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Abstract

In this article, we discuss the roles users play in political conversations on Twitter. Our case study is based on data collected
in three dates during the former Brazilian president Lula’s corruption trial. We used a combination of social network analysis
metrics and social capital to identify the users’ roles during polarized discussions that took place in each of the dates analyzed.
Our research identified four roles, each associated with different aspects of social capital and social network metrics:
activists, news clippers, opinion leaders, and information influencers. These roles are particularly useful to understand how
users’ actions on political conversations may influence the structure of information flows.
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Introduction

Brazil, the eighth largest economy in the world, has been
facing a political and economic crisis after several corrup-
tion scandals. The impeachment of President Dilma
Rousseff, from the Worker’s Party, in 2016, seemed to
aggravate, instead of solving the country’s problems. The
indictment and later judgment of Rousseff’s predecessor
and mentor, also from the Worker’s Party, Lula da Silva, for
corruption, has polarized Brazilians and influenced the
country’s political conversations for several months.' Lula
was condemned by a Brazilian court on 24 January 2018
and, later, judged by the Supreme Court, and arrested.” The
political turmoil has also had a big impact on social media
discussions, fueling debates and controversies,’ particularly
as Brazilians saw Twitter and Facebook as platforms for
political activism and discussion (Franca, Goya, & Penteado,
2018; Ruediger, 2017).

Given this context, we seek to analyze, in this article, the
roles users play in political conversations on Twitter. Our
main goal is to understand how users’ actions in these politi-
cal discussions influence the network structure, and, thus,
also the information flow that shapes social media’s public
sphere (Bruns & Highfield, 2016; Fuchs, 2015; Papacharissi,
2009). The roles users play within these networks will be
described in terms of social capital (Coleman, 1988; Lin,
2001) and further connected to their effects in the network.

For this discussion, we will work with three data sets with
tweets about Brazilian ex-president Lula’s trial, collected in
three important dates for the trial. Our methodological
approach is composed of a combination of social network
analysis (SNA) metrics and observational analysis.

The article is organized as follows: first, we discuss echo
chambers and political polarization. Then we address social
capital and political conversation. Next, we present our
methods, followed by results and analysis. In the final sec-
tion, we discuss our findings.

Public Sphere, Echo Chambers, and
Political Polarization

Political conversations on social media are linked to the dis-
cussion about the public sphere. Traditionally, this is associ-
ated with Habermas’ (1991, 1996) concept. Habermas (1991)
initially believed in a public sphere with the citizens
occupying equal hierarchical positions when deliberating.
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However, he later reviewed the concept (Habermas, 1996)
and further described the public sphere as a network with
several arenas connected by a communicational flow that
encourages the debate between groups and individuals with
different ideas. Based on this discussion, many authors
debate the presence of public sphere on social media, dis-
agreeing in some points.

Bruns and Highfield (2016), for example, argue that the
public sphere structure on social media is based on many
microspheres connected by users they call “bridges.” The
“bridges” are users that connect different groups, helping to
spread new information among them. In social networks
structured as polarized crowds, the presence of these
“bridges” is rare, which tends to limit the flow of new infor-
mation within the groups. Fuchs (2015), on the contrary,
states that social media characteristics are not adequate for
the existence of a public sphere, and its potential is very lim-
ited because of the fragmented discussions. The author
argues that the social media environment is proper for homo-
geneous conversations, so users become separated by “walls”
and do not get in contact with different opinions. By doing
so, fragmented discussions are likely to create a lack of
deliberation on social media. In this case, political conversa-
tions might not enhance democracy and might end up pre-
venting the existence of a public sphere (Papacharissi, 2009).

The absence of controversy in political discussions tends
to create individuals with poorer arguments and with diffi-
culties to face different points of view when exposed to them
(Wojcieszak & Mutz, 2009). Thus, fragmented conversations
may be associated with the polarized structure of some net-
works and societies (Fuchs, 2015). As shown by Wojcieszak
and Mutz (2009) and Brundidge (2010), individuals are more
frequently exposed to homogeneous content in political
groups. This means that political discussions are more likely
to create fragmented conversations and polarization.

In social media discussions, political opinion leaders tend
to reinforce homogeneous ideas within polarized groups
(Druckman, Levendusky, & McLain, 2018; Soares, Recuero,
& Zago, 2018). Journalism is also affected by fragmented
discussions, as some studies showed that news outlets have
their visibility limited by polarized groups, and in many
cases, news outlets are dragged inside groups because of the
users’ actions of mentioning and retweeting them (Allcott &
Gentzkow, 2017; Alves, 2017; Flaxman, Goel, & Rao, 2016;
Recuero, Zago, & Soares, 2017). These polarized groups can
display stronger and more extreme political positions, with
actors becoming enclosed in echo chambers that reinforce
their own political beliefs (Gruzd & Roy, 2014).

The concept of echo chambers, as proposed by Sunstein
(2001), states that, inside these extremely closed groups,
individuals tend to only get in contact with like-minded con-
tent. In this process, individuals are encouraged to connect
with others who share similar points of view, and these
groups become less open to different types of information,
reinforcing the homophily. Sunstein (2017) argues that

social media provides the perfect environment for these
chambers, because of algorithmic filters and users’ actions.
The idea of the echo chambers in political conversations on
social media, however, has been criticized by some authors.
Guess, Lyons, Nyhan, and Reifler (2018) argue that the echo
chambers’ effects are limited. The authors state that the tech-
nology does not strongly affect the political polarization and
that those inside polarized groups are only the highly active
users, that is, a motivated minority. Thus, these chambers
would not affect political discussion and public sphere that
much. Even so, the motivated minority would be capable of
affecting the discussion because of their actions in support-
ing what they believe.

Echo chambers are often also connected to what Pariser
(2011) calls “filter bubbles.” The idea of filter bubble focuses
on the process of social filtering, based on the individuals’
preferences. The fragmentation in the debates created
through this process may damage the public sphere as a
“place” where political discussion and disagreement help
consolidate democracy. These fragmented social structures
seem to be very common in political conversations on social
media. Smith, Rainie, Himelboim, and Shneiderman (2014),
for example, identified the “polarized crowds” as a typical
network structure. These networks are characterized by the
presence of two groups with little to no connection among
them (Himelboim, Smith, Rainie, Schneiderman, and Espina,
2017; Smith et al., 2014) and would also represent social net-
works embedded in particular contexts.

What is important, however, is that these information
flows artificially skewed in these groups may present a
false perception of consensus, thus, creating artificial sup-
port for political narratives, even though some of them may
be, for example, fake news (Shao, Ciamppaglia, Varol,
Flammini, & Menczer, 2017). The homogeneous environ-
ment of polarized groups might create biased narratives
based on filter bubbles (Pariser, 2011) and also in psycho-
logical mechanisms such as motivated reasoning (Kunda,
1990), the idea that individuals may have their reasoning
affected by motivation. Furthermore, polarized groups cre-
ate a space where biased conclusions based on motivated
reasoning tend to be confirmed and reinforced by other
users—such as the opinion leaders (Druckman et al., 2018;
Soares et al., 2018).

The lack of “bridges” (Bruns & Highfield, 2016) and con-
troversy (Wojcieszak & Mutz, 2009) tend to create more
radicalized groups (Sunstein, 2001, 2017) that reinforce
biased narratives based on motivated reasoning (Kunda,
1990). Consequently, the political conversations do not
enhance democracy, but instead make it weaker, preventing
the formation of a proper public sphere (Papacharissi, 2009).

Polarized structures have been found in the Brazilian
political context, even with some apparently neutral users
being dragged into the polarized groups (Alves, 2017;
Recuero et al., 2017). This polarization process would pre-
vent news shared by certain users enclosed by a certain group
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(such as news outlets, for example) to reach the other group
in the network, thus, also affecting the information flows.

Based on this discussion, we seek to identify important
users in polarized networks, as they may influence the way
the public sphere is shaped and perceived by other users.

Social Capital and Political
Conversation

Social capital is often connected to the set of resources some-
one has access to in a social network (Coleman, 1988; Lin,
2001). These resources are related to peoples’ connections
and interactions, the strength of the network and the way
actors access information, for example (Lin, 2001). Polarized
social structures might affect the way social actors can access
and mobilize social capital. Because they limit information
access, they may also decrease the amount of value social
networks create and share. Furthermore, social capital may
even be used to deepen the polarization of these networks in
political debates. But before we proceed in this discussion,
we must discuss what is social capital and how it can be
accessed.

Social capital is a very controversial concept. Most
authors agree that it relates to the values people can access
through their social network, while they disagree in the ways
it can be accessed (Burt, 1992; Coleman, 1988; Lin, 2001;
Putnam, 2000). To some, social capital is a collective
resource and can only be accessed by the group as a whole.
To others, social capital can be accessed by individuals as
well (Coleman, 1988; Putnam, 2000). While to some authors,
social capital has a positive effect in groups (Putnam, 2000),
to others, it reinforces inequality and power relationships
(Bourdieu, 1986). Nevertheless, social capital may be a use-
ful concept to help understand how people create value for
their online social networks and how these values may shape
their use, for example, of social network sites (Ellison,
Steinfeld, & Lampe, 2007).

There are also different types of social capital discussed
by different authors. For Putnam (2000), for example, social
capital is linked to the types of social ties.” Putnam (2000)
argues that types of social capital are associated with the type
of'tie, calling bonding social capital the values aggregated by
strong ties and bridging social capital the ones associated
with weak ties. While this typology has been largely used,
the categories are too broad for our analysis.

Coleman (1988), on the contrary, associated social capital
with individual appropriation and usage, even though it is
built by a collective group. Social capital is a resource that
can be transformed into several other types of resources, not
only allowing individuals to do things within the networks
but also allowing the groups to create and share trust. Based
on this idea, Bertolini and Bravo (2002) discussed social
capital based on its dimensions and levels, in an attempt to

refine the idea and its application. For the authors, social
capital is a concept that can be accessed by individuals and
collectives in different levels. The first level of social capital
is associated with weak ties and forms of social capital that
can be accessed by individuals and groups. The second level
comprises strong ties and values that are accessible only by
groups

We define therefore the distinction between social capital at the
first level (SC1) and social capital at the second level (SC2) on
the basis of the fact that their production and their maintenance
respectively present and do not present one or more problems of
collective action. (Bertolini and Bravo, 2002, p. 4)

The first level is necessary for the maintenance of the sec-
ond level, but it can exist without the latter. The dimensions
of social capital are the categories the authors propose: (1)
relational, which is associated with the values users access
through exchange and links; (2) normative, associated with
the knowledge of the social norms that guide groups; (3)
cognitive, associated with the sum of knowledge and infor-
mation one has access through its ties; (4) trustworthiness of
social environment, related to the knowledge and trust of the
group; and (5) institutional, which gathers the formal and
informal institutions. The first three dimensions are con-
nected to the first level of social capital and the other two, to
the second level. These dimensions are particularly useful to
examine the social capital present in social media groups
(Recuero & Zago, 2009), as we intend to explore in this
article.

Social capital has also been connected to political partici-
pation and influence, particularly to the individual actions in
the public sphere (Bourdieu, 1986; Lin, 2001). Lake &
Huckfeldt (1998), for example, suggested that “politically
relevant social capital (that is, social capital that facilitates
political engagement) is generated in personal networks” and
may increase the likelihood of individuals being engaged
with politics. The values created within social networks
facilitate the engagement of actors in political participation,
such as voting or activism, for example (Tsatsou & Zhao,
2016), thus linked with democracy. Zufiga, Barnidge, and
Scherman (2017) have argued that social capital produced
within online social networks is not only different from
offline social capital but also produces different patterns of
political behavior. Online social capital has been shown to be
positively connected to political participation as well
(Zuniga, Jung, & Valenzuela, 2012). As social media may
expose the actors to more information and mobilization, it
may also motivate their participation in the political sphere.
It is particularly important for this discussion that online
social capital may be connected to different patterns of polit-
ical participation, as the authors showed. Our work intends to
discuss in a more specific way the different forms that actors
mobilize and build these different types of social capital as
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Table I. Summary of the Data Sets.

Date Nodes Edges

22 January 10,115 22,883
23 January 9,288 18,123
24 January 17,710 34,936

they act in social media channels. We will focus, thus, on
social capital as a result of the roles actors play in the conver-
sation in the social networks. It is connected to their actions
and it is a result of their actions. We will use the classifica-
tion offered by Bertolini and Bravo (2002) to better under-
stand these roles.

Methods

As we explained at the beginning of this article, we want to
discuss the roles users play in political conversations on
Twitter and how these roles influence public conversations.
Our specific research questions are as follows:

RQI. What are the roles users play in political conversa-
tions on Twitter and what is the type of influence they
hold in these roles?

RQ2. How the different types of social capital these users
mobilize in these political conversations may further
influence the public sphere?

For this discussion, we selected a case study to analyze
related to the political discussions on Twitter: the former
Brazilian president Lula corruption trial, which took place on
24 January 2018.

Data Collection

For the data collection, we used a crawler that accessed
Twitter’s streaming application programming interface (API).
This crawler collected tweets with the keyword “Lula,” com-
prising a data set that was further filtered for Portuguese
tweets. The crawler collected data on 22 to 24 January—the
2 days leading up to the judgment day and the day of the
actual judgment. We chose to analyze those three dates
because 24 January 2018 was announced in advance as the
day that the Federal Court would make a decision regarding
the case. Thus, a more intense online debate could be observed
in the days leading up to the decision—and especially on the
day of the decision itself. Table 1 summarizes the number of
nodes and edges in each data set. We chose to separate the
data collected in each day, so we could examine if the key
nodes and the general structure of the conversation would
have changed in time.

While each node represents a unique account in Twitter,
the edges are represented both by retweets or mentions
between users.

Data Analysis

We analyzed the structure of the resultant networks and the
position of users in each date using SNA. Then, we selected
the 12 nodes with the highest metrics to further qualitatively
analyze their tweets and discuss their roles.

SNA has been used frequently to discuss social media net-
works and their structure (Grandjean, 2016; Tremayne,
2014). SNA offers a group of metrics that can show each
node position/importance in the structure of the network, and
these positions have been also associated with social capital
(see Burt, 1992, for example). We thus chose three metrics:
indegree, outdegree, and modularity, which we will present
next in this section. To further explore the networks, we used
Gephi for visualization and Yifan Hu algorithm to create the
graphs.

Indegree. The indegree measures the number of connections
received in a directed network (Degenne & Forse, 1999;
Wasserman & Faust, 1994). The higher the indegree, the
higher the number of retweets and mentions received by the
user. Indegree can be connected to several network values,
such as visibility (since the node influenced the spread of a
certain tweet), credibility, or expertise (since the node may
be cited with the information to give it credibility—media
outlets, for example). These values are connected to exchange
and relations, therefore, relational social capital (Bertolini &
Bravo, 2002). In addition, indegree helps to identify those
nodes that influence others based on their opinions or the
messages they tweet.

Actors with a higher indegree are linked with the idea of
opinion leaders (Lazarsfeld, Berelson, & Gaudet, 1968) and
their main role on political conversations is to influence how
the others think, also possibly to persuade others based on
what they say. It means these influencers have the ability to
influence by “convincing an individual to change his or her
opinion, attitude, and/or behavior” (Dubois & Gaffney, 2014,
p- 1261). Opinion leaders are capable of influencing the dis-
cussion based on their opinions and reputation/authority in
some matter.

Outdegree. The outdegree measures the number of connec-
tions sent in a directed network (Degenne & Forse, 1999;
Wasserman & Faust, 1994). The higher the outdegree, the
higher the variety of users someone retweeted or mentioned
within a particular network. While outdegree in communica-
tion networks is connected to participation, as to have a high
outdegree, a node needs to establish several connections, usu-
ally in several tweets; indegree is not. A node can be men-
tioned without actually taking part in the conversation.
However, to make a mention, one has to tweet about the sub-
ject. Outdegree, thus, is a measure of participation. These val-
ues are connected to participation, thus relational social
capital and also to cognitive social capital (Bertolini & Bravo,
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2002), since these users actively spread information and make
connections with it. The amount of participation one user had
may also be associated with the concept of superparticipants.
The superparticipants are defined by Graham and Wright
(2013) as users who participate much more than average. The
authors studied these users in discussion forums and con-
cluded that they have a positive participation in these spaces.
They found out that the superparticipants helped other users
by summarizing topics, answering questions, suggesting top-
ics to discuss and supervising if the users followed the forums
rules, among others positive actions. On Twitter, however,
there is space for further investigation about superpartici-
pants. Bastos, Raimundo and Travitzki (2013), for example,
have found that a committed minority, highly active, is capa-
ble of affecting social conversation and even reaching high
visibility for the topic they are committed about, affecting
everyone else’s perceptions on the subject.

Modularity. Finally, the modularity measures the tendency of
creating modules or groups of tightly connected nodes in a
network. The higher the modularity, the denser are the con-
nections within a group and less dense are the connections to
other groups (Newman, 2006). The more the modules, the
more disconnected the network. This measure is important to
show different clusters or groups, where we can analyze the
roles nodes are playing. For this work, modularity shows how
clusterized is a network and the context where each actor is
tweeting from. In the case of networks with high modularity,
some values related to social capital might be limited, such as
the informational flow. Granovetter (1973), for example,
states that weak ties are essential for social capital in social
networks. When there are only disconnected clusters, the
presence of weak ties and interaction among groups tend to be
little, limiting the access to contradictory points of view
(Wojcieszak & Mutz, 2009) and to new information. Modu-
larity was calculated using Gephi, and we then used the
results of the textual analysis, described in the next section, to
identify the predominant groups in each conversation.

Textual Analysis

To examine the hypothesis of polarization, we analyzed the
most prevalent discourse on each group, classifying the most
retweeted tweets in the pro-Lula (the ones that were favor-
able to Lula) and anti-Lula (the ones that criticized him)
groups. We arbitrarily decided to classify the most retweeted
50 original tweets because we found out through distribution
(Figures 1 to 3) that they would represent an average of 30%
of content circulated in each group (Table 2). This classifica-
tion was used to exemplify the type of content from each
cluster and will give further evidence of the antagonist dis-
course present in each group.

The results showed that each group had a predominant
position either pro-Lula or anti-Lula group. With the excep-
tion of three tweets in the whole data set (which comprised
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Figure |. Distribution of retweets x original tweets on each of
the two biggest modules based on 22 January’s data set.
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Figure 2. Distribution of retweets x original tweets on each of
the two biggest modules based on 23 January’s data set.
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Figure 3. Distribution of retweets x original tweets on each of
the two biggest modules based on 24 January’s data set.

mostly of citations of other users), all the other tweets had
the same discourse in each module.

For the purposes of this article, however, we will only
present 10 of these most retweeted tweets as examples of
what was being discussed in each module.

Observational Analysis

To better understand how users mobilized social capital and
how their actions influenced the network, we chose to
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Table 2. Tweets Analyzed for Each Cluster.

22 January 2018

23 January 2018

24 January 2018

oT S RTs S oT RTs S oT S RTs S
Pro-Lula group 1,692 50 6,194 1,909 (30.9%) 1,463 50 4,759 1,546 (32.4%) 2,289 50 8,705 2,539 (29.3%)
Anti-Lula group 1,609 50 8939 3,856 (43.1%) 1,36l 6,275 2,320 (36.9%) 2,643 50 13,017 5,164 (39.6%)

Notes. OT = original tweets; RT = retweets; S = sample.

qualitative observe the 12 nodes with higher indegree and
outdegree. We chose to analyze the 12 top nodes based on the
distribution of nodes in the data sets, so we could reach the
top 10%.° We further analyzed and discussed their general
characteristics, such as number of followers, number of fol-
lowing, general political identification (in their profile
description, picture, and exhibition names) and the content
of the last 20 tweets. By doing so, we categorized these nodes
based on their position in the conversation network and their
profile characteristics. We also used the results of this same
analysis to help identify the political position of the two main
modules on each data set. All the 24 key actors (12 indegree
and 12 outdegree) in each module in each data set shared the
same political views, either “Anti” or “Pro Lula.”

Based on the ethical guidelines for Internet research
(Markham & Buchanan, 2012), we anonymized the users
and identified the nodes only by the type of account they
represent (“user” for individual users, “celeb” for celebrities,
“polit” for politicians, “group” for accounts representing
groups or organizations, “news” for newspapers and other
official sources of information, “journ” for journalists, and
“blog” for blogs and bloggers), followed by a number.

Results and Analysis

In the three data sets, each node represents a different Twitter
user profile, and the edges represent mentions or retweets
among those users. The network shows the conversational
connections made by the users. Therefore, when User A
mentions or retweets User B, there is a connection between
those two nodes. The graphs are directed, which allows us to
identify those that either made or received more mentions.

The graph modularity for 22 January is 0.621, which is a
relatively high modularity (varies between 0-1) and indicates
the presence of separate modules, as we can see in Figure 4.
The two main modules, or groups, are composed of nodes
that are more connected to each other than to other nodes.
The blue group (28.03% of the nodes) has the majority of
users who tweeted in favor of Lula’s condemnation, repre-
senting an “Anti-Lula” position. The pink group (19.26% of
the total number of nodes), on the other hand, comprises
mostly users tweeting in favor or Lula’s absolution, and thus
represents the “Pro-Lula” views.

Table 3 shows examples of the discourse in each cluster.
The first cluster reverberates an anti-Lula discourse. Most of

the tweets in this group used the hashtag “#ConvictTRF4,”
where they ask the Court (TRF4) to convict the ex-president.
In addition, there is a lot of visibility to tweets made by users
with a clear anti-Lula position (especially among the most
retweeted). On the other cluster, however, the discourse is
quite different. First of all, there are several hashtags of allies
of the ex-president, such as #SupportLulainPOA, which
claimed for his supporters to march for him during the trial in
the city of Porto Alegre (POA). In addition, most of the most
retweeted tweets either contained a support message or were
made by Lula’s supporters.

On the second day of data (23rd), graph modularity is 0.685,
which is also a relatively high modularity and indicates the
presence of separate modules, as we can see in Figure 5. Once
again, we can see two main groups. The blue group (25.28% of
the nodes) has a majority of users who tweeted in favor of
Lula’s condemnation, representing an “Anti-Lula” position.
The pink group (16.95% of the total number of nodes), on the
contrary, comprises mostly users tweeting in favor of Lula’s
absolution, thus represents the “Pro-Lula” views.

To exemplify the discourse visible in each cluster, we also
collected the 10 most retweeted tweets (Table 4). These data
show the most prevalent discourse and, also in addition, the
number of tweets from each module. Tweets from the anti-
Lula cluster used the hashtag #ConvictTRF4 asking the
Court to convict the ex-president. Tweets from this group are
usually very clear in their positions against Lula’s acquittal,
and there is a lot of visibility given to anti-Lula advocates
and activists. Tweets pro Lula, on the contrary, used once
again the hashtag #SupportLulainPOA. In addition, the most
retweet content in this cluster is from Lula’s known support-
ers and allies and there is a strong discourse around injustice
and democracy associated with Lula, but not to the Court.

Finally, the graph modularity for 24 January is 0.652,
similar to the other two, also showing two separate groups as
we can see in Figure 6. The blue group (31.47% of the nodes)
has a majority of users who tweeted in favor of Lula’s con-
demnation, representing an “Anti-Lula” position. The pink
group (23.46% of the total number of nodes), on the contrary,
comprises mostly users tweeting in favor or Lula’s absolu-
tion, thus represents the “Pro-Lula” views.

Table 5 depicts the 10 most retweeted tweets from each
group. We can see that the observed pattern of giving visibil-
ity to supporters of each side, using hashtags and the polar-
ized discourse reappears.
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Figure 4. Network graph—Lula’s trial on 22 January 2018.

Table 3. Most Retweeted Tweets in Each Module on 22 January 2018.

Anti-Lula cluster

Pro-Lula cluster

Tweet RTs  Tweet RT

Hashtags #ConvictTRF4 from @VemPraRua_br, in 1° place in 247  Confirmed: Lula will be in Porto Alegre tomorrow 66

Twitter. It is a clear measure of the Brazilian’s state of mind” #SupportLulainPOA https://t.co/H3XjxFsGZF

#CondvictTRF4 4 million people “defending” Lula right now 227  Lula will be in Porto Alegre tomorrow for a march in 64

https://t.co/QZYTBiwQWM,227 defense of Democracy

#ConvictTRF4 News from 2010 shows that the triplex belongs 208 | know all Lula’s sins and none of them is capable of 61

to Lula...and in 2010 there wasn’t “Operation Car Wash” making me fell any less despise for his adversaries . . .

The biggest thief in this country needs to be convicted 207  They support Lula and so do I. Fake process without 60

and arrested. Lula in jail!!! #CondemnTRF4 https://t. evidence of crime is a shameful political lawfare;

co/7ZNRr7Ys49 #SupportLulainPOA

" Look at the “tuitago:”” Don’t forget to mark TRF4’s twitter 187  The Federal Police is stopping the buses of Lula’s 55

handle @TRF4_oficial. We want justice to be served! supporters and inspecting passengers and luggage.
Repression even before the election!

Lula’s trial is not a political position, we can’t accept that 144 The verdict is fragile because it bears no relation with 52

thieves keep robbing this country!” Petrobras, so the judge was unqualified to judge (.. .)

The evidence against Lula #ConvictTRF4 https://t.co/ 115 #ConvictTRF4 Judge Morow for all his crimes 51

REICZodBUZ committed during the operation “vaza a jato®”

#ConvictTRF4 HONEST PEOPLE DON'T DEFEND LULA 108  Fascists gave visibility to the tag #ConvictTRF4 but 49

https://t.co/3Mqgle6fbgU then, democrats went and stole the tag.

#ConvictTRF4 Lula says he is going to arrest judges and 107 I'm honored to be with the people that is defending 42

prosecutors of the “Car Wash” https://t.co/hXeVCShfPI the Brazilian people cause, supporting Lula

Lula’s conviction is going to stop the plan to make Brazil 79  Why Lula’s trial is not fair, in my opinion https://t.co/ 42

another Venezuela! #ConvictTRF4

ynRmlqrPWL

Note. RT = retweet.
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Figure 5. Network graph—Lula’s trial on 23 January 2018.

Many of the tweets have hashtags with clear positions.
One example is the #JailWithoutLulaisFraud, created to
counter-act the one that accused the court of trying to meddle
in the country elections where Lula was the lead in the polls
(#ElectionwithoutLulaisFraud). It is also interesting to notice
how the tweets against Lula attacked him, giving visibility to
his detractors, while the tweets from the pro-Lula group
clearly supported him and gave visibility to his supporters
and the media comments that were favorable to his cause.

Throughout the days, the network got more clusterized,
with a fewer total number of modules and thus, more nodes
in the two main groups. This is evidence that the clusters
got more connected, indicating that the conversation
between each one did not reach the other ones, possibly
creating echo chambers (Sunstein, 2001). The presence of
two tightly connected modules tends to create echo cham-
bers because the users within the groups have the propen-
sity to reinforce solely their homogeneous point of view
(Soares et al., 2018). Our data thus show that polarization
was present in the networks and got stronger as the deci-
sion day approached.

To understand the different roles users played in these polar-
ized political conversations, we further analyzed the 12 users
with the higher outdegree and indegree (see Tables 6 to 9).

Superparticipants’ Roles: Users with a High
Outdegree

First, we will discuss actors with high outdegree. As we
argued in the Methods section, outdegree is connected with
participation. In our data set, many users had a high outde-
gree, indicating a large number of mentions and replies to
other users (thus, more participation in the debate) but also a
large number of tweets.

All top 12 users on the “Pro-Lula” group have averages of
40 tweets per day or higher," which indicates a large amount
of participation on Twitter in general. The “Anti-Lula” group
also has high participation, only a few users have lower aver-
ages (below 40 tweets/day).

In terms of the number of followers, very few of those top
12 users have large follower counts, whereas most have an
average of 1,000 or fewer followers.
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Table 4. Most Retweeted Tweets on Each Module on 23 January 2018.

Anti-Lula cluster

Pro-Lula cluster

Tweet RTs  Tweet RT
It is already “Lula in jail tomorrow” in 123 RT @ommrio manipulated a picture of Lula to show him desperate. 165
Australia!
If you were the judge from @TRF4_ 107 The judges from TRF4 can correct an injustice and absolve ex-president 6l
oficial, what would be your decision? Lula...
#ConnvictTRF4 #SupportLulainPOA
Hashtags #ConvictTRF4 from @ 93 I’'m honored to be with the people that is defending the Brazilian people 55
VemPraRua_br, in |° place in Twitter. Itis a cause, supporting Lula
clear measure of the Brazilian’s state of mind
#Lulainjail #ConvictTRF4 https:/t.co/ 93 - Don’t allow Lula to be president, he will transform Brazil into 48
e5uysHkQ% Venezuela and starve everybody.—lIt’s curious, however, that when Lula

was president, he took the country off the hunger map, right?—Silence.
#ConvictTRF4 News from 2010 shows that 79 “TRF-4 got a bad pass from Moro”—comment at @jornaldacbn s about 44
the triplex belongs to Lula . .. and in 2010 the margin to absolve Lula https://t.co..."
there wasn’t “Operation Car Wash79
Dismantling lies that leftists and their parrots 67 Geoffrey Petersen, the queen of England’s lawyer is representing 42
repeat about Lula’s trial (. . .) president Lula in the complaint to ONU . ..
We want Lula to pay for his crimes, it is that 62 Pro-Lula manifest beats 200 thousand supporting signatures https://t.co/ 37
simple #ConvictTRF4 MsAkgyuone
Congressman shares picture of Lula 56 Worker’s Party congressman shares picture of Lula’s supporters, but 37
supporters, but picture is of street vendors the image is old https://t.co/lq2RP8PNhg
https://t.co/WHD6BqG9Qe
We don’t lack evidence against Lula, his 54 If they have Lobao we have Chico, our poet and composer. If they have 35
followers lack BRAIN to understand the Frota we have Wagner Moura, beautiful actor. If they have MBL, we
impeccable work done by Sergio Moro . . . have MST, if they have Moro, we have Dino, who was first place. If they

have globo everywhere, we have Lula in our hearts and souls.
The evidences against Lula #ConvictTRF4 54 They support Lula and so do I. Fake process without evidence of crime 34

https://t.co/REICZodBUZ

is a shameful political lawfare; #SupportLulainPOA

Note. RT = retweet.

We observed many users using their profile picture,
description, or exhibition names to clearly identify them-
selves with one political view. Several users used either
“MORO”" or “LULA” added to their exhibition names on
Twitter, to show a political affiliation to one of the sides of
the polarized discussion (e.g., “Renato LULA” or “Maria
MORO”).

After analyzing those users, we identified two different
roles the users with high outdegree performed:

Activists—(69.74% of the accounts in the 3 days): Those
were users with a clear political view that is highlighted in
their bio, photo, and/or username, who tend to tweet and
retweet other users based on a particular political view. This
may include bots and other automated accounts created for
the purpose of disseminating hyperpartisan information.'
The activists tend to act as a committed minority amplifying
the group position and possibly creating a false idea of con-
sensus within the module (Guess et al., 2018; Soares et al.,
2018). Those wusers mobilize cognitive social capital
(Bertolini & Bravo, 2002) by providing access to informa-
tion via retweets and mentions. They also mobilize relational
social capital (Bertolini & Bravo, 2002) by retweeting other
several users and helping interconnect the nodes with a

similar political view. By doing so, activists have a major
role in the creation of polarized groups and help to shape
echo chambers.

News clippers—(22.37% of the accounts in the
3days'®): These are users who do not manifest a clear
political view in their profiles, even though they are very
active participants, frequently retweeting and mentioning
other accounts. This category may include bots and other
automated accounts, but in this case, the accounts retweet
several different types of contents, not only political ones.
These users also mobilize relational social capital (Bertolini
& Bravo, 2002), but have a stronger role in mobilizing
cognitive social capital (Bertolini & Bravo, 2002) by pro-
viding access to several sources of information—similar to
the weak ties mentioned by Granovetter (1973). Their role
in the network is different from the activists since their
actions help giving visibility to different points of view,
connecting the network and reducing the distance between
the nodes rather than fragmenting it. In this case, users
have a more important role in adding new information to
the network; thus, a more important impact in cognitive
social capital. These nodes may help information to spread
beyond echo chambers.


https://t.co/e5uysHkQ9b
https://t.co/e5uysHkQ9b
https://t.co
https://t.co/MsAkqyuone
https://t.co/MsAkqyuone
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https://t.co/RE1CZodBUZ
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Figure 6. Network graph—Lula’s trial on 24 January 2018.

It is also important to observe that some nodes appear
repeatedly over time. For example, in the “Anti-Lula” cluster,
user7 (activist) appears in all three data sets, while user3
(activist) appears two times. In the “Pro-Lula” group, one
node appears in all 3days (user42, activist) and two others
appear in two (user39 and user34, both activists). This
repeated participation is evidence of a high engagement of
those nodes in the conversation about Lula’s trial. This obser-
vation is important, since it suggests that activists also tend to
be more engaged in the political conversation over time.

Visibility Roles: Users with a High Indegree

Among the users with a higher indegree count in the data
sets, we have celebrities, political figures, and newspapers.
As we discussed in the previous section, indegree indicates
the number of retweets and mentions one user get through
their tweets. Thus, indegree can be seen as a measure of
influence in the conversation, with more attention given to
these users.

The top 12 users in these data sets have high follower
counts (6,000 or more), as opposed to the lower follower
count among the top users with a high outdegree. This means
that those are users that already may have more visibility on
Twitter, since they have a larger audience and thus their
tweets have a higher chance of being retweeted. While most
of the users have high indegree because they received several
retweets to one or more messages posted on those days, some
are there because they were mentioned by other users in dif-
ferent tweets even though they did not participate actively in
the discussion (did not create new tweets on those dates).

We identified two roles those users with high indegree can
perform in polarized political conversations:

Opinion leaders—(70.83%): we classified as opinion
leaders those users with a clear political position that received
a lot of retweets and mentions. These users may have a higher
influence in the political discussion, as proposed by Lazarsfeld
et al. (1968). As opinion leaders, they mobilize mostly rela-
tional social capital (Bertolini & Bravo, 2002) using their
position to influence their connections to give visibility to
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Table 5. Most Retweeted Tweets in Each Module on 24 January 2018.

Anti-Lula cluster

Pro-Lula cluster

Tweet RTs Tweet RT
LULA AND BRUNO THE GOALKEEPER’ FULL OF FANS 1,086  So there is no doubt about it: The people is with 237
... THE DIFFERENCE IS THAT THE FARM FROM THE Lula and wants Lula to run for President. Millions
GOALKEEPER WAS BOUGHT HONESTLY . .. occupy the streets in Porto Alegre supporting him.
Don’t think that the Americans are believing in the stupidities 583  Where is the evidence that convicts Lula? Artists 108
some people from the American press write about “Lula,” repeat the question that echoes in the country
“Democracy.” . .. #ElectionwithoutLulaisFraud @ptbrasil https://t.co/
od...
Lula will arrive in a private plane today, at 3 pm, gate 9 of 176  Article published on The New York Times argues 102
Salgado Filho airport. There is a whole floor reserved for that, because he acted as a partisan, Moro put the
him at the Sheraton. 80 apartments reserved. This is the Brazilian democracy on the edge of the abyss
communist “shopping center” left we have to deal with. The
“humble” people’s saviors.
Have you ever noticed that hashtags supporting Lula appear 159 The universal horror of how the justice acted 96
during the day, while the ones condemning him appear during against Lula and the thunderous success of the act
the night? This shows that who is against him works during the of the 23rd in POA
day ... the Workers Party’s supporters, on the other hand . . .
#lailwithoutLulaisFraud'®
: "they don’t find evidence'' to connect Lula.” AND THEY 146 The New York Times published an article 9l
WON'T FIND, HE HAS NEVER BEING TO SCHOOL condemning the political action of the Judiciary
#JailWithoutLulaisFraud. against Lula
- LULA in Porto Alegre: Sheraton Hotel, one of the most 143 The acclamation of Lula and the end of history 85
luxurious in town—LULA FANS in Porto Alegre: Camping in for FHC https://t.co/s8v97]Vvcl https://t.co/
the middle of the woods. Then people complaint when we say qnJ5FZDYpé
leftists are the dumbest people on Earth. #Lulagoto]ail
| keep imagining Lula in his private plane, drinking a 20 125  Without words to describe and thank Brazilian 67
thousand reais Romanée Conti and laughing at the fools . . . people for what they have done here in Porto
Alegre. President Lula left stronger than ever.
#SupportLulainPOA #ElectionWithoutLulaisFraud
Act in front of the hotel where Lula is staying in Porto Alegre 117 And the “Car Wash” and its goofy people put Lula 67
#JailWithoutLulaisFraud https://t.co/ETQD30oFVLv on an international orlop to be heard by the World
and to do what he loves more: to talk to the people!
Lula is lucky to have been convicted only for the triplex crime. 115 Hurray Brazilian People! Yankee go home! Globo 67
He should be convicted of more. network go out! Lula again with the strength of the
people!
https://t.co/BjDwvxKIYT
The private plane that took 108  Opinion: “It is a scandal the actions of the Judiciary 62

Lula to Porto Alegre https://t.co/dzdqROzypu, 108

on the trials against Lula,” writes Herta Daubler-
Gmelin https://t...

Note. RT = retweet.

certain ideas. While they spread information, they mostly use
their connections to reinforce and legitimize certain points of
view. They do not increase, thus, the plurality of content in
the network, having a less important role in cognitive social
capital. The opinion leaders usually create hyperpartisan con-
tent, favoring the spreadability of their message within the
group and also reinforcing the homogeneous opinion among
users within the group and the polarized structure of the net-
work. These users may also have a role in creating echo
chambers by filtering the ideas they want to spread because
their influence is based on exchanged visibility with their fol-
lowers. However, they alone do not create these chambers,
since they need others to spread their tweets.

Informational influencers—(29.17%): these are users
with a less marked point of view (most of them are news
outlets) that end up being dragged to one side or the other of
the conversation by other users retweeting or mentioning
them. These accounts are not directly connected to the echo
chambers, but how others perceive their tweets may give
them a strong role in cognitive social capital (Bertolini &
Bravo, 2002). Their tweets may be retweeted because they
are seen as confirmation of the ideas that are already circulat-
ing in the echo chamber. Those users are different from the
ones we classified as opinion leaders because they have pop-
ularity and visibility outside the topic being discussed on the
polarized political network and do not influence only on
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https://t.co/qnJ5FZDYp6
https://t.co/ETQD3oFVLv
https://t.co/BjDwvxK1YT
https://t.co/dzdqROzypu
https://t

12 Social Media + Society

Table 6. Users with Higher Outdegree—*“Anti-Lula” Cluster.

22 January 2018 23 January 2018 24 January 2018

Id Outdegree Followers Role Id Outdegree Followers Role Id Outdegree Followers Role
user| 56 1,119 Activist userl3 59 11,355 Activist user23 57 91,198 Activist
user2 53 #2 % user7 40 * Ok user24 5| 932 Activist
user3 52 36,138  Activist user|4 38 4,890 Activist user25 48 1,026 Activist
user4 50 1,507 News clipper user3 36 36,138 Activist user26 48 926 Activist
user5 48 1,167  Activist userl5 35 3,694  Activist user27 45 495 Activist
user6 46 635 News clipper userl6 34 502  Activist user28 43 1,514 Activist
user7 44 * K userl|7 33 157 Activist user7 42 * ok
user8 43 125 Activist userl8 32 302 Activist user29 4l 20,773 Activist
user9 4l 21,112 News clipper userl9 31 281 Activist user30 4l *oOk
user|0 38 3,387  Activist user20 30 506 News clipper user3| 4l 63 Activist
userl| 37 1,098 News clipper user2l 29 874 Activist user22 37 1,528 Activist
userl2 37 2,505 Activist user22 28 1,528 Activist user32 35 47,321 News clipper
user33 35 272 News clipper

Table 7. Users with Higher Outdegree —"“Pro-Lula” Cluster.

22 January 2018 23 January 2018 24 January 2018

Id Outdegree Followers Role Id Outdegree Followers Role Id Outdegree Followers Role
user34 115 4,842 Activist user46 70 2,439 News clipper user36 96 4,585  Activist
user35 59 2,633 News clipper user47 59 4,352 Activist user56 80 1,419  Activist
user36 57 4,585 News clipper user42 49 2,767 Activist user42 69 2,767  Activist
user37 57 409 Activist user48 48 3,687 Activist user57 69 2,015  Activist
user38 49 737 Activist user49 46 4 News clipper user58 66 165  News clipper
user39 48 4,491 Activist user50 46 2,146 News clipper user59 61 1,873 News clipper
user40 47 1,943 Activist user5| 43 422 Activist user34 59 4,638 Activist
user4| 46 598 Activist user52 41 2,224 Activist user60 51 * %
user4?2 42 2,767 Activist user53 39 1,091 Activist user6| 48 2,968 Activist
user43 4] 2,149 Activist user54 39 3,827 News clipper user62 46 15115 Activist
user44 40 1,723 Activist user55 39 2,605 News clipper user63 46 11,087  Activist
user45 38 1,482 Activist user39 38 4,491 Activist user64 45 16,302 Activist
user65 45 1,270  News clipper
user66 45 5,740  Activist
user67 45 1,769  Activist

hyperpartisan news (e.g. a news outlet that posts about a
variety of topics).

In our data sets, we identified, in the “Anti-Lula” cluster,
three opinion leaders that appear in 2 days (user73, user74,
and user77), and five opinion leaders that appear in 3 days

informational influencers, thus, tend to influence the debate
not only in a given time but during the whole conversation.

Discussion

(user68, user 69, user70, user71, and user72). In addition,
there are three informational influencers that appear in 2 days
(newsl, news2, and groupl). In the “Pro-Lula” cluster, we
found one opinion leader and one informational influencer
that appear in the 3 days (user81 and group2) and three opin-
ion leaders (user82, user83, and user84) and four informa-
tional influencers (news3, news4, news5, and group3) that
appear in 2 days. These data seem to suggest that users who
influenced the debate from the beginning kept influencing
their networks in the following days. Opinion leaders and

As we presented at the beginning of this article, our main
goal was to discuss the roles users play in political conversa-
tions on Twitter. To understand the roles users played, we
used their position in the conversation networks. Our first
step was to understand the modules on each conversation and
the prevalent discourse in each group. We found out that the
majority of tweets with more visibility in each group were
highly partisan, either pro or against Lula, indicating we
faced polarized conversations. We further proceed to under-
stand the nodes and their role in each group.
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Table 8. Users with Higher Indegree —*“Anti-Lula” Cluster.
22 January 2018 23 January 2018 24 January 2018
Id Indegree Followers Role Id Indegree Followers Role Id Indegree Followers Role
user68 989 41,645 Opinion user68 623 41,645 Opinion user78 1,397 202,663 Opinion
leader leader leader
user69 489 15,294 Opinion user69 268 15,294 Opinion user68 880 41,645 Opinion
leader leader leader
news| 402 33,307 Informational user73 156 46,536 Opinion celebl 629 201,241 Opinion
influencer leader leader
user70 370 43,866 Opinion user70 196 43,866 Opinion user79 360 95,555 Opinion
leader leader leader
groupl 370 102,458  Informational user71 193 85,450 Opinion blogl 265 505,752  Informational
influencer leader influencer
user7l 356 85,640 Opinion newsl 166 33,307 Informational user77 259 28,081 Opinion
leader influencer leader
news2 262 14,909 Informational groupl 134 102,458 Informational user7| 254 85,450 Opinion
influencer influencer leader
user72 205 28,076 Opinion user76 131 78,446 Opinion user72 232 28,076 Opinion
leader leader leader
user73 184 46,536 Opinion news2 106 14,909 Informational user70 214 43,866 Opinion
leader influencer leader
user74 18] 20,083 Opinion user72 105 28,076 Opinion user69 207 15,294 Opinion
leader leader leader
journl 171 4,629 Informational user77 104 28,110 Opinion user80 191 9,207 Opinion
influencer leader leader
user75 146 7,354 Opinion user74 103 20,083 Opinion blog2 188 419,145  Opinion
leader leader leader
Table 9. Users with Higher Indegree —“Pro-Lula” Cluster.
22 January 2018 23 January 2018 24 January 2018
Id Indegree Followers Role Id Indegree Followers Role Id Indegree Followers Role
news3 259 104,735  Informational news7 22| 6,142,267 Informational polit4 554 329,742 Opinion
influencer influencer leader
user8| 214 402,009  Opinion user8| 163 402,009 Opinion user8l 479 402,009 Opinion
leader leader leader
group2 173 750,921  Informational polit2 113 168,587 Opinion polit5 388 369,068 Opinion
influencer leader leader
user82 149 5,637  Opinion news3 94 104,735 Informational news8 239 1,548,809 Informational
leader influencer influencer
user83 147 16,297  Opinion user84 90 38,363 Opinion group3 227 375,283 Informational
leader leader influencer
news4 119 291,555 Informational user82 88 5,637 Opinion polit6 218 6,484 Opinion
influencer leader leader
politl 115 218,279  Opinion polit3 86 214,274 Opinion group2 192 750,921 Informational
leader leader influencer
news5 108 69,617 Informational journ2 8l 53,654 Informational polit7 191 6,166,417 Opinion
influencer influencer leader
news6 106 40,673  Informational user83 78 16,297 Opinion user86 170 12,003 Opinion
influencer leader leader
user84 104 38,363  Opinion user85 74 19,151 Opinion news9 157 158,361 Informational
leader leader influencer
blog3 102 151,184  Opinion group2 69 750,921 Informational blog4 142 530,718 Opinion
leader influencer leader
group3 92 375,283 Informational news5 65 69,617 Informational news4 141 291,555 Informational

influencer

influencer

influencer
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Our first classification was based on outdegree. This met-
ric helped us to understand how users actually participate in
the debates on Twitter. We found that some users are actively
engaged in spreading information that corroborates with
their own narratives, similarly to what Gruzd and Roy (2014)
have also found. These actors are activists. They are the ones
who help the emergence of echo chambers by retweeting and
mentioning opinion leaders and information influencers.
Their actions may help clusterize the conversation around
certain political positions, while filtering tweets by mention-
ing and retweeting only like-minded users, in a very similar
to what Pariser, (2011) define as filter bubble, but without the
algorithmic influence.

Activists seem to actively work to create a false impres-
sion of consensus, of majority, of public opinion, creating a
space that might be ideal for the spread of fake news, disin-
formation and hyperpartisan content (Sunstein, 2001, 2017).
Even though these users do not appear to have a large net-
work of followers, they end up influencing the conversation
as very engaged users (similarly to what Graham & Wright,
2013 discussed as superparticipants).

Activists’ actions also use relational social capital
(Bertolini & Bravo, 2002) by clusterizing the network around
the people they think deserve to be heard or seen. By mobi-
lizing relational social capital to spread this “consensus,”
activists also diminish cognitive social capital, by only
allowing similar contents to circulate. Their actions may
actually harm the public sphere, by reducing the amount of
different information that circulates within their networks
(Fuchs, 2015). It is interesting that this is done not as a side
effect of an algorithm as suggested by Pariser (2011) but pur-
posely by the actors involved. These effects might explain
why political environments in social media may be so homo-
geneous, similarly to what Wojcieszak and Mutz (2009) and
Brundidge (2010) have found. While filtering, information
activists may help create a more homogeneous group, they
may influence the interconnection and the clustering of the
network by creating more types of social capital of the sec-
ond level through homophily. However, we did not find, in
this study, any evidence of this.

The second type of role we were able to identify is the
news clippers. These actors help to bring more information
into the echo chambers, breaking the bubbles by spreading
different kinds of information, thus, mobilizing cognitive
social capital (Bertolini & Bravo, 2002). News clippers are
potentially capable of acting as bridges between the groups,
helping the informational flows and increasing the discus-
sion (Bruns & Highfield, 2016; Granovetter, 1973).
However, as we observed in this article, these users are
largely outnumbered by activists in the political conversa-
tions analyzed. Thus, while activists actively work to reduce
the variety of information that circulates within clusters in
polarized networks, news clippers would be able to amplify
the debate by serving the network more information. As one

type of engagement may diminish cognitive social capital,
the other may increase it.

We also analyzed the nodes through indegree. Indegree
indicates nodes that are not necessarily very active or
engaged within the network, but that their actions may influ-
ence others. In this category, we found most information
influencers. These actors are usually not active participants
of the conversation, but users mentioned or sometimes
retweeted because of the perception others have of their
political positions or messages. The presence of information
influencers could be a way to reduce the echo chamber
impact; however, they end up dragged by the clusters when
their tweets reinforce the echo chamber’s narrative. These
users are able to mobilize cognitive social capital (Bertolini
& Bravo, 2002) by informing different networks, as well as
giving credibility to the narrative that already is circulating
in the cluster. These results are similar to the ones found by
Recuero et al. (2017), actors with the potential to increase
cognitive social capital and allow a more diverse discussion,
which would be good to the political debate, but that end up
being swallowed by the polarized crowds.

Finally, the opinion leaders are also related to the polar-
ization because of the content of their messages. They nor-
mally have a clear position about the topic of the conversation
and they are already associated with one of the two polar-
ized modules we have been finding in our analysis of the
Brazilian political conversations on Twitter—such as in the
case of Lula’s trial that we focused in this article. These
nodes also work with relational social capital (Bertolini &
Bravo, 2002), mobilizing their followers to retweet them
and to amplify their opinions. However, differently from
activists, their strength is not in the numbers, but in their
own credibility. Unlike activists, who have usually low vis-
ibility (since they have fewer followers), opinion leaders
tweet fewer times, do not establish as many connections via
mentions and retweets, and receive visibility. These actors,
together with activists, seem to be the ones responsible for
the polarization we observed within the political conversa-
tions in our case study. Opinion leaders publish the content
and activists give visibility to it, reinforcing the fragmenta-
tion of the network (Fuchs, 2015).

Based on this discussion, social capital has an important
role in the formation of polarized networks. As most engaged
users mobilize mostly relational social capital, they help to
increase the connections in the conversation while reducing
cognitive social capital in the network. As the first level of
social capital (Bertolini & Bravo, 2002; Coleman, 1988) is
influenced this way, other forms of social capital related to
the second level (such as trustworthiness and institutional
social capital) cannot be achieved by these groups. By focus-
ing on only one dimension of social capital, political echo
chambers may actually damage democracy, by reducing the
information and trust of the social networks. The lack of dif-
ferent dimensions of social capital can decrease political
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engagement and actual participation, as shown by previous
research (Lake & Huckfeldt, 2002).

The fragmented network might also strike the public
sphere on social media (Fuchs, 2015). The debate with con-
tradictory positions helps to enhance democracy, and it is
very important for the public sphere (Papacharissi, 2009;
Wojcieszak & Mutz, 2009). The reduced number of informa-
tional influencers among the most important users in the con-
versation reduces the information flows and the cognitive
social capital (Bertolini & Bravo, 2002) in the network, espe-
cially because those informational influencers who appear in
the networks we analyzed are dragged inside one module and
do not reach the other. Thus, the lack of new content may
show how groups enhance the circulation of like-minded
ideas, reinforcing the echo chambers. Our case study has also
shown that many of the opinion leaders who started influenc-
ing the conversations had also increased or maintained their
power in the 3 days. This also points to a very strong partisan
identification in the echo chambers, with fewer to none influ-
encers with different information appearing.

As Bruns and Highfield (2016) pointed, the bridges
among clusters are very important for the public sphere on
social media, and the absence of them create the walls,
Fuchs (2015) argues, that threatens the existence of public
sphere in these spaces. Even the informational influencers
tend to be dragged to one side or the other of the discussion,
possibly reducing the information flow because of the
diminished presence of bridges (Granovetter, 1973). The
activists also help the formation of the polarized structure
by sharing only like-minded content. This means the discus-
sion is probably limited inside the groups we found, as only
similar messages circulate, and the opinion leaders already
associated with the users’ views are those that have their
tweets most reproduced.

In general, the number of activists who work in these echo
chambers also influences information diffusion and the par-
tisan content that circulates in the groups. While these users
may get little visibility themselves, their active actions
retweeting other users and hashtags increase the visibility of
partisan content and might create an idea that their beliefs are
shared by a bigger multitude of users because of their com-
mitted activity (Guess et al., 2018; Shao et al., 2017). Thus,
while they try to negotiate cognitive social capital (Bertolini
& Bravo, 2002), they actually increase only relational social
capital (Bertolini & Bravo, 2002) by closing the conversa-
tion around certain subjects and political positions.

Even though some of the users with high outdegree might
be bots or hybrids, their participation should also be taken
into account. Not all bots are malicious (Gorwa & Guilbeault,
2018), and while some bots might be created with the sole
purpose of disseminating false news, for example, some may
be contributing to the discussion in terms of social capital by
disseminating information that otherwise would not be
retweeted or passed along in a network.

Finally, even though the categories proposed are not
mutually exclusive, at least in our data set, no user appeared
at the same time in both the top indegree and top outdegree
lists, which might suggest that the users who participate
more often are not necessarily the same who receive more
visibility and attention through mentions and retweets.

Conclusion

In this article, we analyzed three networks of conversations
about Lula’s trial (22 to 24 January 2018). We used three
SNA metrics to understand the conversation and to identify
some key users we then further analyzed. These users were
those with higher indegree and outdegree in the three net-
works. Based on their profiles and their activity on Twitter,
we categorized them. We found three polarized networks
based on two groups: one with users which tweeted in favor
of Lula’s condemnation, representing an “Anti-Lula” posi-
tion and other with users tweeting in favor or Lula’s absolu-
tion, thus represents the “Pro-Lula” views. The two groups
had low connections among them. This means that the con-
tent circulating inside one group did not circulate in the other
group.
Two main research questions guided this article:

RQI. What are the roles users play in political conversa-
tions on Twitter and what is the type of influence they
hold in these roles?

We analyzed the 12 nodes with higher indegree and out-
degree in each module of each network. Based on this analy-
sis, we categorized the users’ roles. Among those with higher
outdegree, we found (1) the activists (69.74% of the
accounts), users with a clear political view who only retweet
like-minded messages and (2) news clippers (22.37%), users
who do not manifest a clear political view and tend to fre-
quently retweet other accounts with a variety of topics.
Among the nodes with higher indegree, we found (3) opinion
leaders (70.83%), users with a clear political position who
receive a lot of retweets and mentions based on the ideas they
want to spread and (4) informational influencers (29.17%),
users with a less marked point of view who end up being
dragged to one module or the other by users retweeting or
mentioning them.

RQ?2. How the different types of social capital these users
mobilize in these political conversations may further
influence the public sphere?

We observed that activists mobilize mostly relational
social capital (Bertolini & Bravo, 2002) by retweeting other
several users and helping interconnect the nodes with a simi-
lar political view. The news clippers are related to cognitive
social capital (Bertolini & Bravo, 2002) by providing access
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to several sources of information via retweets. The opinion
leaders mobilize mostly relational social capital (Bertolini &
Bravo, 2002) by using their position to influence their con-
nections to give visibility to certain ideas. Finally, the infor-
mational influencers are related to cognitive social capital
(Bertolini & Bravo, 2002) based on others’ perceptions,
since their tweets are usually appropriated because they are
seen as confirmation of the ideas that are already circulating
in the polarized groups.

We also identified that activists are related to echo cham-
bers (Sunstein, 2001, 2017) because when they mobilize rela-
tional social capital by retweeting like-minded messages, they
end up helping to create the polarized groups by interconnect-
ing nodes from their same module. The news clippers are
capable of using their cognitive social capital to help the infor-
mational flows and act as potential bridges between the groups
(Bruns & Highfield, 2016; Granovetter, 1973), but their action
to break the echo chambers is limited because they are out-
numbered by activists. The opinion leaders alone do not create
these chambers, but they filter the ideas they spread and, by
doing so, they receive more visibility among those inside one
polarized group based on their retweets mobilizing relational
social capital. Information influencers could use their cogni-
tive social capital to reduce the echo chamber impact; how-
ever, they are dragged to one of the clusters when their tweets
are considered part of their narrative.

Even though it is based on other previous research on
political conversations, this study is limited to the networks
analyzed and thus the results may not be generalizable to all
political conversations on Twitter. Future work can focus on
roles associated with other SNA metrics, like betweenness
centrality or Eingenvector centrality. It is also possible to
analyze the presence of the identified roles in other types of
political conversations, or even other types of conversations
on Twitter, to see if the same roles appear in different ways.
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Notes

1. https://gl.globo.com/rs/rio-grande-do-sul/ao-vivo/julga-
mento-do-recurso-de-lula-no-trf-4.ghtml

2. https://gl.globo.com/politica/noticia/prisao-de-lula-stf-julg-
ara-pedido-de-liberdade-a-partir-desta-sexta-em-plenario-vir-
tual.ghtml

3. http://theconversation.com/mapping-brazils-political
-polarization-online-96434

4. Homophily refers to the idea that individuals tend to connect
with others who share their opinions or some of their social

characteristics (Milsove, Viswanath, Gummadi, & Druschel,
2012; Sunstein, 2017).

5. Granovetter (1973) discussed how the strength of the tie
(which is based on interaction, intimacy, and trust) can influ-
ence the type of resource one has available in a social network.
Thus, weak ties were responsible, for example, for the new
information a cluster receives.

6. According to Valente and Pumpuang (2007), opinion leaders
usually stay within the top 10% to 15% of a metric. Based
on this, we analyzed the users with the top 10% indegree and
outdegree in each group.

7. “Tuitago” is an organized movement by Twitter users to give
visibility to a certain message or hashtag, where several users
tweet about the same thing, at the same time, often using a
hashtag that was previously agreed on.

8. This is a word play with the name of the investigation (“Car
Wash” or “Lava Jato” in Portuguese, “quick wash”) and the
fact that the judge frequently leaks secret court documents to
the press (“vaza a jato” or “quick leaks”).

9. Bruno was a goalkeeper of a Brazilian soccer team, who was
accused and convicted of murdering his ex-girlfriend. Her
body was never found.

10. Hashtag created as a response to the leftist hashtag
“#ElectionwithoutLulaisFraud.”

11. The original tweet has a play between the words “prova” (test)
and “prova” (evidence) which are the same but have different
meanings in Portuguese.

12. We conducted this analysis in May 2018, 5 months after the tweets
were originally posted, and some of the accounts were deleted or
suspended (those accounts are indicated by * on the tables).

13. This was calculated based on the total number of tweets
divided by the number of days since the account was created
until the day the account was analyzed. For example, if one
user is on Twitter for 2,500days and has a total of 150,000
tweets, which would mean an average of 60 tweets per day for
this account.

14. “Moro” refers to Sergio Moro, the Brazilian federal judge who
conducted Lula’s trial and several other trials involving cor-
ruption in the country. “Lula” refers to the nickname of the
former president and was added to the names of those who
defended his actions.

15. Most of the tools to help identify Twitter bots are English
based only and do not work well in other languages. Although
we tried to identify bots in our data sets, we could not be 100%
sure of any account, as all users analyzed tweet in Portuguese.
Some of the profiles analyzed could be either bots or cyborgs
(Gorwa & Guilbeault, 2018), hybrids between automated and
human-created content.

16. The total does not add up to 100% because some accounts
were deleted or suspended, and therefore could not be classi-
fied into either group.
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