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Abstract
Misinformation is a growing concern among the public and political elites. Yet we
still lack a good understanding of the political effects of misinformation. We argue
that misinformation contains politically motivated content that sends unambiguous
signals in favor or against a political group, thus increasing the salience of political
identities and making individuals more oriented towards political and partisan goals.
Consequently, disseminating misinformation benefits politicians because this type
of story is effective at mobilizing voters. We empirically test this argument using
novel observational and experimental data from Brazil. We show that politicians’
posts that contain misinformation have higher levels of seemingly positive interactions with social media users in Brazil. Furthermore, respondents who are exposed
to misinformation show a lower willingness to participate in campaign-related activities in favor of the target of the misinformation and have lower levels of affect
regarding that target. Although the effects we find are small, they indicate that
misinformation may pay off by damaging the target of misinformation.
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Introduction
While misinformation is a growing concern among the public and political elites,

important studies suggest that its persuasion effects are negligible (Little 2018; Guess
et al. 2020) and that this type of content is unlikely to directly affect election outcomes
(Allcott and Gentzkow 2017). Others suggest that concerns about post-truth politics are
exaggerated (Nyhan 2020). This skepticism is based on abundant evidence indicating that
misinformation exposure and consumption is tightly associated with political identities
and partisan motivated reasoning (Berinsky 2017; Flynn, Nyhan and Reifler 2017; Nyhan
and Reifler 2010; Batista Pereira, Bueno, Nunes and Pavão 2022a), such that this content
may reinforce existing beliefs but not significantly change voters’ minds. Furthermore,
existing evidence of large media effects on changing minds are fleeting and contextual,
and, as with any piece of media, the effects of misinformation are also challenging to detect
(Valkenburg et al. 2016). In light of this evidence, it is puzzling that misinformation, as
a business and a political issue, is booming. If not persuasion, what are the electoral
implications of elite-driven misinformation? We argue that even if it fails to persuade
voters, misinformation could be an effective tool to mobilize them.
Political elites play a key role in disseminating misinformation (Nyhan 2020). Even if
politicians are not the main source of political misinformation, they may represent a key
“node capable of stemming its spread” (Mele et al. 2017, p. 8) and should be particularly
influential in shaping public opinion and political behavior (Mele et al. 2017; Zhao et al.
2012; Zaller 1992). Recent work on the dissemination and effects of misinformation
tends to focus on regular social media users in the United States (Guess, Nagler and
Tucker 2019; Vosoughi, Roy and Aral 2018; Grinberg et al. 2019) and has overlooked
the role of political elites (Nyhan 2018). As a result, we lack a clear understanding of
misinformation’s consequences for politics (Flynn, Nyhan and Reifler 2017).
We argue that misinformation benefits politicians because it is effective at mobilizing voters, inducing higher levels of political engagement and participation, than other
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types of content politicians share on social media. Political misinformation is mobilizing because its politically motivated content sends unambiguous signals in favor of or
against a political group, thus increasing the salience of political identities and altering
the identity-related payoffs of effort choice (Dickson and Scheve 2006; Horz 2018). Voters
with political identities are more likely to be primed and mobilized by misinformation
shared by political elites.
To empirically test these expectations, we combine novel observational and experimental data from Brazil, one of the largest democracies in the world and a country where
political misinformation is abundant (Machado et al. 2019; Resende et al. 2019). The
observational study relies on a number of approaches to identify misinformation in over
four million posts by about one thousand political leaders in Brazil on Facebook, Twitter,
and Instagram between 2018 and 2020. It compares engagement metrics across posts with
and without misinformation to measure the association between misinformation shared
by elites and online engagement by social media users.
We also conducted a large survey experiment in Brazil in the months leading up to
the 2022 presidential election that randomly exposes five thousand study participants
to real Facebook posts by politicians containing either misinformation, in the form of
hyperpartisan news or false information, or phatic communication, a very common type
of social media content that does not convey political information. After seeing these
posts, study participants answer a battery of survey questions that assess their willingness
to participate in a series of offline and online political activities related to the upcoming
elections.
The observational study reveals that political elites very rarely share misinformation,
yet about 14% of high-level political officials and candidates have shared at least one
false story between 2018 and 2020. Importantly, posts containing misinformation attract
substantially more attention in the form of reactions on social media. Furthermore, our
evidence suggests that the high levels of engagement with misinformation online reflects
support for the politician, and, to a lesser degree, criticism. We do not find social media
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users’ questioning or correcting politicians’ posts that contain falsehoods to any relevant
degree.
The findings from our experimental study suggest that misinformation depresses participation in support of the group that is targeted by misinformation. We find that
respondents exposed to posts shared by political leaders containing both false and hyperpartisan content are less willing to participate in events in favor of Lula and the Workers’
Party (PT) – the target of the pieces of misinformation selected for our study – in addition to reducing affect towards supporters of the PT (petistas). As a consequence,
we find that the political group in opposition to Lula and the PT benefits from sharing
misinformation about their opponents.
Furthermore, our survey experiment, which contained a simulated Facebook environment, shows that misinformation posts are associated with higher engagement on several
online actions, such as commenting on a post. Interestingly, findings from both forced
exposure to misinformation (in the experiment) and selective exposure to misinformation
(in the observational study) suggest that misinformation is effective at drawing reactions
from individuals online, despite significant differences in the design of each study.
Our study contributes to research on political behavior and misinformation in three
ways. First, it is the only study we are aware of that documents the effect of eliteshared misinformation on online engagement and willingness to participate politically.
Our findings suggest that, while misinformation may not persuade individuals, it may
still have an impact, albeit likely limited, on voters’ behavior. Second, we find that both
hyperpartisan and false content appears to (de)mobilize voters and we do not find systematic differences between these two components of misinformation; respondents do not
appear to react differently to content that is false compared to content that is biased or
misleading. Finally, our set of evidence suggests that misinformation pays off: our observational findings strongly suggest an association between elite-shared misinformation and
users’ online engagement that is, in many ways, beneficial to political leaders. In sum,
misinformation is harmful to the target of the false and biased stories, without engender-

5

ing substantial backlash to the political group that shares falsehoods and hyperpartisan
content.
In what follows, we detail why we expect misinformation to increase political mobilization. Then, we present our study describing the relationship between misinformation
shared by politicians in social media and online engagement. Finally, we outline our survey experiment designed to test the causal relationship between misinformation shared
by political elites and political engagement. We then discuss the main findings and implications for future research.

2

Misinformation and Political Mobilization
Political news are part of a supply-and-demand market in which the media and po-

litical elites supply information that voters demand (Allcott and Gentzkow 2017). This
market has recently undergone drastic changes. The rapid growth of online information
ecosystems has weakened traditional gatekeepers of information—such as mainstream media and professional journalists—and restored political elites’ ability to operate as active
and direct suppliers of information (Shirky 2008). In social media environments, political
elites can easily tailor their discourse to resonate with members of politically homophilic
echo chambers (Ecker et al. 2022), and spread (intentionally or unintentionally) highly
biased or false content that sends unambiguous signals in favor of or against a political
group (Nyhan 2020; Tucker et al. 2018). As a result, the internet has become an ideal
medium for the proliferation of misinformation (Ecker et al. 2022; Vosoughi, Roy and
Aral 2018). Because political elites have many social media followers (Pennycook and
Rand 2021) and are capable of shaping political perceptions and behaviors (Zaller 1992),
their ability to spread of misinformation can be particularly consequential (Ecker et al.
2022).
While misinformation shared online by political elites is unlikely to reach non-supporters
due to audience fragmentation, algorithmic personalization implemented by social media
platforms, and selective exposure (Guess and Reifler 2018; Cinelli et al. 2021; Bakshy,
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Messing and Adamic 2015), which drastically limits the potential for persuasion, it can
reach supporters and nonetheless have important consequences. Studies confirm that
misinformation tends to have minimal persuasive effects (Little 2018; Guess et al. 2020;
Nyhan 2020), leaving the puzzle of why misinformation is a booming issue in politics
unsolved. Recognizing that persuasion might not be the main goal behind the spread of
misinformation (Little 2018; Tucker et al. 2018), we propose that the spread of misinformation in politics may be attractive to politicians because this type of content is effective
at mobilizing voters.
Misinformation is commonly conceptualized as knowingly false, misleading, or unsupported claims about factual matters (Lazer et al. 2018; Guess, Nagler and Tucker
2019). In academic and public discussions about misinformation, related terms such as
disinformation, propaganda, rumors, and fake news are used interchangeably. Each of
these terms highlights a different component of communication: disinformation implies
intention to deceive, fake-news denotes the mimicking of articles published in established
media, and rumors refer to the social transmission of misinformation (Guess and Lyons
2020).
Above these specific variations in the type of communication, political misinformation
has two defining components: a false content and appeals to group identity. In political
contexts, elite communication does not deviate from reality in a random way; instead,
it has a specific direction and is biased to bolster or harm political groups. The false
content represents the informational dimension of misinformation and it refers to the
presence of lies or statements whose content is knowingly false. The second component of
misinformation refers to group rhetoric and appeals to political identities. In practice, the
misinformation we see in politics is likely to be a mix of lies and appeals to group identity
(Horz 2018). In this paper, we use the term misinformation to refer to communication
that contains one of these key defining components. More specifically, misinformation
encompasses communication that always has politically motivated appeals, but that has
either blatantly false or highly misleading but not undeniable false statements.
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But how does misinformation mobilize voters? While a false content is a key defining
aspect of misinformation, we argue that the politically motivated nature of such content
is the active ingredient that triggers its mobilizing effects. Political engagement and participation require resources like time, cognitive energy, money and civic skills (Dawkins
2017). Voters’ decisions to participate in these costly efforts are a function of the benefits they receive from this participation. Voters’ effort utility function includes policy
outcomes, but also identity-related payoffs. In other words, political identities can serve
as important motivation for effort choice (Dickson and Scheve 2006; Horz 2018).2
When campaigning, politicians can strategically use political speech and propaganda
to mobilize voters by appealing to their political identities. Studies suggest that the activation of political identities by politically-motivated content makes people more oriented
towards political and partisan goals (Delton, Petersen and Robertson 2018; Druckman,
Peterson and Slothuus 2013). Political motivations, or the “the tendency to strive toward particular end states or goals” related to politics (Jerit and Zhao 2020, p. 79) may
influence not only the internal processes through which we seek and evaluate information, known as motivated reasoning (Druckman, Peterson and Slothuus 2013), but also
our disposition to engage in behavior that promotes these political goals and end states
(Huddy, Mason and Aarøe 2015; Delton, Petersen and Robertson 2018).
This could happen because the salience of political identities determines “the strength
of behavioral prescriptions associated with membership in social groups” (Dickson and
Scheve 2006, p. 6). In the context of elections, these behavioral prescriptions may instruct
voters to act to boost the status and position of their political group. When political

2

We note that, while political motives are often associated with partisanship, i.e., with identities
shaped around political parties, these motives may also be rooted in other forms of political and social
identities. These other types of identities also give rise to the political goals and motivations that
drive political action. In contexts where partisanship is weak and limited—which is the case of Brazil
(Samuels 2006; Samuels and Zucco 2018) and other developing nations (Lupu 2015; Mainwaring and
Scully 1999; Mainwaring and Torcal 2006)— individuals’ political motivations may be centered around
political leaders. In fact, multiple studies indicate that misinformation often activates political and social
priors that are not necessary rooted in partisan identities (Flynn, Nyhan and Reifler 2017; Berinsky 2017;
Badrinathan 2021).

8

identities are made salient, individuals’ self-esteem is more dependent on their political
group and the position it occupies in the competition. Under these conditions, the costs of
deviating from one’s group prescriptions increase, and voters’ will have more incentives to
participate in campaign-related activities that promote their preferred candidate (Dickson
and Scheve 2006). By activating political identities and enhancing political motives,
misinformation spread by politicians is likely to induce voters to participate in electoral
activities that may benefit political allies.3
There is evidence that mobilization efforts can be effective at changing behaviors
(Gerber and Green 1999) and that the activation of social and political identities plays a
key role in this process (Bryan et al. 2011; Dickson and Scheve 2006). Also, we know that
fake news spreads faster and broader than real news due to human action, as opposed
to automatized profiles (bots), indicating that voters might be particularly attracted to
this type of story (Vosoughi, Roy and Aral 2018). Guess et al. (2020) find that controlled
exposure to a misinformation article reinforced politically congenial beliefs and increased
intentions to vote, although it had no effect on other forms of political participation.
If our expectations are correct, we should find support for the following hypotheses:
Hypothesis 1 (H1) Posts containing misinformation generate more engagement and
participation than posts that do not contain misinformation.
Because the hyperpartisan dimension of misinformation is what drives mobilization
and this component is always present in political misinformation (regardless of whether
it contains strictly false information), we expect both posts that contain false statements
and posts that lack a blatantly false content to promote higher levels of engagement and
participation:

3

Misinformation is more likely to activate political identities than other common types of political
messages, like those that focus on policy. However, if policy motivated claims contain strong appeals to
group identities, such as policies related to divisive issues (e.g., abortion policy) they can be as mobilizing
as misinformation.
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Hypothesis 1A: Posts containing false stories generate more participation than posts
that do not contain misinformation.
Hypothesis 1B: Posts containing hyperpartisan news generate more participation than
posts that do not contain misinformation.

There are reasons to be skeptical of the mobilizing power of the false content of misinformation. We know that, due to limited analytic thinking, people rarely evaluate misinformation in terms of truthfulness (Pennycook and Rand 2019), and that accuracy is not
the dominant driver of sharing misinformation online (Chen, Pennycook and Rand 2021).
Like other authors, we relax the assumption of Bayesian learning, implying that voters’
belief in the content shared by politicians does not condition the effects of misinformation
(Little 2017; Horz 2018; Dickson and Scheve 2006). In other words, misinformation can
be seen as a form of communication that is capable of changing behavior, promoting
engagement and participation, even if voters do not believe it (Horz 2018; Little 2017).
If this is correct, we should find that the two types of misinformation (blatantly false and
highly misleading) are equally effective at mobilizing voters, contingent on their content
being equally perceived as political.4 However, if we find that false stories are more mobilizing than hyperpartisan news, this should be taken as evidence that the unique fakeness
component of misinformation accounts for mobilization effects. However, because we lack
strong theoretical basis for developing hypotheses about the differential effects of false
and hyperpartisan statements, we will answer the following research question:
RQ1: Do posts containing falsehoods have a different effect on levels of mobilization
compared to posts that contain hyperpartisan content?
To better understand the electoral consequences of misinformation shared by political
elites, we also explore whether false and hyperpartisan content generates net mobilization
effects, i.e., whether it promotes political engagement that favors a specific political group

4

Data from a pilot survey indicate that, on average, the fake and hyperpartisan news stories we use
in our experiment present similar levels of perceived political content.
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(either the source or target of the post containing misinformation). To assess whether
posts containing misinformation generate, on average, more mobilization in favor of the
target (PT/Lula) or the source (Bolsonaro) than posts containing phatic communication,
we test the following hypotheses:5
Hypothesis 2 (H2) Posts containing misinformation generate higher levels of net mobilization (i.e., more mobilization against Lula or in favor of Bolsonaro) than posts containing phatic communication.
Hypothesis 2A: Posts containing false stories generate more net mobilization than posts
containing phatic communication.
Hypothesis 2B: Posts containing hyperpartisan news generate more net mobilization
than posts containing phatic communication.

According to our argument, misinformation mobilizes because it activates political
identities, making individuals more motivated to act to promote the status of their preferred political group. If this argument is correct, we should observe an increase in
affective polarization among study participants exposed to misinformation shared by
politicians.
Hypothesis 3 (H3) Posts containing misinformation are more likely to increase affective polarization towards political groups than posts containing phatic communication.
Hypothesis 3A: Posts containing false stories are more likely to increase affective polarization towards political groups than posts containing phatic communication.
Hypothesis 3B: Posts containing hyperpartisan news are more likely to increase affective polarization towards political groups than posts containing phatic communication.

5

These hypotheses are included in the pre-analysis plan as exploratory.
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The theoretical discussion supporting the main hypotheses above also suggests that
not all voters will respond equally to misinformation shared by political elites. Political
identities should significantly shape how voters respond to this content. More specifically,
those who have a strong political identity should be more likely to be mobilized by
misinformation than those who are indifferent (or who lack a political identity) towards
relevant political groups. If these expectations hold, we should find evidence in support
of the following hypotheses:6
Hypothesis 4 (H4) Posts containing misinformation are more likely to increase participation among voters with political identities than among voters without political identities.
Hypothesis 5 (H5) Posts containing misinformation are more likely to increase net
mobilization among voters who are supporters of Bolsonaro than among voters who are
supporters of Lula and/or the Workers’ Party.
In this study, we investigate the mobilizing effects of misinformation shared by political
elites by looking at different forms of political participation that range from low-cost
activities often referred to as slacktivism (such as likes and other forms of reactions
available on social media platforms) (Kwak et al. 2018) to willingness to engage in more
costly offline and online campaign-related activities. Throughout this paper, we use the
term engagement to refer to social media reactions, and the term participation to refer
to willingness to participate in a series of online and offline campaign activities.
Next, we present our observational study in which we describe the association between
misinformation by political leaders and online engagement.

3

Does Misinformation Promote Online Engagement?
In this section, we empirically describe the extent to which politicians share misinfor-

mation online in social media platforms, and whether posts that contain misinformation

6

H5 was included in the pre-analysis plan as exploratory.
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are associated with higher levels of online engagement.

3.1

Data

Our sample of politicians is composed of Brazilian political leaders in different elected
and unelected positions: the president, vice-president, cabinet members, governors, vicegovernors, federal deputies, senators,7 and candidates for mayoral office in all state capitals in 2020, resulting in a total of 945 politicians with active accounts in either Facebook,
Instagram, or Twitter. We collected, via CrowdTangle, approximately 1.5 and 1.1 million politicians’ posts from Facebook and Instagram, respectively, and approximately 1.5
million politicians’ tweets from Twitter, via Twitter Academic API.
We rely on four different approaches to identify posts that contain fake and hyperpartisan content, the two components of misinformation we analyze in this paper.8 To
identify posts that contain hyperpartisan news stories, we rely on the “domain approach”
and on the “repeated domain approach.” To detect misinformation in the form of false
stories, that is, content that is both false and hyperpartisan, we use the “text based
approach” and the “URL approach.”
The first approach—“domain approach”—follows standard practice in existing literature and classifies posts as containing hyperpartisan content if they include a hyperlink to
“low-quality/credibility” domains (Allcott and Gentzkow 2017; Guess and Reifler 2018).9
We obtained these domains from Facebook’s URLs dataset10 that contains URLs shared
on the platform that were flagged as false by third-party fact-checkers. We extracted 228

7

We collect social media data for those elected in 2018. For senatorial seats elected in 2014, we
collected data for senators in office in January 2018. For cabinet members, we collected data on all
members up to January 2020.
8
Parts of this text will share similarities with our working paper (Batista Pereira, Bueno, Nunes,
Oliveira, Pavão and Wirtschafter 2022) because it described in detail the methods we utilize for measuring
misinformation.
9

This type of measurement is common practice in studies focusing on the United States, where such
list of “low-quality/credibility” domains is established.
10
The original dataset contains data about more than 38 million URLs shared more than 100 times
publicly on Facebook. For our analysis, we narrowed in URLs shared widely in Brazil.
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domains from these URLs.11 Anytime a politician shared a link from one of these domains, we classify the post as containing hyperpartisan content. The second approach we
use to detect hyperpartisan content shared by politicians—“repeated domain approach”—offers a more conservative measure that relies on the same principles of the previous
approach, but restricts the list of “low-quality/credibility” websites to only those domains
flagged more than one time by Facebook’s URLs dataset. Although the domains used in
these approaches come from a list of websites that at some point shared content identified
as false, not all posts from them contain false information, but rather mostly polarizing
content that we treat here as hyperpartisan.
To identify posts that contain fake stories, we first rely on the “URL approach.” We
simply extract the complete URLs—rather than just the domain—flagged as false by
third-party fact-checkers on Facebook and classify as fake those posts that contain one of
these URLs. Finally, we also rely on a novel text-based approach to detect false stories
in posts shared by politicians. In this approach, we compare the text of rumors that
circulated in Brazil to the text of politicians’ social media posts. We train a classification
model (Naive Bayes) on a dataset containing the text of 4,050 false stories and 2,000
social media posts that did not contain any misinformation.12 We then apply this model
to the entire dataset of about 4 million social media posts by political elites in Brazil,
which yields a predicted probability of containing a false story at the post level. To
further trim our dataset and guard against false positives, we eliminated any posts with
a predicted probability of containing false stories below 0.9. We then calculate the cosine
similarity between each of these posts “at risk” of containing misinformation with each
false story we scraped from the independent fact checking organization (Boatos). Finally,
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We exclude common domains such as youtube.com, twitter.com, yahoo.com, and a main newspaper
from this list.
12

These posts were initially selected based on a supervised learning model of false stories and stories
from reputable, well-established news agencies, and human review of each post against of entire dataset
of 15,000 fact-checking stories. We built models separately for each social media platform. The F-1 score
varied between .940 to .954 and the prediction accuracy ranged from 92.40% and 96.07%.
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three coders conducted a human review of each post with a cosine similarity higher than
0.4. We detail these steps, our tests for reliability and validity for this measure elsewhere
(Batista Pereira, Bueno, Nunes, Oliveira, Pavão and Wirtschafter 2022).13 By design, the
text-based and the URL approaches are much more likely to detect strictly false content
than the domain approaches. Both approaches rely on fact-checked content deemed as
false and compare politicians’ social media posts against that content. Therefore, by
definition, all the posts identified by the text-based and URL approaches have content
that was flagged as false by fact-checking organizations.
On the other hand, the domain approaches (domain and repeated domain), also by
design, are not capturing strictly false content. For example, we selected a random sample
of 200 posts identified by the domain approach. Out of the 139 posts with working links,
131 (95%) stories were not checked by any fact-checking agency. Of the 8 stories that
were checked by a fact-checking agency, 7 were deemed false or misleading and 1 story
was checked and classified as true. Furthermore, out of a sample of 2,516 posts containing
hyperlinks to domains listed in the domain approach, only 5 posts were fact-checked by
social media companies (based on visual tags).
Despite not capturing strictly false stories, the domain approach is effective in identifying content that is polarizing, or generally speaking, hyperpartisan. Research assistants
classified the news linked in 200 posts identified as containing misinformation by the domain approach according to their level of “politicization/partisanship.” On average, 70%
of these posts were classified as “politicized/partisan,” or “clearly partisan/politicized”.
About 10% of these posts were classified as “a little partisan/politicized” and about 20%
were deemed as having a politically neutral content.
We measure online engagement in multiple ways. We create an aggregate measure
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This “text-based” approach has several complementarities to the other approaches described here.
The text-based approach does not restrict the detection of misinformation to content shared via hyperlinks, which is very useful since misinformation that circulates in Brazil tends to be unaccompanied by
hyperlinks. Furthermore, this approach examines the content posted, and specifically identified false
content rather than identifying the presence of hyperlinks at risk of containing misinformation due to its
origins in websites and portals that have a history of sharing misinformation.

15

of reactions to posts across all platforms (Facebook, Instagram, and Twitter). Reactions
include the sum of all Facebook and Instagram’s interactions (share, comment, love, like,
angry, etc., depending on platform), and the sum of Twitter’s interactions (reply, quote,
like, retweet). Also, since all three platforms included in the analysis have a “like” form of
reaction, we examine “likes” separately. Finally, for platform-specific analyses, we break
down types of reactions separately.

3.2

Misinformation Is Associated with Online Engagement

A relevant share of politicians have shared either misinformation or hyperpartisan content,
according to our measures. About 1.5% of the politicians shared false content (URL
approach), while 44% shared hyperpartisan content at least once (domain approach). At
the same time, misinformation is a small part of politicians’ “online menu:” fewer than
1% of their posts contain misinformation (Table A3). Our first results compare online
reactions to posts containing misinformation or hyperpartisan content, measured in our
four approaches (fake stories in text and URL approaches, hyper-partisan in the domain
and repeated domain approaches), to posts without those two features.
As shown in Tables A4 and A5, posts with misinformation and hyperpartisan content,
across three of the four measures, have higher levels of engagement in terms of overall
reactions and likes across all platforms. The exception here are posts that were visibly
tagged by Facebook as containing misinformation (the URL approach).
Yet the degree to which this content is correlated with online engagement is a function
of several factors, including the type of measure of online behavior, platform, user, and
the timing of posting. Furthermore, sharing misinformation systematically varies with
politicians’ partisanship and ideology (Batista Pereira, Bueno, Nunes, Oliveira, Pavão
and Wirtschafter 2022). As a consequence, chief among the challenges in estimating the
relationship between sharing misinformation and online engagement are the systematic
differences between politicians who share misinformation and those who do not and the
type of online audiences that interact with them. For example, politicians who are more
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active on social media and who campaign on polarizing issues may be more likely to both
share misinformation and have greater online followings. Also, platforms vary in terms
of following and engagement, and if we find systematic differences in the frequency and
types of misinformation sharing by platform, it could mask a true underlying relationship
between online activity as a response to misinformation. Finally, it is conceivable that
misinformation is more likely to be posted during political upheaval, also leading to more
online reactions to posts.
To address these potential issues, we rely on fine-grained fixed effects models. Tables
1 and 2 compare posts within the same politician, same platform, the same month,
and the same year. The differences between posts with and without misinformation
and hyperpartisan content are quite large for three out of four models; a post with
false stories (measured via the text approach) is associated with an increase of 172% in
online reactions and a post with hyperpartisan stories (captured by the repeated domain
approach) is correlated with an increase of 75% in online reactions. The online response
to misinformation is the same if we measure “likes” instead of overall reactions, as shown
by Table 2. Using cluster robust standard errors at the politician level, we reject the
hypothesis of no effect of misinformation on online engagement at the 5% level for all
models, but for hyperpartisan stories measured via the domain approach. Furthermore,
we find in Table 1 that posts with false stories (text approach) are associated with more
reactions (diff = 0.43, p-val = 0.05) than hyperpartisan posts (repeated domain), but the
same is not true for likes (diff = 0.14, p-val = 0.33) shown in Table 2.
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Table 1: Correlates of Online Engagement (Reactions): Types of Misinformation
Reactions
(Log)
Fake (Text)

Reactions
(Log)

Reactions
(Log)

1.002***
(0.076)
0.653*
(0.283)

Fake (URL)

0.083
(0.115)

Hyper. (Domain)

0.564**
(0.200)

Hyper. (Repeat Domain)
Num.Obs.
RMSE
Std.Errors
FE: Pol-Plat-Mon-Year

Reactions
(Log)

4 032 907
1.19
Pol.
Y

4 032 907
1.19
Pol.
Y

4 032 907
1.19
Pol.
Y

4 032 907
1.19
Pol.
Y

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
The estimates from Tables 1 and 2 are useful because they allow the investigation
of variation in reactions to content while adjusting for politician, platform, and timing
factors. Yet using posts as unit of analysis suffers from the high degree of variability of
online engagement with posts and it fails to capture more sustained mobilization over
time.
To examine whether misinformation is associated with continued online engagement,
we compare levels of mobilization between a week in which a politician shared a post
containing misinformation or hyperpartisan content to weeks without such posts. All
analyses are within the same politician, same month, and same year, and we include
(logged) total posts as a control. Figure A1 shows similar results. Across all measures of
online engagement, but likes, politicians have about 10% to 25% higher levels of online
engagement in weeks in which they share false stories (identified by the text approach)
than in weeks without falsehoods. At the same time, across all measures of online engagement, we fail to see any statistically significant association between mobilization and
posts containing false stories via the URL approach.14 The findings for weeks contain-

14

There is also a lot more uncertainty around these estimates due to small number of weeks with
posts identified via the URL approach.
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Table 2: Correlates of Online Engagement (Likes): Types of Misinformation
Likes (Log)
Fake (Text)

Likes (Log)

Likes (Log)

0.668***
(0.093)
0.614**
(0.199)

Fake (Full URL)

−0.009
(0.112)

Hyper (Domain)

0.473**
(0.181)

Hyper (Repeat Domain)
Num.Obs.
RMSE
Std.Errors
FE: Pol-Plat-Mon-Year

Likes (Log)

4 032 907
1.30
Pol.
Y

4 032 907
1.30
Pol.
Y

4 032 907
1.30
Pol.
Y

4 032 907
1.30
Pol.
Y

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
ing hyperpartisan posts are more mixed: we observe associations that are statistically
distinguishable from zero for comments (domain approach), shares (domain and repeat
domain), and borderline statistical significance for reactions (p-val= 0.11), and estimates
range from 2% to 8% more engagement.15
Overall, our post-level analysis suggests a large and systematic association between
online engagement around posts containing misinformation, whereas our week-level analysis suggests a more muted association between “continued” levels of online engagement
and misinformation. This analysis, however, is not informative about the type of engagement that misinformation is associated with on social media. Users may be engaging
more with false or hyperpartisan content shared by politicians, but this engagement could
reflect efforts to question false information or admonish politicians for sharing it.
To examine the nature of engagement around content shared by political leaders on
social media, we break down engagement by different metrics (likes, comments, share,
love, wow, angry, sad, care, overall combined reactions as a sum of of all of those) on

15

In this current analysis, we aggregate at the week-level, meaning that the story could have been
posted early or late in that week. As a result, our analysis is likely a combination of reactions issues
post or prior to posting false/hyperpartisan stories). Furthermore, controlling for total number of posts
could be inducing “post-treatment biases.” In future versions of this paper, we will add analyses looking
at seven days after posting false/hyperpartisan stories.
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Facebook. We follow the empirical strategy from Table 1 by comparing posts with and
without misinformation within the same politician, year, and month (platform is held
constant because we only look at Facebook for this analysis), but we instead use disaggregated metrics based on the type of online reaction rather than the overall combined
measure of reactions.
Figure 1 shows a large positive association between posts containing false stories and
reactions such as comments, shares, wow, angry, and sad, especially when false content
in the posts is identified via the text-based approach. We also find associations between
false stories measured via the text approach and the URL approach (and more uncertainty
around estimates for the URL approach given the small number of posts directly tagged by
Facebook) for likes, and haha, but the size of the association estimates tend to be smaller.
The patterns and magnitudes are similar between posts containing hyperpartisan content
and those containing false content identified in the URL approach, even if estimates tend
to be slightly more muted for posts identified via the domain approach. Finally, we find
no positive association between posts containing misinformation in any measure and the
reactions love and care.16
While informative, these Facebook reactions are limited in what they can tell us about
whether social media users believe misinformation shared by elites, question it, or use it
to support their own political group and attack opponents. Furthermore, although there
are interesting differences in types of metrics for posts containing falsehoods identified in
the text approach, for most of the other measures, even if the point estimates differ, we
cannot distinguish between estimates as statistically different from each other.
We turn to Twitter as a way to assess the content of reactions to tweets containing
falsehoods. We randomly sampled 500 quotes and 500 replies to tweets containing falsehoods identified the text approach.17 Two research assistants, working independently,

16

Indeed, we find a negative association between love and posts with hyperpartisan content (domain).

17

We are in the process of coding quotes and replies for tweets sharing misinformation measure via
the domain and the repeated domain approaches.
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Figure 1: Association between Posts Containing Misinformation and Different Types of
Online Reactions in Facebook
(a) False (Text Approach)

(b) False (URL Approach)
FB Reactions to Post with Misinformation

Care

Care

Sad

Sad
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Angry

Types of Reactions in Facebook (log)

Types of Reactions in Facebook (log)
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Love

Shares

Comments

Comments
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Reactions

−1

0

1

2

−1

0

Coefficients

(c) Hyper. (Domain Approach)

2

1

2

(d) Hyper. (Repeated Domain)

FB Reactions to Post with Misinformation

FB Reactions to Post with Misinformation
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Angry
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1

Coefficients
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Shares

Comments

Comments
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−1

0

1

2

−1

Coefficients

0

Coefficients

Notes: All models contain standard errors clustered at the politician level and politicianmonth-year fixed effects. Platform is not included because this Figure only includes
Facebook posts).
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classified each quote or reply by answering several questions about the content of the
tweet. We created three aggregate indicators for whether the quote/reply: (1) questions
(fact checks, raises a question, or corrects), (2) attacks (attacks the politician, the content
of the tweet, or mocks), or (3) supports (shows support for the politician or tweet content)
the tweet containing a falsehood.18 Figure 2 shows the percentage of tweets, according
to both coders,19 in which users either questioned, supported, or attacked the politician
or the content of the tweet identified as containing falsehoods via the text approach.
Overall, a small share of users correct or even question tweets containing falsehoods
– in fact, this is even likely an overestimate because we allowed for mild questioning that
gave the politician the “benefit of doubt.” The most common behavior in over 50% of
the quotes we analyzed is supporting the politician/tweet. Second, with just under 25%
of quotes, we observe their content as attacking the politician/tweet. With replies, we
observe a more even split between supporting and attacking the politician/tweet.20

18

We also identified other behavior, such as attacking/defending some other politician unrelated to
the tweet. See Figures A2 and A3 for the disaggregated categories.
19

See A2 and A3 for the separate classifications for each research assistant.
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We also analyze “getting ratioed.” We find no support for the claim that tweets containing falsehoods
are more likely to “getting ratioed” compared to tweets without misinformation (see Table A10).
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Figure 2: Types of Quotes to Tweets Containing Fake Stories
(b) Replies (Tweets with Misinfo. Text)
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Discussion

Our descriptive findings are consistent with the claims that misinformation is associated
with mobilization. Social media users react more to posts containing misinformation and
hyperpartisan content, than to posts without those features. Importantly, our findings are
not driven by the different types of politicians who share misinformation, the platforms
they use, or the moments in which they post misinformation as we conduct most of our
analyses within the same politician, platform, year, and month.
Posts containing misinformation, however, are rare. As shown in Table A20, fewer
than 1% of posts by political leaders contain misinformation. While politicians rarely
post misinformation, they are very active on social media (posting, on average, six times
a day), meaning that politicians have shared, at a maximum, 23,227 posts containing
misinformation (detected via the domain approach) and at least 421 posts containing
falsehoods (identified via the text approach). Furthermore, as with most online behavior
data, reactions’ to politicians’ post are highly right-skewed, and posts containing misinformation not only have higher average reactions, but also medians as much as 10 times
larger than posts without misinformation (1,138 vs. 118 reactions), suggesting their im-
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pact is not undermined by their low prevalence. Our descriptive findings, rather than
focusing on the prevalence of misinformation shared by elites, attempt to uncover the ties
between elite-endorsed misinformation and political mobilization.
That said, our claims are limited by threats to causality and measurement. Regarding measurement, online engagement does not necessarily translate into offline or online
political mobilization. While distinctions between online and offline behavior may be irrelevant for some political questions, several metrics such as liking, commenting, or even
sharing a post may not constitute political actions and may simply be result of exposure
on social media without further impact on political attitudes and behavior. Furthermore,
even if these metrics of online engagement are associated with some degree of underlying
political mobilization, we cannot attribute a causal impact of being exposed to misinformation on political action as posts with and without misinformation vary in many
respects, including the political moment in which they are written, their intensity, and
tone. We now turn to a survey experiment designed with the goal of measuring whether
misinformation can cause electorally-relevant mobilization.

4

Does Misinformation Cause Participation?
We assess the causal effect of misinformation shared by political elites on intention

to participate in campaign-related activities via a survey experiment fielded between
August 17 and September 2, 2022 in Brazil, two months before the presidential election.
Quaest Consultoria & Pesquisa conducted the study online with 5,000 respondents. It
consisted of presenting respondents with misinformation politicians shared on Facebook21
and measuring the extent to which it induced higher levels of participation in campaignrelated activities.
In order to evaluate the mobilizing potential of misinformation shared by political
elites, we compare politicians’ social media posts with misinformation (false content) to

21

While we found evidence of politicians sharing misinformation in Instagram, Twitter, and Facebook,
we choose Facebook posts because we found that politicians were more active on Facebook than other
platforms.
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content that is hyperpartisan but not false and content containing phatic communication,
i.e., “speech which is used to express or maintain connection with others in the form
of shared feelings, goodwill or general sociability, rather than to impart information
exchange.” (Miller 2017, p. 3). We chose phatic communications as our reference category
for two reasons: (1) this kind of communication is representative of the interactions people
frequently have on social media (Berriche and Altay 2020); and (2) it is not politically
goal-oriented (Miller 2017, p. 3). Data from a pilot study confirms that phatic posts in
our study are more likely to be perceived as having politically neutral content than posts
that contain misinformation.
After answering a battery of pre-treatment socio-demographic and political questions,
respondents were randomly assigned to one of three experimental conditions, containing
either false, hyperpartisan or phatic posts.22 To ensure that our results are not driven
by the particularities of a single source politician (the politician who is posting the information on Facebook), false news story, or phatic post, we selected all three types of
posts from five different politicians aligned with president Jair Bolsonaro.23 All posts
selected refer to the target politician/political group (Lula/PT) by name and, if they
include someone else, these individuals are well-known close associates of Lula (Lula’s
spouse and close political ally).24 Furthermore, we restrict our analysis to negative pieces
of misinformation for two reasons: first, most misinformation is negative and second,
following the literature on negative campaigns, we expect negative misinformation to be
more effective than positive misinformation at mobilizing voters (Batista Pereira, Bueno,
Nunes and Pavão 2022a).

22

See posts used in the three conditions in section K in the Appendix.
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For example, suppose we select politicians A and B. Then, we select one false stories post from
politician A and one for politician B, one hyperpartisan post from politician A and one from politician
B, and one phatic post from politician A and one from politician B. Because we will collect three types
of posts (false, hyperpartisan, and phatic) from five different politicians, we will have a total of fifteen
posts included in the study.
24

Data from our pilot suggests that posts with false and hyperpartisan stories were perceived, on
average, to be more “pro-Bolsonaro” than phatic posts.
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We select phatic posts by compiling all posts shared by each of the five politicians
whose posts were included for the false and hyperpartisan treatment conditions. We
then used unsupervised topic modeling (Latent Dirichlet Allocation) to identify the topic
associated with posts that contained phatic communication and to select the five specific
posts that were presented to participants assigned to the phatic condition.25
Given the null findings in the literature regarding the effects of misinformation, we
expose each respondent to five posts – a “high dosage” treatment. For instance, a respondent randomly assigned to the false news condition is exposed to five different posts by
different politicians that contain blatantly false stories. Similarly, a participant assigned
to the hyperpartisan condition sees five posts containing hyperpartisan content shared by
the same five politicians. A participant assigned to the phatic communication condition
is presented with five phatic posts shared by the same five politicians. At the end of
the survey, respondents assigned to the misinformation and hyperpartisan conditions are
also presented with corrective information and tips on how to identify misinformation.26
Exposing subjects to misinformation raises valid and important ethical concerns that we
discuss in detail in section D in the Appendix.

4.1

Survey Measures

We rely on a battery of ten questions that ask respondents if they would be willing to
participate in different types of campaign-related activities to support or oppose Lula/PT
(the target of posts containing misinformation) or Bolsonaro (which represents the political group that is the source of posts and stands to benefit from Lula/PT losing support).27

25

In the pilot, we tested two different types of content of phatic posts: Mother’s Day greetings and
cities’ anniversary celebrations. Because the results indicated that the former type of content is less
likely to be perceived as political, we use politicians’ posts that contain Mother’s Day greetings as our
control.
26

See Batista Pereira, Bueno, Nunes and Pavão (2022b) evidence on the effectiveness of these tips on
reducing belief in misinformation.
27

We also measure participants’ willingness to engage directly with the source politicians (i.e., the
politicians whose posts are presented to participants) by asking them about their disposition to follow
the source politicians on Facebook.
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In addition to these survey questions, we also collect participants’ online engagement with
posts that we present in the experimental manipulations using a stylized newsfeed called
Mock Social Media Website Tool (MSMT). The instrument used in the experimental
study is included in section K of the Appendix. The table below summarizes the study
outcomes and how they are measured.
Table 3: Outcomes
Outcomes
Mobilization in favor
of target of the post

Mobilization against
the target of the post

Affect
Online engagement

Measurement
Willingness to...
1. convince someone to vote for Lula
2. share positive content about Lula on social media
3. attend a campaign rally in favor of Lula
4. display a campaign sign, bumper sticker or flag in favor of
Lula
5. join a WhatsApp group to receive information and campaign
material about Lula
6. dissuade someone from voting for Lula
7. share negative content about Lula on social media
8. attend a campaign rally in favor of Bolsonaro
9. display a campaign sign, bumper sticker or flag in favor of
Bolsonaro
10. join a WhatsApp group to receive information and campaign
material about Bolsonaro
11. Affect towards Petistas
12. Affect towards Bolsonaristas
13. Reactions to posts
(like, love, haha, wow, sad, angry, or leaving a comment or text)

To test hypothesis 1, we rely on the overall mobilization index (OMI) that combines all
outcomes that tap mobilization in favor of and against the two political groups (questions
1-10). In this index, all outcome measures indicating action—regardless of whether they
favor or oppose the two political groups—have positive values. This index is designed to
capture participants’ general dispositions to engage in political/electoral actions. Testing hypothesis 2 requires measuring the direction of mobilization—whether it favors or
opposes a specific political group. We construct a net mobilization index (NMI), using
questions 1-10, in a manner such that positive values indicate mobilization against the
target politician (PT/Lula, pro-Bolsonaro) or in favor of Bolsonaro, and negative values
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indicate mobilization in favor of Lula/PT and against Bolsonaro. Both OMI and NMI
are created using a mean effects index (Kling, Liebman and Katz 2007).
We also collect measures of online engagement (item 13 in Table 3), comparable to
those used in our observational study, from the Mock Social Media Website Tool (MSMT)
(Jagayat, Arvin, Gurkaran Boparai, Carson Pun, and Becky L. Choma N.d.). This tool
simulates an interactive Facebook timeline and allows study participants to react to posts
as they would on their own Facebook feeds. We use the MSMT at the end of the questionnaire28 to expose study participants to the same posts they saw previously (as part
of the experimental manipulation) and to collect their online reactions (like, love, haha,
wow, sad, angry, or leaving a comment or text) to the posts in the simulated Facebook
timeline. We examine all reactions (like, love, haha, wow, sad, angry, or leaving a comment or text) with the posts in the simulated Facebook timeline as a measure of online
engagement.29 We construct a measure of affect towards political groups (bolsonaristas
and petistas) using items 11 and 12 in Table 3 to test hypothesis 3. These items are
measured on a scale from 0 to 10 in which 0 means lowest and 10 highest affect regarding
Bolsonaro and PT. We measure affective polarization as the absolute value of the difference between the two political groups as a intermediate outcome that could be partially
responsible for driving the effects of misinformation on political mobilization.30
Our expectations (hypotheses 4 and 5) require we compare the effects of the misinformation treatment across participants with and without a political identity. We
classify as having a political identity respondents who declare to either like or dislike

28

Only a subset of respondents is able to actually see the posts via MSMT within Qualtrics because of
browser/phone operating system conflicts. Therefore, we use it at the end of the questionnaire to avoid
attrition early in the survey and/or prior to our measure of mobilization.
29

In later versions of this paper, we will include analysis of the text of the comments and in the
timelines. Furthermore, this is a new tool and we present the analysis of these outcomes as exploratory.
Our pilots indicated that many survey respondents had no previous experience using MSMT, even though
it appeared to be intuitive to many of them.
30

We do not follow common practice in studies regarding the U.S. as to calculate the difference in
the “feeling thermometer score for a respondent’s own party and the feeling thermometer score for the
opposition party” (Lelkes and Westwood 2017, p.488-9) because many of our respondents are unlikely to
identify with either group.
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Bolsonaro/Lula/PT in our pre-treatment measures of political group affiliation and we
classify as a Lula or Bolsonaro supporter individuals who declare liking Bolsonaro or
Lula.31

4.2

Misinformation Leads to Lower Levels of Overall Mobilization and Higher Levels of Net Mobilization

In this section we present the results of the main analyses we conduct to test hypotheses
1, 2, 3, 4, and 5, and our research question. A total of 5,014 participants assigned to the
false (1,636), hyperpartisan (1,688), and phatic (1,690) conditions, as Table 4 indicates.
We conducted balance tests and found no evidence of randomization failure.32 The results
we present in this section are not adjusted by any pre-treatment covariates and rely on
OLS regression models with robust (HC2) standard errors.33
Table 4: Experimental Assignment
Experimental Condition
False Story
Hyperpartisan
Phatic

N

Percent

1636
1688
1690

32.63
33.67
33.71

The first column of Table 5 examines whether levels of overall political mobilization—measured as willingness to engage in different types of campaign-related activities—differ between the misinformation/hyperpartisan and phatic conditions. The results
indicate that political engagement levels are lower among individuals exposed to posts
containing misinformation than among those assigned to see phatic posts. Therefore,
contrary to the expectation stated in hypothesis 1 (that exposure to misinformation would

31

Per our pre-analysis plan, we conduct the analysis for 5 by dropping respondents who neither
Bolsonaro nor Lula/PT supporters. See Appendix K for variable coding.
32

Individual t-tests and chi-squares for pre-treatment variables, F-tests for the regression of two treatment indicators on all pre-treatment variables, and a multinomial logit regression of three treatment
categories on all pre-treatment variables. The results of these tests are presented in section G.
33

See Appendix I for the correspondence and deviations between our pre-analysis plan and the analyses
shown here.
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increase mobilization), we find that being exposed to misinformation has a demobilizing
effect. The second and third columns of Table 5 show that, while posts with false stories
have a negative and statistically significant effect on overall mobilization (the opposite
of what we expected in hypothesis 1A), hyperpartisan posts have a smaller and not
statistically significant negative effect on overall mobilization (which is not consistent
with expectations stated in hypothesis 1B). The difference between these coefficients,
however, is not statistically significant (p-value = 0.23).
Table 5: Effects of Misinformation on Overall Mobilization Index (OMI)

(Intercept)
Misinfo.

OMI
(1)

OMI
(2)

0.000
(0.024)
−0.063*
(0.030)

0.000
(0.024)

−0.085*
(0.035)
−0.043
(0.034)

False
Hyper.
Num.Obs.

5014

5014

Notes: + p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Robust standard errors.
We find that exposure to misinformation shared by political elites demobilizes, regardless of its type (if in favor or against a specific political group). To better understand the
effects of misinformation on electoral mobilization, we explore whether misinformation
shared by political elites generates any net mobilization effects, i.e., whether this type
of content is more likely to benefit the political group that is the source of the posts
(Bolsonaro) or the target of the information (Lula).
As Table 6 indicates, exposure to politicians’ posts containing misinformation promotes political engagement in favor of Bolsonaro and against Lula/PT. The second and
third columns of Table 6 examine sub-hypotheses H2A and H2B, respectively. It shows
that posts containing either false or hyperpartisan content promotes mobilization in favor
of Bolsonaro and against Lula/PT (and the differences between these coefficients is not
30

significant).
Table 6: Effects of Misinformation on Net Mobilization Index (NMI)
NMI
(1)
(Intercept)
Misinfo.
False
Hyper.
Num.Obs.

NMI
(2)

0.000
0.000
(0.024) (0.024)
0.064*
(0.030)
0.070*
(0.035)
0.058+
(0.034)
5014

5014

Notes: + p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Robust standard errors.
Our results suggest that misinformation both demobilizes respondents, according to
the OMI, in favor of Lula, and mobilizes respondents in favor of Bolsonaro, according
to the NMI. Furthermore, the absolute magnitudes of both OMI and NMI are similar to
each other, and somewhat small – around 0.06 standard deviations.
While these findings are seemingly contradictory, the results disaggregated by each
component of the overall and net mobilization indices both show that misinformation
is demobilizing in terms of actions that support Lula. Figure 3, panel (a), show that
subjects exposed to misinformation are less likely to join a WhatsApp group in support
of Lula, to declare their support for Lula, to attend a campaign event in support of
Lula, share positive news about Lula online, and convince others to vote for Lula, in
comparison to those exposed to phatic posts. Figure 3, panel (b), shows the net effect
of misinformation on mobilization pro Bolsonaro and against Lula for each component of
the NMI, which is consistent with panel (a): respondents exposed to misinformation are
more likely to say they would not join a WhatsApp group in support of Lula, to declare
their support for Lula, to attend a campaign event in support of Lula, share positive news
about Lula online, and convince others to vote for Lula. For example, the component
with the largest effects in the OMI corresponds to a 0.10 unit decrease in the willingness
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to share positive news about Lula in a 4-point Likert scale. For context, for individuals
exposed to phatic posts, about 66% said they would absolutely not or possibly not share
any positive content about Lula, whereas, in contrast, about 70% of individuals exposed
to misinformation said they absolutely not or possibly not share any positive content
about Lula.
Figure 3: Effects of Misinformation on OMI and NMI components
(b) NMI Components

(a) OMI Components

Effects of Misinformation on NMI Components

WhatsApp Bolsonaro (Definitely yes)

WhatsApp Bolsonaro (Definitely yes)

WhatsApp Lula (Definitely yes)

WhatsApp Lula (Absolutely not)

Declare Bolsonaro (Definitely yes)

Declare Bolsonaro (Definitely yes)

Declare Lula (Definitely yes)

Declare Lula (Absolutely not)

Event Bolsonaro (Definitely yes)

Event Bolsonaro (Definitely yes)

Outcomes

Outcomes

Effects of Misinformation on OMI Components

Event Lula (Definitely yes)

Event Lula (Absolutely not)

Share negative Lula (Definitely yes)

Share negative Lula (Definitely yes)

Share positive Lula (Definitely yes)

Share positive Lula (Absolutely not)

Convince not vote Lula (Definitely yes)

Convince not vote Lula (Definitely yes)

Convince vote Lula (Definitely yes)

Convince vote Lula (Absolutely not)

−0.2

−0.1

0.0

0.1

0.2

−0.2

Coefficients

−0.1

0.0

0.1

0.2

Coefficients

Notes: Bars represent 95% confidence intervals. Robust standard errors. Term in parenthesis is response category with the largest positive value in the scale.
Table 7 shows the effect of misinformation on affective polarization and affect regarding Bolsonaro supporters (Bolsonaristas) and Workers’ Party supporters (petistas).
Contrary to our expectation, misinformation is not associated with an increase in affective
polarization – widening the gap in feelings toward PT and Bolsonaro supporters. Yet,
consistent with the demobilizing effects in pro-Lula/PT campaign activities, respondents
exposed to misinformation have lower levels of affect toward PT supporters and their
levels of affect toward Bolsonaro supporters remains largely unchanged.
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Table 7: Effects of Misinformation on Affect

(Intercept)
Misinfo.

Affect
Polarization (1)

Affect
Bol. Sup. (2)†

4.408***
(0.093)
−0.098
(0.115)

4.106***
(0.090)
−0.042
(0.110)

Affect
Affect
Affect
PT Sup. (3)† Bol. Sup. (4)† PT Sup. (5)†
4.122***
(0.084)
−0.244*
(0.103)

False
Hyper.
Num.Obs.

5014

5014

5014

4.106***
(0.090)

4.122***
(0.084)

−0.014
(0.128)
−0.069
(0.127)

−0.296*
(0.119)
−0.194
(0.120)

5014

5014

Notes: + p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Robust standard errors. †
denotes analyses that were not pre-registered.
Table 8 shows that the effect of misinformation on willingness to participate is not
moderated by political identity. Results in Table 8 show that, while partisans in general
(model 1) and Bolsonaro supporters (model 2) are more likely to report willingness to
participate in campaign-related activities overall (model 1) and in favor of Bolsonaro/antiLula (model 2), we fail to detect misinformation as more effective in creating willingness to
participate, overall, among partisans, and to participate in activities pro-Bolsonaro/antiLula, among Bolsonaro supporters.
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Table 8: Effects of Misinformation on OMI and NMI by political identity
OMI
(1)

NMI
(2)

−0.271*** −1.026***
(0.037)
(0.029)
Misinfo.
−0.069
0.111**
(0.045)
(0.037)
Partisan
0.481***
(0.048)
Misinfo. * Partisan
0.013
(0.059)
Bol. Sup.
1.857***
(0.044)
Misinfo. * Bol. Sup.
−0.035
(0.054)

(Intercept)

5014
0.059

Num.Obs.
R2

3326
0.600

Notes: + p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. Robust standard errors.
Model (2) excludes respondents who support neither Bolsonaro nor Lula.

4.3

Discussion

Misinformation has a limited, albeit detectable, effect on willingness to participate in
campaign-related activities. Our survey experiment shows that misinformation demobilizes willingess to perform actions in favor of Lula. Furthermore, we do not find that
either fakeness or hyperpartisan content have systematically different effect on mobilization. While estimates for posts with false stories tended to be slightly larger (in absolute
values) than estimates for hyperpartisan posts, we fail to find that these estimates are
statistically distinguishable from each other.
Contrary to our expectations, misinformation is not more likely to prompt partisans
or supporters of Bolsonaro or Lula to be more willing to take part in campaign-related
activities. The result regarding Bolsonaro/Lula supporters may partly stem from their
more ardent supporters already displaying high levels of willingness to participate in
those types of activities: for instance, Bolsonaro’s supporters average score for the net
mobilization index is at the top 25% of the sample among those assigned to phatic
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posts. Yet, we do not observe such “ceiling effects” for partisans, which suggests that
misinformation does not necessarily influence mobilization by affecting those who already
have developed firmer political identities as we had originally hypothesized. While we fail
to find that minsinformation’s effect is concentrated among partisans or Bolsonaro/Lula
supporters, we find that misinformation activates animosity against PT supporters by
reducing affect, although feelings of affective polarization remain unchanged.
Both the results from our observational analysis and experimental findings suggest
that misinformation pays off. Misinformation leads to demobilization in favor of Lula
and reduced affect toward PT supporters, all of which stands to benefit politicians in the
opposing camp, largely responsible for spreading these hyperpartisan and false stories.
Even though we find that respondents exposed to misinformation are less willing to
follow online the politicians who spread misinformation (Table A26), there is no effect
of misinformation on their willingness to take part in campaign-related activities related
to Bolsonaro or on affect toward Bolsonaro, which suggest that the cost of spreading
misinformation is low. Furthermore, our study of online engagement suggests higher
levels of engagement with posts containing misinformation and weak evidence that users
are, to a meaningful degree, mocking, correcting, questioning, or even attacking the
misinformation spreaders.
Yet comparing findings from the observational and experimental analyses requires
several caveats. The outcomes and comparisons made in the observational and experimental studies are not directly commensurable: the outcomes of online engagement in our
observational study measure online behavior and they differ from outcomes measuring
willingness to participate in campaign-related activities in our survey. In the experimental
study, we compare willingness to participate between respondents exposed to misinformation and those exposed to phatic content while in the our observational study posts
containing misinformation are compared to posts without any misinformation. And, finally, the controlled exposure to misinformation we measure in our survey experiment is
an entirely distinct data generating process than the way in which social media users are
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exposed to misinformation across social media platforms.
We partly address these questions by examining survey respondents reactions to
posts containing misinformation (compared to posts containing phatics) via the Mock
Social Media Tool, which simulates Facebook’s newsfeed environment within the survey,
thereby reducing commensurability issues between experimental and observational studies. Therefore, if survey respondents’ behavior in the survey bears resemblance to the
average social media user included in our observational analysis, we should expect that
reactions to posts containing misinformation should also elicit more online reactions than
phatic posts, as our observational results imply.34
And, indeed, as shown in Figure 4, respondents exposed to a timeline that contained
misinformation are more likely to react, across a number of online engagement measures,
than respondents exposed to a timeline containing phatic posts: respondents exposed to
elite-shared misinformation post and comment more often on politicians’ posts, and their
reactions have higher levels of “anger,” “sad,” “wow,” and “haha.” The two important
exceptions are “likes” and “loves,” which are more frequent reactions in phatic posts than
posts containing misinformation. Interestingly, as shown by Figure 1 in our observational
study, “love” is systematically no different or at lower levels in posts containing misinformation compared to posts without misinformation – and we observe the same pattern
for the measure of “love” in the simulated Facebook environment in our survey. The
main discrepancy between the results from the simulated Facebook environment and the
observational study regards “likes” given we observe equal or larger number of “likes” in
posts containing misinformation in the observational analysis. Overall, despite significant
differences in design and underlying data generating processes, respondents in the survey
experiment react to misinformation shared by political leaders in a manner that is largely
consistent with the way users of social media react to misinformation posed by political

34

Note to reader: we plan to address the type of comparisons we are making in the observational study
in future versions of this paper. We are in the process of detecting phatic posts to create a comparison
group in the observational study.
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leaders.
Figure 4: Effects of Misinformation on FB reactions via MSMT
Effects of Misinformation on FB Reactions (MSMT)

Post (log count)

FB Reactions in Mock Social Media Tool Outcomes

Comment (log count)

Angry (log count)

Sad (log count)

Wow (log count)

Haha (log count)

Love (log count)

Like (log count)

−0.3

−0.2

−0.1

0.0

0.1

Coefficients

Notes: Bars represent 95% confidence intervals. Robust standard errors. N = 3,467 (see
Appendix H.1 for discussion).
Finally, our experimental study focuses on one type of misinformation that has a
negative tone and that is critical of Lula/PT and our experimental findings suggest that
misinformation affected respondents’ attitudes regarding the PT – and not the political
group sharing misinformation about PT. An open question is whether other types of
misinformation, those with positive tone, and that have different content, could generate
different effects. Plausibly, negative false and misleading stories about the PT may be
more likely to generate anti-Lula/PT mobilization, as the literature on negative campaigning suggests. However, it is equally plausible that false and misleading stories that
praise Bolsonaro could also mobilize – just in a different direction.
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5

Conclusion
To the best of our knowledge, this study is the first to provide evidence on the ef-

fects of elite-shared misinformation on mobilization. In doing so, it offers an important
contribution to the debate about the political consequences of misinformation, and helps
us calibrate our concerns about this type of communication and “post-truth politics.”
Even if misinformation fails to persuade voters, as many recent studies suggest, it can
nonetheless shape their political participation, which can have implications for political
competition and elections.
More specifically, we find that misinformation shared by politicians is effective, although to a limited extent, at reducing mobilization in favor of the target of the communication. Furthermore, social media users engage more with politicians’ posts that
contain misinformation than with posts that lack misinformation, and such engagement
appears to be, to some extent, positive for the politician rather than pushback against
sharing falsehoods or biased content.
Moreover, our findings suggest that posts containing falsehoods tend to have similar
mobilizing effects to posts that convey hyperpartisan messages. In this sense, misinformation mobilizes not because it provides false content, but primarily because it conveys
such content through hyperpartisan communication that evokes emotions and activates
political identities. While one can argue that the polarizing rhetoric of hyperpartisan
messages represents a departure from the normative ideal of democratic representation,
it does not necessarily resort to falsehoods in order to exert influence. Instead, hyperpartisan messages generally dispute the meaning and interpretations of facts, which is a
regular component of political discourse (Gaines et al. 2007). The troublesome aspect
of our findings is that entirely fabricated content combined with polarizing messages can
take the place of typical of hyperpartisan rhetoric. Hence, under unfavorable conditions
in the public debate, political elites can simply resort to false content as subterfuge to
produce hyperpartisan rhetoric and mobilize voters.

38

Our study suggests new directions for research on political misinformation. Future
studies should investigate whether the effect we find for negative misinformation is also
observed for misinformation that conveys positive messages that praises the target. Moreover, future research could further probe the causal roles of falseness and hyperpartisanship in fostering reactions and participation, as some of our findings suggest that the
latter is the active ingredient behind the mobilizing effects of misinformation. Finally,
future research should investigate the effects of misinformation on outcomes that tap
more costly types of behaviors beyond reactions to politicians’ posts and intentions to
perform campaign-related activities.
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A

Summary Statistics Online Engagement Study - Observational Data
Table A1: Summary Statistics: Post-level analysis

Year
Month
False (text)
Hyper (domain)
False (URL)
Hyper (repeat domain)
Reactions
Reactions (log)
Reactions (log hyper.)
“Likes”
“Likes” (log)
“Likes (log hyper.)

Unique (#)

Missing (%)

Mean

SD

Min

Median

Max

3
12
2
2
2
2
58048
58048
58048
49813
49813
49813

0
0
0
0
0
0
0
0
0
0
0
0

2019.2
6.9
0.0
0.0
0.0
0.0
1796.4
4.8
5.5
1298.7
4.3
4.8

0.8
3.2
0.0
0.1
0.0
0.0
13 755.0
2.3
2.4
11 163.4
2.5
2.6

2018.0
1.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

2019.0
7.0
0.0
0.0
0.0
0.0
120.0
4.8
5.5
79.0
4.4
5.1

2020.0
12.0
1.0
1.0
1.0
1.0
2 469 318.0
14.7
15.4
2 423 284.0
14.7
15.4
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False (text) False (URL) Hyper (domain) Hyper (rep. domain) Median Likes
0.00
0.00
0.00
0.00
78.00
0.00
0.00
1.00
0.00
593.00
0.00
0.00
1.00
1.00
2409.00
0.00
1.00
1.00
0.00
122.00
0.00
1.00
1.00
1.00
2494.00
1.00
0.00
0.00
0.00
590.00
1.00
0.00
1.00
0.00
696.00
1.00
0.00
1.00
1.00
1858.00
1.00
1.00
1.00
0.00
1581.00
1.00
1.00
1.00
1.00
50.00

Avg. Likes
1293.10
1615.16
5643.67
767.17
2279.20
4989.49
757.80
3757.40
1581.00
50.00

Table A2: Descriptive Statistics by Misinformation
Median Reactions Avg. Reactions
118.00
1783.57
1228.00
3003.34
4315.00
8979.02
271.00
2163.48
3867.00
4114.00
1138.00
9060.86
1540.00
1844.40
4950.00
9792.60
3368.00
3368.00
92.00
92.00

Table A3: Prevalence of Politicians Sharing False Content and Posts Containing False
Content by Detection Approach (Table 2 from Batista Pereira et al 2022)
Detection
Approach
Text
Domain
Facebook URL
Repeat Domain
n total

Pct. of Politicians Pct. of Posts from Politicians
Sharing False News
Sharing False News
15.4497
0.0104
43.7037
0.5759
1.4815
0.0009
13.6507
0.085
945
4,032,907
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B

Detecting False and Hyperpartisan Posts

To identify false and hyperpartisan content,35 we rely on several different strategies,
including those commonly deployed in misinformation research in the United States that
rely on URLs to hyperpartisan websites and a text-based approach better suited to the
Global South, where false content regularly circulates via WhatsApp and other messaging
platforms. In total, we use four different approaches to measuring false and hyperpartisan
content: (1) a domain-based approach; (2) a repeated domain-based approach; (3) a
URL approach; and (4) a novel text-based approach. While the first two approaches are
designed to measure “hyperpartisan” content that may not be exclusively false, the latter
two approaches measure explicitly false content shared by politicians online.
In research on the spread of misinformation in the United States, scholars have longrelied on an expanding list of low-quality, hyperpartisan domains, where misinformation
is most likely to spread (Guess, Nyhan and Reifler 2020; Allcott, Gentzkow and Yu 2019).
Although these domain may capture false content, they do not exclusively do so, and are
likely to also feature hyperpartisan information that may be politically biased, but not
explicitly false. For scholars studying the spread of misinformation in the U.S., this list has
been adapted over time to incorporate additional domains based on qualitative knowledge
and systematic assessments of quality. In the Brazilian context, we know of no such
existing list of domains. However, we are able to compile a list of hyperpartisan domains
using Facebook’s URL database. To operationalize the “domain-based approach” for the
Brazilian context, we collect all URLs shared at least 100 times, fact-checked as false on
Facebook by a third-party fact checker, with a geographic concentration in Brazil. From
there, we collect all unique root domains, which we consider the “domain-based approach”
(N=228). In addition, we develop a “repeated domain-based approach” drawing on this
same list of Facebook URLs, but restricting out sample to only root domains that have
shared two or more stories fact-checked as false in the Facebook URLs database (N=59).
These two lists constitute our measure of hyperpartisan content, which includes both
false and politically charged (but not explicitly false) information. We exclude common
domains, such as youtube.com and yahoo.com, from this analysis.
To operationalize false content, we also rely on two different measures. In one measure,
the “URL approach,” we identify posts using the exact URLs fact checked as false in the
Facebook URL Database, rather than the root domain (N=365). In addition, we develop a
“text-based approach” the relies on the exact content of rumors circulating in Brazil, using
supervised machine learning, natural language processing, and manual review. This textbased approach, which we detail in the working paper (Batista Pereira, Bueno, Nunes,
Oliveira, Pavão and Wirtschafter 2022), is particularly well-suited to contexts, like Brazil,
where false content may circulate on messaging apps or social media websites in the form
of large blocks of text or images and does not include hyperlinks to external websites.
To develop this text-based approach, we first collect the exact text of all rumors factchecked by the external fact checking website Boatos (N=4,050). We then train a series
of classification model to cull our sample of posts to only those that are among the most
likely to contain false content. As part of this process, we first train a Naive Bayes model

35

Parts of this appendix may replicate or be closely related to our other working papers that use the
same data and method.
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on a dataframe that includes both the false content from Boatos and stories by reputable
news outlets in Brazil. We apply this model to over four million posts across Facebook,
Twitter, and Instagram to identify politicians’ social media posts that are the least likely
to contain false content, based on a low predicted probability of being classified as false.
We then retrain a classification model using both the false content and these identified
posts, and apply this model to our full dataset again. From these, we selected posts
with a predicted probability of .9 or higher of containing false content, based on the
classification model.
As a next step, we calculated the cosine similarity– which measures the similarity of
documents between 0 (not similar) and 1 (identical)–between every post predicted to be
false and the content of the Boatos fact check. This allow us to further cull our sample to
social media posts that closely resembles false content assessed by external fact checker
and remove unrelated content. We eliminate posts with a cosine similarity of less than
.4, meaning that they are unlikely to match or be similar to fact checked content. This
leaves us with .1% of our original dataframe, or around 4,000 posts, which were then
manually reviewed by at least two independent coders.
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C

Additional Analyses, Online Engagement Study, Observational Data

Table A4: Average reactions and likes to posts containing false stories and without false
stories
No False
Mean
Reactions (Text)
Likes (Text)
Reactions (URL)
Likes (URL)

1,795.6
1,298.4
1,796.4
1,298.7

False

Std. Dev.

False - No False

Mean

Std. Dev.

Diff. in Means

Std. Error

13,752.9 8,957.7
1,1162.0 4,890.1
13,755.0 2,410.3
11,163.4
979.9

26,080.8
20,170.2
7,211.6
2,202.3

7,162.1
3,591.8
613.9
-318.9

1,271.1
983.1
1,201.9
367.1

Table A5: Average reactions and likes to posts containing hyperpartisan stories and
without hyperpartisan stories
No Hyper
Mean
Reactions (Domain)
Likes (Domain)
Reactions (Rep. Domain)
Likes (Rep. Domain)

1,784.3
1,293.5
1,790.3
1,295.0

Std. Dev.

Hyper

Hyper - No Hyper

Mean

Std. Dev.

Diff. in Means

Std. Error

13,779.4 3,883.2
11,187.8 2,206.9
13,752.0 8,971.7
11,163.5 5,631.6

8,288.1
5,440.3
15,313.6
10,100.1

2,098.9
913.4
7,181.4
4,336.6

54.8
36.1
261.6
172.6
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Table A6: Correlates of Online Engagement (Reactions): Week-level Engagement, False
and Hyperpartisan Posts
Reactions
(log)
Fake (Text)

Reactions
(log, FB)

Reactions
(log)

Reactions
(log)

0.095**
(0.030)
−0.010
(0.156)

Fake (URL)

0.017
(0.011)

Hyper (Domain)

0.020
(0.020)

Hyper (Repeat Domain)
1.693***
(0.025)

Total Posts FB (log)
Total Posts (log)

1.113***
(0.008)

Num.Obs.
RMSE
Std.Errors
FE: Pol-M-Y

127 643
0.50
Pol.
Y

127 643
0.65
Pol.
Y

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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1.113***
(0.008)

1.113***
(0.008)

127 643
0.50
Pol.
Y

127 643
0.50
Pol.
Y

Table A7: Correlates of Online Engagement (Likes): Week-level Mobilization, False and
Hyperpartisan Posts
Likes
(Log)
Fake (Text)

Likes
(Log, FB)

Likes
(Log)

Likes
(Log)

0.037
(0.028)
−0.044
(0.151)

Fake (URL)

0.005
(0.010)

Hyper (Domain)

0.012
(0.019)

Hyper (Repeat Domain)
1.636***
(0.023)

Total Posts FB (log)
Total Posts (log)

1.091***
(0.008)

Num.Obs.
RMSE
Std.Errors
FE: Pol-M-Y

127 643
0.48
Pol.
Y

1.091*** 1.091***
(0.008)
(0.008)
127 643
0.60
Pol.
Y

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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127 643
0.48
Pol.
Y

127 643
0.48
Pol.
Y

Figure A1: Correlates of Online Engagement: Week-level Engagement, False and Hyperpartisan Posts
Comments (Log)

Likes (Log)

Reactions (Log)

Shares (Log)

Hyper (repeat domain)

term

Hyper (domain)

Fake (URL)

Fake (text)

−0.2

0.0

0.2

0.4

−0.2

0.0

0.2

0.4

−0.2

0.0

0.2

0.4

−0.2

0.0

0.2

0.4

Notes: All models control for total number of posts in a given week. Standard errors
clustered at the politician level. Politician-Month-Year fixed effects included in all
models.

57

Table A8: Correlates of Online Engagement (Comments): Week-level Engagement, False
and Hyperpartisan Posts
Comments
(log)

Comments
(log)

Comments
(log)

Comments
(log)

0.095**
(0.035)

Fake (Text)

0.047
(0.181)

Fake (URL)

0.039**
(0.014)

Hyper (Domain)

0.023
(0.028)

Hyper (Repeat Domain)
1.361***
(0.019)

Total Posts FB (log)
Total Posts (log)

1.027***
(0.008)

Num.Obs.
RMSE
Std.Errors
FE: Pol-M-Y

127 643
0.60
Pol
Y

127 643
0.68
Pol
Y

1.027***
(0.008)

1.027***
(0.008)

127 643
0.60
Pol
Y

127 643
0.60
Pol
Y

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001

Figure A2: Types of Quotes to Tweets Containing Fake Stories
(b) Quotes (Tweets with Misinfo. Text, RA 2)
1.00

0.75

0.75

Content of Quote

Content of Quote

58

Supports

Attacks Other Pol.

Mocks

Attack

Supports Other Pol.

Ad hominen Attack

Ad hominen Support

Supports

Attacks Other Pol.

Mocks

Attack

Supports Other Pol.

Ad hominen Attack

0.00
Corrects

0.00
Questions

0.25

Fact−Checks

0.25

Corrects

0.50

Questions

0.50

Fact−Checks

Proportion

1.00

Ad hominen Support

Proportion

(a) Quotes (Tweets with Misinfo. Text, RA 1)

Table A9: Correlates of Online Engagement (Shares): Week-level Engagement, False and
Hyperpartisan Posts
Shares
(log)
Fake (Text)

Shares
(log)

Shares
(log)

Shares
(log)

0.224***
(0.050)
0.079
(0.162)

Fake (URL)

0.073***
(0.018)

Hyper (Domain)

0.082*
(0.035)

Hyper (Repeat Domain)
1.509***
(0.017)

Total Posts FB (log)
Total Posts (log)

1.293***
(0.013)

Num.Obs.
RMSE
Std.Errors
FE: Pol-M-Y

127 643
0.81
Pol
Y

1.292*** 1.293***
(0.013)
(0.013)
127 643
0.65
Pol
Y

127 643
0.81
Pol
Y

127 643
0.81
Pol
Y

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001

Table A10: Correlation between Misinformation and “Getting Ratioed” on Twitter
Ratioed
Fake (Text)

Ratioed

−0.093*
(0.041)
0.180
(0.202)

Hyper (Domain)

0.471+
(0.268)

Hyper (Repeat Domain)
Num.Obs.
RMSE
Std.Errors
FE: Pol-M-Y

Ratioed

1 278 309
0.54
Pol.
Y

1 278 309
0.54
Pol.
Y

1 278 309
0.54
Pol.
Y

Notes: Twitter data only. + p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001. “Ratioed”
is ratio of the sum of quotes and replies subtracted by retweets over the sum of quotes,
replies, and retweets.
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Figure A3: Types of Replies to Tweets Containing Fake Stories
(b) Replies (Tweets with Misinfo. Text, RA 2)
1.00

0.75

0.75

Content of Reply

D

Attacks Other Pol.

Attack

Supports

Ad hominen Attack

Attacks Other User

Questions

Mocks (neg.)

Supports Other Pol.

Corrects

Fact−Checks

Supports

Attacks Other Pol.

Attacks Other User

Attack

Mocks (neg.)

Corrects

Ad hominen Attack

Supports other User

Jokes (pos.)

0.00
Supports Other Pol.

0.00
Questions

0.25

Ad hominen Support

0.25

Supports other User

0.50

Ad hominen Support

0.50

Jokes (pos.)

Proportion

1.00

Fact−Checks

Proportion

(a) Replies (Tweets with Misinfo. Text, RA 1)

Content of Reply

Ethical Statement

Our experimental study was reviewed and approved by Institutional Review Boards
in two U.S. institutions and one Brazilian institution. In any case, exposing subjects
to misinformation raises ethical issues. We addressed these concerns by taking the following precautions: we used false stories that had large circulation in Brazil and were
not fabricated by the researchers and all participants were debriefed at the end of the
study. We also exposed subjects to an awareness-raising list of eight steps in detecting
misinformation that we found to be effective in a previous study (Batista Pereira, Bueno,
Nunes and Pavão 2022b).
Importantly, all subjected consented to taking the survey and it did not contain
deception. The researchers did not have access to identifiable data.
Our observational study contains data that is proprietary and we will be unable to
share the raw data. Furthermore, it identifies individuals who shared misinformation,
even if all their posts being public.
In any case, we can share all of our code used to create the data and the handles
and id lists necessary to re-create our datasets using CrowdTangle, Twitter API, and
Facebook’s URL dataset.
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E

Pilot Study - Main Results
Table A11: Proportion of Respondents Saying the Post is Fake News

Source

Fake Post

Hyperpartisan Post

Phatic Post (Mother)

Phatic Post (Local)

Kicis
Martins
Melo
Jordy
Augusto

0.53
0.43
0.61
0.51
0.46

0.36
0.58
0.30
0.35
0.37

0.15
0.14
0.16
0.15
0.13

0.24
0.25
0.17
0.18
0.30

Average

0.51

0.39

0.14

0.23

Table A12: Proportion of Respondents Saying that They Believe in the Content of the
Post
Source

Fake Post

Hyperpartisan Post

Phatic Post (Mother)

Kicis
Martins
Melo
Jordy
Augusto

0.39
0.61
0.32
0.39
0.60

0.61
0.49
0.58
0.77
0.52

Average

0.46
0.59
Note: the question was not asked for phatic posts.

Phatic Post (Local)

Table A13: Proportion of Respondents Saying that They Have Seen the Post Before
Source

Fake Post

Hyperpartisan Post

Phatic Post (Mother)

Phatic Post (Local)

Kicis
Martins
Melo
Jordy
Augusto

0.23
0.22
0.20
0.21
0.61

0.15
0.35
0.26
0.27
0.38

0.13
0.08
0.07
0.07
0.09

0.05
0.07
0.11
0.11
0.10

Average

0.29

0.28

0.09

0.09
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Table A14: How Political is the Post (0-1 Scale)
Source

Fake Post

Hyperpartisan Post

Phatic Post (Mother)

Phatic Post (Local)

Kicis
Martins
Melo
Jordy
Augusto

0.78
0.81
0.81
0.77
0.82

0.83
0.77
0.81
0.86
0.88

0.47
0.32
0.33
0.30
0.46

0.57
0.46
0.65
0.38
0.61

Average

0.80

0.83

0.37

0.53

Table A15: How Pro-Bolsonaro is the Post (0-1 Scale)
Source

Fake Post

Hyperpartisan Post

Phatic Post (Mother)

Phatic Post (Local)

Kicis
Martins
Melo
Jordy
Augusto

0.46
0.71
0.71
0.56
0.76

0.52
0.64
0.65
0.44
0.67

0.54
0.50
0.52
0.51
0.53

0.55
0.52
0.59
0.50
0.64

Average

0.64

0.58

0.52

0.56
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Survey – Summary Statistics
Table A16: Survey summary statistics

Misinfo. (Dummy)
OMI index
Convince vote Lula (Def. yes)
Convince not vote Lula (Def. yes)
Share positive Lula (Def. yes)
Share negative Lula (Def. yes)
Event Lula (Def. yes)
Event Bolsonaro (Def. yes)
Declare Lula (Def. yes)
Declare Bolsonaro (Def. yes)
WhatsApp Lula (Def. yes)
WhatsApp Bolsonaro (Def. yes)
NMI index
Convince vote Lula (Abs. no)
Convince not vote Lula (Def. yes)
Share positive Lula (Abs. no)
Share negative Lula (Def. yes)
Event Lula (Abs. no)
Event Bolsonaro (Def. yes)
Declare Lula (Abs. no)
Declare Bolsonaro (Def. yes)
WhatsApp Lula (Abs. no)
WhatsApp Bolsonaro (Def. yes)
Affect polarization
Affect Bolsonaristas
Affect Petistas
Age
Sex (Female = 1)
Religion (Cath. = 1)
Education (HS = 1)
Facebook (Yes = 1)
Partisan (Yes = 1)
Lula suppoter (Yes = 1)
Bolsonaro supporter (Yes = 1)
PT supporter (Yes = 1)

Unique (#)

Missing (%)

Mean

SD

Min

Median

Max

2
1884
4
4
4
4
4
4
4
4
2
2
1884
4
4
4
4
4
4
4
4
2
2
11
11
11
65
2
2
2
2
2
2
2
2

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

0.7
−0.0
1.9
2.1
2.0
2.0
1.8
1.9
1.7
1.8
0.2
0.2
0.0
0.8
−0.5
0.7
−0.8
1.0
−0.8
1.0
−0.9
0.6
−0.6
4.3
4.1
4.0
37.9
0.6
0.4
0.6
0.9
0.6
0.3
0.4
0.3

0.5
1.0
1.0
1.1
1.1
1.0
1.0
1.1
1.0
1.0
0.4
0.4
1.0
1.5
1.5
1.5
1.4
1.4
1.5
1.4
1.4
0.8
0.8
3.9
3.7
3.5
14.0
0.5
0.5
0.5
0.3
0.5
0.5
0.5
0.4

0.0
−1.7
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
0.0
0.0
−2.1
−2.0
−2.0
−2.0
−2.0
−2.0
−2.0
−2.0
−2.0
−1.0
−1.0
0.0
0.0
0.0
18.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

1.0
−0.1
2.0
2.0
2.0
2.0
1.0
1.0
1.0
1.0
0.0
0.0
−0.0
1.0
−1.0
1.0
−1.0
2.0
−2.0
2.0
−2.0
1.0
−1.0
4.0
4.0
4.0
36.0
1.0
0.0
1.0
1.0
1.0
0.0
0.0
0.0

1.0
4.2
4.0
4.0
4.0
4.0
4.0
4.0
4.0
4.0
1.0
1.0
2.0
2.0
2.0
2.0
2.0
2.0
2.0
2.0
2.0
1.0
1.0
10.0
10.0
10.0
82.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
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Table A17: Balance Tests
Phatic

Age
Sex
Religion
Education
Facebook User
Lula Sup.
Bols. Sup.
PT Sup.
Income
Categories

Interest.
Politics

1
2
3
4
5
1
2
3
4

Misinfo

Mean

Std. Dev.

Mean

Std. Dev.

Diff. in Means

p

38.27
0.54
0.41
0.59
0.86
0.32
0.36
0.29

13.92
0.50
0.49
0.49
0.34
0.47
0.48
0.45

37.66
0.57
0.41
0.60
0.86
0.31
0.36
0.28

13.98
0.50
0.49
0.49
0.35
0.46
0.48
0.45

-0.61
0.03
0.01
0.01
-0.01
-0.01
0.00
-0.01

0.15
0.06
0.63
0.62
0.44
0.59
0.82
0.36

N
216
423
434
447
170
343
631
513
203

Pct.
12.8
25.0
25.7
26.4
10.1
20.3
37.3
30.4
12.0

N
437
803
810
931
343
641
1149
1049
485

Pct.
13.1
24.2
24.4
28.0
10.3
19.3
34.6
31.6
14.6

64

G

Balance Tests - Experimental Study
Table A18: Balance Test, Omnibus Test
Misinformation
0.688***
(0.041)
−0.001
(0.001)
0.025+
(0.014)
−0.003
(0.015)
−0.006
(0.019)
0.012
(0.014)
0.001
(0.020)
0.004
(0.015)
−0.014
(0.021)
−0.021
(0.023)
−0.033
(0.024)
−0.015
(0.025)
−0.025
(0.031)
−0.008
(0.019)
0.016
(0.020)
0.051*
(0.025)

(Intercept)
Age
Sex
Education
Facebook user
Religion
Lula Sup.
Bolso Sup.
PT Sup.
Income cat. 2
Income cat. 3
Income cat. 4
Income cat. 5
Interest 2
Interestr 3
Interest 4

5014
0.003
0.000

Num.Obs.
R2
R2 Adj.

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001.
The p-value of f-tests for the joint tests of significance is 0.31 (for a regression of
misinformation treatment indicator on all pre-treatment covariates). Other joint tests of
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significance – for regressions of fake indicator (vs hyper) or fake indicator (vs phatic) or
hyper indicator (vs phatic) on all pre-treatment covariates – have p-values above 0.3.
We also assessed balance by conducting a multinomial regression of our three treatment categories on all pre-treatment covariates, compared with a null model of a multinomial regression of treatment categories on a constant and found that these models are
statistically indistinguishable.

H

Additional Experimental Analysis

In this section, we present additional information regarding: i) attrition for the MSMT
analysis, ii) survey taker attentiveness, iii) robustness tests for analyses and additional
information.

H.1

Attrition MSMT

In our pilots and pre-testing, we learned that many respondents were unable to properly
see and interact with MSMT and, when that happened, they were excluded from the
survey. As a consequence, MSMT was placed at the end of the survey so that we would
minimize respondents’ attrition. Furthermore, while we know which respondents were
assigned to each treatment condition in the MSMT (same condition they were exposed
to earlier in the survey), we are unable to connect the MSMT data (which is stored in
a separate server and in Qualtrics’ dataset) to the other respondents’ reponses in that
survey.36
Out of 5,104 respondents, 3,467 were able to access MSMT in Qualtrics. As A19
shows, respondents in different treatment conditions are equally like to take part in
MSMT, even though attrition is post-treatment. Unfortunately, since we do not have
access to covariate data, we are unable to conduct balance tests and to test if attrition
is associated with specific attributes. Our pilot tests suggests that attrition is associated
with older phone operating systems, which are independent of treatment assignment, but
the information available to us about operating system is not precise enough to explain
attrition.
Table A19: Comparing Treatment Assignment MSMT and Full Survey
Experimental
Condition
1
2
3

H.2

N
Percent
MSMT MSMT
1167
1150
1150

33.66
33.17
33.17

N
Full Survey

Percent
Full Survey

1688
1636
1690

33.67
32.63
33.71

Attentiveness

We have three attention checks, two measured pre-treatment and one measured posttreatment. We find overall high levels of attentiveness both pre- and post-treatment.

36

Connecting other questionnaire questions to the MSMT would require the users to type in their
own id, which is error-prone, costly, and would lead to even higher rates of attrition.
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Table A20: Percent of Respondents Passing Attention Checks
Attention Check
Attention Check 1 (pre-treat)
Attention Check 2 (pre-treat)
Attention Check 3 (post-treat)
Sum of Attention Checks Passed =
Sum of Attention Checks Passed =
Sum of Attention Checks Passed =
Sum of Attention Checks Passed =
Average

H.3

0
1
2
3

Pct.
96.71
91.22
81.73
1.26
5.54
15.48
77.72
945

Additional Experimental Analyses

Table A21: Respondents’ perceptions on whether source politician’s political orientation
False
Hyper
Phatic

I

Pro-Bolsonaro Politician Pro-Lula Politician Neither Pro-Lula nor Pro-Bolsonaro
52.20
19.38
28.42
49.67
24.00
26.32
38.29
20.27
41.44

Pre-Registered Hypotheses and Deviations from PreAnalysis Plan

Tables A22, A23, and A24 provide more information about how our hypotheses relate
to our pre-registered hypotheses and how our results directly address our hypotheses.
We deviate from our pre-analysis plan because we show results unadjusted by covariates. We will include the results adjusted by covariates in future versions of the paper.
Furthermore, we will employ corrections for multiple comparisons (showing both nominal
and corrected p-values) for the PAP hypotheses (H1A, H1B, H2A, H2B, H3A, H3B, H4A,
H4B, H5A, H5B, H6A, H6B, H7A, H7B, H8A, H8B) in future versions of the paper. We
also discussed in the PAP to rescale all outcomes between 0 and 1 so they have a common
scale. For this version, we decided to keep the outcomes in their scales for ease of interpretation, but we will consider rescaling them if it makes interpretation more intuitive
and comparison across estimates easier.
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Table A22: Connections between Hypotheses, Pre-Registered Hypotheses, and Findings
Hypothesis in Paper
H1:
Posts containing
misinformation generate
more engagement and
participation than posts
that do not contain misinformation.

Pre-Registered
Hypothesis
H1: Posts containing misinformation generate more mobilization
than posts that contain phatic
communication

Studies

Findings

Table/Figure

Observ.,
Experimental,
and
MSMT

Posts containing misinfo. are
asociated with more reactions
(obs.)
than posts without
minsfo. Compared to phatic
posts, misinfo. posts decrease
OMI and increase NMI (exp.),
and are associated with more
reactions, excepts likes and
love (MSMT).

Table 1
Table 2
Figure 1
Table 5
Table 6
Figure 3

H1A: Posts containing fake news
generate more mobilization than
posts that contain phatic communication

H1B: Posts containing
hyperpartisan news generate more participation
than posts that do not
contain misinformation.

H1B: Posts containing hyperpartisan news generate more mobilization than posts that contain phatic
communication

H2:
Posts containing
misinformation generate
higher levels of net mobilization (i.e., more mobilization against Lula or
in favor of Bolsonaro)
than posts containing
phatic communication.
H2A: Posts containing
false stories generate
more net mobilization
than posts containing
phatic communication.
H2B: Posts containing
hyperpartisan news generate more net mobilization than posts containing phatic communication.
H3:
Posts containing
misinformation are more
likely to increase affective polarization towards political groups
than posts containing
phatic communication.

H4 (labeled as exploratory) Posts
containing misinformation generate higher levels of net mobilization (i.e., more mobilization
against Lula or in favor of Bolsonaro) than pots that contain
phatic communication.

Exp.

H4A (labeled as exploratory):
Posts containing fake news generate more net mobilization than
posts that contain phatic communication
H4B (labeled as exploratory):
Posts containing hyperpartisan
news generate more net mobilization than posts that contain
phatic communicatio

Exp.

Compared to phatic posts,
false posts lead to higher levels of net mobilization

Table 6

Exp.

Compared to phatic posts,
false posts lead to higher levels of net mobilization (p-vale
≈ 0.1)

Table 6

H3: Posts containing misinformation are more likely to increase
affect polarization towards political groups than posts that contain
phatic communication

Exp.

Compared to phatic posts, we
fail to find an increase in affective polarization, but we find a
decrease in affect towards PT
supporters (unplanned) and no
effect towards Bolsonaro supporters (unplanned)

Table 7
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Observ.
and
Experimental

Observ.
and
Experimental

Posts containing false stories
have more engagement than
posts without false stories
(obs.). Compared to phatic
posts, posts with false stories decrease OMI and increase
NMI.
Posts containing hyperpartisan
stories have more engagement
than posts without false stories
(obs.). Compared to phatic
posts, posts with hyperpartisan stories increase NMI (p-val
≈ 0.1), but do not affect OMI.
Compared to phatic posts,
misinformation leads to higher
levels of net mobilization

Figure 4
Table 1

H1A: Posts containing
false stories generate
more participation than
posts that do not contain misinformation

Table 2
Table 5
Table 6
Table 1
Table 2
Table 5
Table 6
Table 6
Figure 3

Table A23: Connections between Hypotheses, Pre-Registered Hypotheses, and Findings
Hypothesis in Paper
H3A: Posts containing
false stories are more
likely to increase affective polarization towards political groups
than posts containing
phatic communication
H3B: Posts containing
hyperpartisan news are
more likely to increase
affective polarization towards political groups
than posts containing
phatic communication
H4:
Posts containing
misinformation are more
likely to increase participation among voters
with political identities
than among voters without political identities.
H5:
Posts containing
misinformation are more
likely to increase net mobilization among voters
who are supporters of
Bolsonaro than among
voters who are supporters of Lula and/or the
Workers’ Party
RQ1: Do posts containing falsehoods have a
different effect on levels of mobilization compared to posts that contain hyperpartisan content?

Unnamed in paper: examining the differences
in responses to tweets
containing falsehoods

Unnamed in paper: examining the differences
in MSMT reactions

Pre-Registered
Hypothesis
H3A: Posts containing fake news
are more likely to increase affect polarization towards political
groups than posts that contain
phatic communication

Studies

Findings

Table/Figure

Exp.

Table 7

H3B: Posts containing hyperpartisan news are more likely to increase
affect polarization towards political groups than posts that contain
phatic communication

Exp.

Compared to phatic posts, we
fail to find an increase in affective polarization, but we find a
decrease in affect towards PT
supporters (unplanned) and no
effect towards Bolsonaro supporters (unplanned)
Compared to phatic posts, we
fail to find an increase in affective polarization, and no effects towards Bolsonaro and
PT supporters (unplanned)

H2: Posts containing misinformation are more likely to increase
overall mobilization levels among
partisans than among nonpartisans

Exp.

We fail to find a statistically
significant difference in the effect of misinformation between
partisan and non-partisans

Table 8

H6 (labeled as exploratory): Misinformation is more likely to increase net mobilization among Bolsonaristas than among petistas

Exp.

We fail to find a statistically
significant difference in the effect of misinformation between
Bolsonaro and Lula supporters

Table 8

RQ1: Do posts containing fake
news have a different effect on levels of overall mobilization compared to posts that contain hyperpartisan content? and RQ2: Do
posts containing fake news have a
different effect on levels of net mobilization compared to posts that
contain hyperpartisan content?
Not part of PAP

Obs. and
Exp.

Differences reported in text

H8 (labeled as exploratory): Posts
containing misinformation generate more reactions than posts that
contain phatic communication

MSMT

We fail to find that the effects
of posts containing false content are systematically statistically distinguishable from the
effects of posts containing hyperpartisan content (even if coefficients for false content are
somewhat larger in absolute
value)
Replies and quotes suggest a
small share of social media
users questioning/fact checking/criticizing tweets with
falsehoods (clearer in quotes
than replies)
When aggregating all reactions, we find that posts
with misinformation reduce
the number of reactions (pvalue < 0.1). But when breaking down by types of reactions,
there is substantial heterogeneity suggesting negative effects
for likes and love and positive
effects for the other reactions.
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Obs.

Table 7

Figure 2

Figure 4
Table A27

Table A24: Connections between Hypotheses, Pre-Registered Hypotheses, and Findings
Hypothesis in Paper

Pre-Registered
Hypothesis
H8A (labeled as exploratory):
Posts containing fake news generate more reactions than posts that
contain phatic communication

Studies

Findings

Table/Figure

MSMT

Figure A4

Not in paper: examining
the differences in MSMT
reactions (hyper)

H8B (labeled as exploratory):
Posts containing hyperpartisan
generate more reactions than posts
that contain phatic communication

MSMT

Not in paper

H5 (labeled as exploratory): Misinformation is more likely to increase overall mobilization levels
among Bolsonaristas than among
Petistas/Lulistas
H5A (labeled as exploratory):
Posts containing fake news are
more likely to increase overall mobilization levels among Bolsonaristas than among Petistas/Lulistas.
H5B (labeled as exploratory):
Posts containing hyperpartisan
news are more likely to increase
overall mobilization levels among
Bolsonaristas than among Petistas/Lulistas.
H7 (labeled as exploratory): Posts
containing misinformation are
more likely to increase disposition
to engage with source politicians
than posts that contain phatic
communication.
H7A (labeled as exploratory):
Posts containing fake news are
more likely to increase disposition
to engage with source politicians
than posts that contain phatic
communication
H7B (labeled as exploratory):
Posts containing hyperpartisan
news are more likely to increase
disposition to engage with source
politicians than posts that contain
phatic communication.

Exp.

When aggregating all reactions, we find that posts with
false stories reduce the number
of reactions (p-value < 0.1).
But when breaking down by
types of reactions, there is substantial heterogeneity suggesting negative effects for likes
and love and positive effects for
the other reactions.
When aggregating all reactions, we fail to find that posts
with hyperpartisan are associated with number of reactions (p-value > 0.1). But
when breaking down by types
of reactions, there is substantial heterogeneity suggesting
negative effects for likes and
love and positive effects for the
other reactions.
We fail to find different effects
of posts with misinformation
between Bolsonaro and Lula
supporters

Exp.

We fail to find different effects
of posts with false stories between Bolsonaro and Lula supporters

Table A25

Exp.

We fail to find different effects
of hyperpartisan posts between
Bolsonaro and Lula supporters

Table A25

Exp.

Compared to phatic posts,
posts with false stories decrease the willingness to follow
the source politicians

Table A26

Exp.

Compared to phatic posts,
posts with false stories decrease the willingness to follow
the source politician

Table A26

Exp.

Compared to phatic posts, we
fail to find a statistically significant effect of hyperpartisan posts on following source
politician

Table A26

Not in paper: examining
the differences in MSMT
reactions (false)

Not in paper

Not in paper

Not in paper

Not in paper

Not in paper
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Figure A4

Table A25

I.1

Analyses in PAP but not shown in paper

Table A25: The Effect of Misinformation by Political Support on OMI (PAP H5, H5A,
H5B)
OMI

OMI (FN vs Phatic)

OMI (HP vs Phatic)

0.158***
(0.046)
−0.126+
(0.068)
0.106+
(0.061)
0.127
(0.089)

0.158***
(0.046)
−0.094
(0.067)
0.106+
(0.061)
0.088
(0.089)

1885
0.010
5221.1
5248.8
0.96

1877
0.007
5198.0
5225.7
0.96

0.158***
(0.046)
Misinfo.
−0.110+
(0.058)
Bolso. Supporter
0.106+
(0.061)
Misinfo. * Bolso. Supporter
0.108
(0.076)

(Intercept)

2810
0.010
7811.6
7841.3
0.97

Num.Obs.
R2
AIC
BIC
RMSE

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001

Table A26: The Effect of Misinformation on Following Source Politician (H7, H7A, H7B)

(Intercept)
Misinfo.
Num.Obs.
R2
AIC
BIC
RMSE

Source (NMI)

Source NMI (FN vs Phatic)

Source NMI (HP vs Phatic)

−0.405***
(0.034)
−0.169***
(0.042)

−0.405***
(0.034)
−0.310***
(0.049)

−0.405***
(0.034)
−0.031
(0.049)

5014
0.003
17 846.8
17 866.3
1.43

3326
0.012
11 713.1
11 731.4
1.41

3378
0.000
12 020.0
12 038.4
1.43

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table A27: The Effect of Misinformation on MSMT reactions (log)

(Intercept)
Misinfo.

Model 1

Model 2

0.678***
(0.029)
−0.061+
(0.035)

0.678***
(0.029)

−0.073+
(0.040)
−0.050
(0.040)

False
Hyper.
Num.Obs.
R2
AIC
BIC
RMSE

3467
0.001
9467.4
9485.9
0.95

3467
0.001
9469.1
9493.7
0.95

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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Figure A4: Effects of False and Hyperpartisan Posts on MSMT Reactions
Effects of Misinformation on FB Reactions (MSMT)
Post (log count)
Comment (log count)

Sad (log count)

False

Wow (log count)
Haha (log count)
Love (log count)
Like (log count)

Post (log count)
Comment (log count)
Angry (log count)
Sad (log count)

Hyper.

FB Reactions in Mock Social Media Tool Outcomes

Angry (log count)

Wow (log count)
Haha (log count)
Love (log count)
Like (log count)
−0.3

−0.2

−0.1

Coefficients
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0.0

0.1

J

Data Sources & Transparency
1. Politicians’ handles on Twitter, Instagram, and Facebook: collected by research
assistants
2. Facebook and Instagram posts collected via CrowdTangle
3. Twitter data collected via academic Twitter API
4. Fact-checking data collected via scraping
5. Survey data collected with survey company Quaest and Qualtrics platform
6. Facebook URL dataset collected via partnership/access established via Social Science One
7. Survey pilot data collected with survey company Quaest
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K

Full Instrument

In later versions of the paper, we will include all relevant questions translated to
English here.
To code respondents as having a political identity, we identify respondents who chose
the following answer categories, “I like, but I don’t feel like a [Bolsonarista][Lulista][petista]/I
am a [Bolsonarista][Lulista][petista].”, “I hate [Bolsonaro][Lula][ PT]”, “I don’t like [Bolsonaro] [Lula][PT]”, and as not having a political identity those respondents who chose
“I neither like nor dislike [Bolsonaro][Lula].” We measure supporter of Bolsonaro (Lula)
as those who chose “I like, but I don’t feel like a [bolsonarista][lulista]/I am a [bolsonarista][lulista] as answer to questions about support for Bolsonaro (Lula).
In Portuguese: “Gosto, mas não me sinto um(a) [bolsonaristas][lulista][petista]/Sou
um(a) [bolsonarista][lulista][petista].”, “Eu detesto o [Bolsonaro][Lula][PT]”, “Não gosto do
[Bolsonaro] [Lula][PT]” and as not having a political identity those respondents who chose
“Eu não gosto nem desgosto do [Bolsonaro][do Lula].” We measure supporter of Bolsonaro
(Lula) as those who chose “Gosto, mas não me sinto um(a) [bolsonaristas][lulista]/Sou
um(a) [bolsonarista][lulista].”
See the full instrument (in Portuguese) here: https://www.dropbox.com/s/eop44x9i7bszsd0/
instrument.pdf?dl=0
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