many (re-
lying on journalists as gatekeepers to select and curate the information) into a many-
to-many model (where anyone has the power and freedom to create and share infor-
mation) [30]. Thus, the news media’s role as representative of the public, disseminator
of information, and independent watchdog on the exercise of power has changed in
the past years. News organizations no longer have a monopoly on the news (gate-
keeper) as other stakeholders started to communicate using the new media [46]. In
this respect, platforms became game-changers. Users are in a position of power, as
they have active roles in distributing information through these networks [107]. Thus,
these users became essential in influencing media agenda, as journalists surface some
of the most salient content available on social media platforms, the gatewaching ef-
fect, as described by Bruns [46].

However, not everything is flowers. On one side, these platforms facilitate the ex-
change of knowledge and promote literacy. On the other hand, this environment is
filled with information abundance, exposing users to an unprecedented quantity of
information that is not always trustworthy, and thereby betting on users’ judgments
to decide if the content consumed is accurate [211]. In fact, after the 2016 US elections
and Brexit, scholars felt that the topic merits further attention [95]. Thus, a large num-
ber of existing studies in the broader literature have examined the phenomenon of
so-called fake news, which can be described as “news articles that are intentionally
and verifiably false, and could mislead readers” [9, p. 213].

There are many reasons for the popularity of this type of content, ranging from
financial incentives to gain a political advantage [56]. As it gained prominence on the
digital media, distorted online information can take many forms, calling upon new
nomenclatures to ensure clarity between its different purposes. For Wardle [276],
there are seven types of information disorder in the fluid spectrum of online content,
namely satire, and parody, false connection, misleading content, false context, im-
poster content, manipulated content, fabricated content. Yet, this type of information
can be bundled into three groups: misinformation, malinformation, and disinforma-
tion [276]. While malinformation has the internet to harm and misinformation usu-
ally describes the information as false or inaccurate unintentionally, disinformation
is at this intersection of false information that is purposely disseminated to deceive
people [159]. Even using these classifications, the ecosystem of distorted information
is complex and hard to capture. We understand that disinformation on platforms is
an assemblage of information actions employed to mislead or lead into danger [245].
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Furthermore, disinformation coming from friends or public figures on social me-
dia platforms acquire legitimacy, by exploiting the affective relations between users
as well as their predetermined political bias. This content is usually questionable
and has no intention to clarify or provide additional context for the public, thereby
deceiving people. In the same vein, these platforms rely on the homogeneity and ho-
mophily features to boost the network externalities, where an individual’s adoption
is very sensitive to the adoption behavior of the others around. Thus, mis- and dis-
information are essential to attract a different number of users and generate a great
amount of data, improving the platform’s algorithms and, consecutively, attracting
more advertisers. However, this structure benefits only these big tech companies, be-
coming a breeding ground for disinformation campaigns of like-minded people and
fostering societal tensions, polarization, and distrust in institutions [204].

Notably, fake news is more evident during periods of uncertainty and crises (Graves,
2016), such as elections, confusing voters [25] and even interfering in election re-
sults [9]. However, a critical juncture created by the COVID-19 pandemic, which
filled people with uncertainties and fears, showed us how disinformation can ham-
per an effective public health response and put people’s lives at serious risk. Previous
epidemics and pandemics have revealed the importance of trustworthy and reliable
sources for people to help in an effective response to a public health crisis. The H1N1

epidemic in 2009 and the Ebola epidemic 205 in West Africa in 2014 revealed the
risks that dissemination of erroneous or misleading contents could cause harm [4].
However, the COVID-19 pandemic took it to another level, as the virus spread to
different parts of the world. Similarly, the internet allowed disinformation faster than
a virus, causing panic and disorder. In part, this can be explained by the complex net-
works of structures that guide the behavior of individuals and groups within social
networks [21].

Due to the emergency caused by the new coronavirus, several studies brought infor-
mation about the background of the health-related disinformation, ranging from the
false forms of coronavirus transmission to unproven treatment methods. In respect to
the latter topic, this became evident with heads of state promoting “hydroxychloro-
quine” as a cure for COVID-19 infection, such as Donald Trump (the United States)
and Jair Bolsonaro (Brazil) [230, 264]. Notably, Bolsonaro was responsible for sus-
taining a COVID-denialist stance through disinformation narratives [220]. The “early
treatment” became even more evident after the Brazilian president defended on his
social media platforms and in the media that doctors should adopt this prophylaxis
as a way to mitigate the effects of the pandemic, against scientific and evidence-based
recommendations [157].

More broadly, this suggests that not only algorithms affect the content that users
are exposed to online, but that the mere fact of social media permitting these public
figures to disseminate inaccurate and unverified information influence the dynamics
of online virality beyond the social clustering algorithms, such as filter bubbles and
echo chambers. “This can occur as subtle and complex network dynamics of the in-
teraction structure of social media can play into the diffusion dynamics, in ways that
are not necessarily even understood by the developers of the media platforms” [254,
p. 17], which simulations offer an unparalleled possibility to study specific causal
mechanisms across different social networks as part of this bigger complex system.
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5.3 digital sphere : a cross-platform risk exposure

A complex network is a system that contains many different subgraphs [147]. As
social media platforms represent a range of systems in nature and society, they are
somehow interconnected. For example, each social media itself has users who have
usually represented vertices of the graph and the interactions between them are the
edges [43]. These interactions can be described in many forms, such as likes, com-
ments, or retweets. But this linkage can be represented by the URLs shared by these
users [54].

Furthermore, users tend to share content from different platforms, which are prop-
agated throughout the network in different ways. Additionally, each platform “is
adopted by somewhat different communities for different purposes, developing community-
specific norms and conventional practices” [285, p. 103]. This is rationalized by the
different affordances and features that govern how social media users can interact,
follow, and produce content. This also influences different ways in which this infor-
mation is being propagated throughout the network.

Previous study has analyzed social media data to capture the interactional struc-
ture and content of dynamic political talk online [285]. Although platforms present
homophilic interaction features, they cannot be conceptualized as a unified phe-
nomenon, once there are significant cross-platform differences. [285] found that pat-
terns aggravating positional polarization and pronounced inter-group hostility dif-
fers between Twitter, Facebook, and WhatsApp. While Twitter displays distinct as-
pects of polarization, in WhatsApp, this is not universal, depending on the compo-
sition of groups. Surprisingly, the authors found fewer cross-cutting interactions on
Facebook [285]. However, little is said about the topics discussed among these plat-
forms.

Looking at disinformation campaigns concerning online discourse about the White
Helmets—a volunteer rescue group that operates in rebel areas of Syria—on Twitter
and YouTube, Starbird e Wilson [245] found that the former contained a third for do-
mains outside of the platform, being YouTube the most cited in their analysis. In part,
this can be explained by the playable video embedded in tweets that facilitated the
dissemination of YouTube videos on Twitter. Similarly, the authors traced informa-
tion trajectories across both platforms, revealing that the anti-White Helmets cluster
received multi-dimensional support from Russia’s state-sponsored media. However,
this study has a Twitter-centered view limiting its perspective from the conversations
that started on the short message platform [245].

The modern information ecosystem consists of numerous platforms, in which “in-
formation propagates concurrently and in diverse ways” [283, p. 2]. In certain plat-
forms, there is little access to data, revealing some gaps and shortcomings in research-
ing the spread of mis- and disinformation in these networks. Thus, Facebook, for
instance, has been previously assessed only to a very limited extent. Previous stud-
ies have shown that posts on Facebook groups generally follow a pattern to deceive
people [47, 111]. Giglietto et al. [111] provided evidence for coordinated inauthentic
behavior through sharing links. Using these echo chambers composed of groups and
pages, false or misleading content is automated to confuse people [111].

Thus, a large number of existing studies in the broader literature have examined
disinformation as single-platform research, as there are different levels of data pro-
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vided by these platforms [207]. For example, Twitter turned into one of the most
popular platforms for academic research due to its easy-to-access Application Pro-
gramming Interface (API) compared to other large-scale social media networks, such
as Facebook and Instagram. This suggests a mismatch between research methods
and current trends in a digital society, as there is an increasing integration and pro-
grammability between platforms [123].

A more recent work explored the COVID-19 infodemic through a cross-platform
study on Twitter and Facebook. There is a great influence of “superspreaders” in
the dissemination of low-credibility sources across both platforms, which tend to be
“high-profile, official, and verified accounts” [283, p. 13]. The authors also indicated
that low-credibility content has a higher prevalence than the ones originated from re-
liable sources. Additionally, the findings pointed out numerous suspicious YouTube
videos being shared on Facebook and Twitter [283]. The previous studies reveal that
disinformation is more problematic than we thought and fraught with many entan-
glements in our digital culture today.

Answering the calls of Pearce et al. [207] on more cross-platform analysis that en-
hances opportunities to understand the social phenomena as well as the affordances
and structures of the platforms, this study aims to fill this gap by comparing instances
of the same social phenomenon between two distinct platforms and its entanglement.

5.4 data and methods

5.4.1 Data collection and preparation

In an effort to characterize the “early treatment” information ecosystem, we exam-
ined the content spread on social media platforms. As we have remarked throughout
the paper, Brazil was one of the most affected by the disinformation narratives con-
cerning the “early treatment,” partially explained by Bolsonaro’s claims in support of
it. Therefore, for this work, we collected data in the Portuguese language concerning
“early treatment” from both Facebook and Twitter. To provide a general and unbiased
view of the discussion, we used the same term in Portuguese: “tratamento precoce.”
For Twitter, we relied on the Twitter Academic Research API to collect tweets posted
between March 2020 and April 2021. This allowed us to have access to millions of
public conversation historical and real-time data points, which the standard Twitter
Public API does not offer.

Using the same timeframe (March 2020 and April 2021), we collected data from
Facebook using CrowdTangle, a Facebook-owned tool that tracks interactions on
public content. This solution allows discovering and monitoring public information
on social networks and is used mainly by publishers and advertisers. Additionally,
CrowdTangle provides access aimed at academics, which has been used by a great
number of authors in literature [47, 111]. To guarantee the reliability and validity
of data, we looked at the exact combination of strings used on Twitter (“tratamento
precoce”). These posts and their metadata were downloaded using the CrowdTangle
API. We included posts from pages, public groups, and verified pages in our search.
Of course, our data collection is limited by the coverage of pages and groups in
CrowdTangle, which includes over 6M Facebook pages and groups with at least 100k
followers/members. There are some exceptions, which are included upon request
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from CrowdTangle users [283]. Despite this limitation, this study presented evidence
of content being disseminated on Facebook.

Figure 17: Data collected and study material

As shown in Figure 17, our data is composed of 3,004,105 entries, which includes
Twitter and Facebook messages. We observed that Twitter represents a major part of
the content. However, Facebook has a higher prevalence of links than Twitter, with
95.6% of total posts containing URLs. Importantly, our data collection and analysis
comply with the terms of service of the corresponding social media platforms.

5.4.2 Data preparation and analysis

First, we extracted the basic information about our datasets to conduct a time-
series analysis, which is presented in our results section. To study the dissemination
of URLs and their domains on this dataset, a few steps were necessary before retriev-
ing knowledge from it. Our second step included the extraction of URLs from both
datasets. This returned 9.15% of the hyperlinks in a short format. Using the R library
longurl, we identified links that were smaller than 30 characters and resolved these
URLs. We decided to take this approach, instead of using a list of URLs shortening
services, we identified that several Brazilian news outlets have their own pattern to
shorten links. On Twitter, shortened URLs represent 11.18% (59,524 tweets), while
they are only 3.77% (7,589 posts) on Facebook. To optimize this process, we grouped
identical URLs to speed up the process. A small percentage of these URLs could not
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be retrieved automatically. Thus, we decided to remove these hyperlinks that could
not be resolved nor be found anymore from our analysis. Our study dataset was
composed of 532,175 tweets and 291,132 Facebook posts.

After that, each dataset was sorted by the number of URLs’ shares (Twitter and
Facebook) and we conducted a cleanup process in Python. This means removing any
extra information that could be attached to hyperlinks, such as the source where it
was generated (utm_source=facebook, for example). Our main goal was to remove
control parameters contained in the URLs to optimize the process of grouping similar
links. Similarly, it was necessary to standardize YouTube’s URLs, once there is a range
of different formats, which could lead to the same video. Thus, we could group these
URLs again and find new scores of sharing. The third step was to extract their domain
to be able to classify them. A website domain points to the address of the actual data
of the site, also associated as the website name or hostname. On the internet, the
website address is a set of unique and dynamic numbers, a sequence that is hard
to memorize. To avoid this complicated and unnecessary work, website domains are
used.

There is a wide choice for the categorization of URLs available in the literature [122,
137, 228, 238]. In our study, we adopted seven categories based on classification used
from different sources: reliable source, media, political, health, questionable source,
and social media platforms. The first encompasses many high-quality sources of in-
formation, such as Universities and journals, that can provide unique and specific
content, which cannot be found in the media. For this reason, a second classification
is media, ranging from legacy news organizations to digital native media outlets,
which offer information to a broader audience than scientific and academic environ-
ments. Furthermore, we decided to have specific categories for politics and health, as
our object of study is very connected to both topics. Social media is another classi-
fication, which encompasses a wide range of tools that integrate technology, social
interaction, and content creation. Last, we have a category called questionable, in
which domains from non-reliable or low-quality sources were classified. Any other
URL that the domain is not in any of these classes was categorized as “Others.” To
classify these URLs and their domains, we reckon on eight different datasets, namely:
SquidGuard, NewsGuard, Media Bias/Fact Check (MBFC), SembraMedia, Atlas da
Noticia, SherpaRomeo, Somos99%, and two Brazilian fact-checking agencies (Agên-
cia Lupa and Aos Fatos).

SquidGuard. This dataset is composed of two blacklists of this URL redirector
software, which is commonly used for content control of websites accessed by users,
that is, filtering URLs and avoiding that users can access these pages. In this study,
we used two datasets provided by SquidGuard—MESD blacklists and Shalla’s Black-
lists—to analyze domains. The MESD blacklist is an open-source access list that relies
on the contribution of users, which has more than one million links. This data was
used to identify worldwide domains of media organizations, political-related entities,
health organizations or associations, and also some reliable sources, such as journals
and national health agencies.

NewsGuard. It is a plugin used on browsers designed to determine a website’s
overall credibility score. Because of the pandemic, the company began the Coron-
avirus Misinformation Tracking Center, which lists red-rated informative websites in
the United States, the United Kingdom, France, Italy, and Germany. Until December
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2020, the list with more than one hundred domains was open for researchers to use.
This dataset contains questionable domains, mainly in the English language, which
have shared misleading or false content concerning the COVID-19 pandemic and its
surroundings.

Media Bias/Fact Check (MBFC). Founded in 2015, MBFC is dedicated to training
the public on media bias and deceptive news practices. This website has distinctive
lists of English-speaking media outlets and low-quality content portals. MBFC pro-
vides a list of organizations that can be filtered on their view, for instance, pro-science
right, or left, as well as on the type of reporting (e.g., most factual, high, or mixed).
We used the dataset for media and questionable domains, mainly in the English lan-
guage.

SembraMedia. This is a nonprofit organization dedicated to increasing the diver-
sity of voices and quality content in Ibero-America. The website provides a list of
media outlets in Latin America.

Atlas da Notícia. This project aims to map the news media industry in Brazil.
To improve the access for researchers and journalists, it offers a public API, listing
Brazilian media organizations’ data.

Sherpa Romeo. The platform aggregates and presents information about publish-
ers with scientific indicators and their journals. It also offers an API to download
data, which was used to define high-quality domains.

Somos 99%. Aos Fatos and Agência Lupa. Somos99% is a collaborative project that
seeks to diminish the effect of disinformation by sharing a list of websites with ques-
tionable content in Brazil. The group presents a methodology to define a low-quality
domain. To test the reliability of this dataset and expand it, we manually analyzed
about 1200 debunks from two Brazilian fact-checkers (Aos Fatos e Agência Lupa) to
detect websites that have published false or misleading content. We triangulated this
data to confirm all URLs shared by Somos99% were questionable. Additionally, we
expanded our list with another 100 domains that have published low-quality content
during the pandemic.

Using these datasets to classify domains, we analyzed the first 100 most shared
domains by each platform and conducted an in-depth close reading to determine
other domains that were sharing disinformation narratives. We found numerous por-
tals dedicated to sharing misleading information concerning “early treatment,” such
as the use of hydroxychloroquine and ivermectin. Thus, we included these domains
in our dataset of questionable domains and ran our computational method again to
classify the URLs.

With all domains and URLs classified, we could detect the ones that were com-
monly shared between Facebook and Twitter. Using the domains in common, we
conduct our network analysis to elucidate and highlight cross-references from Face-
book to Twitter and vice-versa. Our directed graph G was built following the struc-
ture: each source vertex ui ∈= u1,u2 represents the originated social media platform
(Facebook or Twitter) and each target vertex vi ∈ V = v1, v2, v3...vn corresponds to a
URL domain shared by a post/tweet. These vertices are linked through edges (u, v) ∈
E[G] = e1, e2, e3...em, that is, they are connected if there are posts that share the do-
main in both platforms. Thus, each edge has a weight wi ∈ W = w1,w2,w3...wm

representing the number of times a domain was shared in these posts or tweets. To
visualize it, we created a Geography Markup Language (GML) file, which was used
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to design a graph in the network analysis software Gephi [27]. This allowed us to
unite the different fluxes of information from two social media platforms, as shown
in the following section in Figure 2. Next, we discuss our results about the proposed
research questions and in light of the theoretical framework described earlier.

5.5 results

Looking at the dissemination of “early treatment” on social media platforms, we
could identify that the majority of posts/tweets were published between January
2021 to April 2021 after several incidents that have exacerbated the COVID-19 pan-
demic in Brazil. On January 15th, Manaus, a city in the northern area of the country,
was hit hard by the pandemic, leaving dozens of Brazilians asphyxiated while au-
thorities scrambled to get more oxygen to the region [160]. This can be described at
the beginning of the second wave of infections, in which more young adults were in-
fected [243]. Similarly, the second peak on both social media networks (March 2021)
matches the time when the brutal second coronavirus wave reached its peak and
brought the healthcare system to collapse in many regions across Brazil [160]. In line
with previous studies [119], in situations where there are no real feasible solutions to
a problem and lack official information, disinformation spreads fast.

Figure 18: Evolution of the term “early treatment” on Facebook and Twitter.

As expected, our findings indicated a persistent and widening attainment to share
content from other social media platforms (see Table 14). Unsurprisingly, Facebook
posts tend to point to other posts of the same platform (92.95%), followed by YouTube
(6.59%), Twitter (0.31%), and Telegram (0.11%). On the other hand, Twitter shows a
different pattern. Around 57.50% of tweets contain URLs to other platforms: Twitter
(tweets redirecting to other tweets represented 89.58%), YouTube (8.47%), Instagram
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(1.1%), and Facebook (0.59%). This finding is in line with Starbird e Wilson [245] who
found that tweets tend to feed their own platform followed by YouTube. Our results
cast a new light on YouTube being the most redirected platform in both Twitter
and Facebook. We speculate that this might be because, on both networks, YouTube
content can be played as embedded videos not requiring to leave the platform. In
addition, these videos can easily be liked and shared.

Facebook Twitter

Social MediaValue PercentageSocial MediaValue Percentage

Facebook 145896 92.95%Twitter 242026 89.58%

YouTube 10346 6.59%YouTube 22875 8.47%

Twitter 490 0.31%Instagram 2971 1.10%

Telegram 168 0.11%Facebook 1583 0.59%

WhatsApp 28 0.02%Periscope 371 0.14%

Instagram 21 0.01%Telegram 201 0.07%

Others 15 0.01%Others 143 0.05%

Table 14: Social media platforms shared on Facebook and Twitter concerning “early treat-
ment.”

More worrying is the fact that the second type of content most shared is from low-
quality or questionable sources, which has shared or shares disinformation content.
On Twitter, this represents more than one-fifth of the posts, meaning that from all
URLs shared related to “early treatment” about 20% of the posts came from these
sources. Facebook presents a similar pattern with 6.43% of URLs coming from ques-
tionable sources. Surprisingly, URLs to media outlets (10.17%) exceed the quantity of
low-quality content. This points to a different pattern in the content disseminated in
these networks. Table 15 presents a detailed description of these results.

Facebook Twitter

Category Value PercentageCategory Value Percentage

Social Media 122504 78.43%Social Media 270160 57.50%

Media 15885 10.17%Questionable 107159 22.81%

Questionable 10037 6.43%Media 71562 15.23%

Others 7436 4.76%Others 15595 3.32%

Reliable Source 241 0.15%Reliable Source 4241 0.90%

Politics 72 0.05%Health 799 0.17%

Health 13 0.01%Politics 327 0.07%

Table 15: Types of URLs shared on Twitter and Facebook concerning “early treatment.”

To better understand the main content disseminated, we have an in-depth close
reading of 50 URLs shared on each of the social networks. On Twitter, while the me-
dia was covering misleading information and even policy adopted by the platform to
classify Bolsonaro’s tweets as misleading, the questionable sources were promoting
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misleading content about treatments with the “kit covid,” a drug cocktail promoted
by the Bolsonaro government, which includes hydroxychloroquine, azithromycin,
ivermectin, and nitazoxanide, in addition to zinc supplements and vitamins C and
D [34]. For example, the second most shared URL (6934 times) is from Conexão
Política, sharing that Italy started a mass treatment with the early use of hydroxy-
chloroquine against the coronavirus infection. Similarly, there is a story from Revista
Oeste about a city in the southern region of Brazil, which had no deaths during one
month due to the “early treatment”. Concerning the social media content, the most
shared URLs belong to public figures who support Bolsonaro, such as one of his sons
(all politicians), a deputy, and a journalist. This result ties well with previous studies
wherein some actors act as superspreaders of disinformation [283].

On Facebook, these superspreaders were behind the most shared URLs, which
were in its majority native posts of the platform. The most shared link (2856 times)
belongs to a live video organized by president Bolsonaro, in which he discusses
among several topics, the “early treatment.” He says that citizens, when visiting a
primary health care unit, should request from the doctor the early treatment, which
consists of “off-label use of drugs” to treat COVID-19 in its early phase of infection.

Among these top 50 most shared URLs, video prevails. Of 50 posts, 39 were na-
tive video content from Facebook and two were from YouTube. Another six posts
were images. Only one was from a media outlet and two from questionable sources,
suggesting that other countries were using hydroxychloroquine for the “early treat-
ment.”

In analyzing the URLs shared in common between these platforms, there is a high
prevalence of content for questionable sources, as shown in Table 16. These suspicious
sources represent about two-fifth of the URLs shared across both platforms. These
results go beyond previous reports, showing that questionable content has a higher
incidence rate than the ones originated on social media, which can also be misleading
or false, as fake news takes many forms and operates at several levels. This poses a
risk, particularly in highly complex environments of social media platforms, which
is a complex network full of intricate pieces that play a part in producing knowledge
for users [254].

URLs in common

Category ValuePercentage

Questionable 89462 39.98%

Media 75234 33.62%

Social Networks 44090 19.7%

Others 11806 5.28%

Reliable Source 2371 1.06%

Health 633 0.28%

Politics 177 0.08%

Table 16: Type of URLs shared commonly on Facebook and Twitter.

Again, we looked at the 50 links commonly shared on both platforms. These URLs
represent in their majority content from questionable sources. For example, the first
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URL most shared is about disinformation concerning the early use of hydroxychloro-
quine in Italy published on the website Conexão Política. Similarly, the third most
shared link was about the case of a city in the state of Rio de Janeiro, which got
back to zero infections of COVID-19 after adopting the “early treatment” published
on the website Brasil Sem Medo. The sixth URL was a website dedicated to promot-
ing ivermectin as an “early treatment” against COVID-19. However, these links had
more engagement on Twitter than on Facebook. A description of the most popular
domains is given in Table 17.

URL domains Category TwitterFacebookTotal

twitter.com Social Networks242026 490 242516

facebook.com Social Networks1583 145896 147479

youtube.com Social Networks22875 10346 33221

revistaoeste.com Questionable 25136 829 25965

uol.com.br Media 16266 3792 20058

tercalivre.com.br Questionable 18999 559 19558

conexaopolitica.com.br Questionable 16662 592 17254

globo.com Media 12292 1996 14288

terrabrasilnoticias.com Questionable 8515 830 9345

brasilsemmedo.com Questionable 6728 945 7673

criticanacional.com.br Questionable 6195 1372 7567

diariodocentrodomundo.com.brQuestionable 6002 642 6644

gazetabrasil.com.br Questionable 4741 256 4997

gazetadopovo.com.br Media 4123 870 4993

estadao.com.br Media 3958 488 4446

change.org Media 3519 490 4009

brasil247.com Others 2471 1151 3622

jornaldacidadeonline.com.br Media 2274 1333 3607

abril.com.br Media 2792 403 3195

instagram.com Social Networks2971 21 2992

ivmmeta.com Questionable 2573 265 2838

medicospelavidacovid19.com.brQuestionable 2590 152 2742

clicrbs.com.br Media 2519 193 2712

em.com.br Media 2168 516 2684

pleno.news Questionable 1203 1288 2491

Table 17: Top 25 domains shared commonly on Facebook and Twitter.

On Facebook, the top 50 most shared URLs commonly with Twitter were from
Facebook native content or YouTube. These results demonstrate two essential fea-
tures of these platforms. First, Twitter users disseminate, in a more systematic way,
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disinformation about “early treatment” using third-party content, which can be justi-
fied by the limited text corpus size of the message, requiring the use of other websites.
Second, Facebook users spread content in a visual format, mainly through video, as
most of the disinformation content was imbued on the platform.

To better visualize the cross-platform journey of these URLs, we built the graph
shown in Figure 3, which shows the different fluxes of information from two social
media platforms. In the network, we show only the URLs shared more than 10 times.
Additionally, we changed the arrow to simple lines to simplify the visualization of
data and ungrouped the social media content, to highlight the different networks that
were used to disseminate the content about “early treatment.”

Figure 19: Relationship among the categories within the two social media platforms.

The statistics of this graph show that the number of URLs categorized as Health
and Politics is very low (see Table 5). Similarly, the average weight degree of the
edges validates what is shown in Figure 19, Questionable and Media Sources are the
most shared content across Facebook and Twitter.
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Category NodesEdgesAvg. DegreeAvg. Weight DegreeDensityModularity

Health 6 8 1.33 112.00 0.26 0.00

Media 203 402 1.98 442.55 0.01 0.08

Politics 6 8 1.33 30.17 0.26 0.16

Questionable Source53 102 1.92 2223.84 0.03 0.05

Reliable Source 24 44 1.83 167.20 0.08 0.03

Social Media 9 18 2.00 47413.11 0.25 0.00

Others 290 576 1.98 58.03 0.007 0.26

Table 18: Network statistics for each group of information sources.

5.6 discussion and conclusion

In summary, our results demonstrate that disinformation is running across differ-
ent platforms and taking a more relevant role than media and high-credible sources
(RQ2). Furthermore, the URLs disseminated across Facebook and Twitter represent
in its major part content redirecting from their own platforms as well as from oth-
ers, such as YouTube and Instagram (RQ1). Although not fully covered in this study,
memes and videos became highly predominant in the dissemination of false or mis-
leading content. Fake news hides behind memes and satire content in visual forms,
which might not be seen as false at first. This deceives users and diverts society from
accurate information necessary in a health crisis, such as the COVID-19 pandemic.

Under certain assumptions, the number of posts redirecting to content from YouTube
might be related to the use of affordances offered by both platforms to watch the
video without leaving the platform (RQ3). This potentially raises the risk of exposure
to disinformation content, which calls for joint actions of big tech companies to work
together on mitigating or at least providing stopgap measures against non-reliable
or false information. Furthermore, we acknowledge that there are considerable dis-
cussions among researchers about the different public using these platforms [283].
For example, in Brazil, the most populated Lusophone country in the world, other
platforms are extremely popular, such as WhatsApp and Instagram. Future studies
should consider the potential effects of these platforms on information disorder in
Brazil.

Additionally, the format and the size of content interfere with the use of URLs.
Twitter limits each message to 280 characters, showing the high use of third-party
sources and visual content (RQ3). Facebook follows a similar pattern, having more
audiovisual content disseminated concerning “early treatment” (RQ3). Under cer-
tain assumptions, this can be construed as visual content is more appealing and can
deceive users and platforms’ measures to tag disinformation content [207].

About the media content, it is important to note that in situations where there is
not enough information and a lot of myths and rumors, there is a risk of these organi-
zations sharing information that is not accurate, incomplete, or somehow misleading.
Therefore, when we classify information as media sources, it does not mean that all
content is trustworthy and high quality. Furthermore, the media system in Brazil is
highly dependent on government incentives, which creates some narratives adherent
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to the government [221]. During the pandemic, there were some examples, when the
media supported Bolsonaro’s view, manipulating and deceiving people into thinking
the pandemic was not serious and that advice from public health and medical pro-
fessionals should not be followed [264]. However, this was not the core of this study.
In future work, investigating this misleading content from media outlets might prove
important.

Moreover, our dataset of media companies was built on data provided by other
organizations. We found some cases where there were media portals that are parti-
san and were not presented in the list. Similarly, we could not identify them in the
questionable sources. For example, highly shared websites like Brasil247 and Diário
do Centro do Mundo are neither registered as a media outlet nor found in question-
able sources. For this reason, we had to leave it in the category Others, although it
produces news reporting, which has been in the past questioned as biased [184].

Furthermore, the classification as a Questionable source is not perfect, as these
websites change and new ones appear [110]. Similarly, some links from this type
of source may point to credible information as well. This is potentially a limitation
of our study. However, this also means that our study took only a snapshot of the
issue, a way to avoid bias or generalization. Despite this limitation, this is a good
start to trace the disinformation content, helping governments and policymakers to
ease the COVID-19 pandemic burdens rooted in disinformation content. Regardless,
future research could continue to explore this analysis by using different specialists,
as might be many other sources classified as Others sharing media or questionable
content.

As expected, there are some limitations to this study concerning the data. The
differences between platform data availability and biases in sampling resulting in un-
fair comparisons impossible in many cases [283]. As pointed out by previous scholars,
Facebook’s newsfeed algorithm is a black box and CrowdTangle is a tool that helps
editors and academics make a little bit more sense of the platform, but still has its lim-
itations [47]. Additionally, our data was focused on the Portuguese language, which
is not only spoken in Brazil but also in Angola, Cape Verde, Macau, Mozambique,
and Portugal, for instance. Although the majority of the Lusophone population is in
Brazil, there is a possibility that content from other countries was also presented in
the datasets.

In conclusion, the pandemic has served to consolidate the need for and an aware-
ness of the importance of quality and reliable information. We argue that it is unde-
niable that fact-checking initiatives, just as journalism itself, are essential to combat
the spread of false or misleading information online. However, platforms need to act
to detect and remove known pieces of disinformation and all content from system-
atic spreaders [200]. Furthermore, Brazilian politics is inextricably intertwined with
health disinformation, which points to the need for the media as a fourth power to
monitor those in authority and expose their wrongdoings. Finally, our analysis re-
veals opportunities to understand the cross-platform diffusion of these “fake news”,
which can be useful to slow the spread of false information and avoid people getting
affected by these narratives in future events.
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U N D E R S TA N D I N G I N F O R M AT I O N D I S S E M I N AT I O N A B O U T
S O C C E R C H A M P I O N S H I P A M I D S T T H E C O V I D - 1 9 PA N D E M I C :
A C O M P U TAT I O N A L A P P R O A C H T O A N A LY Z E P U B L I C ’ S
P E R C E P T I O N S O F S O U T H A M E R I C A N F O O T B A L L
C H A M P I O N S H I P I N B R A Z I L

In the wake of the recent pandemic outbreak of the COVID-19 coronavirus, infor-
mation distribution on social media platforms has shown to be an issue, spreading
faster than a virus. It is especially relevant for the rapid dissemination of information
at large-scale cascades, such as the 2021 South American Football Championship
held in Brazil amidst the COVID-19 outbreaks and high infection rates across the
country. Here we proposed a computational method to detect the communities and
their spreaders by exploiting the information diffusion on Twitter. Our results shed
light on the different approaches taken by influential accounts in spreading the in-
formation surrounding these topics. Overall, our method obtained robust results to
identify the topics discussed in large-scale cascades by combining clusterization and
Latent Semantic Analysis (LSA).

6.1 introduction

In the wake of the recent pandemic outbreak of the COVID-19 coronavirus, infor-
mation distribution on social media platforms has shown to be an issue, spreading
faster than a virus [87]. During previous outbreaks, the number of messages related
to the health crises posted on social media channels increased exponentially. For ex-
ample, “the H1N1 virus accounted for about 2% of the traffic on micro-blogging
sites” [130].

In addition, the information on these channels is highly contagious and redun-
dant, making it difficult for users to understand the issues being discussed and make
effective decisions. In the real world, information diffusion is a simple process by
which information passes from neighbor to neighbor, generating public interest. On
the web, there is too much information about an issue in a short period that makes it
impossible to detect and understand the discussion that is going on [183]. In general,
this information overload happens because influential users are able to mobilize a
high number of people around a topic [283].

A number of empirical papers have addressed the matter of information diffusion
on networks. However, few studies analyze specifically the attributes and roles of
superspreaders on topics disseminations in their communities [283]. Our study aims
to fill this gap.

This paper focused on detecting these communities and their spreaders by exploit-
ing the information diffusion on groups of people that share a common interest on
Twitter. To better understand what engages these users in these clusters, we also con-
ducted a topic modeling analysis on the corpus of the content of these groups. Thus,
by identifying the clusters of information diffusion and the spreaders involved in this

92
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process, our computational approach analyzes the public perception of an event that
generated much debate on Twitter in a short time: the announcement that the 2021

South American Football Championship would be held in Brazil amidst the continu-
ing COVID-19 outbreaks and high rates of infection across the country. Additionally,
this championship took on a greater proportion, as there was strong pressure from
the government for the event to take place in Brazil as a form to convey the impres-
sion that life was back to normal, even in a scenario of health crises. This study poses
the following questions:

RQ1. Do a few influential accounts dominate the information diffusion about soc-
cer championship amidst the COVID-19 pandemic? What is the role of verified ac-
counts in the dissemination of these contents? Who are those actors?

RQ2. What are the main topics that arose from these discussions? How are the
structure and attributes of these online communities discussing the soccer champi-
onship amidst the COVID-19 pandemic?

Therefore, studying the rules of information diffusion on social networks can help
us to better understand the rules associated with sudden events in this environment
as well as the structure and attributes of these online communities.

6.2 information dissemination in social media

Online networks have shown an important role in the dissemination of various
kinds of information. The use of social networking sites (SNSs) has created a space for
those networks to engage in discourse about several topics, ranging from social issues
to relationships to current events [43]. Somehow these SNSs replaced the role of
media outlets, which were gatekeepers of the information distribution, deciding what
was newsworthy [236]. Prior research has suggested that this scenario is changing,
as “Twitter is closer to a news media platform than to a social network” [113].

Social media, however, has also given space for new voices, including the ones that
were historically shadowed by mainstream outlets [73]. Thus, these online commu-
nities enabled the emergence of online groups, in which social actors can interact
around common issues or interests [213], becoming a rich source of information for
many [126]. On the other hand, these sites were also filled with misleading statements
and outright falsehoods [276]. There are numerous reasons behind these types of con-
tent, such as the high level of anonymity that a user can have in these digital commu-
nications environments, ideological factors, and commercial features [44, 133, 250] .
Furthermore, platforms are especially conducive to rapid information dissemination
at large-scale cascades, which facilitates the spread of disinformation [82, 270]. Thus,
understanding the dissemination of information became an important endeavor for
an academic scholarship.

Changjun et al. [58] defined information diffusion as “a process where people trans-
mit, receive, and feedback information using symbols and signals for achieving mu-
tual understanding and influence by exchanging opinions, ideas, and emotions” [58].
In other words, information diffusion in online social networks is a process in which
a user receives a message and releases it to all the followers, which can be spread out
instantly among another group of followers. Scholarly literature has measured infor-
mation diffusion by two key parameters: diffusion size and diffusion speed. While
the first measures how widespread a message is, the second refers to the speed at
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which it is spread [130]. Previous studies have suggested that higher levels of diffu-
sion are dependent on the category or theme of the information [263]. However, the
speed at which information disseminates is crucial for its virality [94].

On online social media networks, Twitter became a good environment to investi-
gate the diffusion of information, as the platform provides for many years a quite
wide open Application Programming Interface (API), allowing researchers to collect
tweets with specific keywords or hashtags in real-time. Furthermore, the platform’s
affordances create an environment favorable for information sharing, such as the RTs,
which stands for retweets, and hashtags [150]. Prior study has demonstrated that the
use of hashtags is strongly correlated with retweetability. Similarly, the presence of
URLs in tweets increases the chances of being retweeted [130].

In terms of sentiment, negative messages tend to spread faster on Twitter [150],
whereas positive ones last longer [96]. Thus, negative sentiment is associated with
retweetability in prior studies [96].

Other studies aimed to classify the information diffusion according to the available
information about the network topology and diffusion process. Ramezani et al. [218]
established two categories. The first “topology conscious and diffusion information”
is described by the authors as the process that considers the network topology and
the information from the diffusion process as a real contagion propagation over the
network [218]. Previous studies detected the communities from the topology to un-
derstand the information dissemination on these groups [22]. In general, studies
build weighted graphs from the interaction of network members, such as shares and
likes [76]. These studies determine these core nodes and utilize diffusion models to
coherent nodes, describing the spread of similar behaviors [218].

The second category was “topology oblivious and diffusion information,” which
lies in the inference of communities only by using diffusion information. However,
these models tend to have the double complexity of inference and a community
detection algorithm, hampering its applicability [218].

This research belongs to the first category above, as our method relies on the con-
nections from the interactions, that is, retweets.

6.3 the role of superspreaders on information propagation

The wave of mobilizations generated via online social media networks in recent
years, such as the Arab spring, showed the power of digital media to connect people
and to help protesters self-organize in a massive way. There is not much evidence on
how exactly SNSs encourage recruitment or how the diffusion of protests in SNSs
happens [113]. It was reported in the literature that messages pass on from one
user to another, influencing numerous individuals. Thus, a relatively small portion
of users influences the network’s diffusion, also known as “superspreaders.” These
superspreaders propose a dynamics model that characterizes tweet information prop-
agation [289].

Intuitively, users’ influence is closely related to the scale, position, and status in
the community. There is a typical topological structure, in which spreaders tend
to be more central in the network [113]. These groups are the various dense sub-
modules with inter-community links among them, which, in general, have common
interests [218]. Thus, these communities represent network clusters, which are in-
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terconnected and tend to share similar characteristics that can be identified as the
patterns that characterize these subgroups [277]. Furthermore, these clusters “define
the boundaries of interaction and information flow on Twitter” [262].

Therefore, the most active nodes in a network are described as hubs and play
a powerful, influential role in these communities, influencing users’ thoughts and
opinions [21]. By putting individuals at the center of the network, social media allow
them to become key content sources within as well as across clusters [126]. Taking this
social networks approach, a recent study detected network clusters on Twitter as a
way to determine key users who can bridge users across clusters surrounding soccer
topics [262]. Surprisingly, the authors detected that the power of these key users,
which they call mediators, has declined over recent years. Additionally, mediators
were negatively associated with engagement on Twitter [262].

On the other hand, Yang et al.[283], detected an important role of these individu-
als as top spreaders of low-credibility sources on Twitter and Facebook. The authors
quantified the concentration of original posts and tweets for a source and identified
the presence of, what they called, superspreaders that were responsible for the dis-
tribution of infodemic content surrounding the COVID-19 pandemic. Additionally,
it was found that verified accounts tend to receive a significantly higher number
of retweets and shares, playing an outsize role in the spread of disinformation con-
tent [283].

Considering there exist susceptible users, superspreaders are opinion leaders in
social media, which can engage many users in their narrative and may impact pub-
lic opinion [218]. We found limited studies on the influence of superspreaders on
information propagation, which is important, in the context of emergency situations,
where users are impacted by public health policies, such as the COVID-19 outbreaks.

Here we proposed to study the information dynamics based on the existence of
communities that are forwarding messages of these spreaders. Therefore, we focus on
detecting communities by exploiting their diffusion information. Then, we detected
the topics disseminated by these clusters and their influential accounts.

6.4 twitter as a platform for information consumption

A social network is a structure comprising a set of actors and their ties. From a
macro perspective, different types of social networks can have different modes of
information diffusion. On Twitter, users are allowed to follow others, while they can
also be followed by different users. Unlike on most online SNSs, such as Facebook,
the relationship of following and being followed is not reciprocal. In other words, a
user can follow any Twitter account (only if it is public), and the user being followed
does not need to follow back [152]. Furthermore, a common practice in the platform is
the retweet, a mechanism that empowers users to spread information of their choice.

On Twitter, the information moves from one individual to another through their so-
cial relations, and “influenced” users can pass on the information to others [263], [104].
Some pieces of information are more relevant than others on Twitter. In particular,
entertainment content drives much higher engagement and retweets than any other
category [262]. This type of content generated high levels of engagement due to
the emotional attachment and connections, resulting in strong online communities.
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Therefore, SNSs also seem especially relevant in the sports world, as there is a fan
base that has risen up in these spaces [262].

Social media tremendously facilitate the creation, consumption, and dissemination
of information about the sports industry [208]. Prior studies have shown that Twitter
was used as a source of real-time news concerning sports [262], [124]. In Indonesia,
some accounts were responsible for the provision of soccer information. To better
understand the topics discussed, the scholars used the Latent Dirichlet Allocation
(LDA) method and identified that the updates on the progress of matches, pre-match
analysis, soccer club achievements, and information about leagues in other countries
could be found in those tweets. By relying on LDA, the authors limited their results
to the distribution and frequency of the words in the text, which is reduced in tweets,
as they are currently limited to 280 characters [124]. Additionally, their analysis is fo-
cused on identifying topics discussed in the whole dataset, which does not reflect the
discussions that happen in the platforms, as these users tend to exchange messages
in communities.

By creating an environment where active participants can discuss and share con-
tent about sports teams, these platforms enable the creation of online sports com-
munities [62]. Although there are many studies on Twitter, the research in sports in-
formation discussion in communities remains limited. Vermeer et al. [262] expanded
this discussion by taking a social network perspective on individual characteristics
of Twitter users and their relational ties. The authors also investigated key actors
in those communities and their influence on information diffusion patterns [262].
Conceptualizing the online sports landscape in network clusters highlights the im-
portance of users in key positions and their influential roles in information dissemi-
nation on Twitter.

In the wake of the COVID-19 pandemic outbreak, Twitter also became an important
tool to look for information about the health crisis. Prior epidemics, such as zika, have
shown that Twitter users were concerned by topics related to the illness raised, such
as the societal impact, transmission routes, and risks associated with it [105]. Other
epidemics have shown that these users may stigmatize the health emergencies in their
communities, making fertile ground for the dissemination of erroneous or misleading
content on SNSs [4],. For example, the number of tweets concerning H1N1 during
the outbreak increased by 1500 times [124]. These examples indicate the increasing
dependence on social media as channels for information consumption in today’s
networked society.

By combining sports and health elements on Twitter, we want to understand how
information diffusion is heavily impacted by influencer nodes. This is especially im-
portant in Brazil, where the country is suffering from a political polarization [134],
has reached high levels of infections from COVID-19 [24], and soccer is a national
passion [106].

6.5 data and methods

In this section are presented the data preparation and the proposed method.
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6.5.1 Data Collection

Our data was collected using an application programming interface (API) for Aca-
demic Research. In contrast to the standard API that limits the data collection to a
sample of 1% of Twitter flow, the academic API offers improved access to the Twit-
ter developer platform, including a monthly tweet volume of 10 million. It is espe-
cially relevant for the rapid dissemination of information at large-scale cascades [270],
such as in our case. The 2021 South American Football Championship, also known
as Copa América, was expected to happen in Argentina alongside Colombia. Both
countries decided to no longer act as co-hosts for Championship due to the ongoing
anti-government protests in Colombia and the COVID-19 cases overgrowing in Ar-
gentina [89, 74]. This decision happened less than two weeks before the competition
kick-off. While organizers were reluctant to call off the tournament because of its
economic importance, citizens were concerned about the COVID-19 outbreak [74].

In Brazil, the situation was no different from Argentina and Colombia, there were
anti-government protests, and the number of COVID-19 cases was high for global
standards. Even under these circumstances, the Brazilian government announced that
the country would host the event [8]. In this scenario and in a country where soccer is
a passion, rapid dissemination of information at large-scale cascades was generated
on Twitter concerning the hosting of the event and its surroundings, making it an
important case to study the information diffusion.

Thus, we collected tweets in Portuguese containing the words “COPA AMERICA”
or “CopaAmerica” between May 31st, 2021 (the first day that the media announced
that Brazil could host the event) to June, 3rd 2021 (two days after the government
announced that Brazil would act as a host for Copa América). These four days of dis-
cussion on Twitter returned 739,357 tweets, which composed the base of our dataset.

6.5.2 Data Preparation

A large number of existing studies in the broader literature have proposed differ-
ent ways of building networks from tweets, such as friends, followers, retweets, and
likes [76]. For this study, we used an established technique, namely retweets, to build
graphs that show the interactions among these users and their tweets. We opt for
retweets as our goal was to identify the information flow and the users influencing
these discussions. Thus, a directed graph G is built with a set V = {1, ...,m} of ver-
tices (or nodes) and a set E ⊆ VXV of edges. As in our graph the source and target
matter, the user from the original tweet is the source and every user who retweeted
this message is the target.

After that, we run an algorithm to extract the community structure of large net-
works [39]. This method is well known in the industry as the quality of results is very
good when analyzed by its modularity. From these clusters detected, we separated
the six (n = 6) most representative, that is, clusters that had more than 5% of nodes.
In total, these clusters represent 67.37% of our dataset, as shown in Table 19. To better
visualize it, we implemented this graph in the network analysis software Gephi, as
shown later in Figure 20 [27].

Having our communities detected, we conducted a preprocessing phase. Firstly,
we identified all emojis used in the text and removed them. All embed links, spe-
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Table 19: Description of the dataset

Description Value

Number of nodes in the graph 139,084

Number of edges in the graph 302,537

Number of tweets in the graph 509,729

Percentage of nodes corresponding to the major communities 67.37%

Percentage of edges corresponding to the major communities 62.29%

Percentage of tweets corresponding to the major communities68.94%

cial characters, and non-textual content were removed. Hashtags were maintained
without the hash symbol (#), as they could bring textual content that was useful to
model topics. Compound names were concatenated using the underscore symbol,
since essentially they mean one item, such as São Paulo and Rio de Janeiro became,
respectively, Sao_Paulo and Rio_de_Janeiro. These names included cities, states, and
important figures, such as politicians, government officials, and entity names.

Secondly, we removed stopwords from the tweets, which include uninformative
tokens, such as prepositions, articles, some frequent adverbs, and conjunctions. We
also evaluated the different models of lexicons for the Portuguese language to map
common words or expressions that were not relevant and could be removed from the
dataset. Lastly, we used uppercase in all tweets to standardize and avoid problems
with our algorithm.

6.5.3 Data Analysis

After cleaning and preprocessing our data, we analyzed the influential accounts.
To detect the spreaders of each cluster, we establish an index that is calculated based
on the outdegree divided by the number of tweets (this also represents the number of
vertices of each cluster). The outdegree was chosen because this metric best represents
the tweet’s author that was retweeted. In other words, the higher the outdegree is,
the more retweets the user has. We looked at the accounts that represented more than
5% of the tweets in the clusters.

Having found the clusters and the influential accounts, we performed the topic
modeling process. We decided to use Latent Semantic Analysis, or LSA, which is one
of the foundational techniques in topic modeling. This method has been widely ap-
plied in the literature “for extracting and representing the contextual-usage meaning
of words by statistical computations” [156]. The theoretical foundation of this method
lies in distributional hypotheses, that is, the terms with similar meaning are likely to
occur very close in their contextual usage [146]. Thus, we applied LSA to each of the
six communities that were detected. We then qualitatively analyzed these topics to
understand what information was being discussed and if it was positive or negative
toward the realization of the event.

In addition, we identified the main actors and quantified the number of accounts
that were verified as well as identified if these spreaders were verified accounts.
Among the verified users, we qualitatively analyzed them to detect if they are known
or unknown people and what their roles are, such as journalists, politicians, and so



6.6 results 99

on. In the following section, we discuss our results concerning the proposed research
questions and in light of the theoretical framework described earlier.

6.6 results

Our results are presented in two sections, each answering one of our research
questions. In the first section, we present the validity of our computational method by
describing the communities detected and the actors responsible for the information
diffusion in these groups. We then follow up with a discussion of the topics that were
mostly discussed in these communities during these four days.

6.6.1 Information Diffusion Process under the Lens of Spreaders

We begin this analysis with an overview of the network structure of communities
detected during the time frame considered. Our data shows that a major part of the
conversation happens in these six clusters that are well connected through multiple
links. A brief description of each of the communities is given in Table 20. By analyzing

Table 20: Descriptions of communities.

ClustersNodes% of Nodes Edges % of EdgesN. of Tweets

1 32,779 15.88% 131,627 27.1% 181,256

2 27,232 13.19% 68,209 14.04% 128,429

3 25,107 12.16% 39,054 8.04% 85,908

4 24,446 11.84% 29,468 6.07% 49,088

5 17,713 8.58% 21,449 4.42% 42,738

6 11,807 5.72% 12,730 2.62% 22,310

the graph properties, we could detect that our bigger community (Cluster 1, in red)
is less connected to our smaller one (Cluster 6, in purple). By looking at the main
spreaders of information in these two clusters, we could identify that most of the
influential users in Cluster 1 were pro-government and far-right politicians, while
in Cluster 6, there were politicians who acted to the contrary, mostly far-left wing
politicians. We speculate that this might be because these two communities have
opposed views about hosting the event amidst the pandemic. On the other hand, the
influential accounts in the Cluster 2 are left-wing politicians and media outlets. The
latter might explain the reason that they are strongly connected with Cluster 1, even
though they have opposed opinions about the event as well.

Our findings on Cluster 1 indicated that only about 30% of the accounts were ver-
ified, being most of them from politicians and journalists. Importantly, there were
top accounts in Cluster 1, which were identified as spreaders of disinformation in
the past, such as @taoquei1, @tercalivre, @JornalDaCidadeO, and @revistaoeste [187].
Although disinformation is not covered in this study, the presence of these accounts
is directly in line with prior studies that showed that verified accounts are also re-
sponsible for sharing false or misleading content on social media platforms [283]. On
the other hand, the major part of the top accounts of the Cluster 2 is verified (80%),
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which includes two media outlets (G1 and Folha de São Paulo), one politician, and
one scholar. The only top account that is not verified belongs to a person who is
well-known because she has shown some sympathy to socialist causes.

Cluster 3 is led by sports accounts from media outlets and sports journalists, who
were sharing the latest news about the Copa América. In total, 85.57% were verified.
From these accounts, only one is not verified, but the user @futebol_info shares soccer
news content. Similarly, the influential users in Cluster 4 include some sports jour-
nalists and media personalities. Although the majority was not verified (75%), these
users were well known in the sports scenario, such as a soccer analyst, an unofficial
media channel, and a reality show contestant. However, there were fewer accounts
verified in the top 10 (only 4). Cluster 5 is composed of the majority of sports jour-
nalists, being more than 83% of these accounts verified.

As mentioned before, Cluster 6 is led by influential actors from the far-left wing.
All of them were verified users (100%). To visualize all of the above, we draw Figure
20, in which we highlight the communities and their relationships.

Figure 20: Communities detected and their relations

6.6.2 Highly Polarised Positions

Having the major communities detected, we were able to model topics of these
communities to understand the information diffusion by these actors. As expected,
our major community (Cluster 1) was pro Brazil hosting the event, as it includes
far-right politicians aligned with the government. This main topic discussed in this
community was defending the possibility of hosting Copa América, as the Brazilian
Championship (Campeonato Brasileiro, in Portuguese) is already taking place in the
country. There was also an argument that the movement against the realization of
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the event in Brazil was due to the fact that TV Globo (the major television network
in the country) did not have the right to transmit the event.

Opposing it, Cluster 2 argued that Argentina and Colombia decided to step down
in hosting the event due to the coronavirus outbreaks and protests, respectively, while
in Brazil both are happening at the same time. Similarly, these users remembered
that even with the thousands of people who died from COVID-19 in the country, the
government accepted to host the event, which some argued to be a way to draw at-
tention away from the health crises. There were critics toward the television network
(The Sistema Brasileiro de Televisão - SBT), which was supporting the government in
this decision.

In the same vein, Communities 3 and 4 were against Brazil hosting the event. While
the former defended that Brazilians do not want to host the Copa América, the latter
use the argument that the Brazilian government took months to reply to Pfizer to ne-
gotiate the acquisition of vaccines and only hours to respond to the South American
Football Confederation (CONMEBOL) that Brazil would be able to host the competi-
tion.

Clusters 5 and 6 brought the discussion to the state level. In Community 5, influen-
tial profiles remembered that the city of Manaus in the Northern region could host
some matches, even facing a health system collapse with the shortage of oxygen in
January 2021 [160]. The discussion in Community 6 was related to the state of São
Paulo, where the Governor agreed to host some matches, but he decided to suspend
them after criticism from citizens [224]. There were also concerns about the lack of
protocols to receive soccer teams in the Brazilian airports.

6.7 discussion and conclusion

In summary, this paper provides additional information about information diffu-
sion on online social networks. Using Twitter as a reflective tool for discussion about
the 2021 South American Football Championship amidst the COVID-19 pandemic in
Brazil, our results demonstrate a relatively strong effect of political views on beliefs
and concerns about the tournament.

Given these tweets had rapid dissemination of information at large-scale cascades,
our method, by combining network structure of retweets associated with topic mod-
eling based on the LSA method, obtained good results that allow us to understand
the information disseminated at a large dataset.

Unsurprisingly, our computational method identified influential accounts, such as
media and sports journalists, dominating the discussions about the championship, as
the event has international scope and attracts great interest from those actors. How-
ever, we also found a strong presence of political actors pushing the narrative for and
against Brazil hosting the Copa América, with the far-right politicians in favor, while
the left ones were against the realization of the event. We also saw that media outlets
and journalists took sides in this discussion. Our results showed that the discussions
are very concentrated on the same topics at the cluster pro-Bolsonaro (Community
1), using the same narratives, while in the others there are some variations.

In another vein, our results shed light on the different approaches taken by influ-
ential accounts in spreading the information. While the cluster pro-hosting the event
(Community 1) had a high presence of unverified profiles and accounts from pages
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that had disseminated disinformation in the past, the other clusters were generally
conformed by verified accounts from sports journalists, media channels, and politi-
cians.

Our network showed that even discussing different topics there were some ties be-
tween these groups. This can be explained because many spreaders use the discourse
of other communities to defend their viewpoint. In this aspect, these users built their
narratives distorting the truth out of contempt for the fact-based information, pro-
moting a polarization of viewpoints.

As expected, there are some limitations to this study. Our study shows that there
are ties between different communities, which were not further explored in this study.
Future studies could investigate this topic to understand how these different commu-
nities engaged between themselves and how this affects information diffusion.

In addition, our study is built in a scenario of high polarization, which brings some
concentration to the information discussed on two fronts. Future research should
consider the potential effects of other scenarios.

In situations of polarization, issues not directly related to political discourse, such
as sports and vaccination, end up taking over the public agenda creating debates that
leave the facts aside and take the focus off scientific evidence. Thus, this study aims
to provide evidence for the type of information diffusion and the role of influential
users on Twitter.
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C O M M U N I T Y D E T E C T I O N I N V E RY- H I G H R E S O L U T I O N
M E T E O R O L O G I C A L N E T W O R K S

Several complex dynamical systems are embedded in geographical space. Geo-
graphical data has proved its importance in several domains. For instance, the for-
mation and scrutiny of climate networks have emerged as a new research topic in
environmental literature. However, there is still a lack of investigations of scenarios
with very-high spatial resolution, such as those considering meteorological data. Re-
cently, a new concept, named (geo) graphs, was proposed. (Geo) graphs are graphs,
or networks, in which the nodes have an assigned geographical location. Besides
embedding nodes into space, these graphs are readily manipulated with Geograph-
ical Information System (GIS), and, thus, represent a suitable tool for dealing with
very-high-resolution scenarios, such as meteorological data. In this context, here, we
apply a (geo) graph approach to model a radar-derived rainfall dataset. We represent
the nodes as a point-type shapefile and the edges as a line-type shapefile, which are
standard file-types in geoinformatics. After, we analyze the topological properties of
a family of (geo) graphs considering distinct thresholds. The analysis of these net-
works reveals a spatially well-defined community structure, which, interestingly, are
consistent with topographical/altimetric and land use/land cover data. These results
show the relation between geographical properties and the topological structure of
the network might be applied to different ecological studies, from sustainable devel-
opment to urban planning and disaster risk reduction.

7.1 introduction

Complex networks have been used as a common framework to study a diversity of
complex systems, such as the climate [255, 92, 84, 85]. In particular, due to their flex-
ibility and generality for representing the system topology, networks have emerged
as a new interdisciplinary science, named Network Science [194, 21].

After representing the system in a network, several measurements can be extracted
from the graph and used to scrutinize its topological and dynamical features [93, 194,
91]. These measures vary from micro-scale measurements, such as a node degree, to
macro-scale information, like the modular or community structure of the network
[112, 99].

Notably, several papers have been published by the climate community [31, 85],
in which the outcome from the network study complements traditional approaches
by revealing higher-order statistical interrelationships in climatological data. How-
ever, in a close field, meteorology, there is still a gap considering network analysis,
particularly in very-high resolution meteorological processes data.

Here, we apply a (geo)graph approach [226] to a radar-derived rainfall dataset in
order to evaluate topological properties of the system, i.e. its community structure.
Our results suggest an influence of both digital elevation model (altimetry) and land
use/land cover on the community structures.
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7.2 material and methods

7.2.1 Radar-derived rainfall and the Serrana Region of Rio de Janeiro

Rainfall is characterized by considerable spatial and temporal variability in its
quantity and intensity. It is the result of complex physical processes in the atmo-
spheric environment outside and within the cloud. This variability is even higher in
tropical latitudes where there is greater availability of heat and moisture, which are
the main ingredients for the atmospheric processes that produce rainfall [193].

The characteristics of the terrestrial surface also exert significant influence on the
characteristics and distribution of the rainfall, in particular: (1) surface topography
and; (2) surface land use. The first modifies the airflow mechanically, which may
favor or inhibit rainfall. The second changes the heat and moisture fluxes between
the surface and the atmosphere, hence influencing the rainfall formation processes
[102].

This study is focused on the Serrana Region of Rio de Janeiro State, Brazil, as
shown in Figure 21. The essential characteristics of the selected domain are: (1) the
region is located in tropical latitudes; (2) it is a mountainous region and; (3) it presents
variations of surface cover due to the anthropic influence on land use and occupation.
The altimetric/elevation data used in this work is gathered from the SRTM project
[2], and the land use and occupation data are from the "MapBiomas" project [1].

Figure 21: The rectangular area highlights the area of study

Rainfall data ranges from January 24th (2012) to February 2nd (2012), summing 240

readings. The selected period includes 3 precipitation events. In atmospheric synoptic
scale this period was influenced by the presence of the South Atlantic Convergence
Zone (ZCAS). A significant percentage of heavy rainfall events triggering natural
disasters in Southeastern Brazil are associated with ZCAS episodes (47%) [165].

Rainfall amounts used in this study were derived from radar data. Rainfall is es-
timated based on the intensity and time of the return of an emitted electromagnetic
pulse and its reflectance from the raindrops. The relation between radar reflectivity
factor, Z (mm6 m-3), and precipitation rate, R (mm h-1) is derived from an improved
algorithm for the partitioning of radar reflectivity into convective and stratiform pre-
cipitation as follow [35, 3] : (a) stratiform: Z = 200∗R1.6 ; (b) convective: Z = 300∗R1.4.
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The reflectivity partition uses a threshold of 40 dBZ. The chosen domain covers an
area of 45 km (north-south) x 39km (west-east) in a grid of 1km x 1km pixels.

The upper left corner of domain is placed at: S22°25′59′′; Long.: W42°45′52′′. This
region is strategic because part of the monitored area is composed of an urban region
in which disasters have already occurred. Data is organized as a rectangular area with
1755 cells holding 1 hour of accumulated precipitation. The conversion from polar to
Cartesian grid data is divided into an azimuth interpolation and then an elevation
interpolation. The scheme finds the two closest neighbors and take their values to
calculate a weighted value for the target point [3].

The radar antenna is placed at Pico do Couto (Lat.: S22°27′51′′, Long.: W43°17′50′′)
at an altitude of 1771.94m. It is an S-band radar that has a peak power of 750kW,
simple horizontal polarization, with 2 degrees of radar beam width. The radar has a
range bin of 500m and a scan frequency of 10 minutes.

7.2.2 Methods

First, we define a tri-dimensional precipitation matrix P, in which each element
prs(t) of P represents the accumulated rainfall on the cell rs at a specific time-stamp
t; r ∈ [1,R], s ∈ [1,S], and t ∈ [1, T ]. R and S are the spatial dimensions of the area
under study and T is the length of the rainfall time-series. After, we compute the
Pearson correlation between each pair of samples and store their values in a matrix
C. Matrix C has order (R× S)2. Thus, each cell of the matrix C holds the Pearson
correlation between time-series of specific cells in the grid.

The correlation matrix C, given a threshold θ (0 6 θ 6 1), is converted into an
adjacency matrix A, in which aij = 1 if cij > θ otherwise aij = 0, with i and j range
from 1 to N, N = R× S is the number of nodes in the network (grid).

Next, the (geo)graphs are generated by setting the rs location of each node; thus,
mapping the topological structure of the network into the geographical space. Each
node has the attributes r and s comprising its space coordinate. Several graphs were
created with thresholds in the range 0 to 1with a step of 0.01. Finally, each (geo)graph
is analyzed from a complex network perspective. Precisely, for each network, we
calculate several measurements, from network micro-scale, such as the degrees of
nodes, to macro-scale, such as the modularity and the community structure of the
network.

7.3 results and discussion

Several measurements were extracted from the networks generated with the radar-
derived rainfall data. Fig. 22 depicts a summary of these measures as functions of the
connection threshold. The average path length represents the average of the shortest
path between every two nodes in the network. Lower values indicate that the net-
work is densely connected and just a few links connect each pair of nodes. On the
contrary, higher values are associated with sparser networks. The largest component
size indicates whether the network is composed of a single or several unconnected
components. A value of 1 is achieved when the network has a single component; thus,
the size of the component is precisely the size of the whole graph. The modularity is
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a measure that defines the quality of a partition of the network in modules. Higher
values indicate that the network holds a strong modular structure. With a threshold
close to 0.95, the network structure breaks into more than one component. Thus, by
following the results shown in Fig. 22 and guided by related climate network studies,
i.e., [84], we adopted a threshold of θ = 0.9 to continue our analysis. At this threshold,
the generated network provides some compelling features, such as a lower average
path length, meaning that the network is sparse; high modularity (≈ 0.8), which
shows an excellent modular structure, and a unique component (normalized size of
the largest component is equal to 1).

Figure 22: Normalized average path length Modularity Normalized largest component
size

Figure 23 shows the network and its community structure delivered by the Walk-
trap method [214]. It is worth noting that equivalent community structure was ob-
tained with other methods, such as the Louvain and the Fastgreedy. See [99] for a
review of community detection methods.
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Figure 23: Communities and edges of graph. Blue lines represents the edges; numbers de-
picted in each polygon indicates the communities’ id.
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Figure 24: Communities detection over elevation layer

The same network structure is depicted in Figs. 24 and 25. However, these figures
display, as background, the terrain elevation and land-use, respectively. The terrain
elevation did not play a major role in separating the network communities, as shown
in Fig. 24, albeit one might, by a visual inspection, observe a correlation between
the elevation and the communities in some areas. On the other hand, the land-use
showed in Fig. 25 revealed interesting patterns, such as the urban area, depicted in
purple, which has influenced the community structures of the network. Most likely
there is influence of relief, however the results make more evident the influence of
land use.

The urban strip that separates the two communities also divides areas with dif-
ferent orientation slope. These distinct slopes provide influences on the atmospheric
flow and, therefore, also to the processes of raindrops formation. In particular, on
the slope where the air rises (windward) results in air cooling and consequent con-
densation, which favors the occurrence of rain. On the slope where the air descends
(leeward), results in air heating, evaporation of water and inhibition of rain [132]. On
the other hand, the urban strip influences a more challenging effect. A recent review
concerning climate and its influence by landscape structure and land-use, states that
land-atmosphere interactions are often specific to the case study and might not be
generalized straightforwardly [177].
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Figure 25: Communities detection over land use layer

Figure 26: Correlation coefficient between each pair of nodes for each geographical distance
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The observed separation of communities corroborates with literature studies of
complex terrain and urbanization influence on rainfall. [223] studied the Alps Moun-
tains influence on atmospheric flow and resulting precipitation patterns. They demon-
strate that detailed knowledge of the orographically modified flow is crucial for pre-
dicting precipitation behavior. Indeed, another study stated that interactions between
urbanization, complex terrain, and their meteorological impacts are not well under-
stood [102]. Nevertheless, their study in a particular spot of Argentina showed that
urbanization reduces precipitation downwind and might cause a shift in precipita-
tion distribution upwind. They concluded that changes in surface, induced by ur-
banization, interact synergistically with the persistent forcing of atmospheric flow in
complex terrain.

Finally, in Fig. 26 is possible to realize the non-trivial relations between time-
correlation and geography (spatial distance). However, we can note a decay on the
average correlation index for geographical distances over 20km, which might indicate
a radius of influence.

7.4 concluding remarks

In this work, a (geo)graph approach was applied to a meteorological radar-derived
rainfall dataset. We analyzed a set of topological properties of a family of (geo)graphs.
The network visualization revealed a spatially well-defined community structure,
consistently to topographical/altimetric as well as land use/land cover data.

Those results might be applied to different ecological studies, for example: 1. ex-
tending the observational network of in-situ rainfall sensors considering the commu-
nity detection, in order to combine radar (remote) data and in-situ observations; and
2. drawing disaster risk scenarios considering the regional behavior of rainfall – the
main trigger for disasters in the study area. Risk scenarios use to be important tools in
sustainable development, urban planning, and disaster risk reduction projects [227].

Among our perspectives, is to handle other and larger radar-derived rainfall datasets,
especially as a set of time-series with a time-varying graph approach, aiming to iden-
tify topological transitions on the network structure and use them as early warning
triggers.
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C O N C L U S I O N

When analyzing problems using complex networks, researchers usually model
them using graphs. This allows network properties to be analyzed and consecutively
communities be detected. Clusters in networks reveal important characteristics of the
system under study. This research explored the application of complex networks in
different fields: online social networks and geographic data. It uses structures of two
very distinct networks: from texts, using a method based on Markov chains, and from
precipitation data obtained from weather radars.

This study, therefore, contributes to academic training in three ways. First offering
a new method of modeling topics, second showing the possibility of using complex
networks in the analysis of online social networks, focusing on the analysis of the
dissemination of fake news. And finally, understand the relationship of community
structures about their geographic location.

8.1 concluding remarks

In the following subsections, the results achieved in each topic studied are pre-
sented.

8.1.1 Topic Modeling Based on Community Detection and its Applications

In chapter 2, a study was developed to propose a computational method for topic
modeling based on Markov chains. Overall, the results show that the proposed
method presents better results when compared to LDA and LSA. In particular, this
is relevant, as the dataset consists of tweets, which present short text corpora and,
in some cases, may exhibit low lexical diversity. This is well justified because tradi-
tional methods, such as LDA, rely on probabilistic methods relating the frequency
of a word to its neighbor, i.e., the accuracy depends on the size of the dataset and
the lexical diversity. Similarly, LSA is a natural language processing algorithm, which
analyzes the relationships between a set of documents and their terms. LSA works
as a distributional semantics, which also requires large amounts of text to represent
word meaning using abstraction mechanisms [40]. Thus, both methods, LDA and
LSA, require large amounts of text and some lexical diversity to model topics. This is
not necessary for the Markov-inspired method, as it uses graphs and their structure
to detect communities, which in this study represents the topics.

Furthermore, the proposed computational method does not require a predefined
amount of topics to run the method. These topics are identified according to the
clusters that appear in this graph. This method is therefore generic and can be applied
not only to tweets, but to a different range of datasets with different sizes. Future
studies can explore this further by applying this method to large text corpora and
different patterns of social interactions beyond social media content, for example,
books and news articles.

111
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In the chapter 3, the topic modeling method was applied to analyze tweets from
two main Brazilian fact-checking organizations. Results showed similarities and dif-
ferences were found in what was verified by these two organizations during the same
period. This study contributed to research on fake news by developing a method that
can help news organizations identify topics that rose or fell in popularity on social
media platforms, helping governments to tackle measures about these topics.

In the chapter 4, 102,379 tweets from six major fact-checking agencies in Latin
America were analyzed. This computational method obtained robust results in iden-
tifying the main terms that were being used and through these words we were able to
find the common topics that emerged in these countries. Furthermore, this method
detected COVID-19 narratives without the need to read all the tweets. Thus, this
study concluded that fake news travels beyond country borders and is intertwined
with the political situation of each country.

8.1.2 Complex Networks Applied to Online Social Networks

In the chapter 5, it was possible to show URLs navigated across two different
online social networks, Twitter and Facebook. In summary, the results show that
disinformation is circulating on different platforms, taking on the role of media and
high credibility channels as sources of information. Moreover, the URLs posted on
Facebook and Twitter mostly represent content redirecting from their platforms to
others, such as YouTube and Instagram, creating a vicious cycle that is removing
reliable information from it. This analysis reveals opportunities to understand the
spread of fake news across social media platforms.

In the 6 chapter, this article provided additional information on the diffusion of in-
formation on online social networks. Using Twitter as a tool for discussion about the
2021 South American Soccer Championship amid the COVID-19 pandemic in Brazil,
the results demonstrate a relatively strong effect of political views on beliefs and
concerns about the tournament. Given that these tweets had rapid dissemination
of information on a large scale, our method, by combining retweet network struc-
ture coupled with topic modeling based on the LSA method, obtained good results
to understand the information disseminated in a large dataset. The computational
method identified influential accounts, such as media and sports journalists, dom-
inating the discussions about the championship, since the event has international
reach and aroused great interest among these actors. However, a strong presence of
political actors pushing narratives for and against Brazil hosting the Copa America
was also found. It was possible to identify far-right politicians pro the event, while
those on the left were against hosting it. Conversely, media outlets and journalists
took sides in this discussion, opposing their role of objectivity. Results also showed
that the discussions are very focused on the same themes in the pro-Bolsonaro cluster,
using the same narratives, while in the others there are some variations.

8.1.3 Analysis of Consistency in Communities Obtained from Spatial Networks

In the chapter 7, the paper presented a complex network-based approach that was
applied to a rainfall dataset derived from weather radar. A set of topological prop-
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erties were analyzed in the family of graphs. The network visualization revealed a
well-defined spatial-community structure consistent with topographic and altimetric
data. Results can be applied to different fields of studies, such as the observational
network of rainfall sensors considering community detection to combine radar data
and observations.

8.2 scientific contributions

During this research, the following works were published or in revison to academic
publications.

• Published:

1. Wilson Ceron, Leonardo BL Santos, Giovanni Dolif Neto, Marcos G Quiles,
Onofre A Candido, “Community detection in very high-resolution meteo-
rological networks” - IEEE Geoscience and Remote Sensing Letters,2019

2. W Ceron, MF de-Lima-Santos, MG Quiles, “Fake news agenda in the era
of COVID-19: Identifying trends through fact-checking content” - Online
Social Networks and Media, 2021

3. W Ceron, GG Sanseverino, MF de-Lima-Santos, MG Quiles, “COVID-19

fake news diffusion across Latin America” - Social Network Analysis and
Mining, 2021

• In revsion:

1. W Ceron, MF de-Lima-Santos, MG Quiles, “Understanding information
dissemination about soccer championship amidst the COVID-19 pandemic:
A computational approach to analyze public’s perceptions of South Ameri-
can Football Championship in Brazil” - Submitted to Social Network Anal-
ysis and Mining, December 2021

2. W Ceron, MF de-Lima-Santos, MG Quiles, “A Markov-inspired method to
model topics on social media platforms” - Submitted to Expert Systems
with Applications, February 2022

3. W Ceron, MF de-Lima-Santos, MG Quiles, “Tracing the “Early Treatment”
against COVID-19 in Brazil: A Cross-Platform Disinformation Problem” -
Submitted to Social Media + Society, December 2021

8.3 future studies

The topics that can be investigated in future studies are presented below.

1. In terms of topic modeling, future research can continue to explore the pro-
posed method in different contexts, such as content written in different lan-
guages. As some words would be more connected to those written in the same
languages, there is a high possibility that this method could group topics ac-
cording to each language. Conversely, the approach adopted here was static.
This may be the subject of future studies, which could explore it dynamically.
Future research should also examine modeling topics in real-time or through a
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time series analysis, allowing users to identify topics that arise and disappear
over time.

2. Concerning the work developed in the field of social networks, the use of com-
plex networks can be expanded to a more dynamic approach, analyzing in a
temporal way, the formations of user communities in clusters. It would be also
interesting to explore how the propagation of links between social network plat-
forms occurs over time.

3. In the field of spatial networks, community consistency analysis can be ex-
panded to other networks. This study here was applied to meteorological net-
works, but it could be applied to transportation networks, social networks,
among others. Furthermore, indices that measure the consistency of these com-
munities can be proposed to quantify the consistency of these communities.
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