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Resumo

As redes sociais online desempenham um papel central na disseminação de informações

e na formação da opinião pública. Durante as eleições presidenciais brasileiras de 2022,

o Twitter foi amplamente utilizado para compartilhar conteúdos poĺıticos, moldando o

debate eleitoral. No entanto, compreender os padrões de disseminação da informação e os

fatores que impulsionam a viralidade das mensagens ainda é um desafio. Embora diversos

estudos tenham explorado o debate poĺıtico nas redes sociais, poucos analisaram sistem-

aticamente a interação entre a estrutura de disseminação e as caracteŕısticas textuais para

prever a viralidade do conteúdo. Neste contexto, este trabalho investiga a propagação do

conteúdo poĺıtico no Twitter durante as eleições brasileiras de 2022, combinando análises

topológicas, caracterização textual e modelos de classificação. Primeiramente, modelamos

as redes de difusão a partir de retweets e aplicamos técnicas de extração de backbone para

identificar os usuários mais ativos na disseminação do debate eleitoral. Em seguida, real-

izamos uma caracterização lingúıstica dos conteúdos compartilhados, avaliando aspectos

como diversidade lexical, complexidade das mensagens e temas predominantes. Por fim,

exploramos a adição de informações topológicas a classificação de viralidade, considerando

se as mensagens foram ou não disseminadas por usuários nos backbones das redes de

difusão constrúıdas anteriormente, visando analisar se tal informação contribui para ap-

rimorar o desempenho da classificação de mensagens virais ou não virais. Os principais

resultados indicam que a estrutura topológica da rede é fundamental para entender a

dinâmica de disseminação: usuários identificados no backbone possuem um papel crucial

na manutenção do fluxo de informações, enquanto as mensagens virais tendem a apre-

sentar maior complexidade lingúıstica. No entanto, a inclusão de informações estruturais

no modelo de classificação resultou em um aumento da sensibilidade na identificação de

mensagens virais, mas reduziu a precisão geral da classificação. Estes resultados destacam

a importância de considerar simultaneamente fatores textuais e estruturais para prever a

viralidade do conteúdo e apontam direções para estudos futuros sobre a interação entre

comportamento do usuário e disseminação da informação em redes sociais.

Palavras-chave: eleições brasileiras 2022; modelagem de redes; disseminação de in-

formação; Twitter; processamento de linguagem natural; extração de backbone.



Abstract

Online social media platforms play a central role in the dissemination of information and

the shaping of public opinion. During the 2022 Brazilian presidential elections, Twitter

was widely used to share political content, influencing electoral discourse. However, un-

derstanding the patterns of information diffusion and the factors driving content virality

remains a challenge. While several studies have examined political debates on social me-

dia, few have systematically integrated dissemination structures and textual features to

predict viral content. In this context, this research investigates the spread of political

content on Twitter during the 2022 Brazilian elections by combining topological analysis,

textual characterization, and classification models. First, we model the diffusion networks

based on retweets and apply backbone extraction techniques to identify the most active

users in political discussions. Next, we conduct a linguistic characterization of the shared

content, evaluating aspects such as lexical diversity, message complexity, and dominant

topics. Finally, we explored the addition of topological information in virality classifica-

tion, considering whether or not the messages were disseminated by users of the backbones

of the previously constructed diffusion networks, aiming to analyze whether such informa-

tion contributes to improve the classification of viral and non-viral content. Our findings

indicate that the topological structure of the network is essential for understanding the

dynamics of information dissemination: backbone users play a crucial role in maintaining

the flow of information, while viral messages tend to exhibit greater linguistic complexity.

However, incorporating structural dissemination information into the classification model

increased recall in identifying viral messages but reduced overall classification precision.

These results highlight the importance of jointly considering textual and structural factors

to predict content virality and suggest future research directions on the interplay between

user behavior and information diffusion on social media.

Keywords: 2022 brazilian elections; network modeling; information dissemination; Twit-

ter; natural language processing; backbone extraction.
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Chapter 1

Introduction

The dissemination of information or opinions is considered a complex contagion process,

as a person’s connections in their social group as well as their beliefs will influence the final

picture of the spread of information, survival, and the intensity of the level of discussion

[12, 69, 43, 74]. Building on this, the process of information dissemination often manifests

as a collective behavior, where groups of individuals actively seek to expand or reveal their

views on specific topics [100]. Understanding how this important process unfolds in our

society is not a new task and has always been a huge challenge for different research

realms [29, 58, 97]. However, the pervasive presence of online social media platforms

(OSMPs) in the daily life of today’s society has added much more complexity to these

studies. These online environments are seen as an extension of our social relationships,

as they facilitate dialogue and connect people, providing channels of communication and

enabling the expansion of discussions on a wide variety of topics.

Several factors may influence the sharing of information on OSMPs. One significant

aspect is the algorithms used to populate users’ timelines [8, 108]. However, it is also well-

established that the way users organize themselves to share information, as well as the

textual characteristics of the content, play a crucial role in this diffusion process [111, 54,

82]. The combined impact of these two factors in promoting content on OSMPs remains

a challenging research problem. This issue is critical to analyze, especially since boosted

content can sometimes go viral and potentially cause harm to society [41, 53, 112, 67].

This is particularly relevant given the role of OSMPs as key platforms for organizing and

driving major social movements worldwide, ranging from health [65, 37] to politics [38, 99].

This scenario is no different in Brazil, where OSMPs are often used for political

debates. Several studies in the literature [62, 19, 94, 56, 111, 99, 25, 84, 54, 44, 40, 89]

characterized Brazilian political debates across various platforms. In this plethora of

OSMPs, platforms such as X (former Twitter)1 [93, 17, 88, 99, 84], WhatsApp [78, 79, 89]

and Telegram [111, 82, 11], have been the focus of many works that aimed at analyzing

how political information is disseminated on OSMPs.

In the light of this, the widespread use of Twitter as a key platform for political

1Twitter has been recently rebranded as X. However, we maintain the reference to the old platform’s
name as our study is based on features commonly associated with it.
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Figure 1.1: Twitter was a platform where the 2022 election debate was greatly encouraged
and had a lot of engagement.

discussion in Brazil makes it crucial to understand how information spreads and what fac-

tors contribute to content virality. While prior research has explored political discourse

on social media, few studies have systematically integrated both textual and structural

dissemination patterns to classify viral content. In this master’s thesis, we address this

gap by analyzing the 2022 Brazilian Presidential Election debate on Twitter. First, we

model the diffusion network and apply backbone extraction methods to identify the core

set of users who play a central role in spreading political content. Then, we examine the

linguistic properties of the messages being disseminated. Finally, we assess whether in-

corporating network-based dissemination signals alongside textual features improves the

classification of viral and non-viral content. By comparing a traditional transformer-based

classifier trained solely on text features with an improved model that incorporates struc-

tural dissemination information, we provide an orthogonal view of the interplay between

content and user behavior in the dissemination process. This study contributes to a more

in-depth understanding of how structural factors influence political information flow and

helps refine methodologies for content classification in dynamic online environments.

1.1 Research Goals

The main research goals of this master’s thesis are threefold: (i) to analyze how

users organize themselves to promote specific pieces of information; (ii) to examine the

textual features of content shared by users with varying levels of engagement in Twitter

discussions; and (iii) to evaluate how the combined impact of user engagement and textual
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features can improve the accuracy of classification models for distinguishing viral content.

To address these research goals, this master’s thesis is structured around three primary

research questions (RQs):

• RQ1: Is it possible to identify a group of users who recurrently spread

similar content on Twitter during the two rounds of the Brazilian elec-

tions of 2022? Do they remain active and persistent in the analyzed time

intervals?

We built media-centric networks that connect people who have shared similar mes-

sages based on the collected retweets. Backbone techniques were then used to elimi-

nate peripheral and bridging connections based on the connected components of the

network structure, and highlight edges that show consistent and repetitive activity

between pairs of users to identify users whose sharing habits are not random. The

individuals at the core of the networks extracted from the backbones were labeled

as key-users and may have stimulated the dissemination process. Within this group,

there is an even more select group of users who were also analyzed and who shared

content during the two election rounds.

• RQ2: Do the textual characteristics of the content change based on the

user’s level of engagement?

We categorized the disseminated messages as widespread dissemination, dissemina-

tion by the key individuals and dissemination by the persistent individuals. Our

aim was to understand how the debate evolved from these different perspectives and

how each contributed to the process. To that end, we employed different techniques

such as LIWC [106] (psycholinguistics analysis), BERTopic [47] (topic extraction

analysis) and XLM-RoBERTa [61] model (sentiment analysis) to distinguish tex-

tual characteristics from each of the user groups.

• RQ3: Does incorporating information about user engagement, captured

through the presence of messages in the backbone of the dissemination

network, alongside textual features, improve the classification of viral

and non-viral content during the 2022 Brazilian election?

To evaluate whether the combination of user engagement—represented by the pres-

ence of messages in the backbone of the dissemination network—and textual features

enhances the distinction between viral and non-viral content, we employed classi-

fiers based on fine-tuned transformers. We assessed performance by comparing two

scenarios: one relying solely on textual features extracted from the messages, and

another integrating information about the sharing behavior of groups of users iden-

tified within the backbone topology. This approach allows us to determine whether
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structural dissemination patterns contribute to a more accurate classification of viral

content.

1.2 Contributions

This master’s thesis focuses on expanding knowledge about the political discourse

during the 2022 elections and analyzing the phenomenon of dissemination. The key con-

tributions of this work are outlined below.

Identification and characterization of users who participated in the social me-

dia diffusion. We built dissemination networks using shared retweets and applied back-

bone extraction methods. Our initial findings revealed that these networks were sparse

and noisy, with backbone analysis highlighting a core of connections that promoted con-

tent spread. We identified users who significantly influenced the discourse and exhibited

less random behavior in the network, as well as individuals who consistently participated

in the diffusion flow across both electoral rounds. We accomplished this by comparing the

intrinsic characteristics, like followage and if they were present or not in the backbones,

of each type of set of users. Our main contributions on this topic were published in [64].

Characterization of textual content in the electoral debate. We employed well-

established techniques from the literature to analyze the content of diffuse messages across

different dimensions, highlighting the potential influence of these characteristics on the

broader debate. This included identifying the most prevalent emotions conveyed in the

messages and representing the primary psycholinguistic attributes correlated with the dis-

seminated content. Our primary findings indicated that content dissemination centered

on topics related to religion, family, information and opinions about deaths during the

COVID-19 pandemic, and Lula’s electoral victory. Additionally, we identified key topics

that appeared to correlate with real-world events occurring during the electoral period,

providing valuable perspective into the interaction between online discourse and offline

events. Our main contributions were published in [64].

Enhanced BERT-based model to distinguish viral content. We extended the

BERTimbau classification model by incorporating structural dissemination features to

assess their impact on predicting viral and non-viral content. Specifically, we investi-

gated whether integrating information about a message’s presence in the backbone of the

dissemination network could enhance classification performance. By comparing this en-
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hanced model with a traditional BERTimbau-based classifier that relied solely on textual

features, we analyzed differences in precision, recall, and overall separability between viral

and non-viral messages. Our results revealed that the inclusion of topological information

improved recall, making the model more sensitive to identifying viral messages, but at the

expense of precision and overall classification balance. suggests that the backbone may

be conveying information about consistent sharing patterns within specific user groups

rather than indicating overall global virality. Our findings highlight the potential trade-

offs in leveraging network structure for virality prediction and opens avenues for future

research on integrating more nuanced topological signals.

1.3 Master’s Thesis Organization

This work is organized as follows. Chapter 2 presents the literature review, cov-

ering studies on social media analysis related to network modeling, political events, and

natural language processing within our context. Chapter 3 details the methodological

approach, including data collection on Twitter, dataset consolidation, network modeling,

and backbone extraction. It also describes the structure and development of the virality

classification models. Chapter 4 explores the topological differences between complete

dissemination networks and backbones, demonstrating how backbone extraction helps

identify patterns of users with less random interactions. Additionally, we examine the

main topics propagated, the linguistic and sentiment characteristics of the messages, and

the profiles of disseminating users. Finally, we analyze the attributes of viral and non-

viral messages and present the classification model results, evaluating the impact of both

textual content and topological features. Chapter 5 concludes the study, summarizing

key findings and suggesting directions for future research.
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Chapter 2

Related Work

The impact of OSMPs on the daily life of society has led a large number of researchers

to propose different computational techniques and algorithms to study how offline social

processes, such as the dissemination of information, are mimicked on these platforms

[7, 39, 92, 111, 82, 84, 54, 80, 17, 57, 75] As the literature on this field of research is

very extensive, in this chapter we limit ourselves to presenting some works that are better

suited to our research topic, namely the use of OSMPs for the discussion of political events.

We begin the chapter by presenting some works that characterize the political

worldwide debate on OSMPs (Section 2.1). We narrow our focus on presenting works

that study the political debate in Brazil (Section 2.2). We conclude this chapter by

pointing out how our work complements the previously studies in literature (Section 2.3).

2.1 Worldwide Political Debate on OSMPs

All over the world, political issues are always at the center of public interest, as

they are of crucial importance for the sustainability of society. It is therefore not sur-

prising that discussions that were previously only held offline are migrating to the online

world. Next, we present a set of works that have analyzed how various political events

were driven by the most popular OSMPs. We categorized OSMPs into four groups de-

pending on the type of content they share most frequently: (i) Video Media OSMPs

(Tiktok, Youtube); (ii) Mixed Content Media OSMPs (Facebook, Whatsapp, Telegram,

Instagram); and (iii) Text Media OSMPs (Twitter, Reddit).

Video Media OSMPs. Cervi et. al. [21] reveal the political aspect of Tiktok content

in Spain by analyzing how political parties used the tool as a means of communication

using data collected manually by the authors. They categorized the posts in terms of

genre, format, content, source and interaction and suggested that all parties used TikTok

exclusively to publish political content without fulfilling the original purpose of the app,
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which is entertainment. Authors in [2] analyzed content from TikTok posts in Spain,

Portugal, Brazil, and the United States, during the year 2020, a complex period as a

consequence of COVID-19 and various global political episodes. The main paper findings

revealed that TikTok’s visual and viral nature facilitates the spread of disinformation

while also offering opportunities for debunking hoaxes beyond the reach of traditional

media.

Boyd et. al. [16] investigated the different roles that people who comment on

YouTube videos can take on. The study analyzed comments from the video of Barack

Obama’s inaugural address on the platform and showed that pronouns involving the actor

of the comment were the most popular lexical terms indicating involvement. When the

comments were labeled as part of conversations, they were mostly labeled as constructive.

The author also had findings that indicated that disruptive comments were associated

with hateful or conspiratorial language, for example.

Mixed Content Media OSMPs. Instagram is one of the most popular OSMPs

where users can express their opinions through posts. The authors in [3] investigated

how political ideas were discussed during the Iranian parliamentary elections in 2016.

They used a diffusion network model, the NetRate algorithm, to understand the pro-

cess of hashtags spreading through followee-followers. They also identified communi-

ties in the networks using the Louvain algorithm. In [55], the authors analyzed the

2017 federal election in Germany. They proposed a framework in which the content

of politicians’ profiles as well as parties’ accounts were used to characterize the strate-

gies adopted in the election period. They focused mainly on the posted image or video

and used additional information such as the hashtags or mentions in the posts. The

results suggested that parties and candidates used complementary communication strate-

gies instead of relying on a single tactic. Additionally, the analysis showed that par-

ties in parts strategically violated Instagram’s communication norms to convey hard-

to-visualize policy messages while candidates preferred to post professional personalized

posts.

The study by Ribeiro et al. [90] analyzes Facebook’s advertising infrastructure to

explain the impact of malicious ads allegedly placed by the Russians during the 2016 US

election. The 2020 US election was analyzed by Guess et al. [49], where they investigated

how Facebook and Instagram timeline algorithms could influence users’ opinions and

actions during the election period. Their suggestion was to change the way some users

interacted with the platform so as not to expose them to the original algorithms, which

would result in less social media use. According to the results, there was no significant

change in polarization when addressing the research group’s issues.

The research of [102] is based on the study of Telegram posts with political adver-
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tising in praise of the Russian Kremlin and how this affected the conflict between Ukraine

and Russia from 2022 onwards. They collected information in five different languages

and used natural language processing methods, including linguistic feature extraction

and the application of Support Vector Machine (SVM) models, to identify linguistic and

narrative features in the messages. The results indicate that the pro-Kremlin messages

use language resources that are not very similar to natural language and modify some

geopolitical terms.

The authors of [17] explored Latin American election scenarios by leveraging ma-

chine learning techniques to predict outcomes based on social media engagement and

polling data. They gathered data from Facebook, Twitter, Instagram, and polling web-

sites in Argentina, Brazil, Colombia, and Mexico during 2018 and 2019. The engagement

metrics provided by the platforms were utilized as features to develop the Social Media

Framework for Election Nowcasting (SoMEN). This framework integrates Multilayer Per-

ceptrons with the Backpropagation strategy (MLP-BP) and General Regression Neural

Networks (GRNN) to predict candidates’ vote shares in elections. The framework was

applied to publish predictions for the 2019 Argentine elections and the 2020 US elections.

It demonstrated strong performance, achieving a Mean Absolute Error (MAE) lower than

the average of comparable polls conducted during the same period.

Valenzuela et al. [107] examined the phenomenon of content sharing among Chilean

users on WhatsApp during the 2017 elections in Chile. Through a survey conducted with

a group of individuals, the study explored various aspects of platform usage. The findings

highlighted how the subtle shift in context between personal matters and political issues

is interconnected on the platform, with news consumption emerging as a significant use

case in the region.

The significant influence of social media platforms on political issues is not inher-

ently negative. The authors of [51] proposed a theoretical model to evaluate the effective-

ness of political content sharing on platforms like Facebook and Twitter in persuading

individuals to engage politically. This study, conducted in Chile, utilized data from a

two-wave panel survey completed by adults in 2013. The findings revealed that Facebook

is more effective for collective sharing of political content, while Twitter tends to to be

suited for to individual-oriented political interactions.

Text Media OSMPs. Morini et al. [70] developed and validated a method for de-

tecting echo chambers using data from Reddit during Donald Trump’s presidency. Echo

chambers, prevalent in social media, are environments where individuals with polarized

beliefs have their opinions continuously reinforced by others who share similar views and

motivations. The authors applied a Recurrent Neural Network (RNN) technique, Long

Short-Term Memory (LSTM), and Bidirectional Encoder Representations from Trans-

formers (BERT) models to measure users’ ideologies and extracted network statistics to
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classify political stances as neutral, in favor, or against Trump. The findings revealed that

users rarely maintain a neutral stance on all issues, often adopting polarized positions on

controversial topics. Additionally, the study indicated a 30–40% likelihood that users

might change their beliefs over time.

The study by [50] also examined a collection of Reddit posts from a U.S. politi-

cal news forum that sparked negative reactions or were flagged as controversial. Their

findings offered a systematic analysis of user actions, such as replies and votes, within

discussion threads, revealing distinct patterns that refine the concept of controversy into

three categories: disputes, disruptions, and discrepancies. Notably, the research linked

user actions to a comprehensive feature space that included sentiment expressed in post

content and topical variations across posts and replies.

Turning our attention to Twitter, Romero et al. [92] constructed a mention-based

network using a dataset of tweets primarily focused on the United States. This dataset

included various types of content, with a notable emphasis on politically themed messages,

such as those referencing political figures, commentators, parties, or movements. The

study aimed to explore the impact of hashtag usage on the platform using data from 2009

and 2010. To achieve this, the authors developed an extensive set of categories to annotate

content topics, including political themes. They then analyzed subgraphs created from

the initial users who mentioned a specific hashtag to understand how content spread

from these early adopters throughout the network. Using simulations, they examined

the cascading effects of hashtag propagation. A key finding of the study was that the

repeated exposure of users to politically controversial hashtags significantly influenced

their likelihood of adopting and propagating those hashtags.

Regarding 2016 US election, the authors of [20] presented a study on user engage-

ment on Twitter during that election. The influence of homophily was demonstrated in

different scenarios by applying sentiment analysis techniques to classify tweets and ex-

amining the number of connections between users. Their findings showed that users that

interacted and connected more with individuals exclusively from their same class (i. e.

had higher homophily levels) were classified in the Negative, Trump Supporters or Hillary

Supporters classes.

Still in the North America, Dubois et al. [33] conducted a study using data from

Canadian political communities to construct a follower network based on tweets from

2013 containing hashtags associated with one of the country’s two major political parties.

The study aimed to evaluate user influence within the network. They concluded that

following others, interaction within the network, and an individual’s structural position

within their local neighborhood are critical factors in understanding influence on Twitter.

The 2013 Egyptian protest wave sparked significant polarization on Twitter [14].

Researchers employed data mining techniques to collect Arabic-language messages and

user information from participants who engaged in the discussion more than 10 times.
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Using this extensive dataset, tweets were classified as pro- or anti-military intervention

with a Support Vector Machine model (SVM), revealing that the majority were anti-

military. The study also examined shifts in user positions over time. To capture these

dynamics, retweet networks were constructed, uncovering a transition where secularists

initially formed a strong and committed group but experienced a decline in both strength

and cohesion following the Egypt’s Coup d’Etat.

Another study focusing on an African country analyzed the Revolution Now debate

in Nigeria, a 2019 political activism event that also garnered significant attention on social

media [81]. The research explored how linguistic features influence message dissemination

on Twitter. Using a dataset of related keywords, the authors extracted prominent linguis-

tic attributes with the Linguistic Inquiry and Word Count (LIWC) tool to examine their

impact on engagement metrics, such as likes, replies, and retweets. The findings revealed

that in political protests, tweets closely aligned with the main topic, containing quantifiers,

quoted phrases, and proper punctuation, are more likely to generate high engagement.

2.2 Brazilian Debate on OSMPs

Our study is not the first to analyze the Brazilian political landscape on OSMPs.

The content and activities of social media in Brazil have unique characteristics and can

offer valuable insights into the country’s political dynamics. In this section, we review

several studies from the literature that address this topic. As before, we structure our

discussion based on the categorization of social networks, acknowledging that different

platforms often appeal to different audiences and purposes.

Video Media OSMPs. Brazilian politicians have recently started to address the pop-

ulation via livestream instead of relying on traditional media. Di Nubila et al. [31]

investigated how this technopopulism via YouTube was used as a resource during the

Bolsonaro government. Strategic decisions were made in the settings of these livestreams.

The study provided a statistical analysis to show the probabilities of increasing manipu-

lation of public opinion and the spread of government propaganda.

Electoral events are key moments for the diffusion of political content and can be

shaped by various factors. The authors of [56] presented a method to examine gender

bias through engagement and sentiment analysis of comments on YouTube videos that

include the names of men or women in their titles or descriptions. The study covered

the Brazilian elections of 2018 and 2022, focusing on the presidential, gubernatorial, and

senatorial races. The quantitative analysis revealed that videos featuring men experience
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higher engagement, while videos featuring women show a greater prevalence of negative

sentiments in the comments.

Regarding TikTok, Santana et al. [94] presented a study that analyzed the use

and engagement of the TikTok profiles of the two leading presidential candidates Lula

and Bolsonaro, during the 2022 election. The authors found out that Lula used the trend

posts strategy in his profile and his supporters engaged more in a positive and neutral per-

spective, while Bolsonaro used collaboration with influencers to achieve higher metrics in

the campaign videos, measured by the statistics of numbers of plays, likes, comments and

shares. Bolsonaro’s videos also had a more negative sentiment and agressive engagement

from the commenters. Lima et al. [59] also examined the contributions of the candidates

for Tiktok, focusing in a broader period of the same election, including the pre-electoral

as well as the election event itself. Their results showed that politicians had similar usage

compared to other OSMP platforms in the last election and that the share of engagement

they received was consistent with the actual share of the vote.

Mixed Content Media OSMPs. Instagram is a popular communication channel for

political discussions in Brazil. Analyzing the content posted by politics is an important

research topic in this theme. By characterizing the posts of candidates for the Presidency

of the Republic of Brazil in 2018, Sampaio et al. discovered that politicians preferred

to emphasize and work on their public image as a main strategy, instead of actually

providing proposals and discussing their government platforms. Costa et al. [24] took a

similar research approach, examining how Instagram was utilized during the 2020 mayoral

elections in a city in the South of Brazil. The results indicated that the platform was

predominantly used for positive posts, with candidates employing this strategy to make

politics more personal and accessible to voters.

The comprehension of how users organize themselves in order to engage in OSMPs

is important, since these platforms promote public posts into users timelines and incentive

users to interact. The study by Ferreira et al. [39] defined a probabilistic model for

extracting interactions occurring on the backbone of Instagram constructed networks for

Brazil and Italy, similar to the backbone analysis we performed in our work. The authors

analyzed the formation of communities during the debate of presidential elections in 2018

in both countries, finding evidence of coordination. The network comparison provided

insights on significant structural variations and unique dynamics that occurred in the

communities observed.

Moving to Whatsapp, which is a highly used platform in Brazil, Nobre et al.

[78, 79] analyzed messages exchanged during the Brazilian 2018 parliamentary elections

in a network-focused research. The authors built a network based on users sharing the

same content messages in one or more groups. They used backbone extraction techniques

to search for highly connected user communities and tried to detect possible coordination
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actions when certain contents are shared.

In a related direction, the authors of [89] proposed a WhatsApp tool designed

to enhance the fact-checking process by analyzing images and applying ranking-based

strategies. The core technique involved calculating a score to estimate the likelihood that

a given piece of content was fake news. Their tool aimed to support the news verification

process and was validated using data from the 2018 Brazilian general elections. Similarly,

Evangelista et al. [35] explored the dynamics of misinformation during the same elec-

tion period on WhatsApp. Their study provided an in-depth analysis of misinformation

examples and examined the role of user groups in fostering polarization. Furthermore,

Machado et al. [62] investigated the dissemination of misinformation on WhatsApp dur-

ing the 2018 elections. Their findings highlighted that viral content within WhatsApp

groups predominantly consisted of hate speech and fake news.

Finally, the 2022 Brazilian elections marked a period of intense polarization, spark-

ing widespread debate and capturing significant public attention. In this context, the

study by [111] employed backbone extraction methodology to identify evidence of co-

ordination in the dissemination of information on Telegram. This work underscored the

growing impact of messaging apps on political mobilization and provided valuable insights

into digital communication strategies in contemporary electoral processes. Similarly, the

authors of [82] analyzed dissemination patterns on Twitter and Telegram using data from

the 2022 elections. Their research focused on the timing of disseminated messages and

its influence on dissemination patterns, offering potential indicators of user coordination

in spreading information.

Text Media OSMPs. In the context of Twitter, political debates have long been encour-

aged by the platform’s rapid response and trending structure. In [19], a characterization

of pre-election advertising messages in Twitter was made for the 2016, 2018 and 2020

elections to compare the evolution over time. By applying psycholinguistic and sentiment

analysis techniques, the results showed that initial advertising messages tend to be nega-

tive or neutral, with neutral sentiment increasing over time, and that there is a pattern

in the use of hashtags and links, as well as mentions of different entities. The research

showed that user sentiment when posting content can be an important factor when inter-

preting the possible relationship between social media users’ opinions. The work in [25]

in this analysis focused on understanding the final result of the 2018 elections in Brazil.

Naive Bayes and SVM (Support Vector Machine) were used to classify the tweets. Their

results indicate a correlation between the proportion of positive sentiment towards each

candidate and their popularity in official election polls. In addition, Nobre et al. [80] also

provided an overview of public opinion on political events on Twitter and showed how

users use mixed feelings when discussing the topic.

Distrust in the electronic voting system and rumors of voter fraud are hot topics
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among voters nowadays. Recuero et al. [88] approached the topic with a survey of content

created with the hashtag “#FraudenasUrnas”1 in Twitter for the 2018 elections. The

outcomes of the study suggested that the disinformation tweets with higher engagement

used a discursive legitimization strategy, with story elements that “prove” the fraud and

specific wording that gave authority to the text.

Next, we highlight studies that attempt to distinguish different perspectives on the

political event that is the subject of our investigation in this master’s dissertation: the

Brazilian 2022 elections. Silva et al. [99] analyzed the opinions and sentiments expressed

by users about the 2022 presidential candidates to verify whether the candidates’ perfor-

mance is related to their popularity on social media. The authors of [95] also relied on this

technique for this political event, but focused on finding the machine learning algorithm

with the best result for the topic. They used six different classifiers and concluded that

SVM and Random Forest provided the best results in terms of TFIDF vectorization. The

percentage of votes the presidential candidates received in the first round was compared

to the sentiment score of the data collected from Twitter. Both authors believe that the

candidates who received the most votes are also the ones who were discussed the most on

social media.

In another direction, Paiva et al [84] took a different look at the 2022 elections in

Twitter, focusing on the feminism debate. They analyzed more than 700 thousand tweets

in Portuguese in the periods before, during and after the elections, using LDA topic ex-

traction, sentiment analysis and psycholinguistic techniques to examine the data. The

main findings were that negative sentiments prevailed in the messages and that they re-

ferred to sensitive topics. Pacheco et al. [83], in turn, investigated how bot accounts were

used in the 2022 election debate on Twitter. The author applied a framework to deter-

mine the likelihood of coordinated accounts and the BotometerLite tool to search for bot

users. Key findings were a significant correlation between the number of replies received

on a given day and bot participation, as well as a summary of key profile characteristics

of bot accounts.

In the context of polarization, Santos et al. [96] investigated the hostile content

surrounding the political events of 2022. Using Twitter data, they applied stance detec-

tion to categorize users into polarized clusters, analyzing interactions between the two

primary opposing sides in the presidential election. Their findings revealed that most of

the antagonistic information consisted of insults, attacks on the identities of ministers, or

derogatory remarks about the election process. The authors of [54] used topological struc-

ture analysis to investigate the contributions of specific groups to network polarization,

also considering the 2022 elections. Their results revealed a significant degree of isolation

among certain communities and showed that right-leaning users were particularly effective

at coordinated communication within the network.

1Fraud in the voting machines
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Table 2.1: Related work and our contributions.

Related Work Work Domain
Netw.
Model.

Backbone
Extrac.

Content
Charact.

Messag.
Classific.

Our Work

[Ferreira et al., 2020]
[39]

Use backbone extraction
based on null models to un-
derstand how political and
general content is shared
across Instagram users.

✓ ✓ ✓ ✗ Use backbone techniques
(DF+NB) to characterize
user engagement on Twitter
and use this information to
classify virality.

[Romero et al., 2011]
[92]

Analyze the process of in-
formation dissemination on
Twitter by comparing the
dissemination of political
and non-political content in
a US-focused context using
keywords/hashtags.

✓ ✗ ✗ ✗ Examine the Brazilian po-
litical aspect and focuses on
the user groups in the net-
work, the textual character-
istics and the viral content.

[Venâncio et al., 2024]
[111]

Application of backbones
and analysis of message top-
ics in Telegram for the
2022 Brazilian elections and
the 2023 Brazilian coup at-
tempt, focusing on the in-
vestigation of possible user
coordination.

✓ ✓ ✓ ✗ Provide a view of the 2022
elections on Twitter where
content tend to be highly
diffused by the retweet fea-
ture, also providing network
modeling, backbone extrac-
tion and content analysis.
Addition of viral messages
classification.

[Paiva et al., 2023]
[84]

The textual analysis of con-
tent from the 2022 elections
to understand the meaning
of the messages offers a view
that focuses on the issue
of feminism in political de-
bates.

✗ ✗ ✓ ✗ Provide a general analysis
focusing in virality as well
as network features.

[Interian and
Rodrigues, 2023] [54]

Built a graph network with
Twitter data from the
2022 Brazilian election and
attempted to contribute
to knowledge about how
this political event unfolded
with a focus on polarization
and coordinated communi-
cation.

✓ ✗ ✓ ✗ Examine virality and dis-
semination, taking a deeper
look in the networks back-
bone.

[Nobre et al., 2018]
[80]

Analyze Brazilian politi-
cal events using data from
Twitter, characterize the
content based on the senti-
ment facet of the messages.

✓ ✗ ✓ ✗ Focus on the dissemination
process, providing deeper
analysis of the retweet dif-
fusion network.

[Brito and
Adeodato, 2023] [17]

Use of Machine Learning
techniques to predict politi-
cal content in social media
in a Latin American con-
text.

✗ ✗ ✗ ✓ Focus on the network aspect
of dissemination of content,
as a basis to the prediction
tasks.

2.3 Summary

The analysis conducted in this master’s thesis builds upon and complements the

findings of the aforementioned studies by offering a more comprehensive range of analyses

using a large Twitter dataset. Our work employs backbone extraction methods to explore

how political debates unfold across different levels of user engagement on the platform.

Additionally, we present an initial investigation into how textual characteristics and topo-
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logical features can enhance the understanding of how political content becomes viral.

Table 2.1 provides a comparative overview of studies closely aligned with ours,

emphasizing how our findings contribute to a richer understanding of the evolution of

online discussions on social media during this important event in the recent history of

democracy in Brazil.
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Chapter 3

Methodology

In this chapter, we present the methodology underlying the analysis of the Brazilian po-

litical debate on Twitter. We divide this chapter into six main sections. First, in Section

3.1, we present the methodological process used and then elaborate on each of the steps.

We describe how Twitter data were collected (Section 3.2), followed by network formal-

ization of the proposed dissemination modeling (Section 3.3), as well as the backbone

extraction process definitions (Section 3.4). Afterwards, we detailed the content analysis

performed using shared content (Section 3.5) and finally explain the classification models

used to label a content as viral or non-viral (Section 3.6).

3.1 Overall Methodology

Figure 3.1 shows all phases of the methodology we used to study the process of

information dissemination during the two rounds of the Brazilian elections. We started by

collecting approximately 741K Portuguese-language tweets shared during the two rounds

of the 2022 Brazilian general elections, which took place on October 2nd, 2022 and Oc-

tober 30th, 2022 (Step 1: Data Collection). Next, we formalize the media-centric

network built for information diffusion, one network for each round (Step 2: Network

Modeling).

We then applied backbone extraction techniques (Step 3: Backbone Extrac-

tion) to remove noisy or sporadic edges of the media-centric network, identifying the core

of the information dissemination networks and addressing RQ1, which aims to identify

the users who intensively participated in the debate. Subsequently, we characterized the

content shared by the users in our dataset (Step 4.a: Content Analysis) and devel-

oped a classifier based on textual and topological features to predict whether a piece of

content is viral or not (Step 4.b: Virality Classification), addressing RQ2 and RQ3.

The content analysis uncovers linguistic characteristics that offer insights into why cer-

tain topics generate higher engagement, while the virality classification model evaluates
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how combining textual features and user engagement can help distinguish viral from non-

viral content. This approach also aids in identifying potentially unreliable or undesirable

content that may spread widely across the network.

In the following sections, we go into the individual steps of our methodology and

describe the techniques we have chosen to achieve the goals of this master’s thesis. We

believe that our methodology can be applied to analyze how real-world events in general

are discussed on Twitter.

Figure 3.1: Methodology of the research to understand the dissemination process.

3.2 Data Collection

In this section, we describe the dataset used in our study. The dataset we analyzed

consists of approximately 741K Portuguese-language tweets shared during the two rounds

of the 2022 Brazilian general elections, which took place on October 2nd, 2022 and Octo-

ber 30th, 2022. Subsection 3.2.1 describes the crawling strategy we used and Subsection

3.2.2 gives an overview of our dataset.

3.2.1 Collected Dataset

Our dataset comes from data collected using the Twitter API Search1 and the

Tweepy tool.2 We built a list of keywords related to the discussion topics that have ap-
1https://developer.twitter.com/en/docs/twitter-api/v1/tweets/search/api-reference/get-search-

tweets
2https://docs.tweepy.org/en/latest/
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Table 3.1: Collected keywords.

Context Keywords
Candidate names Lula2022, Bolsonaro2022, Ciro2022, Eleições2022,

eleições, Lula13, Bolsonaro17, Bolsonaro22, lula,
jair,
bolsonaro, cirogomes, Ciro, SimoneTebet, Ele-
icao2022

Campaign words LulaPresidente, Vote13, LulaNoPrimeiroTurno,
Lulinha, BrasilComBolsonaro22, EuVotoBol-
sonaro22, LulaNoPrimeiroTurno13, LulaNoSegundo-
Turno, CapitaoPeloBemDaNacao, BolsonaroPresi-
dente22, LulaEoPTTudoNoPrimeiroTurno, , Brasil-
Vota22, BrasilDaEsperanca, luladay, BolsonaroNo-
PrimeiroTurno, BolsoNey, FechadoComBolsonaro,
VotoNuloSim, LulaNo1ºTurno, QuemAnulaVotaLula,
EsseÉMeuVoto, Lulindo

News media JornalNacional, CPIDasPesquisas, Bonner, Datafolha,
CNNnasEleicoes, BolsonaroMente, oLeDeLadrao,
TiraGomes, PadreDeFestaJunina

Agressive or offensive BolsonaroMentiroso, Bolsolixo, Bonoro, Bozo,
ForaBolsonaroVagabundo, PadreDeFestaJunina, Bolso-
minion, LulaXenofobo,

Debates and events SpaceDoLula, LulaNoFlow, LULANODLSHOW, De-
bateNoSBT, CiroNoFlow, SuperLiveBolsonaro22, Lu-
laNoSBT, LulaNaGlobo, LulaNaCNN, BolsonaroNoJN,
BolsonaroNaBand, CiroNaBand, LulaNoJN, LulaNa-
Band, LadraoNoJN, DebateNaBand, CiroNoJN, De-
bateNaGlobo, LulaNaGlobo, SimoneNoJN, CiroMan-
ifestoANacao, LulanoJornalNacional, 7DeSetembro-
FoiGigante, setedesetembro

peared as trending topics on Twitter.3 A trending topic is the one that is heavily discussed

on Twitter in a given time period. By looking at the trending topics, we highlight the

most discussed topics on this platform. Moreover, we also selected a complementary set

of election related keywords, such as the presidential candidates and the Twitter official

hashtags used during the Brazilian election. Our collect strategy enables to gather mes-

sages containing popular debate terms, such as candidate- and campaign-related words,

events in which the presidential runners-up participated, election-related news topics, and

even aggressive terms disseminated by users whose stance was anti particular candidates.

Table 3.1 presents the crawled keywords. We gathered 27,411,279 tweets and 90,211,448

retweets.

We then take a closer look at the temporal evolution of election-related discussions

by showing the daily time series of the number of tweets and retweets from August 21,

3https://help.twitter.com/en/resources/glossary
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Figure 3.2: Daily numbers of tweets and retweets with annotations of dates with relevant
election related events.

2022 to January 31, 2023 in Figure 3.2. To create both time series, we considered the bold

keywords in Table 3.1, as they consistently appeared in the trending topics throughout

the data collection period. The figure also highlights the days of some important real-

life events related to 2022 Brazilian election including, presidential candidate debates

(events #1,#2,#4 and #5), the first and second round elections (events #3 and #6) and

the presidential inauguration (event #7) and the Brazilian congress invasion (event #8).

Note that there are some significant spikes in the volume of tweets and retweets, which

coincide with the first and second election rounds. Thus, several external events may have

propelled the increase in the debate about 2022 Brazilian election on Twitter during the

selected period.

Based on this preliminary analysis of the dataset, we focused on the Twitter dis-

cussions that took place during the first and second rounds of the election (October 2nd,

2022 and October 30th, 2022, respectively), i.e. the events that cause the spikes in the

time series shown in Figure 3.2. To have a specific view of the political discussion, we

built a list of keywords that includes terms such as the official election keyword used by

Twitter and the most voted presidential candidates. Specifically, we consider the follow-

ing list of keywords for the research experiments: Eleições2022 4, Lula, Bolsonaro, Ciro,

4Elections2022
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Table 3.2: Data overview from the first and second election rounds.

Keywords First Round Second Round
# Unique
Tweets

# Retweets
# RT/
TW

# Unique
Tweets

# Retweets
# RT/
TW

Eleições2022 2,145 186,594 86.99 875 153,525 175.46

Bolsonaro 3,771 154,165 40.88 2,716 112,840 41.55

Lula 3,094 100,066 32.34 2,930 96,546 32.95

Ciro 1,705 44,185 25.91 445 11,995 26.96

SimoneTebet 4 64 16 4 197 49.25

Total 8,774 409,956 46.72 5,835 331,175 56.76

SimoneTebet.5 6

3.2.2 Election Dataset Overview

Our final election dataset is formed by approximately 741K Portuguese-language

tweets (retweets) shared during the two rounds of 2022 Brazilian general elections, oc-

curred on October 2nd, 2022 and October 30th, 2022. Table 3.27 shows the total number

of unique tweets and retweets for each keyword, after filtering tweets with at least two

users in the dataset who retweeted that message. In addition, tweets with the same ID

that contain multiple keywords were only counted once. As expected, in our dataset,

the official Twitter keyword for the general elections (Eleições2022 ) is the most shared,

followed by the keywords with the name of the two main presidential candidates.

To provide an overview of our data, we look into the contents of the collected

retweets. We do so by showing in Figure 3.3 the word clouds with the top 100 most

frequent words (in numbers of the retweets) during the first and second election rounds.

In the first round (Figure 3.3.a) we note that elections related words are predominant,

such as vote and president. Interestingly, the term electronic voting machine is also one

of the most used terms, probably due to the suspicion about its credibility raised by the

supporters of Jair Bolsonaro candidate.8

In the word cloud of the second round (Figure 3.3.b), we observe the presence

of words celebrating the victory of the Luis Inácio Lula da Silva, such as victory, lu-

lapresident2022, democracy. We can also highlight the term electronic voting machine, a

topic that came up frequently in this election since some people started to question the

5These candidates accounted for over 98% of all votes.
6https://www.cnnbrasil.com.br/eleicoes/2022/apuracao/presidente/br/primeiro-turno/
7RT/TW = Retweets/Tweets
8https://www.nytimes.com/2022/09/29/world/americas/election-bolsonaro-brazil-

fraud.html?smid=url-share
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(a) First Round. (b) Second Round.

Figure 3.3: Retweets’ word clouds.

credibility of the voting process in Brazil, prompting government entities to declare that

the process is safe and reliable in order to combat the rumors and fake news that had

emerged9. Finally, it is worth noting the presence of the word Northeast in both ballots,

which is a Brazilian region where Lula has many supporters.10

3.3 Network Modeling

To investigate the 2022 election debate on Twitter, we used a network model

known as media-centric network, which connects users who have shared similar content

[78, 79, 26, 60]. By analyzing the characteristics of such media-centric networks, we can

determine which actors contribute the most to content distribution.

We built two graphs, where each graph represents a media-centric network captur-

ing the user sharing patterns during each election round. In each graph G(V,E), a node

v ∈ V corresponds to a user who retweeted a tweet, and an undirected edge e=(vi, vj) is

included in E if the users corresponding to vi and vj shared the same tweet (exactly the

same textual content) at least once. The weight of e is the number of tweets both users

shared in common. The total amount of retweets shared across each network is the sum

of all edge weights.

9https://portal.stf.jus.br/noticias/verNoticiaDetalhe.asp?idConteudo=494958&ori=1
10https://www.cnnbrasil.com.br/politica/nordeste-e-a-unica-regiao-em-que-lula-obteve-mais-votos-

que-bolsonaro-confira/, https://www.theguardian.com/world/2022/nov/01/brazil-election-how-lula-
won-the-runoff-from-sao-paulo-to-the-north-east
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Figure 3.4: Illustration of Backbone Extraction Methods considering potential sample
limitation scenarios.

3.4 Backbone Extraction

The primary objective of the media-centric network model is to provide a compre-

hensive overview of the distribution of content on Twitter and to enable the identification

of groups of users who frequently share the same information. To refine this analysis,

we focus on identifying pairs of users whose sharing patterns demonstrate strong, non-

random associations. In other words, we filter out noisy or sporadic edges and retain only

the pairs of users whose shared tweets deviate significantly from the expected number of

shared content. These filtered users, referred to as key users, represent the core of the

information dissemination network and are likely to be the primary drivers of the elec-

tion debate on Twitter. By isolating this group, we aim to understand the dynamics of

content diffusion and the role of influential users in shaping the political discourse during

the election period.

To achieve that, we applied two methods to extract the network backbone to filter

out weaker edges, leaving only stronger edges: Disparity Filter (DF) [98] and Dispar-

ity Filter with Neighborhood Overlap (DF+NB), which combines the Disparity Filter

method with the concept of Neighborhood Overlap [60]. In a nutshell, Disparity Filter
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(DF) assumes a reference model for users who share content independently of the others

with a uniform distribution of edge weights at the corresponding vertices. Therefore, an

edge (vi, vj) is left in the backbone if its weight (from a statistical point of view) strongly

deviates from this reference model for both vi and vj. This method effectively high-

lights edges that exhibit consistent and repeated behavior between user pairs. With the

Neighborhood Overlap (NB) technique, DF+NB goes further by removing peripheral and

bridge connections and focusing on edges between users with common neighbors that also

exhibit similar content dissemination patterns. After applying the two aforementioned

methods, we limit our analysis to the DF+NB backbone extraction method, as DF+NB

has proven to be more effective in high-noise scenarios, which is typical in Twitter data

analysis [60].

Figure 3.4 illustrates an example of an original network and its backbones after

applying the extraction methods. Starting with step (1) in the figure, we observe the

original network where, from the perspective of a given node, there are both strong edges

(with higher weights) and weaker ones. For instance, from the perspective of node D,

edges have weights ranging from 2 to 50. In step (2), the Disparity Filter is applied.

As previously explained, this method retains edges that significantly deviate from others

in the local context of a node. Focusing on node D, only the edge with a weight of 50

is preserved because it clearly stands out compared to the others, which have weights

between 2 and 5.

However, two key issues arise, motivating the use of the combined Disparity Filter

and Neighborhood Overlap (DF+NB) approach proposed in [60]. First, considering node

D again, the edge with a weight of 4 might actually have a higher weight (e.g., 30 11),

which could lead to its retention in the backbone if data were complete. Second, the edge

between nodes D and B could exist in the real network, indicating that D is more strongly

connected, but it might not appear in the sampled data due to limitations imposed by the

Twitter API. Since uncertainty is present, we adopted a more conservative approach, pri-

oritizing the sampled network’s provisioned data and removing weak connections in such

cases. To address these potential effects of data sampling, step (3) shows the backbone

of the Disparity Filter, where the Neighborhood Overlap method is applied to further

refine the backbone. The idea is to remove edges from the Disparity Filter backbone that

do not belong to strongly connected parts of the network. Specifically, it retains only

edges that connect nodes with a sufficiently large number of common neighbors, based on

the Disparity Filter backbone structure, to refine and prune any leftover peripheral con-

nections. Finally, in step (4), the resulting backbone of DF+NB provides a conservative

representation of the original network, highlighting only the strongest and most meaning-

ful connections. This refined structure facilitates the identification of tightly connected,

11Due to data sampling limitations, some user actions and connections may not be captured, resulting
in a lower weight assigned to a given link.
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non-trivial topology within the sampled network, ensuring a robust depiction of the un-

derlying topology despite the limitations of partial data. By doing so, the method focuses

on distinguishing users with high interaction and significant connections from peripheral

users, who exhibit weaker ties and less relevance to the core of the network.

To parameterize the Disparity Filter (DF) method, we set α = 0.05, which serves

as the significance level for testing the hypothesis that users are sharing the same con-

tent in a non-random manner [45]. This parameter represents the p-value used to test

the null hypothesis that the sharing behavior of users is random and follows a uniform

distribution. Deviations from this assumption indicate significant, non-random patterns

of shared content. For the filter based on the neighborhood overlap metric, we use a

threshold corresponding to the 95th percentile of the neighborhood overlap distribution,

ensuring that only the most strongly connected edges are retained.

After extracting the backbone of each graph, we applied the widely used Louvain

community detection algorithm [13] to identify and analyze patterns of user groupings and

their organization in each backbone. The goal of the Louvain algorithm is to maximize

the modularity of communities.

This is a key metric that represents the density of connections within the commu-

nities compared to a hypothetical random network. The values for modularity range from

-0.5 to +1, with higher values (above 0.3) indicating well-defined community structures

[76]. In this study, we used the modularity metric of the communities as a proxy to as-

sess the effectiveness of the backbone extraction technique in preserving the core of user

interactions, revealing a more cohesive network topology.

3.5 Content Analysis

Besides identifying the key users who shared a high volume of similar information

during the two election rounds, we are also interested in characterizing what they were

talking about. For example, content analysis can help us understand how certain content

attracts more attention from users, potentially contributing to its virality on a particular

social network.

Here, we focus on retweets to analyze content dissemination and user behavior in

the campaign context. We conducted the experiments using the original textual content

of the messages, later scaling it to the total number of corresponding retweets in the

network to optimize computational resource usage. To achieve this, we analyzed the text

they shared from three different (but complementary) perspectives: (i) Topic Extraction;

(ii) Sentiment Analysis and; (iii) Psycholinguistic Analysis.
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Topic Extraction. During a debate, participants address various topics, with certain

recurring themes capturing the interest of social media groups. These popular themes

reflect the positions, opinions, and interests of the individuals involved, offering insights

into the prevailing discourse.

To identify the discussed topics, we applied the BERTopic model [47], which has

proven to be one of the most effective methods for analyzing short-text data [34]. The

BERTopic process begins by converting a collection of retweet texts into vector representa-

tions using BERTimbau, a Portuguese pre-trained language model, as the foundation for

the Transformer-based encoding [103, 42, 87, 68]. BERTimbau is derived from the original

Bidirectional Encoder Representations from Transformers (BERT) model and has been

fine-tuned to better capture semantic nuances in Portuguese text. Once vector representa-

tions are generated, Uniform Manifold Approximation and Projection (UMAP) is applied

to reduce the dimensionality of these embeddings. This step is crucial for improving the

efficiency of the subsequent clustering process while preserving the essential semantic re-

lationships in the data. After dimensionality reduction, the Hierarchical Density-Based

Spatial Clustering of Applications with Noise (HDBSCAN) algorithm is used to group

similar low-dimensional vectors into clusters based on their semantic similarity.

To extract representative words for each identified topic, BERTopic employs class-

based Term Frequency-Inverse Document Frequency (c-TF-IDF). Unlike the traditional

TF-IDF, which measures word importance across an entire corpus [1], c-TF-IDF is adapted

for topic modeling by computing term importance at the cluster level rather than at the

document level. This approach enables better differentiation of topic-specific words by

emphasizing terms that are characteristic of a particular cluster while downweighting

those common across multiple topics. The c-TF-IDF score is calculated as:

Wx,C = ∥tfx,C∥ × log

(
1 +

A

fx

)
(3.1)

where:

• Wx,C is the c-TF-IDF score for word x in class (cluster) C,

• ∥tfx,C∥ is the frequency of word x in class C, often normalized,

• fx is the frequency of word x across all classes,

• A is the average number of words per class.

This formulation ensures that words that clearly stand for a certain topic are

given a higher weighting, which enables a clearer interpretation of the extracted topics.

After topic extraction, maximum marginal relevance (MMR) was applied to increase the

diversity of extracted keywords. MMR ensures that the most relevant terms are selected
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for each topic while minimizing redundancy through a balance between relevance and

diversity. This is done by comparing the word embeddings with the topic embeddings,

which reduces the occurrence of synonyms and repetitive terms, making the topics more

concise and easier to interpret.

For the parameterization, we followed the recommendations in the BERTopic doc-

umentation to find a balanced compromise between the number of topics and the size

of the dataset.12 As a result, we obtained the following parameterization: the number

of neighbors and the component parameters required by UMAP were set to 10 and 5,

respectively. The minimum topic size was set to 5, which controls the minimum number

of unique retweets on a topic. The minimum number of words required to visualize topic

content was set to 20 to inform broader content about the topics of the issues and their

relationship to the elections. Finally, the MMR was set to 0.6 (on a scale of 0 to 1).

Psycholinguistic Analysis. We delve deeper into the content analysis by understand-

ing the psycholinguistic properties of the shared text. We rely on the Linguistic Inquiry

and Word Count (LIWC) lexicon [106] to categorize words in the text in linguistic style,

affective and cognitive attributes. Using a predefined dictionary of words and linguistic

categories, LIWC classifies words and terms in a given text into a variety of hierarchical

attributes related to psychosocial dimensions, linguistic style and cognitive concepts (e.g.,

word categories, personal concerns, emotions). We compute the average frequency of the

attributes over the retweets. In our data, we identify all 64 attributes, out of the available

in LIWC’s Portuguese dictionary. We rank the attributes according to their capacity to

discriminate the retweets, estimated by the Gini Coefficient [113] and we use the top-10

to create heatmaps that can better highlight attributes associated with our dataset. The

cells of the heatmap in a column show the relative deviation of the respective attribute for

the respective keyword from the other keywords. In other words, each column (attribute)

is normalized by the z-score, – i.e. z = (x −mean)/std. This means that each value is

subtracted from the average of the column and then divided by the standard deviation

of the column. The locations are color-coded red (resp. blue) if the attribute is present

more (resp. less) than the average.

Sentiment Analysis. People tend to express themselves based on their particular feel-

ings about a situation. Positive feelings typically express approval and agreement, while

negative feelings can emphasize sadness and indignation. We then analyze whether the

expressed opinion in the retweets is mostly positive, negative, or neutral. To this end,

we used the XLM-RoBERTa13 (Cross Lingual Language Model - Robustly Optimized

BERT-Pretraining Approach) model available in the Hugging Face library. This model is

12https://maartengr.github.io/BERTopic/
13https://huggingface.co/docs/transformers/model doc/xlm-roberta
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a fine-tuned version of RoBERTa [61] trained on a Twitter database of 198 million mul-

tilingual tweets, with Portuguese being the second most frequently occurring language

in these tweets. The XLM-RoBERTa model provides the probabilities of categorizing a

given tweet as positive, negative or neutral. In our analysis, we classify the sentiment of

a tweet as the class with the highest probability assigned by the model.

Part-of-Speech Tagging diversity. In order to explore the textual aspects of the mes-

sages with different virality types used in the classification process detailed in the next

section, we decided to perform a Part-of-Speech Tagging (POS Tag) diversity analysis

[66, 63]. This technique consists of an NLP method that gives each word in a sentence

a grammatical category or tag, like noun, verb, adjective, etc. These identifications are

used to define the textual syntactic functions and connections of words in their respective

sentences. The first step was to calculate the ratio of distinct POS to the total number of

tokens (words) in a text comment, to measure how diverse was our POS counting when

compared to the text’s length for the viral and non-viral classes. Next, estimated the 95%

confidence intervals for the POS tag diversity values of two categories of virality.

Type-Token Ratio (TTR). The Type-Token Ratio (TTR) was used to assess the lex-

ical diversity of the messages in the viral and non-viral sets, providing a view into the

complexity and variability of the vocabulary across the two classes. A higher TTR in-

dicates greater lexical diversity, suggesting that a class contains a wider range of unique

words relative to its total word count, while a lower TTR suggests a more repetitive and

constrained vocabulary. This measure is particularly relevant for comparing the semantic

richness of viral and non-viral tweets, as variations in vocabulary complexity may reflect

differences in writing style, informativeness, or audience engagement. The TTR is com-

puted by dividing the total number of distinct words (types) by the total number of words

in a text (tokens) [91].

3.6 Virality Classification Task

Content shared on OSMPs can quickly reach a vast audience, often going viral.

Understanding the factors contributing to this phenomenon is a challenging task [15, 28].

In this work, we take the initial steps in this direction.

To that end, we propose the following classification task. We define the problem of

distinguishing viral messages as a binary classification task that, given a message, classi-
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Figure 3.5: Illustration of the binary classification process proposed.

fies whether it is a viral or non-viral content. Formally, let X represent a set of messages

and Y = {0, 1} the label space, where 1 corresponds to viral and 0 to non-viral. The

goal of binary classification is to learn a function f : X → Y using a training set of m

instances {(xi, yi)|1 ≤ i ≤ m}. Here, each instance xi ∈ X represents a message described

by its features, and yi ∈ Y denotes the messages’ corresponding target value (i.e., viral

or non-viral). This process is exemplified by Figure 3.5, where messages can be gathered

in a social media with different characteristics. Those which can reach high metrics of

shares, comments, likes or visualization for example end up labeled as viral since they

achieve a wider audience. Meanwhile, common messages usually don’t perform that high,

having less engagement and therefore being non-viral.

Such task requires defining what is a viral or non-viral content. Using the Cu-

mulative Distribution Function (CDF) of the number of retweets per tweet, we identified

the 10% and 90% cutoff points of the distribution. Tweets below the 10% threshold were

classified as non-viral, while those above the 90% threshold were considered viral.

3.6.1 Classification Models

To classify a tweet as viral or non-viral, we designed two classification models based

on BERTimbau, a language model specifically pre-trained for the Portuguese language
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[103]. BERTimbau is built upon the BERT (Bidirectional Encoder Representations from

Transformers) architecture [30], which introduced a revolutionary bidirectional approach

to contextual word representation in natural language processing (NLP) tasks [110]. Thus,

BERTimbau follows the Transformer-based architecture, in which multiple identical layers

process text representations iteratively, refining contextualized embeddings at increasing

levels of abstraction.

One of the main advantages of Transformer-based models like BERT and BERTim-

bau is their ability to generate contextualized word embeddings. Unlike traditional static

embeddings, which assign a fixed vector to each word, BERTimbau dynamically adjusts

word representations based on the surrounding context in a sentence. This contextual

awareness significantly enhances language understanding, making it particularly effective

for handling the complexities of Portuguese. BERTimbau was pre-trained on large-scale

Portuguese-language datasets, allowing it to capture morphological, syntactic, and se-

mantic patterns specific to the language. This pre-training process equips the model to

handle linguistic phenomena such as rich inflectional morphology, verb conjugation com-

plexity, and syntactic variations. By fine-tuning BERTimbau for our classification task,

we adapt its pre-learned linguistic knowledge to the specific challenge of distinguishing

between viral and non-viral tweets, enabling a more nuanced analysis of social media text.

We then fine-tuned BERTimbau to perform our binary classification task, which involves

determining whether a tweet is viral or non-viral. This task required adapting the model

to recognize patterns in the text that correlate with virality, leveraging both the rich

contextual embeddings generated by BERTimbau and additional features specific to our

dataset. The two models differ in the features they use and the architecture they employ

to incorporate these features into the classification process, as explained as follows.

The first model, referred to as the Baseline BERTimbau model, uses the standard

pre-trained BERTimbau architecture fine-tuned for binary classification. The only input

to this model is the text of the tweet, which is processed by BERTimbau to generate

contextual embeddings. The representation of the tweet is extracted from the [CLS] to-

ken embedding, which is then passed through a fully connected transformation layer and

activated using a Tanh function. The resulting vector is processed by an additional fully

connected classification layer with a sigmoid activation function to output the probability

of the tweet being viral. This model serves as a baseline to evaluate the effectiveness of

incorporating additional features. The second model, which we named BERTimbau+B,

extends the baseline model by incorporating an additional feature derived from the topo-

logical structure of the dissemination network. Specifically, this feature indicates whether

a given tweet was shared by users identified in the backbone of the network, as extracted

in earlier steps of our analysis. Recall that, the backbone represents the core structure of

the dissemination network, capturing users and messages with the strongest connectivity

and influence, which are likely to drive virality. The inclusion of this feature introduces a
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structural perspective to the classification task, as it carries information regarding non-

random dissemination patterns and potential coordination between users [77, 111].

To integrate this additional feature, the architecture of BERTimbau was modified.

After generating text embeddings using the standard BERTimbau model, a secondary

input was introduced to accommodate the categorical backbone feature (0 or 1 ). This

feature indicates whether the tweet was disseminated from users in the backbone (value

1 ) or from the broader network (value 0 ). We considered this information as a possible

interesting input since content that were shared by the backbone users could have a

high dissemination rate, which could eventually lead to higher engagement metrics and

virality, exactly what we aimed to classify. Since BERTimbau produces high-dimensional

embeddings, the backbone feature must be properly scaled to avoid dominance imbalance

in the concatenation process. To achieve this, we apply Layer Normalization (L-Norm)

[22, 6], which normalizes only the categorical feature using:

L-Norm(x) =
x− µ

σ + ϵ
· γ + β (3.2)

where x represents the input value (in this case, the backbone feature), µ and

σ are the mean and standard deviation computed across the batch, and γ and β are

learned parameters that allow the model to adjust the normalized values dynamically.

The small constant ϵ prevents division by zero. After normalization, the embeddings

from BERTimbau and the normalized backbone feature are concatenated into a single

vector, which is then passed through additional fully connected layers before classification.

Before computing the final logits, dropout is applied to prevent overfitting. The final

classification is performed using Binary Cross-Entropy Loss (BCEWithLogitsLoss) [86],

which combines a sigmoid activation function with a cross-entropy loss calculation. This

avoids the need for explicitly applying a sigmoid function to the output layer, as the loss

function itself incorporates the sigmoid transformation internally. Binary Cross-Entropy

(BCE) is widely used in binary classification tasks, as it measures the difference between

predicted probabilities and actual binary labels. The BCE loss function is defined as

follows:

LBCE = − 1

N

N∑
i=1

[yi log ŷi + (1− yi) log(1− ŷi)] (3.3)

where:

• LBCE represents the Binary Cross-Entropy loss.

• N is the number of examples in the training batch.

• yi is the ground-truth label for the i-th sample, where yi = 1 for a viral tweet and

yi = 0 for a non-viral tweet.
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• ŷi is the predicted probability for the positive class (viral tweet), obtained from the

model.

• log ŷi penalizes incorrect predictions when the true label is 1.

• log(1− ŷi) penalizes incorrect predictions when the true label is 0.

In this formulation, higher penalties are assigned to confident yet incorrect predic-

tions, encouraging the model to adjust its probability estimates accordingly. Since BCE-

WithLogitsLoss directly integrates the sigmoid activation function into the computation,

it ensures numerical stability and simplifies the model’s implementation by allowing the

logits (raw outputs of the last layer) to be passed directly into the loss function [109].

In sum, while text embeddings capture linguistic and semantic properties, they

may not fully reflect external factors influencing virality, such as network dynamics or

patterns of coordinated dissemination from a set of key users. Thus, the backbone fea-

ture provides a complementary perspective by representing the structural importance of

a tweet within the dissemination network. Since the backbone extraction method identi-

fies users whose sharing behavior is not random but follows persistent, high-connectivity

patterns, its inclusion in the model allows us to test whether such structural signals con-

tribute to improving classification performance. The classification task remains binary,

predicting whether a tweet is viral (1 ) or non-viral (0 ). By comparing the performance

of the Baseline BERTimbau model with BERTimbau+B, we evaluate the contribu-

tion of the backbone feature to the overall classification accuracy. Thus, this dual-input

architecture allows us to investigate the potential of combining linguistic and topological

features in predicting virality in online social media platforms.

3.6.2 Evaluation Protocol

To evaluate the performance of our classifiers in distinguishing viral from non-

viral tweets, we employed a rigid protocol. First, we divided the dataset into training

(80%), validation (10%), and test (10%) sets. These splits were fixed and identical for

both models, ensuring consistency across evaluations. The validation set was used for

hyperparameter tuning and threshold optimization, while the test set was strictly reserved

for final evaluation, preventing any data leakage and ensuring an unbiased assessment.

The models were fine-tuned using grid search, a systematic approach that evaluates

all possible combinations of predefined hyperparameter values. The goal of this search

was to determine the best configuration that minimizes the Binary Cross-Entropy (BCE)

Loss explained in Equation 3.3, which ensures that the predicted probabilities align as
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closely as possible with the true labels. We selected three critical hyperparameters based

on prior work [10, 4, 105, 104, 101]: the learning rate, dropout rate, and weight decay.

The learning rate controls the step size during gradient updates, and an improper setting

may cause either slow convergence or overshooting of the optimal solution. The dropout

rate randomly deactivates a fraction of neurons during training, reducing overfitting and

enhancing generalization. Weight decay adds a regularization penalty based on the mag-

nitude of model weights, preventing the model from becoming overly reliant on specific

features.

The total grid search space consisted of 3 × 4 × 3 = 36 configurations. Each

configuration was trained and evaluated on the validation set, and the one with the

lowest validation loss was selected as the best. To prevent overfitting and unnecessary

computational costs, we applied early stopping with patience set to 3 epochs [30, 85, 46,

32], meaning that training would halt if the validation loss did not improve for three

consecutive epochs. The batch size was fixed at 4 due to memory constraints. A crucial

step in the evaluation process was the optimization of the classification threshold. By

default, binary classification models use a threshold of 0.5, but this may not always

yield the best results, particularly in imbalanced datasets where false positives and false

negatives have different costs. To ensure optimal classification, we adjusted the decision

threshold using the validation set. This was done by analyzing the precision-recall curve,

computing the F1-score at different thresholds, and selecting the threshold that maximized

the F1-score [71].

The final hyperparameter configurations for each model were as follows. The Base-

line BERTimbau model was optimized using a learning rate of 4e− 5, a dropout rate of

0.1, and a weight decay of 0.1. The BERTimbau+B model, which integrates topological

information, achieved the best results with a learning rate of 2e−5, a dropout rate of 0.4,

and a weight decay of 0.1. These hyperparameters were then used to retrain the models

on the combined training and validation sets (90% of the data) before final testing. For

the final evaluation, we used several standard classification metrics [18, 73]. Accuracy

measures the overall proportion of correctly classified instances:

Accuracy =
TP + TN

TP + TN + FP + FN
, (3.4)

where TP (true positives) represents the number of viral tweets correctly classified

as viral, TN (true negatives) refers to non-viral tweets correctly classified as non-viral,

FP (false positives) corresponds to non-viral tweets incorrectly classified as viral, and FN

(false negatives) represents viral tweets that the model mistakenly classified as non-viral.

Precision evaluates how many of the tweets predicted as viral were actually viral:

Precision =
TP

TP + FP
(3.5)
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Recall, also referred to as sensitivity, measures how well the model identifies actual

viral tweets:

Recall =
TP

TP + FN
(3.6)

The F1-score is the harmonic mean of precision and recall, providing a balance

between the two:

F1-Score = 2 · Precision · Recall
Precision + Recall

(3.7)

Additionally, we considered the Area Under the Receiver Operating Character-

istic Curve (AUC-ROC), a widely used metric in classification tasks that evaluates the

model’s ability to distinguish between viral and non-viral tweets across various classifi-

cation thresholds. The ROC curve plots the true positive rate (recall) against the false

positive rate at different decision thresholds, illustrating the trade-off between sensitivity

and specificity. The AUC value, which ranges from 0 to 1, quantifies the overall per-

formance of the model. A value of 0.5 indicates no discriminatory power, equivalent to

random guessing, while a value closer to 1 suggests a model with strong classification ca-

pability. In our case, higher AUC values indicate that the model can effectively separate

viral from non-viral tweets.

After determining the best models, the final evaluation was conducted exclusively

on the test set, which had not been used during training or threshold selection. To ensure

a robust statistical assessment, we applied bootstrapping on the test set, a resampling

technique that estimates the variability of evaluation metrics by repeatedly sampling

with replacement from the test set [72, 52]. A total of 300 bootstrap paired iterations

were performed, enabling the computation of confidence intervals for accuracy, precision,

recall, and F1-score. This process provided a more in-depth analysis of the models’

stability and ensured that the reported results were not overly dependent on specific test

set characteristics.

To compare the results, we rely on statistical tests, which must be chosen based on

the characteristics of the data. Since we are comparing two models using the same set of

observations, a paired statistical test is appropriate. In such cases, the choice between a

parametric and a non-parametric test depends on whether the differences between paired

samples follow a normal distribution. To verify this assumption, we conducted a normality

test on the bootstrapped paired differences. Given the large sample size, it is essential

to confirm whether the assumption of normality holds before applying parametric tests

[23]. Specifically, we applied the Kolmogorov-Smirnov (KS) test to assess whether the

distribution of the differences follows a normal distribution [27, 23]. If the p-value of the

KS test surpasses 0.05, we fail to reject the null hypothesis, indicating that the differences

are normally distributed, allowing us to apply a parametric test such as the paired t-
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test. Otherwise, we reject normality and proceed with a non-parametric test, such as the

Wilcoxon Signed-Rank Test [23].

Since the normality assumption does not hold in this case14, we employ theWilcoxon

Signed-Rank Test for the zero-mean hypothesis. This test is a non-parametric alternative

to the paired t-test, ranking the absolute values of the paired differences and assessing

whether the median difference is statistically different from zero. Unlike the t-test, which

assumes that differences are normally distributed, Wilcoxon considers only the signs and

ranks of the differences, making it more robust to non-normal distributions. Then, for

each bootstrap iteration, the difference between the evaluation metric values of Model A

(BERTimbau) and Model B (BERTimbau+B) is computed as:

di = XA,i −XB,i, for i = 1, . . . , 300 (3.8)

The Wilcoxon test assesses whether the median difference is zero:

H0 : Median(di) = 0 (3.9)

where di represents the differences between the paired observations. The test ranks the

absolute differences, ignoring zeros, and computes a test statistic W , given by:

W =
∑

ranks of positive differences−
∑

ranks of negative differences (3.10)

For large samples, the statistic W follows an approximately normal distribution and is

standardized as:

Z =
W − n(n+1)

4√
n(n+1)(2n+1)

24

(3.11)

where n is the number of nonzero differences. The computed Z-value is compared to the

standard normal distribution to determine statistical significance. If the p-value is below

the significance threshold (e.g., 0.05), we reject H0 and conclude that there is a significant

difference between the two models. Otherwise, we fail to reject H0, indicating insufficient

evidence to claim a difference in performance.

14The results of the KS test, which are listed in the Results section, indicate a significant deviation
from normality. Therefore, the Wilcoxon Signed-Rank Test was performed instead of the paired t-test.
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Chapter 4

Results

In this chapter, we present our findings to answer the proposed research questions. The

first step was to describe the topological structure emerging from our data (Section 4.1),

using network analysis techniques and metrics, as well as to present the networks derived

from backbone extraction. Then, in Section 4.2, we characterized the most disseminated

topics, highlighting the insights derived from the backbones of retweets for each election

round. Finally, we discuss the classification models created and the key findings when

considering the input of virality features (Section 4.3).

4.1 Topological Analysis

In this section, we aim to answer our RQ1: Is it possible to identify a group

of users who recurrently spread similar content on Twitter during the two

rounds of the Brazilian elections of 2022? Do they remain active and persis-

tent in the analyzed time intervals ? To that end, we built media-centric networks

in order to detect closely connected user groups that frequently share the same content.

Table 4.1 shows the analysis of these networks and reveals different structures

between the complete networks and their respective backbones. DF+NB significantly

reduces the weak links in both graphs, leading to a reduction in the number of nodes,

called key users, and their edges.

Looking at the first round, the complete network consists of 71,585 nodes and

192,539,317 edges with an average degree of 5,379.32. By applying the DF+NB method,

however, this network is reduced to 5,192 nodes and 137,165 edges. In the second round,

on the other hand, the complete network consists of 60,288 nodes and 152,603,351 edges

with an average degree of 5,062.48. Applying the DF+NB method reduces this network

to 3,704 nodes and 33,480 edges. Both backbones highlight the users who are most active

in sharing content: They retweeted approximately 16% and 10% of the tweets produced.

Backbones allow us to better understand the properties of the network core. An im-
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Table 4.1: Characterization of the topology of the networks and backbones.

Network Date
# Nodes

(%)
# Edges

(%)
Tweets Retweets

Avg.
Degree

Density
Avg.

Clustering
# Components

Size Giant
Comp.

# Comm.
# Comm.
With >
10 Users

Modul.

Complete 1st Round 71,585 192,539,317 8,774 409,956 5,379.32 0.075 0.6955 13 71,559 25 9 0.38
DF+NB 1st Round 5,192 (7.25%) 137,165 (0.0712%) 944 67,521 52.84 0.010 0.4261 433 3,658 457 18 0.42
Complete 2nd Round 60,288 152,603,351 5,835 331,175 5,062.48 0.084 0.6958 14 60,258 20 7 0.35
DF+NB 2nd Round 3,704 (6.14%) 33,480 (0.0219%) 556 33,637 18.08 0.005 0.4682 308 2,799 335 20 0.68

portant point is how users organize themselves into communities and how these structures

influence the dissemination of information. To this end, we calculated some community-

related metrics, as shown in Table 4.1. Our results show the increase in the modularity

metric. This indicates highly connected and structured community networks and shows

the potential of DF+NB in filtering out noise in the data. Furthermore, this increase

in modularity shows the growing complexity of the interaction network across the two

rounds of voting, which is further highlighted by the increase in the number of larger

communities in the resulting topologies.

Takeaway. The identification of backbone networks reveals a group of users who engage

through stronger interactions. This structured network can lead key users to act more

coherently in promoting certain content, thus influencing the discourse.

4.2 Content Analysis

We now turn our attention to answer our RQ2: Do the textual character-

istics of the content change based on the user’s level of engagement ? To

achieve this, we categorized our content analysis into three types of dissemination re-

garding user’s level of engagement: widespread dissemination, which examines the entire

media-centric networks across both election rounds; key users’ dissemination, focusing on

retweets shared exclusively by users within the backbone networks; and persistent users’

dissemination, targeting users present in the backbones of both election rounds. While

the first approach offers a comprehensive overview of the debate on the topic, the lat-

ter two delve into the core of the discussion, filtering out weaker interactions that could

obscure the primary issues and concerns surrounding the Brazilian elections.
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4.2.1 Widespread Dissemination

We first look at the topics shared by all Twitter users in our data set. This analysis

was performed using the BERTopic model for the tweets that were disseminated during

the two election rounds. Initially, 192 topics were identified through the application of

BERTopic. However, to focus our analysis on the most influential discussions, we prioritize

the 20 most popular topics discussed, measured by the number of retweets, which can

provide insight into the prevailing topics of Twitter users. Table 4.2 provides an overview

of the final topics, including the message metrics, the top 10 most discriminating topic

words and a brief description of each topic.

Topics 1, 2, 3, 7, 11, 13, 14 and 18 mainly refer to Lula’s victory. Topics 1 and

18 highlight the Brazilian regions where Lula was the winner of the election, as well as

the fact that the then President of the United States, Joe Biden, was one of the first

to internationally recognize and congratulate Lula’s victory.1 To illustrate, the content

with the most retweets in topic 18 (4,419 retweets) is: “Lula leads in all states of the

Northeast”. In addition, the discussions also celebrate the victory of democracy, reflecting

disapproval of the former Brazilian president’s governance.

Some topics reveal the main issues that attracted attention during the elections.

For instance, Topic 15 focuses on a recurring theme echoed by far-right supporters: the

possibility of electoral fraud. Topics 4 and 17 highlight the proliferation of discussions

about the concept of the third way, an alternative proposed by certain individuals aimed at

circumventing the polarization between the two leading candidates, Lula and Bolsonaro.

This approach encourages voters to consider voting for candidates such as Simone Tebet

and Ciro Gomes2. Topic 6 reflects the controversial decisions made by Jair Bolsonaro’s

government during the COVID-19 pandemic.3

In addition to the discussion about the presidential candidates, our data also shows

retweets about the elections of state governments and members of parliament. Topics 8

and 16 focus on the discussion about the candidates of the state of Minas Gerais. Topic 16

in particular raised questions about the apparent contradictions in voting patterns, where

state voters elected Lula as president while voting for predominantly far-right candidates

for state government, deputies and senators. Furthermore, topics 9 and 20 are related to

the increase in the number of female candidates elected in the 2022 elections.

Figure 4.1 shows the percentage of retweets per topic in each round. As expected,

some topics were more represented in one round of voting than the other, due to the nature

1https://www.whitehouse.gov/briefing-room/statements-releases/2022/10/30/statement-by-
president-joe-biden-congratulating-luiz-inacio-lula-da-silva-as-president-of-brazil/

2https://www.lemonde.fr/en/international/article/2022/09/28/brazil-election-third-way-candidates-
gain-little-ground-against-lula-and-bolsonaro 5998463 4.html

3https://www.kcl.ac.uk/covid-19-in-brazil-how-jair-bolsonaro-created-a-calamity
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Table 4.2: Top discussion topics found on Twitter.

ID # Tweets # Retweets Most Discriminative Words Description
1 587 48,978 inácio, silva, luiz, president,

biden, elected, victory, new,
brazil, luis

Discusses President Lula’s victory in the election in
the second round and the possibility of his upcoming
victory during the first round. Cites Joe Biden, pres-
ident of the United States, who was one of the first
international figures to recognize Lula’s election.

2 473 30,496 elections2022, turn, turned, lu-
laonFirstRound13, northeast,
elections2022, lulapresident1,
elections2022, turnaround,
lulinha

Regarding the turnaround in votes that Lula had,
when the votes from the northeast began to be
counted.

3 76 28,892 supporters, celebrating,
turnaround, victory, party, cele-
brate, streets, braśılia, against,
petista

Refers to Lula’s victory and the voters’ celebration.

4 167 24,892 way, third, fault, simone, chance,
second, have, ciro, you, voted

Mentions the discourse of a third way of opposi-
tion to Lula and Bolsonaro, quoting candidates Ciro
Gomes and Simone Tebet.

5 97 22,882 history, times, time, re-election,
since, 1st, president, re-elect,
term, succeeds

Topic that debates about the possibility of reelec-
tion of Bolsonaro and the fact of him being the first
Brazilian president to not be re-elected.

6 145 18,158 mourning, thousand, pandemic,
700, covid, deaths, dead, people,
lost, during

Issues and fatalities that occurred during Bol-
sonaro’s administration in the COVID-19 pandemic
period.

7 293 14,738 over, nightmare, goodbye, won,
bye, lulapresident2022, end, well,
above, finally

Electoral opponents of the Bolsonaro government
celebrating the election results.

8 65 13,181 deputy, federal, paulo, ferreira,
voted, mg, nikolas, elected,
paraná, senator

Mentions the State’s Elections for House of Repre-
sentatives and Senate.

9 42 12,755 elected, federal, woman, first,
paulo, historic, senate, all,
damares, against

Comments on the electoral victory of women for the
position of congresswomen.

10 25 11,790 stupid, general, voting, others,
vote, for him, enough, regions, mi-
nas, right

Criticizes voters for their decision to vote on polemic
candidates from far right, including Bolsonaro.

11 124 11,604 thank you, thank you, congrat-
ulations, god, good, democracy,
country, all, sir, above

People celebrating and thanking the Brazilian
democracy regime with Lula’s election.

12 60 11,202 lost, neymar, fall, equal, lose,
falling, stick, cup, this, in this

Mentions terms related to the World Cup, which
took place close to the election period.

13 40 11,181 lo, lulapresident2022, let’s go,
turn, big, lulapresident1, victory,
moment, luiz, listen

Talks about Lula’s victory and his first speech.

14 53 11,140 urgent, missing, only, less, miss-
ing, thousand, victory, lulaon-
FirstRound13, elections2022, give

Refers to the first round when Lula led with 48.43%
of the votes and almost was elected and the victory
of Lula in second round.

15 51 10,758 was, fraud, winning, won, good,
right, talking, up, the, turned

Debates about the turnaround, with some users us-
ing the discourse of electoral fraud.

16 168 10,030 zema, minas, nikolas, strange,
general, something, mg, winning,
wrong, vote

Discussion of the voting outcomes for the state of
Minas Gerais, debating on how the senate and gov-
ernor votes were for far right candidates, but the
most voted for president in the region was Lula.

17 477 9,902 voted, simone, blank, null, ass-
hole, voted, ciro, get, you, dick

Critics on null votes and about votes for the third
and fourth place candidates of the presidential elec-
tion.

18 53 9,704 states, leads, northeast, all, gen-
eral, leading, minas, bahia, region,
mato

Comments on the regions of Brazil that Lula was
leading the dispute.

19 263 9,454 street, you, are, any, stay, what,
someone, any, tweet, people

A topic with common used words in tweets in Por-
tuguese, commenting the event.

20 41 9,367 first, woman, elected, federal, PT,
paulo, new, something, support,
sp

Discusses the first trans women elected for different
Brazilian states as congresswomen.

of the discussions. For example, the elections to the Chamber of Deputies and Senators

(topics 8, 10, 16 and 18) and Lula’s victory (topics 1, 3, 11 and 13) were more present

in certain rounds. However, some topics were discussed almost equally in both rounds

(topics 2, 15, 19 and 20). Among these topics, it is worth highlighting Topic 15, which

referred to possible electoral fraud, a topic that received a lot of attention, especially from
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Figure 4.1: Percentage of normalized retweets per topic.

far-right voters due to the spread of fake news and misinformation about the matter.4

Let us now turn to the psycholinguistic analysis of the debate. Figure 4.2 shows

the results. In the first round, we highlight the notable presence of words associated with

home, money, assent, see and sexual. Retweets containing words associated with home

often show people describing their voting experience (leaving their home to go vote)5 or

discussing family-related matters such as losses due to the COVID-19 pandemic. 6 Money

related words are mainly related to economical concerns. In the second round, retweets

frequently use words regarding death, friend, religion and positive emotion. Interestingly,

religion (moral and religious concerns) was actually a theme highly emphasized by Bol-

sonaro’s campaign.7 Positive emotions were probably expressed by the Lula’s supporters

due to his victory. Death, instead, was closely related to the retweets regarding the

COVID-19 pandemic and the way Bolsonaro’s government deals with it.

Finally, we focus on the sentiment analysis. Table 4.3 shows the general sentiment

distribution of the retweets. Negative sentiments predominate in both election rounds.

However, the percentage of positive retweets increases 2.2-fold in the second round, which

is confirmed by the increase in positive emotion-related words in the retweets (Figure 4.2).

We go further in our analysis by presenting the breakdown of sentiment by topic.

Figure 4.3 summarizes the contrastive score, which is calculated as the difference between

the proportion of positive and negative retweets. Overall, negative sentiment predomi-

nates in both rounds. Topics 3 and 14, which relate to Lula’s victory, are exceptions to

this trend. The analysis provides an important insight into the polarized nature of the

political debate, especially on platforms such as Twitter [36, 48, 9].

4https://www.nytimes.com/interactive/2022/10/25/world/americas/brazil-bolsonaro-
misinformation.html

5“They abused the public sector, lied, threatened believers and employees, attempted a coup, used
the police to stop voters on their way to vote. It didn’t help. “Good evening, President Lula! - popular
resistance won.” Read and enjoy @Maufalavigna #DomingoDetremuraSDV”

6“The route from home to the polling place passes through my work and the UBS where I took the
4th dose (the one in the photo). On the way, all I could think about was the 9 patients I lost. In my
mother’s desperation for me to get vaccinated... While Bolsonaro was riding a jet-ski. #Eleicao2022”

7https://edition.cnn.com/2022/10/29/americas/brazil-elections-gun-religion-intl-latam/index.html
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Figure 4.2: Top-10 LIWC attributes (complete networks).
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Figure 4.3: Contrasting sentiment score (complete networks).

Table 4.3: Sentiment distribution (complete networks).

Date Negative (%) Positive (%) Neutral (%)

1st Round 243,098 (60.1%) 17,791 (4.4%) 143,333 (35.5%)
2nd Round 171,128 (53.3%) 31,863 (9.9%) 118,325 (36.8%)

4.2.2 Key Users’ Dissemination

We now turn our attention to the content diffused by the key users, whose belong

to the DF+NB backbones. Their interactions extend beyond random occurrences, being

in the core of the discussion across the analyzed Twitter networks.

Table 4.4 lists the top 20 topics retweeted by these users. Twelve of these topics

are the same as those shared by all users in the complete networks, even if they appear in

a different order. When analyzing the complementary topics, by manually verifying the

content of the most popular messages in each one, we find that these topics have more to

do with Lula’s performance in the election, as well as some topics usually raised by the

opposition to Bolsonaro, such as concerns about previous government actions in the areas

of education, health and the COVID-19 crisis. We also note that the majority of retweets

in the top 20 for the backbones have to do with discussing or celebrating Lula’s victory.

Our data reveals interesting changes in the psycholinguistic characteristics of the
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Table 4.4: Top 20 discussion topics found on Twitter for backbones.

ID # Tweets # Retweets Most Discriminative Words Description (New Topics Only)
1 587 8,005 inácio, silva, luiz, president,

biden, elected, victory, new,
brazil, luis

2 473 5,865 elections2022, turn, turned, lu-
laonFirstRound13, northeast,
elections2022, lulapresident1,
elections2022, turnaround,
lulinha

3 76 3,893 supporters, celebrating,
turnaround, victory, party, cele-
brate, streets, braśılia, against,
petista

4 79 3,684 difference, falls, million, less, fell,
thousand, 46, only, elections2022,
votes

Highlights the difference between Lula’s and Bol-
sonaro’s votes

5 53 3,112 urgent, missing, only, less, miss-
ing, thousand, victory, lulaon-
FirstRound13, elections2022, give

6 97 2,987 history, times, time, re-election,
since, 1st, president, re-elect,
term, succeeds

7 42 2,732 elected, federal, woman, first,
paulo, historic, senate, all,
damares, against

8 56 2,418 must, minutes, prf, 19, 10, next,
in this, night, globo, campaign

Discuss the projections by major news agencies,
which estimate that Lula would surpass Bolsonaro
in votes

9 41 2,179 first, woman, elected, federal, PT,
paulo, new, something, support,
sp

10 177 2,126 2nd, datafolha, 1st, round, sec-
ond, presidential, elections2022,
governor, will, need

DataFolha survey indicating a high likelihood of
second-round runoffs for the presidential race

11 53 1,976 states, leads, northeast, all, gen-
eral, leading, minas, bahia, region,
mato

12 167 1,874 way, third, fault, simone, chance,
second, have, ciro, you, voted

13 65 1,838 deputy, federal, paulo, ferreira,
voted, mg, nikolas, elected,
paraná, senator

14 45 1,776 advantage, over, continues, deter-
mined, 47, 90, million, ballots,
leadership, almost

After the majority of voting machine results were
cleared, Lula was leading the race, sparking
widespread discussion among voters

15 83 1,667 northeast, arriving, always, north,
pará, elections2022, bahia, region

Tweets celebrating the Northeast region votes were
being counted, which significantly impacted the vot-
ing results in favor of Lula

16 69 1,652 health, want, education, people,
good, freedom, life, live, govern,
because

Concerns about education and health issues

17 40 1,565 lo, lulapresident2022, let’s go,
turn, big, lulapresident1, victory,
moment, luiz, listen

18 64 1,526 turn, delicious, lulinha, lulapres-
ident, lulaonFirstRound13, calm,
elections2022, god, turned, north-
east

Tweets with the use of ”He who laughs last, laughs
best” to comment on Lula’s victory in the election
results.

19 293 1,454 over, nightmare, goodbye, won,
bye, lulapresident2022, end, well,
above, finally

20 37 1,443 amazonas, pandemic, during,
vote, for him, shame, seems,
many, leading, leads

Controversial outcomes arose from the presidential
election in the state of Amazonas, due to Bolsonaro’s
actions during the COVID-19 crisis8

content shared by users in the extracted backbones. Figure 4.4 shows these results.

Words related to family predominate in the content shared by these users, mainly in

the first round. To better understand what users shared on this topic, we analyzed our

data manually. These messages mainly mentioned Bolsonaro’s family, which is heavily

involved in politics and was at the center of several controversial situations reported by the
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Figure 4.4: Top-10 LIWC attributes (key users).

Table 4.5: Sentiment distribution (key users).

Date Negative (%) Positive (%) Neutral (%)

1st Round 29,815 (44.16%) 2,238 (3.31%) 35,468 (52.53%)
2nd Round 15,545 (46.21%) 4,399 (13.08%) 13,693 (40.71%)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Topics

First Round
Second RoundRo

un
ds

1.0

0.5

0.0

0.5

1.0

Figure 4.5: Contrasting sentiment score (key users).

media, as well as family conflicts due to the political polarization that was a remarkable

characteristic of Brazil’s 2022 elections. Regarding the second election round, retweets

with religion related words attracted more attention of these users.

Finally, the results of the sentiment analysis are shown in Figure 4.5 and Table

4.5. Key users tend to balance the shared content in both rounds with negative and

neutral sentiments. In contrast to users from the complete networks, key users shared

more tweets with neutral sentiments. In addition, retweets shared in the second round

tended to be more positive than those shared by total users. In particular, we highlight

Topic 14, which refers to Lula’s leadership in the second round. These retweets are very

positive, suggesting that these users strongly support the possibility of Lula’s victory.

Takeaway. The topics shared by users in the backbones (core) are different from

those shared across the network (including with peripheral users). Interestingly, the most

shared topics in the backbones, which are not found in the overall networks, are more

focused on supporting Lula and celebrating his victory. The sentiment towards the content

is more positive in the second round, especially in relation to the topic discussing Lula’s

victory (topic 14). The percentage of negative retweets is lower in the two rounds.
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4.2.3 Persistent Users’ Dissemination

In this section, we analyze the content disseminated by users classified as persistent

users, who belong to the backbone networks of both election rounds.

In our data, a total of 624 users, representing 7% of users on the DF+NB back-

bones, shared information across the two rounds. This small percentage of users demon-

strated significant activity, retweeting almost 22% of the messages shared across the events

of interest for the backbones. Figure 4.6 shows the cumulative distribution of followers

when we consider the persistent group and the users in the first and second round net-

works. All persistent users are unverified users 9 and they tend to have more followers

than the users in the complete network.
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Figure 4.6: Followers Distribution - All users versus Persistent users.

In our final discussion on characterization, we focus on the main topics shared by

persistent users on Twitter networks and the textual aspects of their dissemination. The

most shared topics by persistent users are almost the same as those of the main users,

with one exception, as can be seen in Table 4.6. This divergent topic is about Lula’s lead

in the second round, with a significant margin of votes in the state of Bahia. Some of

them appeared in different positions because the total number of retweets in the network

takes into account the only persistent group, but overall it is a very similar scenario to

the main users’ spread.

We now focus on the textual aspects of the content disseminated by this set of

users. First, we present the LIWC analysis in Figure 4.8. Most of the content attributes

align closely with those disseminated by the key users. Notably, the first round of content

9our data was collected before the introduction of the blue tick purchase plans
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Table 4.6: Top 20 discussion topics found on Twitter for persistent users.

ID # Tweets # Retweets Most Discriminative Words Description (New Topics Only)
1 587 1,828 inácio, silva, luiz, president,

biden, elected, victory, new,
brazil, luis

2 473 1,322 elections2022, turn, turned, lu-
laonFirstRound13, northeast,
elections2022, lulapresident1,
elections2022, turnaround,
lulinha

3 76 886 supporters, celebrating,
turnaround, victory, party, cele-
brate, streets, braśılia, against,
petista

4 79 786 difference, falls, million, less, fell,
thousand, 46, only, elections2022,
votes

5 97 615 history, times, time, re-election,
since, 1st, president, re-elect,
term, succeeds

6 53 582 urgent, missing, only, less, miss-
ing, thousand, victory, lulaon-
FirstRound13, elections2022, give

7 42 576 elected, federal, woman, first,
paulo, historic, senate, all,
damares, against

8 56 557 must, minutes, prf, 19, 10, next,
in this, night, globo, campaign

9 177 541 2nd, datafolha, 1st, round, sec-
ond, presidential, elections2022,
governor, will, need

10 41 470 first, woman, elected, federal, PT,
paulo, new, something, support,
sp

11 45 439 advantage, over, continues, deter-
mined, 47, 90, million, ballots,
leadership, almost

12 69 424 health, want, education, people,
good, freedom, life, live, govern,
because

13 53 399 states, leads, northeast, all, gen-
eral, leading, minas, bahia, region,
mato

14 65 398 deputy, federal, paulo, ferreira,
voted, mg, nikolas, elected,
paraná, senator

15 49 347 bahia, 30, million, counted, still,
people, day, voting, missing, voted

Talks about Lula having the majority of votes in
the state of Bahia, a strong electoral college in the
Northeast region, during the counting

16 40 343 lo, lulapresident2022, let’s go,
turn, big, lulapresident1, victory,
moment, luiz, listen

17 83 314 northeast, arriving, always, north,
pará, elections2022, bahia, region

18 37 307 amazonas, pandemic, during,
vote, for him, shame, seems,
many, leading, leads

19 64 300 turn, delicious, lulinha, lulapres-
ident, lulaonFirstRound13, calm,
elections2022, god, turned, north-
east

20 167 251 way, third, fault, simone, chance,
second, have, ciro, you, voted

highlights a significant presence of family-related topics, while the second round shifts

focus towards themes like death, religion, work, and positive emotion.

Regarding sentiment analysis, Figure 4.7 underscores that the group predominantly

disseminated negative sentiment among the top 20 topics. Table 4.7 presents the sentiment

distribution for the persistent users. In the first round, neutral messages were more

frequent, while in the second round, negative messages became more widespread.



4.3. Virality Classification 57

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Topics

First Round
Second RoundRo

un
ds

1.0

0.5

0.0

0.5

1.0

Figure 4.7: Contrasting sentiment score (persistent users).
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Figure 4.8: Top-10 LIWC attributes (persistent users).

Table 4.7: Sentiment distribution (persistent users).

Date Negative (%) Positive (%) Neutral (%)

1st Round 5,704 (42.85%) 483 (3.63%) 7,123 (53.52%)
2nd Round 3,606 (45.36%) 1,165 (14.66%) 3,178 (39.98%)

Takeaway. Although the group of persistent users is small (7%), our results sug-

gest that they play an important role in the dissemination of content by the main users,

accounting for 22% of retweets. The topics they share are almost identical to those shared

by the main users and their potential to reach a larger audience is higher than that of

users in the complete networks, as they tend to have more followers.

4.3 Virality Classification

Natural Language Processing (NLP) techniques are widely used to analyze diverse

contexts, particularly in tasks involving behavioral predictions based on historical data.

Text classification models play a crucial role in this process by systematically categorizing

information and detecting patterns [30, 105]. In this section, we aim to answer the re-

search question: RQ3: Does incorporating information about user engagement,
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Figure 4.9: Retweet CDF with cutoff points for classifier analysis.

captured through the presence of messages in the backbone of the dissemina-

tion network, alongside textual features, improve the classification of viral

and non-viral content during the 2022 Brazilian election?. To address this, we

explored two classification approaches: one relying solely on textual features and another

incorporating topological information from the dissemination network. Our analysis was

grounded in the previously constructed dissemination network, where we examined the

original messages that were shared and propagated. The goal was to classify messages

based on their virality, distinguishing widely disseminated content from ordinary messages

with limited reach. Thus, the first step in this process was defining the threshold that

separates these two categories.

Figure 4.9 presents the Cumulative Distribution Function (CDF) of the retweet

count for the selected messages. To establish a clear distinction between viral and non-

viral content, we considered the two extremes of the distribution, selecting the first 10%

and the last 10% of the CDF. This approach allowed us to focus on messages with either

very low or very high dissemination rates, ensuring a meaningful comparison between

both groups. As a result, the classification threshold was set at 10 retweets for non-viral

content and 8,388 retweets for viral content. Following this approach, the final dataset

for the classification task comprised 2,933 messages, of which 1,402 were labeled as viral

and 1,531 as non-viral. This dataset was then used in the training and evaluation of our

classification models, allowing us to assess the impact of incorporating both textual and

topological features in predicting content virality.
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4.3.1 Linguistic Characteristics of Viral Classes

Before proceeding with the classification models, we first examined the linguistic

characteristics of viral and non-viral messages. This preliminary step aimed to identify

textual differences between the two classes that could influence content dissemination.

To achieve this, we analyzed both syntactic and semantic aspects of the messages using

two complementary approaches: confidence interval estimation and statistical hypothesis

testing.

First, we computed 95% confidence intervals for key linguistic features to observe

the range of values that likely characterize each class. This provided an estimate of the

expected variation in linguistic properties within viral and non-viral messages, allowing for

a descriptive comparison between the two groups. Second, to formally test whether these

linguistic distributions differed significantly, we applied the Kolmogorov-Smirnov (KS)

test. The KS test measures the maximum difference between the empirical cumulative

distribution functions of two samples, assessing whether they are drawn from the same

underlying distribution. A statistically significant result (p < 0.05) indicates that the

two distributions are unlikely to be identical, meaning that the linguistic characteristics

of viral and non-viral messages exhibit meaningful differences. By combining these two

approaches, we aimed to both describe and statistically validate differences in textual

features that could play a role in content virality.
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Figure 4.10: POS TAG diversity Confidence Intervals.

To analyze the lexical and grammatical diversity in viral and non-viral messages, we

examined the diversity of POS (Part-of-Speech) tagging, as described in Chapter 3. This
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measure quantifies the variety of syntactic structures present in the messages, providing

insights into whether viral content exhibits more or less linguistic complexity compared

to non-viral content.

Figure 4.10 presents the confidence intervals for POS tag diversity in both classes.

The viral messages had a confidence interval of (0.40, 0.42), whereas the non-viral mes-

sages had a slightly higher range of (0.42, 0.44). The difference between these distributions

was found to be statistically significant, indicating that non-viral messages tend to ex-

hibit slightly greater syntactic diversity than viral messages. To further illustrate this

finding, Figure 4.11 shows the distribution of POS tag diversity across the dataset. We

observe that, for both viral and non-viral messages, the majority of texts cluster around a

POS tagging diversity score of approximately 0.50. However, a small subset of messages

exhibits significantly higher diversity, suggesting that while some tweets employ more

varied grammatical structures, the general trend in both classes leans toward linguistic

uniformity.

This result aligns with common patterns of social media communication, where

users tend to adopt concise and familiar language rather than highly diverse syntactic

structures. The slightly higher POS tag diversity in non-viral messages could indicate

that more complex or varied sentence structures might not necessarily favor engagement,

reinforcing the idea that simpler, more standardized language is more likely to be widely

shared.

The complexity of sentences in the classified content was also examined by calcu-

lating the Type-Token Ratio (TTR) for both viral and non-viral messages. This measure

quantifies lexical diversity by assessing the proportion of unique words (types) relative to

the total number of words (tokens) in a text. The goal was to determine whether one

class of messages exhibited a richer vocabulary or tended to rely on a more limited set of

words, irrespective of text length.

The results indicated a confidence interval of (0.89, 0.90) for viral messages and

(0.87, 0.89) for non-viral messages, with a statistically significant difference between the

two, as shown in Figure 4.12. While both classes contained messages with high lexical

diversity, which is expected in a politically charged debate with multiple perspectives in

a large country like Brazil, viral messages exhibited slightly greater linguistic complexity.

This suggests that widely shared content might incorporate a broader range of expres-

sions or combine different terms in a more engaging and creative manner, potentially

contributing to audience retention and interaction.

Table 4.8 presents examples of messages from each class along with their corre-

sponding TTR values. Messages with lower TTR tend to rely on repetitive patterns or

characters, resulting in simpler texts that convey less information to readers. In contrast,

messages with higher TTR employ a more formal language, exhibiting a more diverse

lexical structure. Notably, the non-viral message with high TTR features a more aggres-
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Figure 4.11: POS TAG diversity distribution.

sive tone, whereas its viral counterpart reports on an incident classified as a crime in

Brazil—voters taking pictures of their choices on the electronic voting machine 10.

10https://www.tre-sp.jus.br/comunicacao/noticias/2022/Outubro/eleitores-que-tiraram-fotos-ou-
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Table 4.8: Example of messages with their corresponding TTR score.

Message Class TTR Score Text

Non-viral 1.00 “It scares me to see the strength of this demon Bolsonaro in
2022, how many stupid people deny having access to infor-
mation”

Non-viral 0.07 “BOLSONARO WILL FALL BOLSONARO WILL FALL
BOLSONARO WILL FALL BOLSONARO WILL FALL
BOLSONARO WILL FALL BOLSONARO WILL FALL
BOLSONARO WILL FALL BOLSONARO WILL FALL
BOLSONARO WILL FALL BOLSONARO WILL FALL
BOLSONARO WILL FALL BOLSONARO WILL FALL
BOLSONARO WILL FALL”

Viral 1.00 ”Voter takes cell phone to the electronic voting machine and
posts on social media, which is a crime. #Elections2022”

Viral 0.34 ”Luiz Inácio Lula da Silva you will sign my
diploma!!!!!!!!!!!!!!!!!!!!!!!!”
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Figure 4.12: Complexity of messages Confidence Intervals.

The final analysis examined message length, as shown in Figure 4.13. Social me-

dia users often prioritize instant, concise content that delivers small, digestible pieces of

information [5]. At the time of data collection, Twitter enforced a 280-character limit per

post, though total text length could slightly exceed this when considering mentions, links,

and media attachments. We sought to investigate whether viral messages followed the

commonly assumed trend of being shorter or if, in this specific context, lengthier content

was more likely to gain traction.

The results indicated that viral messages were significantly longer on average com-

pared to non-viral ones, suggesting that, at least within the political discourse analyzed,

videos-do-voto-podem-ser-processados
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succinct messages were less effective in driving engagement. Given the political nature of

the dataset, users appeared to favor more contextual or informative content, which aligns

with the tendency to share detailed updates, such as election results or political analyses.

The confidence intervals for message length were (125.66, 133.18) for viral tweets and

(110.35, 117.06) for non-viral tweets, with a statistically significant difference confirmed

by the KS test (Figure 4.14).

Additionally, we conducted a word cloud analysis to uncover the most frequently

used words in viral and non-viral messages. To highlight the key differences between

the two classes, we removed common words appearing in both sets, ensuring that only

distinctive terms remained in each category. Figure 4.15 displays the 300 most frequently

used words in both viral and non-viral messages. In the viral class, electoral-related terms

were prevalent, including words such as voting booth, congresswoman, poll worker, and

mayor. Additionally, the names of several countries—Japan, Korea, Australia, and New

Zealand—appeared frequently, likely because Brazilian citizens in these countries voted

earlier in the election process.

Political figures also had a strong presence in the viral category, particularly

Alexandre de Moraes and Carla Zambelli, both of whom were widely discussed in the

media due to their involvement in controversial political actions at the time11,12.

Beyond electoral terms and political figures, highly polarized and ideologically

charged words such as dictatorship and fascism appeared prominently. These words were

commonly used by opponents of Brazil’s far-right movement to critique the government’s

policies13. Another noteworthy term was Marcola, the alias of Marcos Willians Herbas

Camacho, leader of the PCC criminal faction. During the election, fake news spread al-

leging that he endorsed candidate Luiz Inácio Lula da Silva (PT), prompting the Superior

Electoral Court (TSE) to intervene and demand the removal of such misinformation14.

Finally, the word police surfaced frequently in the viral dataset due to controversies sur-

rounding police roadblocks during the second round of voting. Reports suggested that the

Federal Highway Police (PRF) disproportionately conducted operations in the Northeast,

where Lula was leading in the polls, raising concerns about potential voter suppression15.

By contrast, the non-viral class exhibited a distinct linguistic pattern. A key differ-

ence was the prevalence of offensive language and political slang. Several terms in this set

were insulting or aggressive, including politically charged slurs. The initials JB (Jair Bol-

11https://g1.globo.com/sp/sao-paulo/noticia/2025/01/30/carla-zambelli-tem-mandato-de-deputada-
cassado-pelo-tre-sp-e-fica-inelegivel-por-8-anos-apos-divulgar-fake-news-sobre-processo-eleitoral.ghtml

12https://oglobo.globo.com/politica/eleicoes-2022/noticia/2022/10/na-vespera-da-eleicao-alexandre-
de-moraes-diz-que-democracia-e-construcao-coletiva-dos-que-acreditam-na-paz.ghtml

13https://oglobo.globo.com/blogs/portugal-giro/post/2022/08/bolsonaro-repete-lema-da-ditadura-
de-salazar-diante-do-coracao-de-d-pedro-e-surpreende-portugueses.ghtml

14https://www.cnnbrasil.com.br/politica/moraes-manda-bolsonaro-e-sites-removerem-postagem-
sobre-suposto-apoio-de-marcola-a-lula/

15https://www.cnnbrasil.com.br/blogs/debora-bergamasco/eleicoes/investigacao-da-pf-conclui-que-
blitze-da-prf-impactaram-eleicoes-em-2022/
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Figure 4.13: Message size distribution.

sonaro) and cirista (a term for supporters of Ciro Gomes) appeared frequently, reflecting

factional discourse. Mentions of political parties, such as PP, MDB, and Republicanos,

also stood out, indicating a focus on party affiliation rather than specific election events.
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Figure 4.14: Message size Confidence Intervals.

Another striking feature of the non-viral word cloud was the presence of derogatory

terms, particularly the word mollusc, an offensive nickname used by opponents of Lula.

The widespread use of insult-based discourse in this category suggests that messages with

more aggressive or offensive tones did not achieve the same level of virality as those focused

on political events, election results, or misinformation narratives.

Takeaway. Understanding the linguistic characteristics of viral and non-viral con-

tent provides valuable insights into what drives engagement in OSMPs. Our analysis

revealed that viral messages tended to be longer, featured a more complex vocabulary,

and often referenced key events surrounding the election. In contrast, non-viral messages

exhibited slightly greater diversity in POS tagging but were also more likely to contain

aggressive or hostile language. These findings suggest that while structured and informa-

tive content was more likely to gain traction, messages with a more confrontational tone

did not spread as widely. One possible reason for this could be who the author of the mes-

sages was, as verified accounts of important political figures or media outlets usually write

more formal or polite messages using less aggressive terms. These accounts often have a

high reach and engagement, which could contribute to their messages often going viral.
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Figure 4.15: Word clouds for the predictions of the Bertimbau+B model.

4.3.2 Impact of Textual and Topological Features on Virality

Classification

We started our evaluation with the Baseline BERTimbau classifier, which used only

the textual content of the messages as input. As described in Chapter 3, we conducted

a grid search to optimize hyperparameter configurations, selecting the best-performing

model based on validation loss. The lowest validation loss achieved was 0.1223. With

this configuration, we retrained the model and evaluated its performance on the test set.

To ensure the robustness of the evaluation, we applied bootstrapping with 300 iterations,

computing 95

Although textual content serves as the primary means of communication in OSMPs

like Twitter, engagement is influenced by hidden factors beyond the text itself. To examine

whether structural information from the dissemination network could enhance classifica-
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tion, we introduced the Bertimbau+B model. This model extends the baseline classifier

by incorporating a topological signal: whether a message appeared in the backbone of the

dissemination network. Since backbone users are highly engaged and play a central role

in content amplification, their sharing patterns could indicate a structured dissemination

dynamic.

Following the same hyperparameter tuning process, the best Bertimbau+B con-

figuration was selected based on validation loss, which resulted in a higher final value of

0.4493. This increase suggests that the model may have introduced greater complexity,

possibly due to the integration of topological data. While a higher loss might indicate a

more challenging optimization process, the true impact of the additional feature is bet-

ter understood through classification metrics such as precision, recall, and F1-score. To

ensure a fair comparison, we applied the same bootstrapping methodology used for the

baseline model.

Metric BERTimbau (Baseline) BERTimbau+B

Accuracy 0.79 (0.74, 0.83) 0.73 (0.68, 0.79)

Precision 0.75 (0.68, 0.82) 0.66 (0.60, 0.73)

Recall 0.82 (0.76, 0.88) 0.90 (0.85, 0.95)

F1-Score 0.79 (0.73, 0.84) 0.76 (0.71, 0.81)

AUC-ROC 0.87 (0.82, 0.91) 0.84 (0.79, 0.88)

Table 4.9: Bootstrap results for the models (Mean and 95% Confidence Interval).

Table 4.9 presents the performance metrics for both models. To evaluate whether

the observed differences were statistically significant, we first applied the Kolmogorov-

Smirnov (KS) test to assess whether the paired differences in Accuracy, Precision, Recall,

and F1-score followed a normal distribution. The results indicated a significant deviation

from normality (p < 0.05), leading us to reject the null hypothesis that the differences

were normally distributed. Given this, we proceeded with the Wilcoxon Signed-Rank

Test, a non-parametric alternative to the paired t-test, to evaluate whether the median

differences in these metrics were significantly different from zero. The results showed p-

values below 0.05 for all evaluation metrics, confirming that the performance differences

between the models were statistically significant and unlikely to be due to random chance.

The Baseline BERTimbau achieved an F1-score ranging from 0.73 to 0.83 within

the confidence interval, with an average close to 0.80. Accuracy followed a similar trend,

showing that the model classified most instances correctly. Notably, recall was the highest-

performing metric (>0.82), demonstrating that the baseline model was particularly effec-

tive in identifying viral tweets while minimizing false negatives. The Bertimbau+B model,

which integrates topological information, showed a higher recall than the baseline model

(0.90 vs. 0.82). This suggests that incorporating information from the backbone dissemi-

nation network helped capture patterns indicative of viral content. However, this gain in
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recall came at the cost of lower precision (0.66 vs. 0.75), indicating that the Bertimbau+B

model was more likely to misclassify non-viral tweets as viral. This trade-off suggests that,

while the model became more sensitive to viral content, it also introduced a higher rate

of false positives.

To further assess the models’ ability to distinguish between viral and non-viral

content, we analyzed the AUC-ROC, a key metric that evaluates classification perfor-

mance across different decision thresholds. Figure 4.16 presents the ROC curves for both

models, calculated from the original test set. The results indicate that both classifiers

achieved high AUC values, demonstrating strong separability between the two classes.

The Baseline BERTimbau model achieved an AUC-ROC of 0.868, while BERTimbau+B

obtained a slightly lower value of 0.841. This suggests that, in terms of overall classifi-

cation performance, the baseline model had a marginal advantage in distinguishing viral

from non-viral tweets. This trend aligns with the bootstrap results (Table 4.9), which

reflect the mean AUC-ROC values obtained over 300 iterations during the test phase.

To determine whether this difference was statistically significant, we first ap-

plied the Kolmogorov-Smirnov (KS) test, which confirmed that the paired differences

between AUC values deviated from a normal distribution. Consequently, we employed

the Wilcoxon Signed-Rank Test, which revealed that the performance gap between the two

models was statistically significant (p < 0.05). This confirms that, although both models

demonstrated strong classification ability, the Baseline BERTimbau model consistently

performed slightly better in terms of overall discriminative power.
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Figure 4.16: AUC-ROC curves for original test set of the two models.

This difference aligns with the previously observed metric evaluations for BERTim-

bau+B, which exhibited a higher recall at the expense of a slightly lower AUC-ROC. This

result suggests a potential trade-off between overall classification performance and a more

conservative approach to identifying viral content. Despite these variations, both models

demonstrated similar discriminative capabilities, indicating that while integrating net-
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work topology enhances recall, it slightly decreases other metrics without substantially

altering the global classification capacity.

It is important to emphasize that identifying and predicting viral content in so-

cial networks is an inherently complex task, highly dependent on the surrounding con-

text. These findings highlight the potential benefits of incorporating information about

a tweet’s presence in the backbone of the dissemination network, which contributed to

capturing more true positives. However, this improvement in recall came at the expense

of other evaluation metrics. One possible explanation is that the backbone does not

necessarily indicate global virality, but rather persistent sharing patterns within specific

user groups. This characteristic could have influenced the classification process, making

the model more biased toward predicting positive viral messages. Future research could

explore strategies to mitigate this effect, such as integrating additional topological sig-

nals—like structural roles of users within the network or temporal patterns of message

amplification—to enhance overall model performance.

Takeaway. The results suggest that incorporating topological information, specif-

ically a tweet’s presence in the backbone of the dissemination network, may enhance

classification recall. However, the Baseline BERTimbau model achieved superior perfor-

mance in terms of precision, F1-score, and accuracy, demonstrating its effectiveness in

capturing both viral and non-viral instances more reliably. The AUC-ROC analysis con-

firmed that both models exhibited strong discriminative power. The primary distinction

between the two models may stem from limitations in data collection, as we only captured

a subset of the broader election-related debate. Consequently, the topological factor may

not have fully surfaced the importance of dissemination content in this particular context.
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Chapter 5

Conclusion

The role of online social media platforms (OSMPs) in shaping public discourse and in-

fluencing societal dynamics has grown significantly in the past decade. These platforms

serve as key environments where individuals express opinions, engage in political debates,

and contribute to the rapid dissemination of information. Understanding the mechanisms

that drive information spread, particularly in highly polarized contexts such as elections,

is a complex task that requires a multifaceted approach. In this research, we investigated

the dissemination dynamics of the 2022 Brazilian elections on Twitter, focusing on both

the textual and structural aspects of content diffusion. Our study was structured around

three key perspectives: (i) the characterization of information diffusion networks, (ii) the

analysis of textual properties and psycholinguistic features of disseminated messages, and

(iii) the evaluation of classification models for distinguishing viral and non-viral content.

By modeling dissemination networks and applying backbone extraction techniques, we

identified groups of users who played a central role in spreading political content. This

approach allowed us to highlight interactions that were more persistent and non-random,

which can be indicative of coordinated dissemination patterns.

Our findings indicate that, throughout both electoral rounds, discussions on Twit-

ter revolved around key political events, controversies related to the previous government,

and reactions to election results. Users who consistently participated in content sharing

were largely aligned with pro-Lula narratives, with the most prominent topics including

government policies, the COVID-19 pandemic, and electoral integrity. We observed that

while general network discussions were dominated by polarized and emotionally charged

content, the backbone users exhibited a more balanced discourse, with a notable propor-

tion of neutral sentiment. From a psycholinguistic perspective, the prevalence of attributes

related to home and family in the first round, followed by death, positive emotion, and

religion in the second round, reflects key aspects of the electoral debate. These shifts

align with real-world political narratives, where religious discourse and references to the

COVID-19 pandemic played a role in shaping voter opinions. The backbone extraction

technique proved to be effective in uncovering stable patterns of interaction, shedding

light on how specific user groups contributed to sustaining discussions over time.

In the context of content virality, we first performed a linguistic analysis to explore
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potential drivers of engagement. The results indicated that non-viral messages exhibited

greater lexical diversity and a higher occurrence of aggressive language, whereas viral

messages tended to be longer, contained more references to recent political events, and

used more complex vocabulary. To further investigate the phenomenon of virality, we

developed classification models based on fine-tuned transformers, employing grid search

for hyperparameter optimization and AUC-ROC for performance validation. The base-

line model, relying solely on textual features, achieved a strong F1-score (above 0.75 on

average) and balanced performance across accuracy, precision, and recall.

We then extended the classification model by integrating topological information,

specifically whether a tweet was shared within the backbone network. This addition in-

troduced a layer of complexity to the classification task, reflecting the dynamic nature of

social media environments where multiple factors influence content spread. The inclusion

of structural features improved recall, indicating that the model became more sensitive

to detecting viral content. However, this improvement came at a cost: precision and

overall classification balance were negatively impacted compared to the baseline model.

This trade-off highlights the intricate interplay between textual and network-based sig-

nals in predicting content virality, emphasizing that no single feature alone is sufficient

for optimal classification. Despite the valuable insights gained, our study has some lim-

itations. The dataset was collected based on a predefined set of keywords, which, while

carefully selected, may not have captured the full spectrum of discussions related to the

elections. Additionally, the construction of dissemination networks required substantial

computational resources, limiting our ability to analyze larger time frames or alternative

network structures. Future research could address these challenges by employing broader

data collection strategies and exploring more refined network representations, such as

incorporating user influence metrics or temporal patterns of message amplification.

Overall, this study contributes to the understanding of online political discourse

and the dynamics of information spread by combining network analysis and NLP tech-

niques. Our results demonstrate that while textual and structural features provide valu-

able signals for distinguishing viral content, their effectiveness varies depending on the

specific classification objectives. The findings open avenues for further research into more

sophisticated models that integrate multiple dimensions of content dissemination, poten-

tially improving both predictive accuracy and interpretability in social media analysis.
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5.1 Future Work

This master’s thesis addressed the dissemination dynamics of political content on

social media, particularly in the context of the 2022 Brazilian elections. However, several

aspects remain open for further exploration. Future research could expand on our findings

by addressing the following directions:

• Exploring alternative backbone extraction methods and network repre-

sentations: While we employed a backbone extraction technique to filter out non-

recurrent interactions and identify key users, alternative approaches could yield

different perspectives on content dissemination. Future work could investigate dif-

ferent backbone models from the literature.

• Incorporating additional topological features for virality prediction: Our

study focused on a single topological feature—whether a message appeared in the

backbone network. Future research could extend this by including other network-

derived features, such as the degree of the originating user, clustering coefficients,

or temporal spread patterns. This could provide a richer understanding of how

network structures influence content virality, improving classification performance.

• Leveraging metadata and user attributes to enhance virality classifica-

tion: Beyond textual and structural features, metadata such as user engagement

metrics (e.g., follower count, retweet rate, verification status), temporal posting pat-

terns, and external link usage could serve as additional signals for predicting virality.

Integrating these features in machine learning models may reveal how different user

behaviors contribute to information spread.

• Investigating the dissemination phenomenon in ephemeral OSMP events:

Many discussions on social media revolve around short-lived, high-intensity events,

such as breaking news or viral hashtags. The dynamics of virality in ephemeral

discussions may differ from those observed in prolonged election debates. Future

studies could explore how network structures and sharing behaviors evolve in short-

term viral events compared to sustained political discussions.

• Applying causal inference to understand dissemination mechanisms: Our

classification models predict virality based on observed patterns, but they do not

capture the underlying decision-making process behind content sharing. Causal

inference techniques, such as Granger causality or structural causal models (SCMs),

could help uncover the key factors driving content diffusion. These methods could
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be used to analyze whether user interactions, post timing, or exposure to specific

narratives causally influence virality.

• Exploring alternative machine learning approaches for virality classifi-

cation: Our study employed a transformer-based classification model (BERTim-

bau) with a supervised learning approach. Future work could explore unsupervised

and semi-supervised techniques, such as self-supervised contrastive learning, which

might help improve generalization to unseen viral trends. Additionally, graph neu-

ral networks (GNNs) could be used to model both textual and topological features

simultaneously, leveraging the full structure of dissemination networks for predic-

tion.

• Investigating the role of misinformation and coordinated behavior in con-

tent dissemination: Given the importance of OSMPs in shaping public opin-

ion, future research could analyze how misinformation spreads within dissemination

backbones and whether coordinated campaigns play a role in boosting specific nar-

ratives. This could involve detecting bot activity, inauthentic engagement patterns,

or anomalous clusters that artificially promote certain content.

By addressing these open questions, future research can deepen the understand-

ing of the complex mechanisms driving content virality in social media. Expanding the

methodological scope through alternative network modeling, additional feature integra-

tion, and advanced machine learning techniques can further enhance the predictive capa-

bilities of virality classification models while improving interpretability and applicability

to broader contexts.
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Appendix A

Most Disseminated Topics Details

In this appendix, we detail some of the data presented for the characterization of the

network in Chapter 4. The tables for the top 20 most disseminated topics of the three

different sets analyzed are displayed next, this time with the original most discriminative

words found in each topic in Portuguese.
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Table A.1: Top discussion topics found on Twitter in Portuguese.

ID # Tweets # Retweets Most Discriminative Words Description
1 587 48,978 inácio, silva, luiz, presidente,

biden, eleito, vitória, novo, brasil,
luis

Discusses President Lula’s victory in the election in
the second round and the possibility of his upcoming
victory during the first round. Cites Joe Biden, pres-
ident of the United States, who was one of the first
international figures to recognize Lula’s election.

2 473 30,496 eleicoes2022, vira, virou, lu-
lanoprimeiroturno13, nordeste,
eleições2022, lulapresidente1,
eleicao2022, virada, lulinha

Regarding the turnaround in votes that Lula had,
when the votes from the northeast began to be
counted.

3 76 28,892 apoiadores, comemorando, vi-
rada, vitória, festa, comemorar,
ruas, braśılia, contra, petista

Refers to Lula’s victory and the voters’ celebration.

4 167 24,892 via, terceira, culpa, simone,
chance, segundo, ter, ciro, vcs,
votaram

Mentions the discourse of a third way of opposi-
tion to Lula and Bolsonaro, quoting candidates Ciro
Gomes and Simone Tebet.

5 97 22,882 história, vezes, vez, reeleição,
desde, 1º, presidente, reeleger,
mandato, consegue

Topic that debates about the possibility of reelec-
tion of Bolsonaro and the fact of him being the first
Brazilian president to not be re-elected.

6 145 18,158 luto, mil, pandemia, 700, covid,
mortes, mortos, pessoas, perdeu,
durante

Issues and fatalities that occurred during Bol-
sonaro’s administration in the COVID-19 pandemic
period.

7 293 14,738 acabou, pesadelo, adeus, venceu,
tchau, lulapresidente2022, fim,
bem, acima, finalmente

Electoral opponents of the Bolsonaro government
celebrating the election results.

8 65 13,181 deputado, federal, paulo, fer-
reira, votado, mg, nikolas, eleito,
paraná, senador

Mentions the State’s Elections for House of Repre-
sentatives and Senate.

9 42 12,755 eleita, federal, mulher, primeira,
paulo, histórico, câmara, todas,
damares, contra

Comments on the electoral victory of women for the
position of congresswomen.

10 25 11,790 burra, gerais, votando, outras,
votar, nele, suficiente, regiões, mi-
nas, direito

Criticizes voters for their decision to vote on polemic
candidates from far right, including Bolsonaro.

11 124 11,604 obrigado, obrigada, parabéns,
deus, boa, democracia, páıs, to-
dos, senhor, acima

People celebrating and thanking the Brazilian
democracy regime with Lula’s election.

12 60 11,202 perdeu, neymar, cair, igual,
perder, caindo, pau, copa, desse,
nessa

Mentions terms related to the World Cup, which
took place close to the election period.

13 40 11,181 lo, lulapresidente2022, bora, vira,
grande, lulapresidente1, vitória,
momento, luiz, ouvir

Talks about Lula’s victory and his first speech.

14 53 11,140 urgente, faltam, apenas, menos,
falta, mil, vitória, lulanoprimeiro-
turno13, eleições2022, dar

Refers to the first round when Lula led with 48.43%
of the votes and almost was elected and the victory
of Lula in second round.

15 51 10,758 tava, fraude, ganhando, ganhou,
boa, né, falando, cima, the, virou

Debates about the turnaround, with some users us-
ing the discourse of electoral fraud.

16 168 10,030 zema, minas, nikolas, estranho,
gerais, algo, mg, ganhando, er-
rado, vota

Discussion of the voting outcomes for the state of
Minas Gerais, debating on how the senate and gov-
ernor votes were for far right candidates, but the
most voted for president in the region was Lula.

17 477 9,902 votou, simone, branco, nulo, cu,
votaram, ciro, tomar, vcs, pau

Critics on null votes and about votes for the third
and fourth place candidates of the presidential elec-
tion.

18 53 9,704 estados, lidera, nordeste, todos,
gerais, liderando, minas, bahia,
região, mato

Comments on the regions of Brazil that Lula was
leading the dispute.

19 263 9,454 rua, vc, ta, alguma, fica, oq,
alguém, qualquer, tweet, gente

A topic with common used words in tweets in Por-
tuguese, commenting the event.

20 41 9,367 primeira, mulher, eleita, federal,
petista, paulo, nova, algo, apoiar,
sp

Discusses the first trans women elected for different
Brazilian states as congresswomen.
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Table A.2: Top 20 discussion topics found on Twitter for backbones in Portuguese.

ID # Tweets # Retweets Most Discriminative Words Description (New Topics Only)
1 587 8,005 inácio, silva, luiz, presidente,

biden, eleito, vitória, novo, brasil,
luis

2 473 5,865 eleicoes2022, vira, virou, lu-
lanoprimeiroturno13, nordeste,
eleições2022, lulapresidente1,
eleicao2022, virada, lulinha

3 76 3,893 apoiadores, comemorando, vi-
rada, vitória, festa, comemorar,
ruas, braśılia, contra, petista

4 79 3,684 diferença, cai, milhão, menos,
caiu, mil, 46, apenas, eleições2022,
votos

Highlights the difference between Lula’s and Bol-
sonaro’s votes

5 53 3,112 urgente, faltam, apenas, menos,
falta, mil, vitória, lulanoprimeiro-
turno13, eleições2022, dar

6 97 2,987 história, vezes, vez, reeleição,
desde, 1º, presidente, reeleger,
mandato, consegue

7 42 2,732 eleita, federal, mulher, primeira,
paulo, histórico, câmara, todas,
damares, contra

8 56 2,418 deve, minutos, prf, 19, 10,
próximos, neste, noite, globo,
campanha

Discuss the projections by major news agencies,
which estimate that Lula would surpass Bolsonaro
in votes

9 41 2,179 primeira, mulher, eleita, federal,
petista, paulo, nova, algo, apoiar,
sp

10 177 2,126 2º, datafolha, 1º, turno, segundo,
presidencial, eleições2022, gover-
nador, vão, precisar

DataFolha survey indicating a high likelihood of
second-round runoffs for the presidential race

11 53 1,976 estados, lidera, nordeste, todos,
gerais, liderando, minas, bahia,
região, mato

12 167 1,874 via, terceira, culpa, simone,
chance, segundo, ter, ciro, vcs,
votaram

13 65 1,838 deputado, federal, paulo, fer-
reira, votado, mg, nikolas, eleito,
paraná, senador

14 45 1,776 vantagem, sobre, segue, apuradas,
47, 90, milhão, urnas, liderança,
quase

After the majority of voting machine results were
cleared, Lula was leading the race, sparking
widespread discussion among voters

15 83 1,667 nordeste, chegando, sempre,
norte, pará, eleicoes2022, ele-
icao2022, bahia, eleições2022,
região

Tweets celebrating the Northeast region votes were
being counted, which significantly impacted the vot-
ing results in favor of Lula

16 69 1,652 saúde, quer, educação, povo, bem,
liberdade, vida, viver, governar,
porque

Concerns about education and health issues

17 40 1,565 lo, lulapresidente2022, bora, vira,
grande, lulapresidente1, vitória,
momento, luiz, ouvir

18 64 1,526 virada, gostoso, lulinha, lulapres-
idente, lulanoprimeiroturno13,
calma, eleicoes2022, deus, virou,
nordeste

Tweets with the use of ”He who laughs last, laughs
best” to comment on Lula’s victory in the election
results.

19 293 1,454 acabou, pesadelo, adeus, venceu,
tchau, lulapresidente2022, fim,
bem, acima, finalmente

20 37 1,443 amazonas, pandemia, durante,
votam, nele, vergonha, parece,
muitos, liderando, lidera

Controversial outcomes arose from the presidential
election in the state of Amazonas, due to Bolsonaro’s
actions during the COVID-19 crisis1
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Table A.3: Top 20 discussion topics found on Twitter for persistent users in Portuguese.

ID # Tweets # Retweets Most Discriminative Words Description (New Topics Only)
1 587 1,828 inácio, silva, luiz, presidente,

biden, eleito, vitória, novo, brasil,
luis

2 473 1,322 eleicoes2022, vira, virou, lu-
lanoprimeiroturno13, nordeste,
eleições2022, lulapresidente1,
eleicao2022, virada, lulinha

3 76 886 apoiadores, comemorando, vi-
rada, vitória, festa, comemorar,
ruas, braśılia, contra, petista

4 79 786 diferença, cai, milhão, menos,
caiu, mil, 46, apenas, eleições2022,
votos

5 97 615 história, vezes, vez, reeleição,
desde, 1º, presidente, reeleger,
mandato, consegue

6 53 582 urgente, faltam, apenas, menos,
falta, mil, vitória, lulanoprimeiro-
turno13, eleições2022, dar

7 42 576 eleita, federal, mulher, primeira,
paulo, histórico, câmara, todas,
damares, contra

8 56 557 deve, minutos, prf, 19, 10,
próximos, neste, noite, globo,
campanha

9 177 541 2º, datafolha, 1º, turno, segundo,
presidencial, eleições2022, gover-
nador, vão, precisar

10 41 470 primeira, mulher, eleita, federal,
petista, paulo, nova, algo, apoiar,
sp

11 45 439 vantagem, sobre, segue, apuradas,
47, 90, milhão, urnas, liderança,
quase

12 69 424 saúde, quer, educação, povo, bem,
liberdade, vida, viver, governar,
porque

13 53 399 estados, lidera, nordeste, todos,
gerais, liderando, minas, bahia,
região, mato

14 65 398 deputado, federal, paulo, fer-
reira, votado, mg, nikolas, eleito,
paraná, senador

15 49 347 bahia, 30, milhões, apurados,
ainda, pessoas, dia, votando,
falta, votaram

Talks about Lula having the majority of votes in
the state of Bahia, a strong electoral college in the
Northeast region, during the counting

16 40 343 lo, lulapresidente2022, bora, vira,
grande, lulapresidente1, vitória,
momento, luiz, ouvir

17 83 314 nordeste, chegando, sempre,
norte, pará, eleicoes2022, ele-
icao2022, bahia, eleições2022,
região

18 37 307 amazonas, pandemia, durante,
votam, nele, vergonha, parece,
muitos, liderando, lidera

19 64 300 virada, gostoso, lulinha, lulapres-
idente, lulanoprimeiroturno13,
calma, eleicoes2022, deus, virou,
nordeste

20 167 251 via, terceira, culpa, simone,
chance, segundo, ter, ciro, vcs,
votaram
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