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Abstract

This dissertation is centered on understanding how social interactions affect so-

cial norms and individual behavior, especially in the political and public spheres.

This thesis comprises three chapters, in which I combine theoretical and empirical

analysis. My approach consists of analyzing the local mechanism driving individual

actions, potentially resulting in a global outcome.

Chapter 1 of the dissertation studies theoretically and empirically how peers

affect individuals’ involvement in political activism through social media platforms.

Chapter 2 of the dissertation is a theoretical model analyzing how individuals choose

their behavior when confronted with local, endogenous, and discrete social norms.

Chapter 3 of the dissertation is an empirical project investigating how information

shocks trigger a social norm update and subsequent behavior changes.

Chapter 1. Raise your Voice! Activism and Peer Effects in Online Social

Networks. Do peers influence individuals’ involvement in political activism? To

provide a quantitative answer, I study Argentina’s abortion rights debate through

Twitter, the social media platform. Pro-choice and pro-life activists coexisted on-

line, and the evidence suggests peer groups were not too polarized. I develop a

model of strategic interactions in a network allowing for heterogeneous peer effects.

Next, I estimate peer effects and test whether online activism exhibits strategic

substitutability or complementarity. I create a novel panel dataset where links and

actions are observable by combining tweets’ and users’ information. I provide a

reduced-form analysis by proposing a network-based instrumental variable. The re-

sults indicate strategic complementarity in online activism from both aligned and

opposing peers. Notably, the evidence suggests homophily in the formation of Twit-

ter’s network, but it does not support the hypothesis of an echo-chamber effect.

Chapter 2. Discrete Social Norms in Networks. In this paper, I present a

model of social norms and conformity, assuming that individuals are embedded in a

social network. Each individual chooses an action, or a code of conduct, based on her

preferences and social norm. In the model, social norms are local and endogenous,

defined as the average behavior of peer groups, and discrete - to shedding light

on real-world examples, such as female labor force participation or female genital

vii
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cutting. I show that when actions are discrete, different social norms emerge, as the

game generally admits multiple equilibria. In these cases, despite the local nature

of the game, global social norms may arise due to a purely conformist equilibrium

in which all individuals choose the same code of conduct. Then, I provide evidence

that when a unique equilibrium exists, it displays a high degree of individualism

- although certain individuals conform to the norm for some network structures.

Precisely, the equilibrium outcome is pinned down by four factors: the distribution

of preferences, the network structure, the society’s taste for conformity, and the

choice set.

Chapter 3. Hate Speech and Social Media: Evidence from Bolsonaro’s

Election in Brazil. How does newly available information affect individuals’ per-

ception of social norms and, consequently, behavior? We examine the impact of

Bolsonaro’s victory in the 2018 Brazilian presidential election on the prevalence of

online hate speech. This project relies on Twitter data from 2017 to 2019 and em-

ploys text analysis techniques to detect hate speech in tweets’ content. To causally

identify the impact of Bolsonaro’s election on hate speech through Twitter, we fol-

low a difference-in-differences approach, using the election result as an information

shock. We estimate two difference-in-differences models, the traditional and another

with a continuous treatment variable. In the latter, the election result at each mu-

nicipality measures the local incidence of this information shock. Our findings reveal

that online hate speech experienced a surge following the elections, particularly in

municipalities where Bolsonaro’s popularity was relatively low. These results are

further supported by individual-level regressions, which show that both extensive

and intensive margins of individual hate speech contributed to the overall increase.

We interpret these findings within the framework of a belief updating mechanism,

specifically emphasizing the process of revising social norms that govern what is

acceptable to say (or not) in public.
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Chapter 1

Raise your Voice! Activism and

Peer Effects in Online Social

Networks

1.1 Introduction

What is the influence of peers on individuals’ engagement in political activism?1

There is no straightforward answer to this question - related to a collective ac-

tion problem. First, there is no theoretical agreement on the strategic nature of

activism. Model assumptions on the utility function and information structure de-

termine whether actions are strategic substitutes or complements2 - Olson (2009),

Ostrom (2000), Edmond (2013), Passarelli and Tabellini (2017). Second, empirical

research of peer influence on political activism is scarce; some exceptions are Bursz-

tyn et al. (2021), Cantoni et al. (2019), González (2020), and Hager et al. (2023).

This scarcity is explained twofold: identifying the influence of peers in individual

actions is complex (Manski, 1993) and estimating it requires specific data - including

at least a rough approximation of social interactions. In a novel context, this paper

contributes to the literature on collective action problems by examining peer effects3

in political activism.

In this paper, I rely on data from Twitter, which provides an ideal context for

studying peer effects in political activism. Social media platforms have created

a new public sphere where individuals connect, interact, and communicate. As

for Twitter, hashtags have become a default method to designate online collective

thoughts, ideas, and claims. Among them are the ones advocating for social change -

constituting the online version of political activism: #BlackLivesMatter, #MeToo,

1I refer to political activism as the participation in a collective claim demanding political rights.
2Scholars usually frame collective action problems as a public good or a coordination game,

leading to different implications about the strategic nature of actions.
3That is, the influence of peers’ actions on individuals’ actions.

1



2 CHAPTER 1

#LoveIsLove, #ClimateAction. Moreover, Twitter offers precise observability of

online links and rich data on social interactions. Regarding the decision to follow

an account, unilateral and bilateral ties exist. Users interact in several ways: by

posting, replying, retweeting, and quoting tweets.

My approach to investigating how peers affect political activism focuses on un-

derstanding the local and direct mechanism - the influence of peers’ actions - that

drives individual political behavior and leads to a global outcome - a collective claim.

To frame this question, I develop a theoretical model of peer effects in a network that

explicitly assumes individuals care about their peers’ activism. Then, I estimate the

model by proposing a network-based instrumental variable, relying on Twitter data

to conduct the empirical analysis. I focus on the intensive margin of political ac-

tivism, offering a quantitative measure of activism intensity, and reciprocal ties on

the social media platform, where I precisely identify peer groups.

I analyze activism surrounding the abortion rights debate in Argentina in 2018

and 2020. This debate is great for studying how social interactions shape individual

activism for three main reasons. First, the abortion rights debate in Argentina

was long-lived. Specifically, Congress debated a bill legalizing abortion on demand

twice, in 2018 and 2020 - rejected in the former and passed in the latter. Second, pro-

choice and pro-life activists coexisted on and offline; their activism persisted until

the law’s approval. The differential result of the 2018 and 2020 debates suggests

voters’ important role in the abortion rights bill’s legislative process - as 2019 was

an electoral year. Third, not only the political right that originates activism -

abortion rights - is controversial and normative, but also actions are observable.4

Altogether suggest peer activism might influence individuals.

I model social interactions as follows. I conceptualize Twitter as a social network

and posting tweets as strategic interactions. Then, I develop a model of heteroge-

neous peer effects in a network. I assume links connecting activists are of two types:

between individuals with aligned or opposing viewpoints on abortion rights. I allow

for a differential influence of activist peers depending on the type of link. I do not

impose additional assumptions regarding the strategic nature of activism, allowing

me to empirically test the existence of substitutability or complementarity in online

behavior.

The model estimates reveal the existence of strategic complementarity in online

activism. Notably, this strategic complementarity comes from both aligned and op-

posing activist peers. The evidence suggests that the composition of the peer group

plays a role in understanding individual activism. Remarkably, the exposure to early

activism, approximated by the proportion of peers who were activists before the first

Congress debate in 2018, is associated with a higher strategic complementarity, but

only for like-minded activists. Early activism speaks to the tenure of peers’ activism

4That is, individuals can observe the activism of their peers.
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- if they are persistent activists or newcomers. As such, I interpret this result as a

differential impact of activism tenure, depending on the link type, i.e., connecting

aligned or dissident peers.

To conduct the empirical analysis, I recover Twitter’s network where online ac-

tivism happens. I build a longitudinal dataset of Twitter users where ties and actions

are observable. The construction of this novel dataset involves two significant chal-

lenges - determining online activism and identifying social media users engaged in

the abortion rights debate to recover their network. For the former, I define online

activism as the product of two terms: its intensity - the daily count of abortion-

related tweets posted by any user - and its sign - pro-choice or pro-life. My approach

for the latter is defining an initial node of Twitter’s network as any user who has

posted at least one abortion-related tweet during each Congress debate - in 2018 and

2020. For any initial node, I define her peer group as the set of users who follow and

are followed by the user - her reciprocal ties. In addition, I download the mutual

ties of a randomly selected one percent of her peers - which I name peers-of-peers.

I find suggestive evidence of homophily in the formation of Twitter’s network.

Homophily is a tendency to interact with similar individuals - along many dimensions

of similarity. In this paper, I find that abortion-rights activists, either pro-choice

or pro-life, are highly connected through Twitter - on average, 24% of the users in

the peer group are also activists. Nonetheless, the evidence does not support the

hypothesis of an echo-chamber effect, i.e., the segregation of individuals into like-

minded groups, which induces polarization as they interact together. First, for most

users, there is no chamber - on average, two-thirds of the activist connections share

views on abortion rights, but the remaining one-third are dissidents. Second, there

is no echo - the peer effects estimates for like-minded activists do not vary for users

with relatively more homogeneous or heterogeneous peer groups.

Following the empirical literature on peer effects, my identification strategy relies

on the partially overlapping network’s property. This property relates to peer groups

being individual-specific when social interactions are structured through a network.

Bramoullé et al. (2009) and De Giorgi et al. (2010) have shown that this feature helps

identify peer effects, as indirect links are a source of valid instrumental variables for

peers’ actions. Then, I propose a network-based instrumental variable to estimate

the parameters. As Twitter data does not provide detailed individual characteristics,

I take advantage of the longitudinal structure of the data to include individual fixed

effects, which allow me to control unobserved factors driving individuals’ actions

and network formation.

Related Literature. This paper contributes to the empirical understanding of the

social motives of political activism and collective action problems. Cantoni et al.

(2019) and Hager et al. (2023) highlight the role of beliefs about others’ protest

turnout on individual participation, finding strategic substitutability in protest be-
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havior. Enikolopov et al. (2020) show that social image plays a role in the decision to

participate in a protest. They also find that online and offline protest participation

is positively associated. Closer to my paper, González (2020) finds strategic comple-

mentarity in the protest behavior of Chilean students - pointing out a coordination

mechanism, and Bursztyn et al. (2021) identify that social interactions are crucial for

sustained political engagement. However, their observation of individual networks

is approximated by high school and university classmates, respectively. This paper

complements the previous studies (i) by providing a precise observation of peers as

Twitter links and (ii) by focusing on the intensive rather than the extensive margin

of political activism.

This paper also speaks to the empirical literature on peer effects5 - which has

found evidence of strong effects in different aspects of life: education (Patacchini

et al. (2017), De Giorgi et al. (2010)), female labor supply (Nicoletti et al. (2018)),

financial decisions (Bursztyn et al. (2014)), and consumer behavior (Moretti (2011),

De Giorgi et al. (2020)), among others. Nonetheless, the study of heterogeneous

peer effects is usually overlooked - where this heterogeneity refers to a differential

response of individuals to different types of peers. A relevant exception is Patacchini

et al. (2017), which estimates heterogeneous peer effects in education. Relying on the

National Longitudinal Survey of Adolescent Health data, the authors differentiate

the peer influence by the tenure of the links and find a persistent peer effect for

long-lived links. Consistently with my case study, the source of heterogeneity in the

link types relates to the users’ viewpoint on abortion rights. Additionally, in this

paper, I provide novel evidence on the role of peer effects on social media platforms;

in a context where activism is closely related to political rights and social norms.

Lastly, this paper contributes to understanding who - and how individuals - en-

gage in online social interactions, especially in the political sphere.6 Halberstam and

Knight (2016) study the type of links that politically engaged users form, finding

homophily in their Twitter network. Nonetheless, Gentzkow and Shapiro (2011)

reveal that online interactions are less segregated than offline. Conover et al. (2011)

show that political retweets are highly segregated along partisan lines, but user men-

tions are not - as dissidents mention each other frequently. Larson et al. (2019) find

that Charlie Hebdo protest participants were more connected to each other through

Twitter when compared to users who did not participate. I consider social ties as

reciprocal links on Twitter and study a political right without a partisan position

in the Argentinian context. Regarding the proportion of like-minded and dissident

peers, the data reveals heterogeneity in the peer group composition - pointing out

that some users are segregated into like-minded groups, but the majority are not.

The rest of the paper is organized as follows. Sub-section 1.1.1 introduces the

study case. Section 1.2 presents the theoretical framework, and section 1.3 describes

5See Bramoullé et al. (2020) for a review.
6For a review, see Zhuravskaya et al. (2020).
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the data. Sections 1.4 and 1.5 present the peer effects estimates and the robustness

checks, respectively. Section 1.6 concludes.

1.1.1 Abortion rights and activism in Argentina

In December 2020, the Argentine Congress legalized abortion on demand. Never-

theless, it was not the first time the Argentine Congress studied that bill. Before that

successful attempt, pro-choice activists had put forward the same bill in Congress

seven times - from 2005 onward. The legislative branch in Argentina is bicameral,

consisting of a Senate and a Chamber of Deputies. A bill put forward by a popular

initiative has to go through three steps to become law. First, a subcommittee of the

Chamber of Deputies receives it. The subcommittee has up to two years to send the

bill to the Chamber of Deputies. If that happens, deputies study the bill. Finally,

the Senate debates it. If both cameras pass the bill, it becomes law.

In 2018, the abortion rights bill reached Congress for the first time. Before,

it never went further than the deputies’ subcommittee. The Chamber of Deputies

passed the bill in June 2018. However, In August 2018, the Senate rejected it by a low

margin. As mentioned before, both cameras finally approved the law in December

2020. The previous year, 2019, was an electoral year in Argentina. As a result

of the national elections, one-third of the seats in Congress changed. Even though

abortion rights was a non-partisan topic, most candidates’ statements included their

position. Moreover, Congress members on seats in the two debates, 2018 and 2020,

did not change their votes. This evidence suggests voters’ important role in the

abortion rights bill’s legislative process.

Abortion rights were, and still are, a controversial aspect of reproductive rights

in Argentina. Yet, this is not particular to Argentina but common to many Latin

American countries - where abortion access is restrictive.7 The first evidence of this

is the difficulty passing the law. The sustained mobilization of pro-choice activists

and their counter-mobilization by pro-life activists constitutes the second piece of

evidence. Pro-choice and pro-life activists organized many public demonstrations

over the period. Furthermore, they designed two handkerchiefs to signal their advo-

cacy, which crossed the Argentine borders and became a symbol of abortion rights

mobilizations.8 Crucially, the online presence of pro-choice and pro-life activists

- the focus of this research - was vigorous. Figure 1.1 shows the daily count of

abortion-related tweets in 2018 and 2020. Twitter activity peaks coincide with days

7Although they have different abortion regulations, most restrict abortion access, and only a
few allow on-demand abortions. More information is at this link.

8Figure 1.5 in Appendix shows these two bandanas, green for the pro-choice activists and
light-blue for pro-life activists. Media pictures of these handkerchiefs are found in abortion rights
mobilizations in other Latin American countries and the public demonstrations of Roe vs. Wade
in the U.S.

https://reproductiverights.org/maps/worlds-abortion-laws/
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when Argentine Congress debated the bill.9

Figure 1.1 Abortion-related tweets in 2018 and 2020

Note: Daily count of abortion-related tweets, net of retweets, in the two years of debate, 2018 and
2020. Shadow areas indicate weeks of legislative debate on the abortion bill.

1.2 Theoretical framework

I study a model of social interactions, where individuals choose their level of in-

volvement in online activism related to a specific topic A in a predetermined network.

The links between individuals included in the network represent mutually beneficial

relationships. Importantly, individuals care about the activism of individuals with

whom they interact. Activism is characterized by its intensity and sign. Intensity

9Specifically, days with legislative activity were June 13th and August 8th, 2018, and December
10th and 29th, 2020.
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relates to the individual effort in devoting time to being an activist. The sign of

activism denotes whether the individual is an activist for or against cause A.

1.2.1 A model of peer effects in a network

Consider an online platform comprised of n <∞ individuals, where N = {1, ..., n}
is the set of individuals. Each user i has a specific peer group, Pi of size ni. Let g

be the network representing online links between those individuals, and G = [gij] be

the n× n non-negative adjacency matrix. The (i, j) entry of G, denoted gij, equals

1/ni if individuals i and j have a link and zero otherwise. I normalize diagonal

elements of G to zero so that gii = 0 ∀i ∈ N . To capture meaningful online links,

I assume the network g is undirected, i.e., gij ̸= 0 if and only if gji ̸= 0.10

Conditional on the network structure and their preferences, individuals choose

online activism, denoted by ai ∈ (−∞,∞). Importantly, |ai| denotes the intensity of

activism, and the sign of ai indicates whether i is for or against A. Each individual

i has an ideal point of online activism, denoted θi ∈ (−∞,∞). Since the nature

of interactions between individuals with equal-sign and opposite-sign ideal points

may differ, I decompose the adjacency matrix G into two matrices, H = [hij] and

K = [kij]. Specifically, the matrix H includes all links in G between individuals of

equal-sign ideal points, whereas K does it for opposite-sign. Thus, for any entry

(i, j) of the matrices H, K, and G, the following hold:

hij ≡ 1θi×θj>0gij

kij ≡ 1θi×θj<0gij

G ≡ H +K

Figure 1.2 exemplifies the adjacency matrix G decomposition into the matrices

H and K. Panels a, b, and c show the network representation of the matrices G, H,

and K, respectively. In this example, N = {1, 2, 3, 4, 5}, θi > 0 for i ∈ {1, 3} (green

nodes), and θi < 0 for i ∈ {2, 4, 5} (blue nodes). Thus, the network representation

of H only includes links within the subsets {1, 3} and {2, 4, 5} whereas the network

representation of K includes links between those subsets.

Following the literature, e.g., Ballester et al. (2006), Bramoullé et al. (2014), I

assume a linear quadratic specification for the utility of activism levels. Considering

that activists for or against topic A may interact differently, the model allows for

heterogeneous peer effects. The parameter β reflects peer effects when the sign of

own and peers’ ideal points coincide, i.e., individuals whose link belongs to matrix

H. In contrast, γ measures peer effects when it differs, i.e., individuals whose link

belongs to matrix K. Throughout this paper, I assume that |β| < 1 and |γ| < 1.

10In the empirical section, I check the sensitivity of the results to this assumption. Section 1.5
discusses it.
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Figure 1.2 Decomposition of the adjacency matrix G

Note: Links between individuals with aligned viewpoints on topic A belong to matrix H, whereas
links between individuals with opposing viewpoints on topic A belong to matrix K.

Denoting any profile of activism levels by a, the following function represents i’s

utility:

ui(a, G) = ui(a, H,K) = θiai −
1

2
a2i + β

∑︂
j∈N

hijaiaj − γ
∑︂
j∈N

kijaiaj (1.2.1)

The first two terms of equation (1.2.1) reflect i’s private benefit and cost as-

sociated with her activism level. The third and fourth terms represent the het-

erogeneous social benefit or cost of changing an individual’s action. As activism

signs differ for two peers with opposing viewpoints, I include the second term of

social interactions preceded by a negative sign. This modeling choice allows me to

interpret the strategic nature of activism in the usual manner, i.e., a positive pa-

rameter reflects complementarity, whereas a negative substitutability. Individuals

play a non-cooperative game for the choice of the activism levels, conditional on the

network structure. The equilibrium concept is Nash equilibrium. For any individual

i, the best-response function is given by:
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aBR
i = θi + β

∑︂
j∈N

hija
BR
j − γ

∑︂
j∈N

kija
BR
j (1.2.2)

Denoting the ideal points vector by θ, the system of best-response functions in

matrix notation equals:

a = θ + βHa− γKa (1.2.3)

Provided |β| < 1 and |γ| < 1, [I − βH + γK]−1 exists, where I is the n × n

identity matrix, the equilibrium is determined as:

a(H,K) = [I − βH + γK]−1θ (1.2.4)

In Appendix 1.A.1, I prove the condition for the invertibility of [I − βH + γK]

and comment on the equilibrium uniqueness.

1.2.2 Discussion and extensions

Despite its simplicity, the model captures the following essential aspects of online

interactions: (i) the network structure of social media platforms like Twitter, (ii) the

interdependency between individuals’ actions, and (iii) the potential heterogeneity

in peer effects. In addition, the model is suitable for the empirical estimation of these

heterogeneous peer effect parameters, which constitutes one of the main objectives

of this project. Patacchini et al. (2017) also estimates heterogeneous peer effects in

education, differentiating the parameters by the tenure of the links, i.e., long-lived

vs. short-lived links. Consistently with my case study, the source of heterogeneity

of peer effects in the model relates to the individuals’ viewpoint on topic A.

According to the model predictions, any individual’s activism level is a weighted

sum of her preferences, θi, and the average activism levels of her peers. If the social

connections were irrelevant to explaining activism, the optimal solution for any i is

simply a∗i = θi. Social interactions matter if at least one parameter (β, γ) differs

from zero. A positive value on the peer activism parameters, β and γ, indicates

strategic complementarity in the intensity of activism, while a negative value indi-

cates substitutability. Even though activism of dissident peers has, by construction,

opposed signs, the interpretation of γ is the traditional one - as a negative sign

precedes the parameter in the utility function.

A limitation of this model is the assumption that the network is predetermined.

In that sense, a possible extension would explicitly study network formation11 in

addition to the strategic interactions. In that case, the game would be a two-stage

game. Individuals first form their online social network and then choose their level

11See De Paula (2020) for a review of econometric models of network formation.
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of involvement in online activism. Taking equation (1.2.1) as a reference, the utility

for i would be given by:

ui(a, G) = θiai −
1

2
a2i + β

∑︂
j∈N

hijaiaj − γ
∑︂
j∈N

kijaiaj +
∑︂
j∈N

gijψ(i, j)

The fifth term denotes i’s explicit preferences over the online network structure.

The function θ(i, j) determines how much i values j as a peer in the network. It

can depend on different variables, including i’s preferences for her and j’s degree, a

measure of common interests, among others - see, for example, Hsieh et al. (2020). A

different approach for network formation would be the one proposed by Goldsmith-

Pinkham and Imbens (2013) and Hsieh and Lee (2016). The network formation

process is modeled via pairwise stability,12 while the outcome is specified following

equation (1.2.4).

1.3 Data

My primary data source is the platform Twitter. I aim to understand how social

interactions affect online activism, considering that these interactions could happen

between users with aligned or opposing viewpoints in the abortion rights debate. I

need to construct a dataset with observable actions and links. In that respect, the

first challenge is determining what online activism is. In the empirical analysis, I

consider online activism as the number of abortion-related tweets posted by a user

in a given period. Then, to measure it, the first step is building a tweets’ dataset.

The second challenge is identifying social media users engaged in the Argentinian

abortion rights debate. Given that Twitter is a giant online network, I need to

restrict my attention to a sub-sample of users to conduct the empirical analysis. My

approach is to define the initial nodes of the network as the set of users who fulfill

specific requirements. Then, by identifying these users, I construct the Twitter

network where online activism is happening, which I name the users’ dataset. I

create a panel dataset with an explicit network structure by combining the tweets’

and users’ datasets. The following paragraphs explain how I build and merge these

two datasets.

To create the tweets’ dataset, I first collect the set of abortion-related tweets from

2010 to 2020. I download all the tweets that contain at least one abortion-related

hashtag.13 Twitter activists popularly used these pro-choice and pro-life hashtags

to express their opinion. Further, activism through Twitter is often associated

with specific hashtags, as documented in the literature Jackson et al. (2020). The

tweets’ dataset includes all the replies and quotes to any of those tweets but excludes

12Jackson and Wolinsky (1996), Calvó-Armengol and Ilkılıç (2009), Jackson and Watts (2001).
13Table 1.6 in Appendix provides the list of hashtags used in the Twitter query.
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retweets. I exclude them because of the noise they introduce in classifying pro-

choice and pro-life tweets. First, “retweet ̸= endorsement” is widespread on Twitter.

Second, retweeting is a Twitter action of low stakes compared to posting or replying

to tweets - but their quantitative comparison is not trivial.14

I filter tweets according to their content and the account that posted them. The

filtering criteria select Twitter accounts (i) with a positive number of links and (ii)

which are not news outlets, organizations, or trending-topic trackers, among others.

I further restrict the dataset to (i) tweets in Spanish and (ii) which do not correspond

to an abortion rights debate in another country where Spanish is an official language.

Moreover, in the empirical analysis, I restrict my attention to the years 2018 and

2020 for two reasons. This period concentrates most of the tweets. Additionally, it

coincides with when the Argentine Congress debated the abortion rights bill. The

final tweets’ dataset includes 2 million observations.

The primary variable of interest, named online activism and denoted by ai, is

the product of two terms. Activism intensity, as the daily count of abortion-related

tweets posted by any user, |ai|; and activism sign, stating whether she is a pro-choice

or pro-life activist.15 Following this procedure, I compute an integer-valued variable

ai ∈ {...,−2,−1} ∪ {1, 2, ...}. I assign the value ai = 0 for any user on the dates she

did not post an abortion-related tweet. In that way, activism is an integer-valued

variable in the interval ai ∈ {...,−1, 0, 1, ...}.

To determine the activism sign, I need to classify all the tweets posted by a user

on a given day as pro-choice or pro-life. To accomplish this, I proceed as follows.

First, I classify a tweet as pro-choice (pro-life) if it only contains pro-choice (pro-life)

hashtags. Then, I use a series of tuples of words to refine this classification. For

example, suppose a tweet includes the hashtag “#AbortoLegal” - legal abortion, in

Spanish - and “feminazi” - the combination of feminist and Nazi. In that case, I

classify it as a pro-life tweet. Finally, I compute the average activism sign per day

and individual and reclassify tweets to match the sign of this mean. This last step

implicitly assumes individuals do not change their opinions in a short period, in

this case, a day. Importantly, this procedure categorizes users into pro-choice and

pro-life activist groups daily, allowing users to switch positions over more extensive

periods. Nonetheless, I do not observe users switching between one and another

movement.

Second, I construct the online network of Twitter users engaged in the Argen-

tinian abortion rights debate, which I previously named the users’ dataset. The

first step is to define the initial nodes of the network. I consider as an initial node

any user who fulfills the following conditions: (i) the user has posted at least one

14Conover et al. (2011) suggest retweeting is a Twitter action that goes along partisan lines.
Thus, if any, by not considering retweets, I am computing a lower bound of online activism.

15A 90% of the initial nodes are pro-choice activists, whereas the 10% remaining is composed of
pro-life activists.
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abortion-related tweet during the Congress debates in 2018 and 2020, (ii) she has

less than 5.000 connections on Twitter, and (iii) the user provides geo-location in-

formation.

The upper bound imposed on connections works twofold. First, it limits the pos-

sibility of including celebrities, influencers, and politicians in the users’ dataset. The

theoretical model presented in Section 1.2 may be unsuitable for these individuals as

their incentives could differ from the rest of Twitter users. For instance, politicians’

tweets could obey their perceived probability of being elected, and celebrities may

decide not to express their opinion to preserve their public image. Additionally, I

impose this restriction for tractability.16

After applying this filtering criterion, the users’ dataset contains approximately

6.000 initial nodes. For any initial node, I download a list of her mutual connections,

i.e., an account that follows and is followed by that user. I define these users as peers

in the empirical analysis. I restrict my attention to reciprocal links to recognize the

different natures of unilateral and bilateral relationships. Finally, I download the

list of mutual connections for randomly selected one percent17 of the peers in the

network. I name them peers-of-peers. These three types of users, initial nodes,

peers, and peers-of-peers, form the users’ dataset.

For consistency, I filter accounts with less than 5.000 connections for peers and

peers-of-peers. Furthermore, I only keep Twitter accounts whose creation date is

2018 or earlier. This condition is crucial, given how the Twitter API works. Its

follows-lookup endpoints return connections on the day the request is made.18 There-

fore, it is impossible to observe the Twitter network for a given time in the past.

Applying the filtering criterion of creation date, I approximate the observed network

as much as possible to the 2018-2020 network.

Additionally, I classify users according to their participation in abortion rights

activism into three groups. A user is non-activist if she does not appear in the

tweets’ dataset. She is an activist if she appears in the tweets’ dataset at least

once and an early activist if she appears before the first Congress debate in June

2018. For any user i in a given day t, her activity status could be t-posting or t-

not-posting, depending whether ait > 0 or ait = 0. Thus, a non-activist is a user

whose activity status equals t-not-posting for all the periods. At the same time, an

activist is any user whose activity status equals t-posting at least for some t. Thus,

the categorization of peers into activist or non-activist is time-invariant, whereas

the activity status of activist peers depends on the specific date t.

Table 1.1 summarizes initial nodes’ degree distribution, i.e., their peer group

size, and its decomposition into the categories of activists and early activists. On

16Twitter is a giant network, so restricting the number of connections alleviates the computa-
tional burden.

17For each i, I download that list for the closer natural number to 1%ni.
18Twitter requests to this endpoint were made between December 2021 and February 2022.
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average, individuals have 412 reciprocal links, of which 97 are activists. Moreover,

the set of activists who were t-posting on a given date t, of size nA
it, is a subset of

the set of activists among peers, of size nA
i . The latter category is the relevant in

the model estimation. The last column of Table 1.1 reports that, on average, across

time and individuals, initial nodes have 20 t-posting peers. Combined with the full

observability of Twitter links, small peer groups make this context ideal for studying

peer effects.

Table 1.1 Initial nodes’ degree

ni nA
i nEA

i mean nA
it

Mean 412 97 45 20
St.Dev. 509 142 65 30
Min. 2 1 0 0
Median 250 45 19 7
Max. 4612 1723 805 378

Individuals 5808

Note: ni denotes the size of the peer group, whereas nA
i and nEA

i is the size of the peer group
classified as activists and early activists, respectively. mean nA

it is the mean size, across time, of
activist peers who were t-posting at t.

Finally, I combine the tweets’ and users’ datasets previously mentioned to gen-

erate a panel dataset with an explicit network structure. For any initial node, I

observe (i) the set of her first-degree connections, (ii) a sub-set of her second-degree

connections, and (iii) the value of online activism for her and her observable con-

nections. The panel dataset is balanced, each individual is an initial node, and the

period is a day. In the empirical analysis, I use the dataset with observations for a

one-week window centered on each day Congress debated the abortion rights bill.

1.3.1 Descriptive statistics

Figure 1.3 presents correlations between initial nodes’ activism and the average

activism of their peers. The variable on the x-axis is the average of peers’ activism

over time and per individual. On the y-axis, the variable is the average over time

of the initial nodes’ activism. Panel A illustrates it for equal-sign peers’ activism,

whereas Panel B is for opposite-sign peers’ activism.

While the correlation between equal-sign peers’ and own activism is positive,

its analogous statistic for opposite-sign activism is negative. Since the intensity of

activism is its absolute value, the sign of the two correlations reflects a positive

relationship between activism intensities. The intensity of pro-choice (pro-life) ac-

tivism increases as it becomes more positive (negative). Therefore, a more intense

opposite-sign peers’ activism correlates positively with higher own activism.
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Figure 1.3 Correlation between initial nodes’ and peers’ average activism.

In the two panels, points in which activism of initial nodes is close but not equal

to zero reflect that the user was t-not-posting on Twitter for some of the dates

considered in the empirical analysis. Thus, the source of variation in initial nodes’

activism is twofold: the intensity of their activism on the days they were t-posting

and the frequency of that activity status.

There is a notable difference between Panel A and B of Figure 1.3. While in

Panel A, there are a few points in which peers’ activism is close to zero, in Panel

B, those points correspond approximately to a third of the total number of initial

nodes.19 In other words, a third of the users considered as initial nodes do not have

links with users whose (average over time) activism has the opposite sign. Moreover,

191636 out of the 5808 users.
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this is true for initial nodes participating in both movements, pro-choice and pro-

life. Nonetheless, two-thirds of the individuals are connected to users with opposing

and aligned viewpoints on abortion rights. I interpret this as evidence against the

existence of an echo chamber. A necessary condition for this phenomenon is the

existence of a chamber: the segregation of users into like-minded groups.

Table 1.2 Descriptive statistics

Mean Median Std. Dev.

Panel A: Pro-choice initial nodes Ind. 5225

activism 0.305 0.167 0.450
peer activismequal-sign 0.803 0.736 0.515
peer activismopposite-sign -0.067 -0.021 0.175
t-posting peersequal-sign 13.460 4.733 20.447
t-posting peersopposite-sign 6.193 2.000 9.605

Panel B: Pro-life initial nodes Ind. 583

activism -0.653 -0.300 1.055
peer activismequal-sign -1.388 -1.283 1.113
peer activismopposite-sign 0.321 0.200 0.386
t-posting peersequal-sign 15.037 5.300 25.844
t-posting peersopposite-sign 6.638 2.733 9.968

Panel C: all initial nodes Ind. 5808

activist peersratio 0.237 0.207 0.159
early activist peersratio 0.448 0.455 0.165
activist peers-of-peersratio 0.158 0.132 0.123
early activist peers-of-peersratio 0.419 0.426 0.169

Note: Panel A and B variables in this table are averaged over time and individuals, whereas Panel
C variables are averaged over individuals. The activist peers ratio is the proportion of activists in
the peer group. The early activist peers ratio is the proportion of early activists among activist
peers.

In this line, Table 1.2 presents complementary information. In Panels A and B, I

summarize the main variables of the model, averaged over time. They include initial

nodes’ and peers’ activism and the number of t-posting peers. Panel A corresponds

to the initial nodes classified as pro-choice activists, while Panel B does it for pro-life

activists. Lastly, Panel C presents descriptive statistics of the ratio of activist and

early activist users in the peer groups and among peers-of-peers. The mean of all

the activism variables differs from zero over time and by individuals. Consistently

with Figure 1.3, opposite-sign activism is the variable whose mean is closer to zero.

On average, pro-choice initial nodes have 13 pro-choice and 6 pro-life t-posting peers

per day. For pro-life initial nodes, these numbers are 15 and 7. Therefore, around

two-thirds of peers are like-minded activists, whereas one-third are not.20

20Note that t-posting peersequal-sign and t-posting peersopposite-sign is the decomposition of the
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According to Panel C, 24% of users in the peer groups are activists, on average.21

The information in Table 1.2, jointly with Figure 1.3, suggests that users engaged

in the abortion rights debate are highly connected but not perfectly polarized into

two groups. While the literature studying the existence of online echo chambers is

inconclusive,22 there is evidence that activists are highly connected through social

media, e.g., Larson et al. (2019). Accordingly, the description of this context is

consistent with homophily in Twitter’s network, in the sense of being engaged in the

abortion rights debate but not necessarily sharing viewpoints.

Finally, Figure 1.4 presents the correlation between initial nodes’ activism and

the ratio of early activists in her peer group. On the x-axis, the variable is the

average over time of the initial nodes’ activism. The y-axis variable is the proportion

of early activist peers over the number of activist peers. According to Table 1.2,

on average, 24% of peers are activists, and 45% among those are early activists.

As Figure 1.4 shows, the differential exposure of initial nodes to early activism is a

source of variation in the data (at the individual level). Significantly, the exposure

to early activism varies for both pro-choice and pro-life initial nodes. As mentioned

above, I define an early activist as any user who appears in the tweets’ dataset before

June 2018, the month of the first Congress debate on the abortion rights bill. In

that regard, I interpret early activism as a measure of persistence, even strength, in

online activism. Therefore, differential exposure to early activists may play a role

in explaining peer effects.

Figure 1.4 Correlation between activism and the early activist-peers ratio.

total amount of t-posting peers, which is reported in the last column of Table 1.1 as nA
it, but

without differentiating between pro-choice and pro-life initial nodes.
21Appendix 1.A.3 provides further information and descriptive statistics, including the his-

tograms of the variables in Table 1.2.
22See Levy and Razin (2019) for a review of echo chambers.
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1.4 Empirical analysis

In this section, I follow an instrumental variables approach to estimate the het-

erogeneous peer effect parameters. Consistently with section 1.2, I estimate peer

effects by contemplating links between like-minded users and users with opposing

viewpoints on abortion rights. The identification strategy relies on the partially over-

lapping network’s property, which allows me to propose network-based instruments.

In addition, and taking advantage of the longitudinal data structure, I include in-

dividual fixed effects to control for unobserved factors driving online activism and

network formation.

Before discussing the identification strategy, a clarification is relevant. I estimate

peer effects for a sub-sample of the Twitter population: those who posted abortion-

related tweets during the legislative debates on the bill. Extrapolating the results of

the estimation in this study to the entire Twitter population would require assuming

that the peer parameters among users who participate and who do not participate

are equal. In other words, I estimate peer effects on the intensive margin of online

activism. Although interesting, the estimation of peer effects on the participation

decision, i.e., the extensive margin of activism, is out of the scope of this paper.

That estimation would require detailed individual characteristics23 as well as the

observation of the entire Twitter population.

1.4.1 Estimation and identification

It is a well-known challenge in the peer effects literature to disentangle the mech-

anisms behind the interdependence-in-actions of individuals who interact together.

In his seminal paper, Manski (1993) distinguishes three sources of this interdepen-

dence: contextual, endogenous, and correlated effects. The contextual or exogenous

effect is the influence of exogenous peers’ characteristics on an individual’s actions.

The endogenous peer effect is the impact of peers’ actions on an individual’s actions.

Lastly, individuals and their peers may behave similarly due to sharing a common

environment, the so-called correlated effect. Therefore, the causal estimation of en-

dogenous peer effects requires disentangling them from contextual and correlated

effects. This distinction becomes easier when interactions are structured through a

network.

When a network structures social interactions, the peer group of any individ-

ual is specific to her. This feature alleviates Manski’s reflection problem, making

the distinction between endogenous and exogenous effects possible. Specifically, the

reflection problem is a consequence of the simultaneity in the behavior of individ-

uals, see equation (1.2.3), and it arises only under the assumption of group-wise

23Matching Twitter data with other data sources at the individual level is against Twitter
Developer Account’s terms and conditions.
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interactions.24 Even though I do not estimate exogenous effects and, instead, I con-

trol for them by using individual fixed effects, network data is still crucial for the

identification strategy. The reason is the (potential) existence of correlated effects,

that is, group-specific unobserved variables driving individual’s and peers’ actions.

Since peer groups are individual-specific, the characteristics of indirect links in the

network are valid instrumental variables for peers’ actions.25

In this paper, I follow a network-based instrumental variable approach to causally

estimate peer effects.26 Specifically, I rely on the partially overlapping network’s

property to estimate the peer effects parameters, see Bramoullé et al. (2009) and

De Giorgi et al. (2010). Given that individuals interact in a social network, two

connected individuals, i and j, have different peer groups, Pi and Pj. Importantly,

the existence of intransitive triads helps to identify peer effects. An intransitive triad

between individuals (i, j, l) exists if, for the pair of individuals (i, j), there exists an

individual l connected to j but not to i. In simple words, from i’s perspective, l is

a friend of her friend, j. Formally,

i ∈ Pj and l ∈ Pj but l /∈ Pi

For any individuals i and j, I define Pj/i as the set of individuals l who form

intransitive triads with them. If i is an initial node and j is her peer, I use individuals

on the set Pj/i to instrument for peers’ activism. As I estimate heterogeneous peer

effects, I split this set and the peer group Pi into two subsets each: (PH
i , P

H
j/i),

containing information about equal-sign activism, and (PK
i , P

K
j/i), about opposite-

sign activism. The proposed instrumental variables are the daily ratios of equal-sign

and opposite-sign t-posting users among those in (PH
j/i;P

K
j/i). Given the available

data, the following remark is essential. The instrument is the activity status of the

peers of a 1% randomly selected sample of initial nodes’ peers. That is, I observe the

activity status from users included in the sets Pj/i from a 1% of the peers j ∈ Pi. For

a given date t and initial node i, I compute the ratio of equal-sign and opposite-sign

t-posting users as the proportions of those in the union of the observed sets, Pj/i,t.

To gain intuition about the identification strategy, recall the ratios of equal-sign

and opposite-sign t-posting users on the sets Pj/i,t measure the daily exposure of

peers j ∈ Pi to online activism. The construction of these ratios depends on the

randomly assigned observability of the sets Pj/i, generating an additional source of

variation. Then, the observed ratios measure the exposure to online activism of 1%

randomly selected peers j ∈ Pi. The identifying assumption is, therefore, that the

24That is, when individuals are affected by all individuals belonging to their group and by nobody
outside them.

25The indirect links of any individual share a common environment with the individual’s peers
but not with her.

26In the context of Twitter, Cagé et al. (2022) also use a network-based instrument to study the
information propagation from social media to mainstream media.
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activity status of the observed peers-of-peers, l ∈ Pj, who are not directly connected

to an initial node, l /∈ Pi, only affects her activism, ai, through the activism of peers,

j ∈ Pi.

For any initial node i and day t, the parametric specification of the individual

heterogeneity θit and the resulting empirical counterpart of equation (1.2.2) are:

θit = θxxit + θLD + θi + ϵit

ait = θxxit + β
∑︂
j∈PH

i

ajt + γ
∑︂
j∈PK

i

ajt + θLD + θi + ϵit

where xit is a set of covariates related to the tweet’s popularity, i.e., the daily

average of likes, retweets, quotes, and replies to the user’s tweets. θi is an individual

fixed effect. θLD is a dummy variable that takes value one when Congress debated

the abortion rights bill, i.e., on a legislative day, and zero otherwise. ϵit is and i.i.d.

error term with variance σ2.

Given Twitter data characteristics, including individual fixed effects is crucial for

the empirical analysis. Working with social media data has the advantage of clear

observability of links but at the cost of lacking detailed individual characteristics,

which constitute the source of identifying exogenous peer effects and determining the

sorting of individuals into a network. Thus, I include individual fixed effects to con-

trol for unobserved factors driving Twitter users’ behavior and network formation.

The underlying assumption is that such unobserved variables are time-invariant.

The empirical literature on peer effects has addressed these threats to identifica-

tion using network fixed effects. Compared to individual fixed effects, these are less

restrictive, for instance, regarding the covariates that can be included in the estima-

tion. In the main specification of the model, I do not include network fixed effects,

but in appendix 1.A.3, I show my results are robust to their inclusion.

In the context of social media, a potential threat to identification is given by

how the Twitter algorithm works. In particular, regarding the content shown in the

Twitter feed of any user whose author is not her peer. Although there is no official

information about the algorithm, it is reasonable to assume the observation of such

content is more likely to happen if the tweet becomes viral or if the tweet’s author

and the user share connections. Regarding the former, I include tweet popularity

measures in the estimation. Finally, the essence of an instrumental variable is that

the instrument and the independent variable are related only via the endogenous

variable. In the Twitter context, it translates to the user and the tweet’s author

being related through their peers in common.
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1.4.2 Results

Table 1.3 presents the peer effects estimates. Columns (1)-(2) correspond to

the Fixed Effects model (FE), whereas Columns (3)-(4) present the results of the

instrumental variable approach (IV-FE). Panel A includes all the observations for

one-week windows centered on the legislative days,27 so the panel is balanced. In

Panel B, I restrict my attention to observations with non-zero values of initial nodes’

activism. In all the specifications, results indicate the existence of complementarities

in online activism.

Table 1.3 Peer effects in online activism.

FE IV-FE
(1) (2) (3) (4)

Panel A: Balanced Panel

activismequal-sign 0.194*** 0.134*** 0.564*** 0.376***
(0.014) (0.011) (0.020) (0.025)

activismopposite-sign 0.181*** 0.178*** 0.146 0.428***
(0.044) (0.044) (0.134) (0.130)

Kleibergen-Paap rk F 72.958 73.479

Obs. 174238 174238 174238 174238

Panel B: Unbalanced Panel

activismequal-sign 0.350*** 0.289*** 1.000*** 0.852***
(0.038) (0.037) (0.087) (0.139)

activismopposite-sign 0.376* 0.388* 0.568* 0.765**
(0.157) (0.159) (0.237) (0.265)

Kleibergen-Paap rk F 55.895 48.649

Obs. 27652 27652 27652 27652

Controls No Yes No Yes

LegDays FE No Yes No Yes

Ind. 5808 5808 5808 5808

Note: Standard errors clustered by individuals in parenthesis. Controls include the daily average
of retweets, likes, replies, and quotes. LegDays is a dummy variable that takes a value of 1 when
Congress debated the abortion rights bill and 0 otherwise. Panel A: Balanced panel dataset, daily
observations for one-week periods centered on legislative days. Panel B: Unbalanced panel dataset,
only considering non-zero values of initial nodes’ activism. * p<.05, ** p<.01, *** p<.001.

Coefficients of equal-sign activism levels are positive and significant. For in-

stance, IV-FE estimates in Column (4) indicate that a 1-tweet increment on the

equal-sign activism of peers increases initial nodes’ activism by 0.38 tweets, on aver-

age. Coefficients of opposite-sign activism levels are positive and significant, except

for Column (3), in which the estimate is insignificant. However, this regression cor-

responds to the simplest IV model without controls nor legislative days fixed effects.

27Except for December 29th, 2020, which window ends on January 1st, 2021.



1.4. EMPIRICAL ANALYSIS 21

When those are included, the estimate becomes significant. An increase of 1-tweet in

the activism intensity of peers participating in the opposite online protest increases

own activism by 0.43 tweets, according to Column (4).

The comparison between FE and IV-FE estimates suggests that complementar-

ities in online activism are more substantial for the IV estimates. The difference in

their magnitude is in line with the fact that these estimators compute different aver-

age treatment effects (ATE).28 Additionally, this difference could be explained by the

OLS exclusion bias and the characteristics of the compliers. Importantly, both the

sign and statistical significance of the estimates remain stable among specifications.

Based on the difference in magnitude between Panel A and B estimates, one can

argue that the sample restriction to non-null activism values for initial nodes leads

to overestimating peer effects parameters. The coefficients in Panel B are twice as

large as the analogous estimates in Panel A. In the rest of the analysis, I focus on

the balanced panel dataset, where online activism includes days in which Twitter

users were t-not-posting.

1.4.3 Heterogeneity analysis

This section provides two exercises to illustrate how the estimates of peer effects

depend on peer groups’ characteristics. Table 1.4 presents the results of the first

of them: when users’ exposure to early activism is taken into account. I classify

as an early activist any user who posted an abortion-related tweet before the first

Congress debate. The ratio of early activists at each initial node’s group of peers is

a source of variation in the data. I interact this ratio with peer effects parameters

to see if it is relevant for understanding peer effects. Specifically, early is a dummy

variable that takes a value of one for the individuals whose ratio of early activists

in the peer group is above the sample median, 45%, and of zero otherwise.

The results suggest that the strategic complementarity between equal-sign ac-

tivist peers increases as their exposure to early activism. Coefficients of the inter-

action between equal-sign activism and exposure are positive and significant across

all specifications except Column (3). Early activism captures some degree of per-

sistence, perhaps strength, in online activism. As such, I interpret this result as

evidence of a higher complementarity between peers more involved in the abortion

rights debate. In contrast, there is no evidence of a differential effect of early ac-

tivism exposure in the parameters of opposite-sign activism. Accordingly, strategic

complementarity between peers engaged in opposite movements does not differ based

on whether the peer is a persistent activist or a newcomer. However, the interaction

coefficients are not precisely estimated, as can be seen by the size of the standard

errors.

28IV estimates the local ATE, whereas OLS estimates the ATE over the entire population.
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Table 1.4 Exposure to early activism.

FE IV-FE
(1) (2) (3) (4)

activismequal-sign 0.153*** 0.102*** 0.528*** 0.313***
(0.016) (0.013) (0.028) (0.034)

early ∗ activismequal-sign 0.078** 0.063** 0.058 0.099**
(0.027) (0.021) (0.039) (0.038)

activismopposite-sign 0.144*** 0.133*** 0.114 0.415**
(0.032) (0.031) (0.144) (0.146)

early ∗ activismopposite-sign 0.070 0.085 0.095 0.086
(0.085) (0.086) (0.263) (0.248)

Controls No Yes No Yes

LegDays FE No Yes No Yes

Kleibergen-Paap rk F 15.878 24.637

Ind. 5808 5808 5808 5808

Obs. 174238 174238 174238 174238

Note: Standard errors clustered by individuals in parenthesis. Balanced panel dataset, daily
observations for one-week periods centered on legislative days. Early is a dummy variable that
takes a value of 1 if the early activist-peers ratio is above the sample median and 0 otherwise.
Controls include the daily average of retweets, likes, replies, and quotes. LegDays is a dummy
variable that takes a value of 1 when Congress debated the abortion rights bill and 0 otherwise. *
p<.05, ** p<.01, *** p<.001.

The second exercise I perform is related to an echo chamber hypothesis. One

of the main messages of Figure 1.3 is that initial nodes differ in the composition of

peer groups. Around one-third of the initial nodes have no peers with a contrary

viewpoint on abortion rights so we may consider them inside a chamber, i.e., be-

longing to a like-minded online group. On the contrary, the other two-thirds have

two types of peers, with aligned and opposing viewpoints.

To consider this fact when estimating peer effects, I define chamber as a dummy

variable that takes a value of one for the individuals whose average over time of

opposite-sign peers’ activism is sufficiently small and of zero otherwise. Then, by

interacting this dummy variable with equal-sign activism of peers, it is possible

to test the existence of an echo in the sub-group of initial nodes inside a chamber,

where I interpret the existence of an echo in the lines of having a different peer effect

estimate for equal-sign activism. If there is an echo effect, this interaction estimate

would be higher for the sub-sample of initial nodes inside a chamber, i.e., we should

observe a stronger complementarity on like-minded peers for users with no dissident

peers. As seen in Table 1.5, the evidence does not support the existence of an echo-

chamber phenomenon. The interaction estimate is negative but small in Columns

(1)-(2), and it becomes non-statistically significant for the IV specifications.
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Table 1.5 Echo chamber effect.

FE IV-FE
(1) (2) (3) (4)

activismequal-sign 0.231*** 0.175*** 0.549*** 0.357***
(0.017) (0.015) (0.033) (0.036)

chamber ∗ activismequal-sign -0.072** -0.078*** 0.028 0.040
(0.025) (0.019) (0.039) (0.038)

activismopposite-sign 0.170*** 0.167*** 0.162 0.449**
(0.043) (0.043) (0.148) (0.142)

Controls No Yes No Yes

LegDays FE No Yes No Yes

Kleibergen-Paap rk F 47.917 47.654

Ind. 5808 5808 5808 5808

Obs. 174238 174238 174238 174238

Note: Standard errors clustered by individuals in parenthesis. Balanced panel dataset, daily
observations for one-week periods centered on legislative days. Chamber is a dummy variable that
takes a value of 1 if the average over time of opposite-sign activism is <0.025 in absolute value and
0 otherwise. Controls include the daily average of retweets, likes, replies, and quotes. LegDays is
a dummy variable that takes a value of 1 when Congress debated the abortion rights bill and 0
otherwise. * p<.05, ** p<.01, *** p<.001.

1.5 Robustness checks

In this section, I check the robustness of my results by relaxing the assumptions

I made throughout the paper. Appendix 1.A.3 presents the corresponding results.

Unilateral links. In sections 1.2 and 1.4, I assume that links are undirected, i.e,

gij ̸= 0 if and only if gji ̸= 0. Now, I check the sensitivity of the results to such an

assumption. I perform the analysis for undirected networks - considering the peers

of each initial node as the set of users who have a unilateral link with her. First,

I analyze Twitter’s friends - users followed by the initial node. Later, I consider

Twitter’s followers - users following the initial node. As seen in Appendix 1.A.3,

the results remain qualitatively unchanged when considering followers as the peer

group. It is true for both FE and IV-FE regressions.

Nevertheless, the results are mixed when the peer group is the set of accounts

followed by the initial node - Twitter’s friends. These results vary for peers with

aligned and opposing viewpoints on abortion rights. In the case of like-minded

peers, the results are analogous, in sign, magnitude, and statistical significance, to

the ones presented in section 1.4. The estimates of opposite-sign activism of peers

decrease in magnitude for the FE model and become non-statistically significant or

even change their sign in the IV regressions. This result points to the importance
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of the proximity of peers to explain peer effects, suggesting reciprocal links and not

fan-idol relationships are driving my findings.

Time span. Next, I expand the period considered in the empirical analysis. I do

so to see whether the results change when the abortion rights debate becomes less

salient. Specifically, I utilize the dataset with observations for a two-weeks window

centered on each day Congress debated the abortion rights bill instead of one-week

periods. Tables in Appendix 1.A.3 show that the results of section 1.4 are robust to

the extension of the time span.

Network fixed effects. I add network fixed effects to the estimation presented

in section 1.4. Specifically, I apply the local network transformation proposed by

Bramoullé et al. (2009) to the activism and peers’ activism variables. As can be seen

in tables in Appendix 1.A.3, the main results of section 1.4 are robust to including

network fixed effects.

Congress debates. Next, I split the period considered in the empirical analysis.

By considering the 2018 and 2020 debates independently, it is possible to determine

if peer effects and activism patterns differ between these protest periods. Tables in

Appendix 1.A.3 show that activism surrounding the 2018 Congress debates leads

this paper’s results. There is a clear difference in data availability for one and

another year, which traduces in a power loss on estimates for the 2020 debates.

1.6 Conclusion

As social media platforms have proliferated, a new public sphere where individuals

connect and share ideas has emerged. Understanding how individuals engage in

online interactions and how these interactions impact political outcomes is crucial

for modern economies. In that regard, this paper provides novel evidence of the role

of peer effects on political activism through social media platforms.

The estimates of peer effects in Section 1.4 indicate that activism exhibits strong

complementarities. Remarkably, activist peers with aligned or opposing viewpoints

on abortion rights have a similar effect in terms of magnitude. As mentioned, these

results correspond to peer effects on the intensive margin of political activism. A

natural extension of this project would also analyze the decision to be a social media

activist - which posits an empirical challenge regarding its identification strategy.

It will then be possible to determine whether extensive and intensive margins of

activism exhibit similar patterns.

In addition, this paper suggests that the peer group’s composition plays a role
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in understanding individual behavior - for instance, regarding exposure to early

activism or the proportion of like-minded and dissident activists in the peer group.

As such, social media platforms present an ideal context for further research on

the influence of peers on individual behavior, as they provide detailed and precise

information about social ties and online interactions. Related to this paper, some

of these questions are how collective claims are created, by whom, how they evolve,

and whether they persist.



26 CHAPTER 1

1.A Appendix to Chapter 1

1.A.1 Conceptual framework

In this section, I show the assumption |β| < 1 and |γ| < 1 is a sufficient condition for

the existence of [I−βH+γK]−1, which allows me to write (1.2.4). The proof consists

of two steps. First, demonstrate that provided |β| < 1 and |γ| < 1, the matrix

[I−βH+γK] is a strictly diagonally dominant matrix. Then, apply the Gershgorin’s

circle theorem to argue that the matrix is non-singular and, consequently, that its

inverse exists.

A square matrix is said to be strictly diagonally dominant if, for every row, its

diagonal entry is larger than the sum of the absolute values of the non-diagonal

entries in that row. That is, A is strictly diagonally dominant if

|aii| >
∑︂
j ̸=i

|aij| ∀i

The diagonal entries of [I − βH + γK] are equal to 1, whereas the non-diagonal

entries are either −βhij or γkij. So, this matrix is strictly diagonally dominant if

1 >
∑︂
j ̸=i

|βhij|+
∑︂
j ̸=i

|γkij| ∀i

1 >|β|
∑︂
j ̸=i

hij + |γ|
∑︂
j ̸=i

kij ∀i

Where the second step follows from properties of absolute value and the fact

that the entries of H and K are non-negative. Furthermore, as G = H +K, and G

is row-normalized, it holds that∑︂
j

hij +
∑︂
j

kij =
∑︂
j

gij = 1 ∀i

Then, the right-hand side of the above inequality is a linear combination of |β| and
|γ|, and the condition of |β| < 1 and |γ| < 1 is sufficient to guarantee the inequality

holds. It follows that [I − βH + γK] is strictly diagonally dominant, and that

[I − βH + γK]−1 exists. As the inverse is unique, a unique vector a is compatible

with equation (1.2.4).
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1.A.2 Twitter data

Twitter data collection

Twitter is an online platform that allows users to publish short messages, of a

maximum of 140 characters, on their profiles. In January 2021, Twitter launched

an Academic Research product track, which enables researchers to access all v2

endpoints. Notably, the Twitter Search API v2 gives access to the entire history

of public conversations and not only recent tweets. For more information about

the academic track on Twitter, follow this link. I collected Twitter data with the

command line tool and Python library, twarc2.

Tweets collection To collect tweets, I relied on the v2 full-archive search end-

point. I constructed the Twitter query to include all the tweets in Spanish, net of

retweets, which include at least one of the hashtags present in Table 1.6.

Table 1.6 List of hashtags considered in the Twitter query.

Pro-choice hashtags Pro-life hashtags
#AbortoLegalYa #ArgentinaEsProvida
#AbortoLegal #ArgentinaProVida

#AbortoLegalSeguroyGratuito #AbortoCero
#AbortoLegalYSeguro #DefendamosLaVida

#AbortoLibre #LegaloIlegalelAbortoMataIgual
#AbortoVoluntario #MarchaPorLaVida

#AbortarEnPandemia* #NoAlAborto
#EsLey* #OlaCeleste

#GarantizarDerechosNoEsDelito #PañueloCeleste
#IVE #SalvemosLasDosVidas

#LaOlaVerde #SalvemosLas2Vidas
#MareaVerde #SalvenALos2
#PañueloVerde #SiALaVida

#QueSubaLaMarea #SoyProvida
#SeraLey #TodaVidaVale

#UnaConquistaFeminista*
Collection date: September 2021. *For 2020 only.

User data collection To collect Twitter data relative to users, I relied on the

follows lookup endpoints. For any user of interest, I requested the list of her friends

(following) and followers. To obtain mutual connections, I intersected these lists.

https://developer.twitter.com/en/products/twitter-api/academic-research
https://twarc-project.readthedocs.io/en/latest/twarc2_en_us/
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1.A.3 Tables and Figures

Figure 1.5 Pro-choice and pro-life handkerchiefs.

Figure 1.6 Correlation between activism and the activist-peers ratio.
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Figure 1.7 Activism histograms. Initial nodes and their peers.



30 CHAPTER 1

Figure 1.8 Activist peers histograms. Pro-choice initial nodes.
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Figure 1.9 Activist peers histograms. Pro-life initial nodes.
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Increasing the time span

Table 1.7 Peer effects in online activism. Two-weeks period.

FE IV-FE
(1) (2) (3) (4)

Panel A: Balanced Panel

activismequal-sign 0.192*** 0.138*** 0.508*** 0.360***
(0.011) (0.010) (0.016) (0.022)

activismopposite-sign 0.165*** 0.161*** 0.302** 0.482***
(0.095) (0.098) (0.194) (0.219)

Kleibergen-Paap rk F 71.263 70.929

Obs. 354345 354345 354345 354345

Panel B: Unbalanced Panel

activismequal-sign 0.408*** 0.350*** 0.936*** 0.799***
(0.041) (0.041) (0.070) (0.108)

activismopposite-sign 0.301** 0.314** 0.719*** 0.910***
(0.095) (0.098) (0.194) (0.219)

Kleibergen-Paap rk F 66.815 61.305

Obs. 33597 33597 33597 33597

Controls No Yes No Yes

LegDays FE No Yes No Yes

Ind. 5809 5809 5809 5809

Note: Standard errors clustered by individuals in parenthesis. Panel A: Balanced panel dataset,
daily observations for two-week periods centered on legislative days. Panel B: Unbalanced panel
dataset, only considering non-zero values of initial nodes’ activism. Controls include the daily
average of retweets, likes, replies, and quotes. LegDays is a dummy variable that takes value 1
when Congress debated the abortion rights bill and 0 otherwise. * p<.05, ** p<.01, *** p<.001.
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Table 1.8 Exposure to early activism. Two-weeks period.

FE IV-FE
(1) (2) (3) (4)

activismequal-sign 0.155*** 0.107*** 0.470*** 0.300***
(0.013) (0.011) (0.025) (0.032)

early ∗ activismequal-sign 0.071*** 0.059*** 0.062 0.094**
(0.021) (0.017) (0.033) (0.033)

activismopposite-sign 0.159*** 0.147*** 0.253* 0.454***
(0.031) (0.030) (0.119) (0.121)

early ∗ activismopposite-sign 0.013 0.027 0.132 0.118
(0.050) (0.050) (0.186) (0.182)

Controls No Yes No Yes

LegDays FE No Yes No Yes

Kleibergen-Paap rk F 13.947 14.864

Ind. 5809 5809 5809 5809

Obs. 354345 354345 354345 354345

Note: Standard errors clustered by individuals in parenthesis. Balanced panel dataset, daily
observations for two-week periods centered on legislative days. Early is a dummy variable that
takes a value of 1 if the early activist-peers ratio is above the sample median and 0 otherwise.
Controls include the daily average of retweets, likes, replies, and quotes. LegDays is a dummy
variable that takes a value of 1 when Congress debated the abortion rights bill and 0 otherwise. *
p<.05, ** p<.01, *** p<.001.

Table 1.9 Echo chamber effect. Two-weeks period.

FE IV-FE
(1) (2) (3) (4)

activismequal-sign 0.196*** 0.156*** 0.443*** 0.295***
(0.014) (0.013) (0.032) (0.037)

chamber ∗ activismequal-sign -0.008 -0.034* 0.103** 0.106**
(0.021) (0.017) (0.036) (0.036)

activismopposite-sign 0.164*** 0.154*** 0.374*** 0.554***
(0.025) (0.024) (0.111) (0.112)

Controls No Yes No Yes

LegDays FE No Yes No Yes

Kleibergen-Paap rk F 44.921 44.021

Ind. 5809 5809 5809 5809

Obs. 354345 354345 354345 354345

Note: Standard errors clustered by individuals in parenthesis. Balanced panel dataset, daily
observations for two-week periods centered on legislative days. Chamber is a dummy variable that
takes a value of 1 if the average over time of opposite-sign activism is <0.025, in absolute value,
and 0 otherwise. Controls include the daily average of retweets, likes, replies, and quotes. LegDays
is a dummy variable that takes a value of 1 when Congress debated the abortion rights bill and 0
otherwise. * p<.05, ** p<.01, *** p<.001.
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Considering unilateral links

Table 1.10 Peer effects in online activism. Friends as peers.

FE IV-FE
(1) (2) (3) (4)

Panel A: Balanced Panel

activismequal-sign 0.152*** 0.101*** 0.480*** 0.311***
(0.006) (0.006) (0.028) (0.029)

activismopposite-sign 0.094*** 0.076*** -0.158 0.107
(0.011) (0.011) (0.103) (0.095)

Kleibergen-Paap rk F 50.770 55.028

Obs. 173998 173998 173998 173998

Panel B: Unbalanced Panel

activismequal-sign 0.337*** 0.284*** 0.990*** 0.940***
(0.027) (0.027) (0.134) (0.170)

activismopposite-sign 0.134*** 0.122*** 0.017 0.088
(0.024) (0.025) (0.230) (0.238)

Kleibergen-Paap rk F 24.811 22.684

Obs. 27607 27607 27607 27607

Controls No Yes No Yes

LegDays FE No Yes No Yes

Ind. 5800 5800 5800 5800

Note: Standard errors clustered by individuals in parenthesis. Panel A: Balanced panel dataset,
daily observations for one-week periods centered on legislative days. Panel B: Unbalanced panel
dataset, only considering non-zero values of initial nodes’ activism. The peer group is the set of
Twitter accounts followed by the individual. Controls include the daily average of retweets, likes,
replies, and quotes. LegDays is a dummy variable that takes a value of 1 when Congress debated
the abortion rights bill and 0 otherwise. * p<.05, ** p<.01, *** p<.001.
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Table 1.11 Peer effects in online activism. Followers as peers.

FE IV-FE
(1) (2) (3) (4)

Panel A: Balanced Panel

activismequal-sign 0.211*** 0.148*** 0.568*** 0.373***
(0.014) (0.012) (0.022) (0.027)

activismopposite-sign 0.115*** 0.103*** 0.097 0.365**
(0.017) (0.016) (0.115) (0.112)

Kleibergen-Paap rk F 69.105 70.328

Obs. 174119 174119 174119 174119

Panel B: Unbalanced Panel

activismequal-sign 0.412*** 0.342*** 0.997*** 0.872***
(0.038) (0.038) (0.091) (0.148)

activismopposite-sign 0.172*** 0.176*** 0.560** 0.711**
(0.052) (0.053) (0.211) (0.237)

Kleibergen-Paap rk F 58.843 54.466

Obs. 27632 27632 27632 27632

Controls No Yes No Yes

LegDays FE No Yes No Yes

Ind. 5804 5804 5804 5804

Note: Standard errors clustered by individuals in parenthesis. Panel A: Balanced panel dataset,
daily observations for one-week periods centered on legislative days. Panel B: Unbalanced panel
dataset, only considering non-zero values of initial nodes’ activism. The peer group is the set of
Twitter accounts that follow the individual. Controls include the daily average of retweets, likes,
replies, and quotes. LegDays is a dummy variable that takes a value of 1 when Congress debated
the abortion rights bill and 0 otherwise. * p<.05, ** p<.01, *** p<.001.
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Table 1.12 Exposure to early activism. Unilateral links.

FE IV-FE
(1) (2) (3) (4)

Panel A: Friends as peers

activismequal-sign 0.086*** 0.057*** 0.470*** 0.290***
(0.009) (0.008) (0.043) (0.048)

early ∗ activismequal-sign 0.089*** 0.060*** 0.014 0.025
(0.012) (0.010) (0.054) (0.054)

activismopposite-sign 0.148*** 0.138*** -0.102 0.185
(0.027) (0.026) (0.159) (0.158)

early ∗ activismopposite-sign -0.063* -0.070* -0.068 -0.091
(0.029) (0.028) (0.198) (0.189)

Kleibergen-Paap rk F 19.516 21.812

Ind. 5800 5800 5800 5800

Obs. 173998 173998 173998 173998

Panel B: Followers as peers

activismequal-sign 0.177*** 0.124*** 0.558*** 0.352***
(0.016) (0.013) (0.030) (0.035)

early ∗ activismequal-sign 0.081** 0.058* 0.018 0.039
(0.029) (0.022) (0.045) (0.044)

activismopposite-sign 0.125*** 0.110*** 0.088 0.349**
(0.023) (0.021) (0.124) (0.115)

early ∗ activismopposite-sign -0.025 -0.017 0.025 0.048
(0.035) (0.032) (0.244) (0.237)

Kleibergen-Paap rk F 18.329 18.811

Ind. 5804 5804 5804 5804

Obs. 174119 174119 174119 174119

Controls No Yes No Yes

LegDays FE No Yes No Yes

Note: Standard errors clustered by individuals in parenthesis. Balanced panel dataset. Daily
observations for one-week periods centered on legislative days. Panel A: The peer group is the
set of Twitter accounts followed by the individual. Panel B: The peer group is the set of Twitter
accounts that follow the individual. Early is a dummy variable that takes a value of 1 if the
early activist-peers ratio is above the sample median and 0 otherwise. Controls include the daily
average of retweets, likes, replies, and quotes. LegDays is a dummy variable that takes value 1
when Congress debated the abortion rights bill and 0 otherwise. * p<.05, ** p<.01, *** p<.001.
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Table 1.13 Echo chamber effect. Unilateral links.

FE IV-FE
(1) (2) (3) (4)

Panel A: Friends as peers

activismequal-sign 0.163*** 0.113*** 0.507*** 0.320***
(0.007) (0.007) (0.036) (0.035)

chamber ∗ activismequal-sign -0.049*** -0.051*** -0.109** -0.043
(0.014) (0.011) (0.041) (0.040)

activismopposite-sign 0.091*** 0.073*** -0.187 0.098
(0.011) (0.011) (0.112) (0.101)

Kleibergen-Paap rk F 30.677 33.832

Ind. 5800 5800 5800 5800

Obs. 173998 173998 173998 173998

Panel B: Followers as peers

activismequal-sign 0.222*** 0.164*** 0.563*** 0.361***
(0.018) (0.015) (0.029) (0.033)

chamber ∗ activismequal-sign -0.034 -0.054** 0.013 0.036
(0.027) (0.020) (0.042) (0.040)

activismopposite-sign 0.112*** 0.098*** 0.101 0.374**
(0.017) (0.016) (0.121) (0.117)

Kleibergen-Paap rk F 43.874 44.400

Ind. 5804 5804 5804 5804

Obs. 174119 174119 174119 174119

Controls No Yes No Yes

LegDays FE No Yes No Yes

Note: Standard errors clustered by individuals in parenthesis. Balanced panel dataset, daily
observations for one-week periods centered on legislative days. Panel A: The peer group is the
set of Twitter accounts followed by the individual. Panel B: The peer group is the set of Twitter
accounts that follow the individual. Chamber is a dummy variable that takes a value of 1 if the
average over time of opposite-sign activism is <0.025 in absolute value and 0 otherwise. Controls
include the daily average of retweets, likes, replies, and quotes. LegDays is a dummy variable that
takes value 1 when Congress debated the abortion rights bill and 0 otherwise. * p<.05, ** p<.01,
*** p<.001.
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Adding network fixed effects

Table 1.14 Peer effects in online activism. Network FE.

FE IV-FE
(1) (2) (3) (4)

Panel A: Balanced Panel

activismequal-sign 0.125*** 0.069*** 0.548*** 0.288***
(0.011) (0.008) (0.035) (0.042)

activismopposite-sign 0.259*** 0.244*** 0.218 0.584***
(0.048) (0.047) (0.148) (0.145)

Kleibergen-Paap rk F 68.047 65.852

Obs. 174238 174238 174238 174238

Panel B: Unbalanced Panel

activismequal-sign 0.135*** 0.079* 0.832*** 0.353
(0.035) (0.033) (0.185) (0.341)

activismopposite-sign 0.456** 0.453** 0.751* 1.256**
(0.148) (0.148) (0.315) (0.431)

Kleibergen-Paap rk F 39.540 14.895

Obs. 27652 27652 27652 27652

Controls No Yes No Yes

LegDays FE No Yes No Yes

Network FE Yes Yes Yes Yes

Ind. 5808 5808 5808 5808

Note: Standard errors clustered by individuals in parenthesis. Panel A: Balanced panel dataset,
daily observations for one-week periods centered on legislative days. Panel B: Unbalanced panel
dataset, only considering non-zero values of initial nodes’ activism. Controls include the daily
average of retweets, likes, replies, and quotes. LegDays is a dummy variable that takes a value of
1 when Congress debated the abortion rights bill and 0 otherwise. * p<.05, ** p<.01, *** p<.001.
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Table 1.15 Exposure to early activism. Network FE.

FE IV-FE
(1) (2) (3) (4)

activismequal-sign 0.111*** 0.060*** 0.521*** 0.260***
(0.014) (0.010) (0.038) (0.046)

early ∗ activismequal-sign 0.028 0.018 0.039 0.036
(0.022) (0.015) (0.069) (0.064)

activismopposite-sign 0.211*** 0.202*** 0.158 0.508**
(0.044) (0.044) (0.153) (0.155)

early ∗ activismopposite-sign 0.086 0.077 0.148 0.185
(0.093) (0.091) (0.291) (0.264)

Controls No Yes No Yes

LegDays FE No Yes No Yes

Network FE Yes Yes Yes Yes

Kleibergen-Paap rk F 17.689 23.419

Ind. 5808 5808 5808 5808

Obs. 174238 174238 174238 174238

Note: Standard errors clustered by individuals in parenthesis. Balanced panel dataset. Daily
observations for one-week periods centered on legislative days. Early is a dummy variable that
takes a value of 1 if the early activist-peers ratio is above the sample median and 0 otherwise.
Controls include the daily average of retweets, likes, replies, and quotes. LegDays is a dummy
variable that takes value 1 when Congress debated the abortion rights bill and 0 otherwise. *
p<.05, ** p<.01, *** p<.001.
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Table 1.16 Echo chamber effect. Network FE.

FE IV-FE
(1) (2) (3) (4)

activismequal-sign 0.156*** 0.102*** 0.514*** 0.230***
(0.014) (0.011) (0.060) (0.064)

chamber ∗ activismequal-sign -0.060** -0.065*** 0.060 0.106
(0.020) (0.014) (0.057) (0.054)

activismopposite-sign 0.249*** 0.233*** 0.253 0.644***
(0.048) (0.047) (0.174) (0.170)

Controls No Yes No Yes

LegDays FE No Yes No Yes

Network FE Yes Yes Yes Yes

Kleibergen-Paap rk F 42.940 40.970

Ind. 5808 5808 5808 5808

Obs. 174238 174238 174238 174238

Note: Standard errors clustered by individuals in parenthesis. Balanced panel dataset, daily
observations for one-week periods centered on legislative days. Chamber is a dummy variable that
takes a value of 1 if the average over time of opposite-sign activism is <0.025, in absolute value, and
0 otherwise. Controls include the daily average of retweets, likes, replies, and quotes. LegDays is a
dummy variable that takes value 1 when Congress debated the abortion rights bill and 0 otherwise.
* p<.05, ** p<.01, *** p<.001.
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Congress debates

Table 1.17 Peer effects in online activism. 2018 Congress debates.

FE IV-FE
(1) (2) (3) (4)

Panel A: Balanced Panel

activismequal-sign 0.231*** 0.151*** 0.666*** 0.404***
(0.017) (0.014) (0.025) (0.035)

activismopposite-sign 0.208** 0.206** 0.276* 0.619***
(0.067) (0.067) (0.138) (0.139)

Kleibergen-Paap rk F 62.334 62.618

Ind. 5808 5808 5808 5808

Obs. 92927 92927 92927 92927

Panel B: Unbalanced Panel

activismequal-sign 0.506*** 0.399*** 1.322*** 1.155***
(0.066) (0.063) (0.107) (0.215)

activismopposite-sign 0.409 0.434 0.432 0.644
(0.240) (0.248) (0.272) (0.332)

Kleibergen-Paap rk F 28.364 23.587

Ind. 3912 3912 3912 3912

Obs. 15464 15464 15464 15464

Controls No Yes No Yes

LegDays FE No Yes No Yes

Note: Standard errors clustered by individuals in parenthesis. Panel A: Balanced panel dataset,
daily observations for one-week periods centered on legislative days. Panel B: Unbalanced panel
dataset, only considering non-zero values of initial nodes’ activism. Controls include the daily
average of retweets, likes, replies, and quotes. LegDays is a dummy variable that takes a value of
1 when Congress debated the abortion rights bill and 0 otherwise. * p<.05, ** p<.01, *** p<.001.
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Table 1.18 Peer effects in online activism. 2020 Congress debates.

FE IV-FE
(1) (2) (3) (4)

Panel A: Balanced Panel

activismequal-sign 0.163*** 0.112*** 0.466*** 0.340***
(0.014) (0.012) (0.020) (0.025)

activismopposite-sign 0.137*** 0.142*** -0.100 0.140
(0.038) (0.039) (0.172) (0.176)

Kleibergen-Paap rk F 45.611 44.907

Ind. 5808 5808 5808 5808

Obs. 81311 81311 81311 81311

Panel B: Unbalanced Panel

activismequal-sign 0.371*** 0.345*** 0.685*** 0.572***
(0.066) (0.068) (0.137) (0.142)

activismopposite-sign 0.464** 0.488** 1.457* 1.700**
(0.166) (0.168) (0.582) (0.612)

Kleibergen-Paap rk F 18.668 17.114

Ind. 2432 2432 2432 2432

Obs. 6924 6924 6924 6924

Controls No Yes No Yes

LegDays FE No Yes No Yes

Note: Standard errors clustered by individuals in parenthesis. Panel A: Balanced panel dataset,
daily observations for one-week periods centered on legislative days. Panel B: Unbalanced panel
dataset, only considering non-zero values of initial nodes’ activism. Controls include the daily
average of retweets, likes, replies, and quotes. LegDays is a dummy variable that takes a value of
1 when Congress debated the abortion rights bill and 0 otherwise. * p<.05, ** p<.01, *** p<.001.
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Table 1.19 Exposure to early activism. Congress debates.

FE IV-FE
(1) (2) (3) (4)

Panel A: 2018

activismequal-sign 0.177*** 0.108*** 0.596*** 0.290***
(0.018) (0.015) (0.036) (0.046)

early ∗ activismequal-sign 0.103** 0.084** 0.112* 0.177***
(0.035) (0.027) (0.048) (0.048)

activismopposite-sign 0.179*** 0.162*** 0.353 0.753***
(0.037) (0.035) (0.188) (0.186)

early ∗ activismopposite-sign 0.042 0.066 -0.093 -0.161
(0.110) (0.110) (0.271) (0.266)

Kleibergen-Paap rk F 17.367 18.684

Obs. 92927 92927 92927 92927

Panel B: 2020

activismequal-sign 0.144*** 0.101*** 0.448*** 0.329***
(0.019) (0.015) (0.030) (0.035)

early ∗ activismequal-sign 0.038 0.021 0.033 0.021
(0.028) (0.021) (0.040) (0.039)

activismopposite-sign 0.113** 0.114** -0.025 0.152
(0.043) (0.044) (0.224) (0.229)

early ∗ activismopposite-sign 0.083 0.093 -0.16 -0.021
(0.058) (0.059) (0.353) (0.343)

Kleibergen-Paap rk F 10.658 10.967

Obs. 81311 81311 81311 81311

Controls No Yes No Yes

LegDays FE No Yes No Yes

Ind. 5808 5808 5808 5808

Note: Standard errors clustered by individuals in parenthesis. Balanced panel dataset. Daily
observations for one-week periods centered on legislative days. Early is a dummy variable that
takes a value of 1 if the early activist-peers ratio is above the sample median and 0 otherwise.
Controls include the daily average of retweets, likes, replies, and quotes. LegDays is a dummy
variable that takes value 1 when Congress debated the abortion rights bill and 0 otherwise. *
p<.05, ** p<.01, *** p<.001.
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Table 1.20 Echo chamber effect. Congress debates.

FE IV-FE
(1) (2) (3) (4)

Panel A: 2018

activismequal-sign 0.247*** 0.180*** 0.661*** 0.384***
(0.027) (0.023) (0.040) (0.049)

chamber ∗ activismequal-sign (0.037) -0.064* 0.008 0.039
(0.033) (0.025) (0.049) (0.048)

activismopposite-sign 0.203** 0.198** 0.280 0.635***
(0.067) (0.067) (0.149) (0.149)

Kleibergen-Paap rk F 42.130 41.488

Obs. 92927 92927 92927 92927

Panel B: 2020

activismequal-sign 0.210*** 0.157*** 0.468*** 0.345***
(0.013) (0.013) (0.029) (0.033)

chamber ∗ activismequal-sign -0.087*** -0.081*** -0.003 -0.010
(0.023) (0.017) (0.038) (0.037)

activismopposite-sign 0.123*** 0.128*** -0.102 0.134
(0.034) (0.036) (0.185) (0.188)

Kleibergen-Paap rk F 29.348 28.784

Obs. 81311 81311 81311 81311

Controls No Yes No Yes

LegDays FE No Yes No Yes

Ind. 5808 5808 5808 5808

Note: Standard errors clustered by individuals in parenthesis. Balanced panel dataset, daily
observations for one-week periods centered on legislative days. Chamber is a dummy variable that
takes a value of 1 if the average over time of opposite-sign activism is <0.025 in absolute value and
0 otherwise. Controls include the daily average of retweets, likes, replies, and quotes. LegDays is a
dummy variable that takes value 1 when Congress debated the abortion rights bill and 0 otherwise.
* p<.05, ** p<.01, *** p<.001.



Chapter 2

Discrete Social Norms in Networks

2.1 Introduction

Social norms encompass unwritten rules and informal agreements, vital in govern-

ing our interactions with others. In this context, others may refer to group members,

such as friends, colleagues, neighbors, or the entire society, since social norms per-

meate almost every aspect of our lives. These norms are sustained through diverse

mechanisms, including the necessity of coordination, the fear of ostracism, and the

demonstration of team membership, among others. This paper focuses on a par-

ticular mechanism, local conformity - as individuals conform to the social norm of

their peer groups. Accordingly, social norms refer to behavior patterns that group

members uphold and reinforce: they conform to the norm and simultaneously expect

everyone else to conform.

In this paper, I assume group interactions are structured through a social net-

work. Within this framework, I develop a model of conformity and social norms. In

the model, social norms are local and endogenous. They are local as each individual

considers her social norm to be the average action of her peers. They are endogenous

as long as each individual takes her peers as a reference group when choosing how

to behave, so social norms are simultaneously determined in equilibrium.

Social norms establish standards on different aspects of life, ranging from dress

code and contractual relationships to conceptions of right and wrong, fairness, and

equality. Some of these codes of conduct are, by nature, discrete. Regarding female

labor market participation, a woman either works full or part-time or does not do

it; individuals are either in favor or against public policies such as abortion access or

same-sex marriage; a traditional example of harmful social norm relates to female

genital cutting; regarding religion, individuals choose whether to have one or not

(and which one).

Nonetheless, the economic literature on conformity and social networks mainly

45
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has analyzed continuous actions - Patacchini and Zenou (2012), Boucher (2016),

and Ushchev and Zenou (2020). In this paper, I focus on the case where actions are

discrete, shedding light on such scenarios and filling a gap in the literature. I show

that, under the assumption of a discrete choice set, the social norms game generally

admits a multiplicity of equilibria. This result contrasts the model with continuous

actions, characterized by the uniqueness of equilibrium.

Remarkably, the interplay between individual preferences, the network structure,

and the taste for conformity leads to three types of equilibrium. A purely conformist

equilibrium is such that all individuals choose the same code of conduct. In a pure

individualist equilibrium, agents choose actions based solely on their preferences.

Finally, a partially conformist-individualist equilibrium is characterized by a subset

of individuals conforming to social norms while others choose actions based on their

preferences.

The model reveals that the multiplicity of equilibria arises when society strongly

favors conformity, implying that different social norms might materialize. In such

cases, in despite of the local configuration of the game, global social norms may

emerge, as purely conformist equilibrium exists. On the contrary, a unique equilib-

rium exists if society’s taste for conformity is relatively low. This unique equilibrium

exhibits strong levels of individualism, but some individuals conform to their local

social norms under specific network structures.

Related literature. This paper contributes to the growing literature on con-

formity in network games, mainly based on the local-average model. Patacchini

and Zenou (2012) prove the existence and uniqueness of the Nash equilibrium for

this model and use it to empirically study how conformism affects juvenile crime.

Boucher (2016) theoretically and empirically studies a network formation model

with conformity. Ushchev and Zenou (2020) deeply discuss the properties, compar-

ative statics, and welfare implications of the local-average model. Genicot (2022)

proposes a slightly different model to study how individuals’ tolerance affects their

ability to compromise. Unlike the mentioned papers, I assume individuals make dis-

crete decisions, given the (exogenous) network in which they are embedded. Then,

I concentrate my analysis on understanding how different assumptions on the pref-

erences space and choice set impact the equilibrium characterization of the game.

More broadly, this paper speaks to the literature on conformity and social norms

(for example, Bernheim (1994), Young (2015), and Gulesci et al. (2021)), and to

the literature on network games,1 especially those under strategic complementarity

(Ballester and Calvó-Armengol (2010) and Belhaj et al. (2014), among others).

The rest of the paper is organized as follows. Section 2.2 introduces model

preliminaries. Section 2.3 and 2.4 present the theoretical model when social norms

1See Jackson and Zenou (2015) for a review.
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are continuous (benchmark) and discrete, respectively. Section 2.5 concludes.

2.2 Model preliminaries

Consider a society comprised of n <∞ individuals who are embedded in a network

g. Let G = [gij] be an n × n non-negative adjacency matrix representing links

between individuals. The (i, j) entry of G, denoted gij, equals 1 if individuals i and

j have a link and 0 otherwise. Each individual i has a specific peer group of size

di =
∑︁n

j=1 gij, where I refer di as individual i’s degree. I assume the network g is

undirected, i.e., gij = gji ∀(i, j), and has no self-loops, i.e., gii = 0 ∀i. Define

Ĝ = [ĝij] as the n × n row-normalized adjacency matrix, such that gij = 1/di if

individuals i and j have a link and ĝij = 0 otherwise.

In addition to her peer group, each individual i is characterized by an exogenous

preference parameter, denoted αi ∈ R+. Conditional on the network structure and

her preferences, individual i chooses an action, denoted by xi. Throughout this

paper, I will make different assumptions about choice set - particularly regarding

its discreteness or continuity. Finally, the (local) social norm of individual i, denoted

by xi, is the average action across her peers, namely,

xi ≡
n∑︂

j=1

ĝijxj

Following the literature on conformism in network games, e.g., Patacchini and

Zenou (2012), Boucher (2016), and Ushchev and Zenou (2020), I assume a linear

quadratic specification for the utility function. Denoting any profile of action by x,

the following function represents i’s utility:

Ui (xi,x−i,g) = αixi −
1

2
x2i −

θ

2
(xi − x̄i)

2 (2.2.1)

The first two terms of equation (2.2.1) reflect i’s private benefit and cost associ-

ated with her chosen action. The third term represents the social cost of choosing

an action different from i’s social norm, i.e., the average action of her peers. The

parameter θ > 0 measures the taste for conformity in society. Equation (2.2.1) is

usually named as the local-average model, as individuals want to conform to their

local-average action. Note that, under this specification, the effect of conformism

on an individual utility is independent of the number of peers she has.2

Individuals play a non-cooperative game, conditional on the network structure

2Boucher (2016) proposes a different specification for the utility function, which accounts for
the dependency of conformism on the cardinality of peer groups. In that case, individuals pay a
cost for choosing an action different from the action of each of their friends.
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and the distribution of preferences. The equilibrium concept is Pure Strategy Nash

Equilibrium (PSNE). A profile of strategies x∗ is a PSNE if it satisfies the standard

requirement,3

∀i,∀xi, Ui

(︁
x∗i ,x

∗
−i, g

)︁
≥ Ui

(︁
xi,x

∗
−i, g

)︁

2.3 Benchmark: Continuous Social Norms

If the choice set is continuous on the positive real line, i.e., xi ∈ R+∀i, Ushchev
and Zenou (2020) (see Proposition 1 in the paper) prove there exists a unique interior

PSNE x∗, which is given by:

x∗ = (1− λ)(I− λˆ︁G)−1α = ˆ︂Mα (2.3.1)

where λ ≡ θ
1+θ

is a monotone transformation of the society’s taste for conformity

θ, α is the vector of the society’s (exogenous) preferences, and each element of the

matrix of marginal effects ˆ︂M ≡ (1 − λ)(I − λˆ︁G)−1 is decomposed into a series (i)

whose coefficients are given by a geometric distribution with odds ratio θ, and (ii)

whose kth term is proportional to the (normalized) number of paths from i to j of

length k in the network g. In particular, ˆ︁mij has the following form:

ˆ︁mij =
∞∑︂
k=0

(1− λ)λkˆ︁g[k]ij

Therefore, in equilibrium, each agent’s optimal action x∗i is a combination of her

preference αi and the preferences αj of the other individuals in g, weighted by their

proximity in the network. In addition, it is possible to express i’s optimal action as

a convex combination of her preferences, αi, and her endogenous social norm, x∗i ,

which is given by equation (2.3.2) below. Precisely, Ushchev and Zenou (2020) show

the i’s action x∗i is above (below) her social norm x∗i if her preference parameter αi

is higher (smaller) than the weighted average of the other individuals’ preferences

(see Lemma 1 in the paper).

x∗ = ˆ︁Gˆ︂Mα = (1− λ)
∞∑︂
k=0

λk ˆ︁Gk+1α (2.3.2)

In the rest of the paper, I relax the convenient assumption of a continuous choice

set, analyzing which results reported in this section - and broadly, on Ushchev and

Zenou (2020) - change or remain true.

3This PSNE definition is valid when the choice set is continuous or discrete.
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2.4 Discrete Social Norms

The literature on conformity in network games mainly focuses on analyzing con-

tinuous actions. However, some decisions closely related to social norms are, by

nature, discrete; for example, female labor force participation - Bursztyn et al.

(2018) - or female genital cutting - Gulesci et al. (2021). In this section, I extend

the benchmark to analyze a discrete choice model, shedding light on such scenarios.

In particular, I assume individuals can choose between k < ∞ potential actions,

that is, xi ∈ {x1, ..., xk} ∀i. For simplicity, I refer to this setting as the Discrete

Social Norms Game (DSNG).

When the choice set is discrete, the equilibrium analysis of network games be-

comes challenging. Two forces are conditioning individual decisions: their prefer-

ences and local social norms. In the continuous case, the equilibrium outcome is a

weighted average of both - see equation (2.3.1). However, in the discrete scenario,

multiple equilibria generally arise, encompassing equilibrium outcomes in which ei-

ther conformity or preferences prevail, or both are present. This feature is a direct

consequence of DSNG being a supermodular game, as formally stated in the follow-

ing proposition.

Proposition 1. The game [(n, g), (x1, ..., xn;U1, ..., Un)] in which, ∀i, utility func-

tion is given by equation (2.2.1), and xi ∈ {x1, ..., xk}, with k <∞ is a supermodular

game.

Proof: See Appendix 2.A.1.

Supermodular games have nice properties, helping the characterization of the

set of PSNEs - Robinson (1951), Topkis (1979), Milgrom and Roberts (1990), Vives

(1990). First, the mentioned set is non-empty: the existence of (at least one) PSNE

is guaranteed. Second, the set of PSNEs has a greatest and a least element (GE

and LE, respectively). The greatest (least) element of the set of PSNEs is the

equilibrium such that individual actions are maximal (minimal), i.e., there is no

other equilibrium in which an individual chooses a higher (lower) action. It follows

that equilibrium is unique if and only if the greatest and least element coincide.

Importantly, the existence of complementarity in actions helps to develop an it-

erative procedure to find any equilibrium, as the direction of a potentially profitable

deviation is pinned down by this complementarity. The algorithm to find the greatest

and least equilibrium, consisting of iteratively applying the Best Response Function

(BRF) of the game, is attributed to Robinson (1951) and Topkis (1979). Echenique

(2007) presents an algorithm to find all the PSNEs in supermodular games, also

iteratively applying BRF, but on sub-games in which individuals’ actions are re-

stricted. Throughout this section, I rely on these algorithms to characterize the set

of equilibria of the DSNG.
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Before proceeding, the next definition introduces the functional form of an indi-

vidual profitable deviation in the DSNG, which provides useful intuition about the

main results of this paper.

Definition 1. Let [(n, g), (x1, ..., xn;U1, ..., Un)] be the game in which, ∀i, utility
function is given by equation (2.2.1), and xi ∈ {x1, ..., xk}, with k < ∞. For any

pair of strategies (x, x
′
) such that, WLOG, x > x

′
, and any individual i, a Profitable

Deviation (PD) for individual i from strategy x
′
to strategy x exists if the following

condition holds,

PDi(x, x
′
) ≡ Ui(x,x−i, g)− Ui(x

′
,x−i, g) =

=

(︃
αi −

x+ x
′

2

)︃
+ θ

(︃
xi −

x+ x
′

2

)︃
> 0

(2.4.1)

Formula’s derivation: See Appendix 2.A.1.

Then, the existence of a profitable deviation for individual i depends on how the

average of these actions (x, x
′
) relates to her preferences, αi, and her social norm,

xi. If the two terms of PDi(x, x
′
) have the same sign, there is no trade-off between

conformity and preferences for individual i when choosing between x and x
′
. This

is not true if i’s preferences and social norms are oppositely related to the average

action. In that case, the value of θ, the taste for conformity, weights social and

private costs of choosing an action.

2.4.1 Two actions space

The simplest version of the DSNG is the binary action case. Precisely, suppose

that ∀i, xi ∈ {xl, xh} where xl < xh. In this case, equation (2.4.1) pins down the

optimal solution for any individual i, as she must compare only two actions. Indeed,

i’s optimal action is x∗i = xh if PDi(x
h, xl) > 0 and x∗i = xl if PDi(x

h, xl) < 0.

As previously stated, PDi(x
h, xl) depends on i’s preferences and social norm,

and precise values of θ and (xl, xh). Thus, it is natural to argue that the equilib-

rium outcome, determined by a system of equations PD(xh, xl), will depend on the

distribution of preferences, the network structure (determining local social norms),

and the parameters θ and (xl, xh). The interplay of these factors will pin down three

types of equilibria featuring different degrees of individualism and conformism. The

types of PSNE are defined below.

Definition 2. A purely conformist equilibrium (PC) is such that all individuals

choose the same action, independently of their preferences. A pure individualist

equilibrium (PI) is such that all individuals choose the closest action to their pref-

erences, independently of their social norms. A partially conformist-individualist
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equilibrium (CI) is such that a subset of individuals conform to their social norms

while others choose the closest action to their preferences. In the latter, the de-

gree of conformism (individualism) at equilibrium refers to the size of the subset of

conformist (individualist) agents.

The next proposition characterizes the set of PSNE for the DSNG when the

choice set {xl, xh} exhibits extremism, in the sense that ∀i, xl ≤ αi ≤ xh.

Proposition 2. Let [(n, g), (x1, ..., xn;U1, ..., Un)] be the game in which, ∀i, util-
ity function is given by equation (2.2.1) and xi ∈ {xl, xh}. Let α ≡ miniαi and

α ≡ maxiαi, and assume α ≥ xl and α ≤ xh. If θ ≥ 1, then the game admits

multiple equilibria. The greatest (least) element of the set of PSNEs exhibits pure

conformism, in the sense that all individuals choose action xh (xl).

Proof: See Appendix 2.A.1.

Several comments are in order. First, when the society’s taste for conformity

is relatively high, θ ≥ 1, a purely conformist equilibrium exists, independently of

the network structure and distribution of preferences. Other equilibria also exist,

but nothing prevents society from falling into a purely conformist scenario. Second,

if θ < 1, generally, a unique equilibrium exhibiting high levels of individualism

exists. In that case, the equilibrium corresponds to either a pure individualist or a

partially conformist-individualist class. The degree of conformism depends, first, on

the network structure and, second, on the distribution of preferences.

Figure 2.1 Example of a circle, complete, and star network with five nodes.
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Consider the three network graphs in Figure 2.1 to gain intuition about this.

These are three standard networks: a circle, a complete, and a star network. For the

circle and complete networks and any distribution of preferences consistent with the

assumption in Proposition 2, the unique equilibrium falls in the pure individualist

class. However, the equilibrium outcome for the star network also depends on the

specific distribution of preferences and the value of θ. For example, a partially

conformist-individualist equilibrium arises if preferences are uniformly distributed

on the interval [xl, xh]. Furthermore, the degree of individualism at equilibrium

varies monotonically with the value of conformism: as θ approaches 1, the subset of

individualist agents approaches 0.

2.5 Conclusion

This paper explores a model of social norms and conformity when individuals are

embedded in a social network. Each individual selects a code of conduct based on

personal preferences and the prevailing social norm. Social norms are local, endoge-

nous, and discrete - aiming at understanding real-world phenomena like religious

choice, female genital cutting, and stances on public policies such as abortion access

or same-sex marriage.

As a first step of research, this paper shows that various social norms may emerge

when actions are discrete due to the multiplicity of equilibria. Despite the local

nature of the network interactions, global social norms arise in highly conformist

societies, where all individuals choose the same code of conduct. If a unique equi-

librium exists, it tends to exhibit a high degree of individualism, although certain

individuals may still conform to the norm.

A natural extension of this project would study how precise choice set features -

for instance, regarding its cardinality and whether actions are uniformly distributed

or polarized - impact equilibrium outcomes, especially on the resulting social norms.

In that regard, the analysis of this discrete action model in the limit and the com-

parison to its analogous continuous action model is left for future research.

In this paper, I identify four factors determining social norms: the society’s

distribution of preferences and taste for conformity, the network structure, and the

available codes of conduct. A deep understanding of these and other forces behind

endogenous social norms has theoretical and policy relevance.
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2.A Appendix to Chapter 2

2.A.1 Proofs

Proof of Proposition 1. To prove that [(n, g), (x1, ..., xn;U1, ..., Un)] is a super-

modular game, it is sufficient to check it fulfills the following three conditions,

1. ∀i, the choice set {x1, ..., xk} is a compact set.

2. ∀i, Ui(xi,x−i, g) given by equation (2.2.1) is a continuous function on (xi,x−i).

3. ∀(i, j), j ̸= i, Ui(xi,x−i, g) has increasing differences in (xi, xj).

It is straightforward to note that the first two conditions hold. To finish the

proof, it remains to verify that condition 3. is fulfilled. To prove that Ui(xi,x−i, g)

has increasing differences in (xi, xj), it is enough to show that, ∀x ≥ x
′
and ∀xj,

Ui(x,x−i, g)− Ui(x
′
,x−i, g) is non-decreasing in xj (see Levin (2003)), where,

Ui(x,x−i, g)− Ui(x
′
,x−i, g) = (x− x

′
)

[︃
αi −

x+ x
′

2

]︃
− θ

2

[︂
(x− xi)

2 − (x
′ − xi)

2
]︂

If gij = 0, the above equation is independent of xj, and the condition trivially

holds. If gij = 1, then xj is one of the terms appearing on i’s social norm, xi. Thus,

proving that Ui(x,x−i, g) − Ui(x
′
,x−i, g) is is non-decreasing in xi is equivalent to

proving the original condition. Furthermore, since xi only appears in the second

term of the equation, the condition holds if the auxiliary function f(xi) defined

below is non-increasing in xi,

f(xi) ≡
[︂
(x− xi)

2 − (x
′ − xi)

2
]︂
= x2 − (x

′
)2 − 2xi(x− x

′
)

Provided x ≥ x
′
, f(xi) is non-increasing in xi and, thus, the proof is complete.

Formula for Definition 1. The formula PDi(x, x
′
) is obtained by simple math:

PDi(x, x
′
) ≡ Ui(x,x−i, g)− Ui(x

′
,x−i, g)

= αi(x− x
′
)− x2 − (x

′
)2

2
− θ

2

[︂
(x− xi)

2 − (x
′ − xi)

2
]︂

= (x− x
′
)

[︃
αi −

x+ x
′

2

]︃
− θ

2

[︂
x2 − (x

′
)2 − 2xi(x− x

′
)
]︂

= (x− x
′
)

[︃(︃
αi −

x+ x
′

2

)︃
+ θ

(︃
xi −

x+ x
′

2

)︃]︃
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Provided x > x
′
, a Profitable Deviation from strategy x

′
to strategy x exist if:

PDi(x, x
′
) =

(︃
αi −

x+ x
′

2

)︃
+ θ

(︃
xi −

x+ x
′

2

)︃
> 0

Proof of Proposition 2. Let [(n, g), (x1, ..., xn;U1, ..., Un)] be the game in which,

∀i, utility function is given by equation (2.2.1) and xi ∈ {xl, xh}. Let α ≡ maxiαi

and α ≡ miniαi, and assume α ≥ xh and α ≤ xl.

Let me first show that, provided θ ≥ 1, the greatest equilibrium (GE) is such that,

∀i, xi = xh. The action xh is optimal for individual i if and only if PDi(x
h, xl) ≥ 0,

where,

PDi(x
h, xl) =

(︃
αi −

xh + xl

2

)︃
+ θ

(︃
xh − xl

2

)︃
≥ 0

⇔ αi ≥
xh + xl

2
− θ

(︃
xh − xl

2

)︃
the first line uses the fact that, under GE, xi = xh ∀i. The individual i who is most

likely to deviate from choosing action xh has the smallest preference parameter,

α ≡ miniαi. No one deviates from GE if such an individual does not do it. Then,

the strategy profile such that ∀i, xi = xh is the GE if

α ≥ xh + xl

2
− θ

(︃
xh − xl

2

)︃
⇐ xl ≥ xh + xl

2
− θ

(︃
xh − xl

2

)︃
⇔ 0 ≥ (1− θ)

(︃
xh − xl

2

)︃
⇔ θ ≥ 1

where the second line relies on the assumption that xl ≤ α, and the last line uses

the fact that xh − xl > 0. Analogously, one can prove that, provided xh ≥ α,

the least equilibrium (LE) is such that ∀i, xi = xh. The multiplicity of equilibria

follows directly from the observation that the greatest and least elements of the set

of PSNEs are not equal.



Chapter 3

Hate Speech and Social Media:

Evidence from Bolsonaro’s

Election in Brazil

Coauthored with Diego Marino Fages.

3.1 Introduction

Which factors influence individuals’ perception of social norms? Do these percep-

tions translate into behavior? What happens when these factors undergo a sudden

change? This paper sheds light on these questions by exploring how the arrival of

new political information triggers a change in social norms and, consequently, af-

fects individuals’ expressions of opinions. Specifically, we provide novel evidence on

how the 2018 presidential election of Jair Bolsonaro in Brazil affected individuals’

online expressions of hate.

Two key assumptions underlie our research question. Firstly, we consider the

2018 election result to be an information shock, that is, new and potentially unex-

pected political information. The evidence suggests this is a realistic assumption,

as Bolsonaro’s election surprised the Brazilian community. Bolsonaro got 46% of

the votes in the 1º round of the election and 55% in the 2º round. The opinion

polls conducted by diverse companies in the days before the election estimated that

Bolsonaro’s vote share would be approximately 35% for the 1º round, and only one

polling company estimated a vote share above 40% of the votes.1

Second, in line with the claim by Bursztyn et al. (2020), we posit that the election

result may trigger a quick update of the prevailing social norm governing what

types of speech are socially acceptable. Bolsonaro, sometimes called “the Trump

1Source: Wikipedia, access date: June 2023.
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https://en.wikipedia.org/wiki/Opinion_polling_for_the_2018_Brazilian_general_election
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of the Tropics,” is widely recognized for his contentious viewpoints, encompassing

homophobia, racism, and sexism.2 Consequently, armed with the knowledge that

most of the population voted for Bolsonaro, individuals may reassess their perception

of the social acceptability of such controversial rhetoric. Under the premise that

this perception was not entirely accurate prior to the elections, we might expect a

behavior change after it.

In this project, we rely on data from the social media platform Twitter. To

conduct the empirical analysis, we build a longitudinal dataset of tweets spanning

the period between July 2017 and December 2019. This time frame covers approx-

imately one year leading up to the electoral rally and another year following the

assumption of office by the 38th Brazilian president. We combine the data we re-

trieve from Twitter with the 2018 election results at the municipality level, whose

data source is the Superior Tribunal Court (TSE), and with geospatial data from

the Brazilian Institute of Geography and Statistics (IBGE) to geo-locate tweets and

election outcomes. Finally, we create two datasets, derived from the original tweets’

dataset, for the empirical analysis. In the first dataset, the cross-sectional unit is a

Brazilian municipality, and the time unit is a day. The corresponding units in the

second longitudinal dataset are a Twitter user and a month.

Our primary variable of interest is the daily (monthly) frequency of hate speech

within each Brazilian municipality (Twitter user). To construct it, we downloaded

a representative sample of the universe of tweets in Portuguese that provide geo-

location in Brazil. After cleaning the data, we process the text of each tweet to

determine if they contain hate speech. To accomplish this, we rely on text analysis

techniques.3 Specifically, we fine-tune4 a pre-trained Bidirectional Encoder Repre-

sentations from Transformers (BERT) model to be suitable for the hate speech

detection task. Our classification model was trained using the Portuguese BERT

model introduced by Souza et al. (2020) and the hate speech dataset presented by

Fortuna et al. (2019).

To identify the impact of the 2018 election of Bolsonaro on hate speech, we pro-

pose two difference-in-differences design models. In the first model, a traditional

difference-in-differences, we split municipalities into control and treatment groups

according to the vote share received by Bolsonaro in the 1º round of the election.

Specifically, any municipality in which Bolsonaro’s vote share is lower than the na-

tional outcome, 46% of the votes, falls into the treatment group. For the second

2To illustrate this point, consider a sample of Bolsonaro’s statements: “I would be incapable of
loving a homosexual son,” “The scum of the earth is showing up in Brazil as if we did not have
enough problems of our own to sort out,” and (speaking to a Brazil Congresswoman) “I would not
rape you because you do not deserve it.” Sources: CNBC web portal, Reuters, AP News, and USA
Today. Access date: June 2023.

3See Gentzkow et al. (2019) and Ash and Hansen (2023) for surveys on text-as-data and eco-
nomics.

4Fine-tuning is the technique of training a pre-trained model on a suitable dataset for a new
task. In our case, this new task is hate speech detection.

https://www.cnbc.com/2018/10/29/brazil-election-jair-bolsonaros-most-controversial-quotes.html
https://www.reuters.com/article/us-brazil-politics-bolsonaro-factbox-idUSKCN1II2T3
https://apnews.com/article/1f9b79df9b1d4f14aeb1694f0dc13276
https://eu.usatoday.com/story/news/world/2018/10/29/jair-bolsonaro-brazils-new-president-has-said-many-offensive-things/1804519002/
https://eu.usatoday.com/story/news/world/2018/10/29/jair-bolsonaro-brazils-new-president-has-said-many-offensive-things/1804519002/
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model, similarly to Albornoz et al. (2022), we propose a difference-in-differences

design with a continuous treatment variable - see Callaway et al. (2021) for a the-

oretical reference. In this case, the treatment variable is Bolsonaro’s vote share in

each Brazilian municipality, which measures the local incidence of the information

shock, i.e., the 1º round election outcome.

We find that online hate speech increased after the 2018 presidential election. At

the municipality level, this increase is mainly driven by regions where Bolsonaro lost.

Furthermore, our findings suggest that the magnitude of the information shock, i.e.,

the election results, is crucial to explaining the extent of the rise in hate expressions.

The largest increase in hate speech is observed in municipalities where Bolsonaro

was particularly unpopular. As Twitter data allows us to analyze individual data,

we further explore who is driving this result. Our results at the individual level

indicate that both the intensive and extensive margins of hate speech contributed

to this explain this phenomenon. Some Twitter users started to post hate speech

tweets after the elections, especially in the municipalities where Bolsonaro lost.

In addition, users who posted tweets with hate content increased this behavior’s

frequency after the elections.

We interpret these findings through the lens of a belief update mechanism. Fol-

lowing the information shock triggered by the 2018 election result, individuals living

in a relatively against-Bolsonaro municipality could revise their beliefs regarding so-

cially acceptable speeches. Once the social norm is updated, these individuals may

feel justified in expressing controversial and hateful viewpoints through social media

platforms, even if they reside in a municipality where the pre-election prevalence of

such behavior was relatively low.

Related Literature. We contribute to the economic literature that studies the

impact of political information on social norms, particularly the literature document-

ing that political changes lead to fast changes in social norms and behavior. Bursztyn

et al. (2020) run two experiments linking the rise of Donald Trump’s popularity in

the US and the social acceptability of xenophobia. In the first experiment, the au-

thors document that Trump’s victory increased individuals’ willingness to express

xenophobic opinions. The second experiment focuses on sanctioning xenophobic

expressions; the results show that these expressions are less likely to be sanctioned

in an environment where those views are relatively more popular. Albornoz et al.

(2022) argue that the Brexit referendum caused a shift in the social acceptability

of xenophobic expressions. The authors show that hate crime increased after the

referendum, especially in areas with a larger share of “remain” votes. The authors

interpret these results within a framework of conformity and misperception of the

prevailing social norm at the national level so that when the referendum results

arrive, a social norm update impacts the expression of anti-immigrant attitudes.

In broader terms, our paper speaks to the economic literature on social norms
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and conformity. We analyze the effects of a social norm update, departing from the

literature that studies social norms persistence5 - among others, Giuliano (2007),

Fernandez (2007), and Alesina et al. (2013). In addition, our paper contributes to

the literature that examines the interplay between norms and political institutions

(Acemoglu and Jackson (2017)) or behaviors (e.g., Gerber et al. (2008), DellaVigna

et al. (2016), and Perez-Truglia and Cruces (2017)). Finally, our paper connects

with the literature on social norms by studying their geographical variation within

a country and, furthermore, by analyzing high-frequency individual-level data.

This paper speaks to the literature linking social media and expressions of hate,

particularly against minority groups.6 Müller and Schwarz (2023) find a positive

relationship between Twitter usage and ethnic hate crimes since the presidential

election of Donald Trump in the US, pointing out that social media may enable

people with extreme viewpoints to find a source of legitimacy. Bursztyn et al. (2019)

show that social media increased ethnic hate crimes in Russian cities with high pre-

existing anti-immigrant sentiments. Müller and Schwarz (2021) find evidence that

social media affects the propagation of anti-refugee incidents in Germany. Focusing

on sex crime, Bhuller et al. (2013) document an increase in this type of crime

associated with the roll-out of broadband internet in Norway. This piece of literature

covers several social media platforms, like Twitter and Facebook, but focuses mainly

on xenophobia and ethnic hate crimes. In this paper, we consider a wider definition

encompassing different hate targets. In contrast to the existing literature, this paper

focuses on hate speech rather than hate crime and online rather offline expressions

of hate.

The rest of the paper is organized as follows. Section 3.2 describes the data.

Section 3.3 presents the identification strategy, and section 3.4, the results at the

municipality and individual levels. Section 3.5 concludes.

3.2 Data

In this paper, we aim to understand how the 2018 presidential election of Bol-

sonaro affected online hate speech in Brazil. Our primary data source is the social

media platform Twitter, from which we measure online hate speech at the munici-

pality level and in the period under study. We combine the data we retrieve from

Twitter with three types of administrative data. First, we use the 2018 election

results at the municipality level, whose data source is the Superior Tribunal Court

(in Portuguese, Tribunal Superior Eleitoral - TSE), the highest structure within the

Brazilian Electoral Justice system. In addition, we rely on geospatial data from the

5See Bisin and Verdier (2011) for a survey.
6In addition to this literature, other research has linked diverse types of traditional media to vi-

olence - Dahl and DellaVigna (2009), Card and Dahl (2011), Yanagizawa-Drott (2014), DellaVigna
et al. (2014), and Ivandic et al. (2019), among others.
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Brazilian Institute of Geography and Statistics (in Portuguese, Instituto Brasileiro

de Geografia e Estat́ıstica - IBGE) to geo-locate tweets and election results. Lastly,

we use the 2010 Population Census in Brazil microdata from IBGE to construct

demographic variables aggregated at the municipality level.

3.2.1 Twitter data

Twitter is an online platform that allows users to publish short messages, of a

maximum of 140 characters, on their profiles. With one of the largest Twitter user

bases in the world, Brazil is an appealing case of study for online activity - in

this case, related to Twitter users’ speech. In January 2022,7 Brazil ranked fourth

worldwide regarding the number of Twitter users, with an estimated 19 million

active accounts (after the United States, Japan, and India). Importantly, most

of the Brazilians who were online in 2022 used social media for news (64%)8 and

political discussion (78%),9 which are closely related to this paper’s topic. Another

advantage of this study case is that online hate speech, as opposed to hate crime,

can be directly observed and quantified - in this case, by analyzing tweets’ content.

Thus, online hate speech is not subject to changes in reporting.10

In the empirical analysis, our main variable of interest is the proportion of tweets

classified as hate speech per municipality (or individual) and date. The next para-

graphs describe how we collected and processed Twitter data to construct this vari-

able.

Data collection. We use the Twitter Application Programming Interface v2 (Twit-

ter API v2) to collect our data. Specifically, we rely on the v2 full-archive search

endpoint, which gives access to the entire history of publicly available (and yet un-

deleted) tweets. We retrieve all the tweets, net of retweets, which satisfy three

conditions specified in the Twitter query. First, tweets must be written in Por-

tuguese. Second, tweets must provide geo-location information and be located in

Brazil. Lastly, tweets must belong to the period comprised between July 2017 to De-

cember 2019, both included. As the daily amount of data retrieved by this query is

around 300.000 tweets, we further restrict the Twitter query to retrieve only tweets

posted on any Monday belonging to the mentioned period. This query imposes

two main assumptions on our tweets’ sample. We assume that (i) tweets posted on

any Monday and (ii) geo-located tweets are representative samples of the tweets’

7Source: Statista web portal, access date: June 2023.
8Source: Digital News Report, 2022, Reuters Institute & University of Oxford, access date:

June 2023.
9Source: Statista web portal, access date: June 2023.

10Online hate speech also differs from hate crime regarding its cost and timing. In the former,
the perpetrator immediately pays the cost of expressing hateful content. On the other hand, a
hate crime must be reported and processed by justice before the perpetrator pays its cost.

https://www.statista.com/statistics/242606/number-of-active-twitter-users-in-selected-countries/
https://reutersinstitute.politics.ox.ac.uk/digital-news-report/2022/brazil
https://www.statista.com/statistics/1326518/brazil-social-media-users-political-discussion/
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universe. Appendix 3.A.1 provides supportive evidence for these assumptions and

complementary information to this section.

Data processing. We extract relevant content from the tweets’ text, which will

serve as input for the hate speech detection task. We exclude punctuation marks,

stop-words, and multimedia items. We do not remove negative stop-words that may

change the statement’s meaning: “mas” (but), “nem” (neither), “não” (no), “sem”

(without), and “fora” (out). We anonymize user mentions and URL links but keep

hashtags in their native Twitter format, as they may contain relevant information.

We drop all tweets containing only links and/or user mentions and those posted by

accounts created after 2018. The reason for the latter is to exclude from the analysis

accounts potentially created in the context of the electoral rally.

Hate speech detection. We rely on Natural Language Processing (NLP) tech-

niques to detect hate speech in our tweets’ sample. We train a pre-trained Bidi-

rectional Encoder Representations from Transformers model (BERT model) on a

dataset specific to the hate speech detection task. This process is known as fine-

tuning a pre-trained model. Specifically, we use BERTimbau, a BERT model for

Brazilian Portuguese by Souza et al. (2020), and train it on a dataset of tweets in

Portuguese, by Fortuna et al. (2019).

Souza et al. (2020) present BERTimbau, a BERT model for Brazilian Portuguese,

in two sizes, Base and Large. In this paper, we fine-tune BERTimbau-Base for

the hate speech detection task. Its architecture comprises 12 layers, 768 hidden

dimensions, 12 attention heads, and 110M parameters. The authors trained their

model on the brWaC corpus by Wagner Filho et al. (2018) and two NLP tasks,

Masked Language Modeling (MLM) and Sentence Prediction (NSP).

In their paper, Fortuna et al. (2019) collected 5668 tweets in Portuguese through

Twitter API from January to March 2017. The authors provide two annotation

schemes for the dataset, a binary, and a hierarchical multiple classifications. Each

tweet classified as “hate speech” is further split into classes for the hierarchical

classification. Its second-level classification relates to the target of hate, and it com-

prises: “sexism,” “body,” “origin,” “homophobia,” “ideology,” “religion,” “health,”

and “lifestyle.” As a first step, this paper uses the binary classification dataset to

fine-tune the mentioned BERT model, in which 31.5% of the tweets were annotated

as “hate speech.” To construct it, three (Portuguese native) annotators labeled every

tweet as “hate speech” or “not hate speech,” and the authors applied the majority

vote to determine the final annotation of each tweet.

Before fine-tuning, we divide the dataset between 80% for training, 10% for

validation, and 10% for testing. In NLP applications, the performance of a model in

a given task is directly influenced by the characteristics of the training sample. In the
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case of Fortuna et al. (2019)’s dataset, as in other datasets on hate speech detection,

a class imbalance exists. Tweets annotated as “hate speech” constitutes the minority

class. As class imbalance may affect a model’s performance in a text classification

task, we use a Random Oversampling technique11 to equalize the number of tweets

per class in the training sample. Our model attains an overall accuracy of 77% in

both the validation and test samples. Appendix 3.A.2 provides further details on

the hate speech detection task, resources utilized, and the model’s training results.

Data classification. After training the BERT model for the hate speech detection

task, we use it to detect hate speech in the tweets on the sample. We construct a

binary variable 0/1, named “predicted hate speech,” as a result of this classification.

Then, we use the tweet-specific geo-location information to map each tweet to the

Brazilian municipalities based on latitude and longitude through IBGE’s geospatial

shape files. Finally, we compute the proportion of tweets containing hate speech by

municipalities (or individuals) over time, which is the main outcome variable of this

paper.

3.2.2 Administrative data

The election result we use as an information shock is the vote share obtained by

Bolsonaro in the 1º round of the 2018 Brazilian presidential election. The Superior

Tribunal Court (TSE) provides official data at the municipality level on all election

results in Brazil since 1994. Given that TSE’s records do not contain the geo-

coordinates of the electoral districts, we rely on geospatial data from the Brazilian

Institute of Geography and Statistics (IBGE) to determine their location. IBGE

provides Brazilian geospatial data at country, state, and municipality levels. Lastly,

we use microdata from the 2010 Population Census in Brazil, the last available for

the pre-Bolsonaro period. Consistently with our analysis unit, we aggregate the

census microdata at the municipality level.

3.2.3 Descriptive statistics

We study how the 2018 Brazilian presidential election influenced online hate

speech. To accomplish this, we create two longitudinal datasets of geo-located tweets

spanning from July 2017 to December 2019.

In the first dataset, the time unit is a day t - for any Monday included in the

tweets’ sample - and the cross-sectional unit is a Brazilian municipality m. The

main variable is the proportion of tweets classified as hate speech for a given date t

11Random oversampling involves transforming the existing data to adjust the class distribution.
It consists of randomly selecting examples from the minority class and adding them to the original
dataset.
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and municipality m. Brazil is divided into twenty-six states and one federal district.

Each sub-national entity is further divided into municipalities, and Brazil currently

has 5570 municipalities. In the empirical analysis, we use data from approximately

1500 municipalities for which Twitter data is available after data cleaning.12 The

longitudinal dataset at the municipality level is unbalanced, with some municipalities

present over the period and others for which Twitter data is relatively more scarce.

On average, we observe each municipality on approximately 100 Mondays (with a

standard deviation of 37 days).

In the second longitudinal dataset, the time unit is a month t, and the cross-

sectional unit is a Twitter user i. We include any Twitter user whose tweets are

geo-located in no more than two different municipalities. The longitudinal dataset

at the individual level is also unbalanced, as Twitter activity significantly varies for

different individuals. In the regression analysis, we further restrict our attention to

the sub-sample of users (i) who posted tweets in the pre and post-election periods

and (ii) such that we observe at least 5 tweets per user per month. On average, we

observe 190 tweets for each Twitter user distributed over approximately 12 months

(6 months before and 6 months after elections).

This paper builds upon two fundamental observations. Firstly, we acknowledge

that the presidential election, which we consider an information shock, did not

uniformly affect all Brazilian citizens. Instead, we observe a geographical variation

in Bolsonaro’s vote share, which helps us to identify the effect of interest. Secondly,

the evolution of online hate speech was not consistently constant throughout the

period.

Regarding the first observation, Figure 3.1 shows that Bolsonaro’s popularity

varied across states and municipalities. Specifically, Bolsonaro’s vote share was

between 3% and 79% in the 1º round of the 2018 presidential election, which is the

result we use in our empirical strategy to measure the information shock. As can be

seen, the corresponding map for the 2º round results shows a similar geographical

pattern. In Appendix 3.A.3, we present the (bimodal) distributions of these vote

shares at the municipality level.

As for the second observation, Figure 3.2 shows the proportion of Brazilian tweets

classified as hate speech in the period under study. The solid line corresponds to

the raw data, consisting of the daily proportion of hate speech tweets, whereas the

dotted line corresponds to the monthly average of hate speech. The shadow areas in

the graph delimit the periods in which (i) the Presidential Election took place and

(ii) Bolsonaro took office.13 As can be seen, there was a sharp increase in hate speech

during this period. The hate speech peaks on the data correspond to the closest

12We include in the empirical analysis any municipality for which we observe (i) at least 10
tweets daily and (ii) at least 10 times during 2017-2019.

13Specifically, the first and 2º rounds of the presidential election took place on October 7th and
28th, respectively. Bolsonaro took office as Brazil’s 38th president on January 1st, 2019.
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(but later on time) date in our sample to the first and 2º rounds of the election.14

Figure 3.1 Bolsonaro’s vote share at the municipality level.

a. 1º Round, October 7th.

b. 2º Round, October 28th.

14There exist two other (although smaller) peaks in the data, during June and July 2018, cor-
responding to dates when Brazil’s football team played a match in the 2018 World Cup. Figure
3.7 in Appendix shows that these peaks also correspond to a sharp increase in Twitter activity.
Specifically, the daily amount of tweets is around a 50% higher during the period relative to the
average. It is also worth noticing that the period with lower levels of hate speech corresponds to
dates around the 2018 New Year break. Remarkably, this sharp decrease in hate speech was not
observed around the 2019 New Year break, as the date coincides with when Bolsonaro took office.
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Importantly, Figure 3.2 reveals that hate speech through Twitter increased post-

election, i.e., after October 2018. The average proportion of hate speech from July

2017 to July 2018 was 8%, whereas it was 9% from January to December 2019.15

Note that the above figure is constructed by aggregating hate speech at the national

level, so it does not explore the sub-national evolution of hate speech over the period.

The rest of this paper aims to answer whether this evolution was uniform (or not)

across municipalities and why.

Figure 3.2 Evolution of hate speech in Brazilian tweets, 2017-2019.

Note: The variable Hate speech (in percent) is, for each date, the ratio of tweets classified as hate
speech over the total amount of tweets.

3.3 Empirical strategy

We aim to estimate the effect of Bolsonaro’s election - and the electoral rally - on

hate speech. In the previous section (see Figure 3.2), we showed that hate speech on

Twitter increased after Bolsonaro’s election in comparison to the pre-election period

at the national level. However, this is not sufficient to conclude that his election is

to blame. It is possible that the election result responded to the rise in hate speech

or that some other social phenomena are causing both the increase in hate speech

and the political movement to the right.

The fact that these are national elections leaves us with no clear control group

where Bolsonaro is not elected for president. However, his popularity varies across

15Figure 3.11 in Appendix 3.A.3 supports this observation. The mentioned figure is analogous
to the one presented in the main text but with a standardized variable. As can be seen, almost all
data points are below zero in the pre-election period and above zero in the post-election period.
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states and municipalities (see Figure 3.1). We can then follow Albornoz et al. (2022)

and exploit this differential informational shock to study whether hate speech in-

creased relatively more in some places than others. First, we separate the munici-

palities based on the results of the 1º round of the elections: those where Bolsonaro

got at least or at most the percentage of votes he got at the national level, 46%.

For the sake of simplicity, we say that Bolsonaro “lost” the 1º round of elections

(or simply, lost) in a municipality if his vote share was lower than 46%. Otherwise,

we say that Bolsonaro “won” the election in that municipality. Thus, we perform a

difference-in-differences analysis. Formally, we regress,

Hatemt = α0 + α1 ∗ Postt ∗ Lostm + δt + πm + ϵmt (3.3.1)

where Hatemt is the share of tweets that contain hate speech in municipality m

and date t, Postt is a dummy variable that takes the value one after the elections,

Lostm is a dummy variable that takes the value one for the municipalities where

Bolsonaro lost the elections (that is, his vote share was lower than 46%), δt is a

linear time trend, πm are municipality fixed effects, and ϵmt is a municipality-time

specific error term. In this case, the identifying assumption is the traditional parallel

trends assumption. That is, in the absence of the information shock, the difference

in hate speech between municipalities where Bolsonaro won and lost the elections is

constant over time.

Since our rich dataset allows us to follow Twitter accounts over time, we can

further analyze hate speech at the individual level. Indeed, the availability of data

at the individual level is an advantage of this paper, compared to Albornoz et al.

(2022) and Carr et al. (2020), who studied hate crime at a more aggregate level. The

purpose of the individual-level regressions is twofold. Firstly, it allows us to rule out

the possibility that the rise in hate speech is driven by a change in the composition

of the users before and after the elections. Secondly, individual data allows us to

explore the intensive and extensive margins of hate speech. In other words, is the

increase in hate speech driven by people already tweeting hate content before the

elections, i.e., intensive margin, or is it caused by people who had not tweeted hate

content before, i.e., extensive margin? Formally, we regress,

Hateimt = α0 + α1 ∗ Postt ∗ Lostim + δt + γi + ϵimt (3.3.2)

where Hateimt is the share of tweets that contain hate speech of account i in

municipality m at month t, Postt is a dummy variable that takes the value one after

the elections, Lostim is a dummy variable that takes the value one for the accounts

located in municipalities where Bolsonaro lost the elections, δt is a linear time trend,

γi are user fixed effects, and ϵimt is an account-municipality-time specific error term.

In both cases, our coefficient of interest is α1, which, given parallel trends, captures
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theaveragetreatmenteffect(ATE).

Finally,wealsoexploitthecontinuousvariationinBolsonaro’svoteshareacross

municipalities. Todothis, wereplace Lostm inequation(3.3.1)andLostimin

equation(3.3.2)withtheactualvoteshareBolsonaroreceivedineachmunicipality,

VoteSharem andVoteShareim.Formally,

Hatemt =β0+β1∗Postt∗VoteSharem +δt+πm +ϵmt (3.3.3)

and,

Hateimt=β0+β1∗Postt∗VoteShareim+δt+γi+ϵimt (3.3.4)

whereHatemt (Hateimt)istheshareofftweetsthatcontainhatespeechin mu-

nicipalitymanddatet(fforuseriinmontht),Posttisadummyvariablethattakes

thevalueoneafftertheelections,VoteSharem (VoteShareim)istheshareoffvotes

obtainedbyBolsonaroinmunicipalitym(whereindividualiislocated),δtisalinear

timetrend,πm andγiaremunicipalityandindividualixedeffects,respectively,ϵmt

isa municipality-timespeciicerrorterm,andϵimtisanaccount-municipality-time

speciicerrorterm.

Inbothcases,ourcoeicientoffinterestisβ1.Itcapturestheaveragecausal

response(ACR)onthetreatedtoanincrementalchangeinthedose, wherethe

doseistheshareoffvotesobtainedbyBolsonarointhe municipality. The main

identiicationassumption,inthiscase,isthestrongparalleltrends.Itrequiresthat,

fforalldoses,theaveragechangeinhatespeechovertimeacrossall municipalities

thatreceivedagivendoseisthesameastheaveragechangeinhatespeechthat

wouldhaveoccurredovertimefforallmunicipalitiesthatexperiencedadifferentdose

-seeCallawayetal.(2021).16 Noticethat,bydeinition,α1inequations(3.3.1)and

(3.3.2)andβ1inequations(3.3.3)and(3.3.4)haveoppositesigns:whilethefformer

capturestheeffectoffLostm =1, whichdependsnegativelyonBolsonaro’svote

share,thelatterisproportionaltoit.

3.4 Results

Inthissection,wepresentthemainresultsoffthispaper.First,wedocumentthat

hatespeechincreasedaffterthe2018presidentialelections,especiallyinthemunic-

ipalitieswhereBolsonarolost. Then, weoffertheresultsattheindividuallevel,

indicatingthatboththeintensiveandextensivemarginsoffhatespeechcontributed

tothisexplainthisphenomenon.

16Formally,letdbethedoseandYtbethepotentialoutcomeintimet.Then,thestrongparallel
trendsassumptionimpliesthatfforalldinD:E[Yt(d)−Yt−1(0)]=E[Yt(d)−Yt−1(0)|D=d].



3.4. RESULTS 67

3.4.1 Municipality level

Before presenting the regression results, let us describe the municipalities that

are in the treatment and control groups according to equations (3.3.1) and (3.3.2).

Figure 3.3 below is an analogous figure to Figure 3.2, but now splitting the hate

speech trends between treatment and control groups.17

Figure 3.3 Evolution of hate speech in Brazilian tweets, 2017-2019. Municipalities, by
the 2018 election result.

The green lines correspond to the daily and monthly proportion of Brazilian

tweets classified as hate speech for the municipalities in which Bolsonaro got at

least 46% of the votes in the 1º round of the 2018 presidential election, i.e., where

Lostm = 0. On the contrary, the red lines correspond to the municipalities where

Bolsonaro’s vote share was at most 46%, that is, where Lostm = 1. Again, the

shadow areas in the graph delimit the periods in which the presidential election

took place, and Bolsonaro took office.

Importantly for our identification strategy, the gap between hate speech pre-

trends for treatment and control groups seems constant over time, i.e., pre-trends

are parallel.18 Furthermore, ratios of hate speech in municipalities where Bolsonaro

won and lost seem to respond similarly to shocks; for example, both decreased

around the 2018 New Year’s Eve and increased during the 2018 World Cup (in July).

Nonetheless, the hate speech trends in municipalities where Bolsonaro won and lost

17In Appendix 3.A.3, we present analogous graphs to Figures 3.2 and 3.3 but with hate speech
aggregated at the monthly level. That is, only plotting the dotted lines in Figures 3.2 and 3.3.

18Figure 3.11 in Appendix 3.A.3 supports this observation. The mentioned figure is analogous
to the one presented in the main text but with standardized variables. Once differences in levels
are canceled, it is easy to see that the two lines move together.
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changed after the election. As can be seen, the gap between hate speech ratios gets

smaller, especially after Bolsonaro took office as the 38th Brazilian president. This

evidence suggests a different reaction to Bolsonaro’s election in one and another

region.

Table 3.1 Descriptive Statistics, by the 2018 election result.

Variable Won m Lost m Difference

urban 0.828 0.738 0.089***
income pc 755.3 478.3 277.0***
cellphone 0.891 0.810 0.081***
computer 0.427 0.241 0.186***
internet 0.735 0.693 0.042***
primary 0.382 0.368 0.013***
tertiary 0.435 0.474 -0.039***
no religion 0.058 0.070 -0.012***
catholic 0.678 0.721 -0.043***
pentecostal 0.128 0.117 0.010***
black 0.052 0.082 -0.029***
indigenous 0.003 0.006 -0.003**
brown 0.286 0.489 -0.202***
born mun 0.567 0.673 -0.106***
born state 0.673 0.747 -0.075***
vs pt 2006 0.351 0.528 -0.177***
vs pt 2010 0.378 0.524 -0.146***
vs pt 2014 0.310 0.507 -0.197***

Note: N = 1482 (municipalities for which Twitter data is available, after data cleaning). All
variables are aggregated at the municipality level. Column “Lost m” refers to the municipalities
where Bolsonaro lost the 2018 election, whereas column “Won m” refers to where he won. The
third column reports the statistical difference between the respective means. Variables “cellphone,”
“computer,” and “internet” are the proportion of households reported to have such goods in the
2010 Population Census. Variables “no religion,” “catholic,” “pentecostal,” “black,” “indigenous,”
and “brown” are the proportion of individuals registered to have such demographic characteristics
in the 2010 Population Census. Variables “primary” and “tertiary” refers to the population with
(at most) primary and tertiary education. Variables “bornhere mun” and “bornhere state” refer
to the proportion of individuals born in the municipality and state where they answered the 2010
Population Census. Variables “vs pt 2006,” “vs pt 2010,” and “vs pt 2014” are the proportion of
votes obtained by the Workers’ Party (Partido dos Trabalhadores, PT) in the 1º round of the 2006,
2010, and 2014 Presidential Elections, respectively.

Table 3.1 presents descriptive statistics for the municipalities that fall into the

treatment and control groups.19 All demographic variables were extracted from

the 2010 Brazilian Population Census. The last three variables are the vote share

obtained by the Workers’ Party (Partido dos Trabalhadores, PT) in the 1º round

of the 2006, 2010, and 2014 Presidential Elections, respectively. In 2018, Bolsonaro

19In Appendix 3.A.3, we present an analogous table for all municipalities. The results in one
and other tables do not vary substantially.
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defeated a candidate affiliated with the Workers’ Party, which explains the negative

correlation in votes.

As can be seen, demographic characteristics vary for municipalities in the control

and treatment groups, but importantly, the variation is relatively small. For exam-

ple, regarding the availability of the internet at home, closely related to the presence

in social media and Twitter, this difference was 0.04p.p. in 2010. The variable that

varies the most is the income per capita. However, as we include Municipality FE

in our regressions, these differences are not a threat to identification as long as they

are constant over time.

Let us turn to the regression results. Table 3.2 answers this paper’s question,

how the 2018 presidential election of Bolsonaro affected online hate speech. The first

column in the table corresponds to the classic difference-in-differences estimation,

presented in equation (3.3.1). The second column corresponds to the difference-in-

differences model with a continuous treatment variable, i.e., equation (3.3.3). In the

two models, we define Postt as a dummy variable taking a value of one between

July 2017 and July 2018 (both included); and a value of zero between January

and December 2019 (both included). We drop the period from the election rally to

when Bolsonaro took office, as hate speech may behave differently than in regular

times. However, in Appendix 3.A.3, we show our results are robust to changes in

the definition of Postt.

Column (1) shows the increase in hate speech after the elections that we ob-

serve in Figures 3.2 and 3.3 was more pronounced in municipalities where Bolsonaro

lost (0.4 p.p. higher). Consistent with this evidence, column (2) shows that the

proportion of hate speech decreases as the share of votes for Bolsonaro increases.

As the estimate in column (2) comes from a difference-in-differences model with a

continuous treatment variable, provided the strong parallel trends assumption, the

coefficient is a positively weighted average of the average causal response ACR(d)

parameters across doses. Thus, on average, across doses, an increase of 1 p.p. in

V oteSharem decreases hate speech in that municipality by 0.01 p.p.

Focusing on the sign of the estimates in columns (1) and (2), we interpret the

results in lines of a beliefs’ update mechanism. After receiving the information

shock, i.e., the 2018 election result, people could update their beliefs about what

type of speeches are socially acceptable. The difference in the election result at the

municipality and national levels measures the extent of this update in beliefs. Thus,

it is natural to observe that the change in online behavior comes from the individuals

who misperceived the social norm before, i.e., those who live in a municipality where

Bolsonaro lost. After updating the social norm, they may feel entitled to generate

hate speech, even if they live in a municipality with an ex-ante lower level of hate

speech.
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Table 3.2 Municipality level regressions.

(1) (2)
Variables Hatemt Hatemt

Postt X Lostm 0.004***
(0.001)

Postt X V oteSharem -0.010***
(0.003)

Constant 0.084*** 0.087***
(0.000) (0.001)

Municipality FE Yes Yes
Date FE Yes Yes
Municipalities 1,482 1,482
Observations 89,865 89,865
R-squared 0.074 0.073

Note: Standard errors in parentheses. Postt is a dummy variable that takes a value of 0 from July
2017 to July 2018 and a value of 1 from January to December 2019. Lostm is a dummy variable
that takes a value of 1 for the municipalities where Bolsonaro’s vote share was lower than 46% and
a value of 0 otherwise. *** p<0.01, ** p<0.05, * p<0.1.

Figure 3.4 provides further evidence of this mechanism.20 This figure is anal-

ogous to Figure 3.3, but now splitting hate speech trends between different treat-

ment intensities. For illustrative purposes, hate speech ratios are aggregated at the

monthly level. The green lines are the hate speech ratios for the municipalities in

which Lostm = 0. The solid, dashed, and dash-dotted lines correspond to munici-

palities where Bolsonaro got between 46% and 56%, 56% and 66%, and more than

66%, respectively, of the votes in the 1º round of the 2018 presidential election. On

the contrary, the red lines are the monthly proportion of Brazilian tweets classified

as hate speech for the municipalities in which Lostm = 1. The solid, dashed, and

dash-dotted lines correspond to municipalities where Bolsonaro got between 36%

and 46%, 26% and 36%, and less than 26% of the votes, respectively.

There are two relevant observations to this figure. On the one hand, hate speech

trends in municipalities where Bolsonaro was popular are similar and relatively sta-

ble on time. If individuals living in such municipalities perceived the social norm

more accurately even before the elections, their resulting behavior change after elec-

tions becomes smaller. On the other hand, hate speech trends in municipalities

where Bolsonaro was unpopular were very different in the pre-election period. All

the hate speech trends have a positive slope, which is negatively correlated with

Bolsonaro’s popularity. This negative correlation suggests that the size of the infor-

mation shock is relevant to explain the extent to which people change their behavior.

20An important technical comment on this graph is that our data is unbalanced regarding munic-
ipalities where Bolsonaro won and lost, so dashed and, especially, dash-dotted red lines are drawn
with a relatively low number of data points. This fact leads us to take this figure’s interpretation
with some caution.
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Figure 3.4 Evolution of hate speech in Brazilian tweets, 2017-2019. Heterogeneity
analysis by margins of difference in the 2018 election result.

Note: Hate speech trends are constructed separately for each group of municipalities. “BVS”
stands for Bolsonaro’s vote share in the 1º round of the 2018 election.

3.4.2 Individual level

In the previous section, we have shown that the proportion of online hate speech

increased after the 2018 presidential election. At the municipality level, this increase

is mainly driven by regions where Bolsonaro lost the election. As our Twitter data

is at the individual level, we can further extend our main analysis and explore who

is driving this result. In particular, this increase may be driven by (i) users already

posting tweets with hate content before the elections, i.e., intensive margin, (ii) users

who start posting hate speech tweets after the elections, i.e., extensive margin, or

(iii) both.

Throughout this section, we focus on a sub-sample of Twitter users whose tweets

are located in no more than two different municipalities. For the regression analysis,

we restrict our attention to the sub-sample of Twitter users (i) who appear at least

one month before and one month after the election and (ii) such that we observe

at least 5 tweets per user per month. When a user’s tweets are located in multiple

municipalities, we assume the information shock she received is a weighted average

of Bolsonaro’s vote share in the corresponding locations.

Figure 3.5 shows that the rise in hate speech results from both the intensive and

extensive margins. This figure is constructed using all the Twitter accounts in our

sample (after restricting it to the upper bound on the number of locations). Panel a

shows how the share of Twitter accounts posting zero hate content becomes smaller
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after the elections. Specifically, 64.4% of the Twitter users in our sample had never

published hate speech content before the 2018 elections, and this number reduced

to 62.4% after Bolsonaro was elected president. This reduction is stronger for the

sub-sample of Twitter users who post tweets from a municipality where Lostm = 1

- the corresponding percentages are 73.0% in the pre-election period and 69.6% in

the post-election period.

Panel b focuses on the intensive margin by zooming in on those Twitter accounts

that have posted messages with hate speech at least once. We can see that the

distribution of individual hate speech has shifted to the right after the elections. On

average, the intensity of hate speech increased by 1.1 p.p. in the post-election period

(from 18.2% to 19.3% in the sub-sample of users who posted hate speech content).

This observation is further confirmed by the estimates in Table 3.3, correspond-

ing to the difference-in-differences models at the individual level, equations (3.3.3)

and (3.3.4). We focus on the intensive margin of hate speech, dropping the user ac-

counts that did not publish hateful content during the period under study. Specif-

ically, we delete all Twitter users for whom the proportion of tweets classified as

containing hate speech over the period is lower than 5%. Although we lost power

in estimating the election’s impact on individual hate speech, especially for the con-

tinuous treatment differences-in-differences model, the estimates are comparable in

sign and magnitude to those previously presented in Table 3.2. In Appendix 3.A.3,

we present supplementary regressions, redefining the intensive margin of hate speech

and restricting the sub-sample of users according to their online activity.

Table 3.3 Intensive margin of hate speech. Individual regressions.

(1) (2)
Variables Hateimt Hateimt

Postt X Lostim 0.003**
(0.001)

Postt X V oteShareim -0.009
(0.006)

Constant 0.108*** 0.116***
(0.000) (0.005)

Individual FE Yes Yes
Month FE Yes Yes
Individuals 85,494 85,494
Observations 418,616 418,616
R-squared 0.257 0.257

Standard errors in parentheses. Only Twitter users for whom the proportion of tweets classified as
containing hate speech over the period is greater than 5%. Postt is a dummy variable that takes a
value of 0 from July 2017 to July 2018 and a value of 1 from January to December 2019. Lostm is
a dummy variable that takes a value of 1 for the municipalities where Bolsonaro’s vote share was
lower than 46% and a value of 0 otherwise. *** p<0.01, ** p<0.05, * p<0.1.
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Figure 3.5 Individual hate speech, pre- and post-elections.

a. Extensive margin

b. Intensive margin

Note: Histograms at the individual level. The pre-election period is between July 2017 and July
2018, whereas the post-election period goes from January to December 2019. Panel a: all the
Twitter accounts in the sample. Panel b: only Twitter accounts that posted hate speech content
at least once.
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3.4.3 Robustness checks

In this section, we check the robustness of the results by relaxing the assumptions

we made throughout the paper. For the regressions at the municipality level, we

change the variables’ definitions and the period under study, among others. For the

individual-level regressions, we present results for all Twitter users in the sample,

redefine the intensive margin of hate speech, and restrict the sub-sample of users ac-

cording to their online activity. Appendix 3.A.3 presents the corresponding results,

showing that the main results of this paper remain qualitatively unchanged.

3.5 Conclusion

As social media platforms have proliferated, a new public sphere where individuals

share ideas has emerged. Among them are the ones related to hate speech, offensive

language, and discrimination. Understanding what factors impact the online spread

of these harmful speeches is crucial for modern societies, especially regarding social

media content moderation. In this line, we provide novel evidence on how political

outcomes impact online expressions of hate.

We document that the 2018 election of Bolsonaro in Brazil, a far-right candi-

date, increased online hate speech. Interestingly, this impact is more pronounced

in regions where Bolsonaro was relatively less popular - according to the regression

results at the municipality and individual levels. Then, we propose a beliefs update

regarding the social acceptability of hate speech as an underlying mechanism.

There are at least three natural extensions of this project, which are left for future

research. Firstly, to go deeply into the underlying mechanism proposed in this paper,

we can differentiate types of hate speech and analyze their comparative patterns.

For that purpose, we plan to develop a machine-learning model to differentiate hate

content by its target. In the context of this paper, we are particularly interested in

the trajectories of hate speech labeled as “homophobia,” “racism,” and “sexism.”

Secondly, an extension of this paper will look at the persistence of information

shocks that potentially trigger both a social norms update and the spread of harmful

expressions. In our study case, we did not extend the period under analysis as it

would require going over the Covid19 pandemic - a completely different type of

shock. Lastly, comparing on and offline expressions of hate, especially analyzing

their interdependency, is a policy-relevant question; closely related to this paper.
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3.A Appendix to Chapter 3

3.A.1 Twitter data

Twitter is an online platform that allows users to publish short messages, of a

maximum of 140 characters, on their profiles. In January 2021, Twitter launched

an Academic Research product track, which enables researchers to access all v2

endpoints. Notably, the Twitter Search API v2 gives access to the entire history of

public conversations and not only recent tweets. To collect the Twitter data used

in this paper, we relied on the v2 full-archive search endpoint. We collected tweets

using the command line tool and Python library, twarc2 from June 2022 to May

2023. For more information about the academic track on Twitter, follow this link.

The Twitter query we create to download tweets restricts our search to all pub-

licly available (yet undeleted) tweets written in Portuguese, geo-located in Brazil,

that are not retweets, and belong to any Monday between July 2017 to December

2019, both included. This query imposes two main assumptions on our tweets’ sam-

ple. We assume the sample of (i) tweets posted on any Monday and (ii) geo-located

tweets are representative samples of the tweets’ universe. Figures below present

supportive evidence for these assumptions.

Figure 3.6 presents the average number of tweets per day of the week for the

period under study. The figure shows that the amount of tweets is quite stable

over the weekdays and slightly decreases on weekends. The daily average of tweets

is around 305.000. Figure 3.7 shows the daily amount of tweets retrieved by the

Twitter query used in this paper but without the restriction of being posted on a

Monday. The red dashed line corresponds to the monthly average of tweets.21 It can

be seen that both lines move closer. Furthermore, the monthly trend in Figure 3.7

exhibits higher variation than the average number of tweets per weekday in Figure

3.6, suggesting data for one day per week correctly captures how data behaves.

Lastly, Figures 3.8 and 3.9 compare the trends of geo-located tweets and the

universe of tweets that contain a specific word. In all the sub-graphs of the two

figures, the red line corresponds to the amount of geo-located tweets, and the blue

line is the amount of all tweets multiplied by a scalability factor. This factor is the

ratio of geo-located tweets over total tweets in the sample for each word, which is

between 4% and 8%.

21Peaks during June/July 2018 corresponds to dates when Brazil’s football team played a match
in the 2018 World Cup.

https://twarc-project.readthedocs.io/en/latest/twarc2_en_us/
https://developer.twitter.com/en/products/twitter-api/academic-research
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Figure 3.6 Average number of tweets per day in the tweets’ sample.

Figure 3.7 Trend of geo-located and total tweets.

In Figure 3.8, the words used are: “Bolsonaro,” “braço” (arm), “bom” (good),

“cão” (dog), “cerveja” (beer), and “hoje” (today). In Figure 3.9, we use sensitive

words - that may reflect hate speech. Specifically, these words are: “mariquinha” (of-

fensive word for a gay man) “sapatão” (offensive word for a lesbian), “nego” (black),

“preto” (black), and “piranha” and “putinha” (offensive words for a woman). As

can be seen, both trends behave similarly for each word, suggesting that the sub-

sample of geo-located tweets correctly captures how the universe of tweets behaves.

This is especially true for the tweets containing “Bolsonaro.”
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Figure 3.8 Daily count of tweets retrieved by the Twitter query.
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Figure 3.9 Daily count of tweets retrieved by the Twitter query.

3.A.2 Hate speech detection

In this paper, we fine-tune a BERT model on a dataset specific to the hate speech

detection task. Fine-tuning is the technique of training a pre-trained model on a

suitable dataset for a new task. We use a BERT model in Portuguese, by Souza

et al. (2020), and a dataset of tweets in Portuguese, by Fortuna et al. (2019). In the

next paragraphs, we describe the resources and procedure.

Model. In this paper, we take BERTimbau, a BERT model for Brazilian Por-

tuguese by Souza et al. (2020), as a base model and fine-tune it for the hate speech

detection task. Souza et al. (2020) present the model in two sizes: Base (12 layers,

768 hidden dimensions, 12 attention heads, and 110M parameters) and Large (24

layers, 1024 hidden dimensions, 16 attention heads, and 330M parameters). The

authors train the models in two tasks: Masked Language Modeling (MLM) and
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Sentence Prediction (NSP). The model training is based on the brWaC corpus by

Wagner Filho et al. (2018), the largest open Portuguese corpus. After training, they

evaluate the model in other traditional NLP tasks, namely, Sentence Textual Similar-

ity (STS), Recognizing Textual Entailment (RTE), and Named Entity Recognition

(NER). The model improves the state-of-the-art on these tasks, outperforming Mul-

tilingual BERT models. The authors made their models publicly available at these

Hugging Face links: Base, and Large.

Dataset. We relied on the dataset presented by Fortuna et al. (2019) to fine-tune

the BERT model for the hate speech detection task. It is a dataset of tweets in

Portuguese collected through Twitter’s API, and it comprises 5668 tweets in the

period from January to March 2017. The authors provide two annotation schemes

for the dataset, binary and hierarchical multiple classifications. For the first classifi-

cation, three annotators classified every tweet. Each of them had to label the tweet

as “hate speech” or “not hate speech,” and the authors applied the majority vote

to determine the final annotation of each tweet. As a result, 31.5% of the tweets

were annotated as “hate speech” on the binary classification dataset. For the hierar-

chical classification, the authors followed a Rooted Directed Acyclic Graph (DAG)

in which “hate speech” is the graph’s root. The second level of classes relates to

the target of hate, and it comprises: “sexism,” “body,” “origin,” “homophobia,”

“ideology,” “religion,” “health,” and “lifestyle.” As a result, 22% of the tweets were

annotated as “hate speech” on the multi-labeled dataset. The authors made their

datasets publicly available at this GitHub repository.

Text pre-processing. During text pre-processing, we follow Fortuna et al. (2019)

and remove stop-words and punctuation marks using the NLTK and re Python li-

braries, respectively. Unlike the authors, we do not remove negative stop-words that

may change the statement’s meaning. Explicitly, we keep the words: “mas” (but),

“nem” (neither), “não” (no), “sem” (without), and “fora” (out). In addition, we

anonymize Twitter mentions as “@user” and links as “URL.” We keep “#Hash-

tags” in the native Twitter format. Finally, we do not transform text to lowercase

for consistency with the architecture of Souza et al. (2020) ’s BERT model.

Model fine-tuning. We divide the dataset between 80% for training, 10% for

validation, and 10% for testing. In NLP applications, the performance of a model in

a given task is directly influenced by the characteristics of the training sample. In the

case of Fortuna et al. (2019)’s dataset, as in other datasets on hate speech or offensive

comments detection, a class imbalance exists. 31.5% of tweets were annotated as

“hate speech” under the binary classification, being this minority class. As class

imbalance may affect the model’s performance, we use a Random Oversampling

technique to equalize the number of tweets in the minority and majority classes

https://huggingface.co/neuralmind/bert-base-portuguese-cased
https://huggingface.co/neuralmind/bert-large-portuguese-cased
https://github.com/paulafortuna/Portuguese-Hate-Speech-Dataset
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in the training sample (80% of the tweets). The random oversampling approach

randomly adds examples from the minority class to the original training dataset,

with replacement.

Training results. The hate-speech BERT model we train attains an overall ac-

curacy of 77% in both the validation and test datasets. Table 3.4 summarizes

additional statistics (Precision, Recall, and the F1-score) to characterize the model

performance fully.

Table 3.4 Training results

Validation sample

Precision Recall F1 Support

0 0.86 0.76 0.81 365
1 0.64 0.78 0.71 202
W. Avg. 0.79 0.77 0.77 567

Test sample

Precision Recall F1 Support

0 0.88 0.79 0.83 406
1 0.58 0.72 0.64 161
W. Avg. 0.79 0.77 0.78 567
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3.A.3 Tables and Figures

Figure 3.10 Bolsonaro’s vote share at the municipality level. 2018 Presidential Elec-
tion.

a. 1º Round, October 7th.

b. 2º Round, October 28th.
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Figure 3.11 Evolution of hate speech in Brazilian tweets, 2017-2019. Standardized
variables.

a. All municipalities.

b. Municipalities, by the 2018 election result.

Note: Each hate speech variable was standardized to have zero mean and unit standard deviation.
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Figure 3.12 Evolution of hate speech in Brazilian tweets, 2017-2019. Monthly average.

a. All municipalities.

b. Municipalities, by the 2018 election result.

Note: Hate speech variables were aggregated by month.
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Table 3.5 Descriptive Statistics, by the 2018 election result.

Variable Lost m Won m Difference

urban 0.569 0.735 -0.166***
income pc 346.8 680.4 -333.6***
cellphone 0.697 0.869 -0.173***
computer 0.140 0.363 -0.223***
internet 0.610 0.703 -0.094***
primary 0.383 0.407 -0.023***
tertiary 0.495 0.425 0.070***
no religion 0.052 0.052 -0.001
catholic 0.793 0.705 0.087***
pentecostal 0.098 0.126 -0.028***
black 0.075 0.048 0.027***
indigenous 0.009 0.005 0.004***
brown 0.558 0.304 0.255***
born mun 0.710 0.556 0.154***
born state 0.742 0.675 0.068***
vs pt 2006 0.553 0.344 0.210***
vs pt 2010 0.575 0.391 0.184***
vs pt 2014 0.585 0.331 0.254***

Note: N = 5570 (municipalities). All variables are aggregated at the municipality level. Col-
umn “Lost m” refers to the municipalities where Bolsonaro lost the 2018 election, whereas column
“Won m” refers to where he won. The third column reports the statistical difference between
the respective means. Variables “cellphone,” “computer,” and “internet” are the proportion of
households reported to have such goods in the 2010 Population Census. Variables “no religion,”
“catholic,” “pentecostal,” “black,” “indigenous,” and “brown” are the proportion of individuals
registered to have such demographic characteristics in the 2010 Population Census. Variables
“primary” and “tertiary” refers to the population with (at most) primary and tertiary education.
Variables “bornhere mun” and “bornhere state” refer to the proportion of individuals born in the
municipality and state where they answered the 2010 Population Census. Variables “vs pt 2006,”
“vs pt 2010,” and “vs pt 2014” are the proportion of votes obtained by the Workers’ Party (Par-
tido dos Trabalhadores, PT) in the 1º round of the 2006, 2010, and 2014 Presidential Elections,
respectively.



3.A. APPENDIX TO CHAPTER 3 85

Regression results at the municipality level.

Table 3.6 Municipality level regressions. Standardized variables.

(1) (2)
Variables Hatemt Hatemt

Postt X Lostm 0.062***
(0.016)

Postt X V oteSharem -0.025***
(0.008)

Constant -0.019*** -0.010***
(0.004) (0.003)

Municipality FE Yes Yes
Date FE Yes Yes
Municipalities 1,482 1,482
Observations 89,865 89,865
R-squared 0.074 0.073

Note: Standard errors in parentheses. Postt is a dummy variable that takes a value of 0 from July
2017 to July 2018 and a value of 1 from January to December 2019. Lostm is a dummy variable
that takes a value of 1 for the municipalities where Bolsonaro’s vote share was lower than 46% and
a value of 0 otherwise. Hatemt and V oteSharem are standardized to have zero mean and unit
standard deviation. *** p<0.01, ** p<0.05, * p<0.1.

Table 3.7 Municipality level regressions. Monthly data.

(1) (2)
Variables Hatemt Hatemt

Postt X Lostm 0.003**
(0.001)

Postt X V oteSharem -0.011**
(0.004)

Constant 0.084*** 0.087***
(0.000) (0.001)

Municipality FE Yes Yes
Date FE Yes Yes
Municipalities 1,482 1,482
Observations 27,324 27,324
R-squared 0.144 0.144

Note: Standard errors in parentheses. Postt is a dummy variable that takes a value of 0 from July
2017 to July 2018 and a value of 1 from January to December 2019. Lostm is a dummy variable
that takes a value of 1 for the municipalities where Bolsonaro’s vote share was lower than 46% and
a value of 0 otherwise. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.8 Municipality level regressions. Redefining Postt.

(1) (2)
Variables Hatemt Hatemt

Postt X Lostm 0.003***
(0.001)

Postt X V oteSharem -0.008***
(0.003)

Constant 0.084*** 0.086***
(0.000) (0.001)

Municipality FE Yes Yes
Date FE Yes Yes
Municipalities 1,482 1,482
Observations 100,375 100,375
R-squared 0.071 0.071

Note: Standard errors in parentheses. Postt is a dummy variable that takes a value of 0 from July
2017 to August 2018 and a value of 1 from November 2018 to December 2019. Lostm is a dummy
variable that takes a value of 1 for the municipalities where Bolsonaro’s vote share was lower than
46% and a value of 0 otherwise. *** p<0.01, ** p<0.05, * p<0.1.

Regression results at the individual level.

Table 3.9 Intensive margin of hate speech. Individual level regressions. Sub-sample of
Twitter users, restricted by their activity.

(1) (2) (3) (4)
Variables Hateimt Hateimt Hateimt Hateimt

Postt X Lostim 0.002* 0.003**
(0.001) (0.001)

Postt X V oteShareim -0.005 -0.005
(0.006) (0.006)

Constant 0.107*** 0.111*** 0.111*** 0.125***
(0.000) (0.006) (0.000) (0.007)

Individual FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
Individuals 52,518 52,518 24,180 24,180
Observations 342,732 342,732 210,565 210,565
R-squared 0.260 0.260 0.226 0.226

Standard errors in parentheses. Columns (1)-(2): all Twitter users who posted at least 25 tweets
over the period, from which at least 5 are classified as hate speech. Columns (3)-(4): all Twitter
users who posted at least 50 tweets over the period, from which at least 10 are classified as hate
speech. Postt is a dummy variable that takes a value of 0 from July 2017 to August 2018 and
a value of 1 from November 2018 to December 2019. Lostm is a dummy variable that takes a
value of 1 for the municipalities where Bolsonaro’s vote share was lower than 46% and a value of
0 otherwise. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.10 Individual level regressions.

(1) (2)
Variables Hateimt Hateimt

Postt X Lostim 0.002
(0.001)

Postt X V oteShareim -0.005
(0.005)

Constant 0.090*** 0.098***
(0.000) (0.004)

Individual FE Yes Yes
Month FE Yes Yes
Individuals 113,127 113,127
Observations 523,458 523,458
R-squared 0.342 0.342

Standard errors in parentheses. All Twitter users in the sample. Postt is a dummy variable that
takes a value of 0 from July 2017 to August 2018 and a value of 1 from November 2018 to December
2019. Lostm is a dummy variable that takes a value of 1 for the municipalities where Bolsonaro’s
vote share was lower than 46% and a value of 0 otherwise. *** p<0.01, ** p<0.05, * p<0.1.

Table 3.11 Individual level regressions. Sub-sample of Twitter users, restricted by their
activity.

(1) (2) (3) (4)
Variables Hateimt Hateimt Hateimt Hateimt

Postt X Lostim 0.002* 0.002**
(0.001) (0.001)

Postt X V oteShareim -0.004 -0.005
(0.005) (0.005)

Constant 0.091*** 0.098*** 0.091*** 0.097***
(0.000) (0.005) (0.000) (0.005)

Individual FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
Individuals 90,355 90,355 50,329 50,329
Observations 475,402 475,402 357,506 357,506
R-squared 0.315 0.315 0.270 0.270

Standard errors in parentheses. All Twitter users in the sample who posted (i) at least 25 tweets
over the period in columns (1)-(2) and (ii) at least 50 tweets in columns (3)-(4). Postt is a dummy
variable that takes a value of 0 from July 2017 to August 2018 and a value of 1 from November
2018 to December 2019. Lostm is a dummy variable that takes a value of 1 for the municipalities
where Bolsonaro’s vote share was lower than 46% and a value of 0 otherwise. *** p<0.01, **
p<0.05, * p<0.1.
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mini, A. (2011). Political polarization on twitter. In Proceedings of the interna-

tional aaai conference on web and social media, volume 5, pages 89–96.

Dahl, G. and DellaVigna, S. (2009). Does movie violence increase violent crime?

The Quarterly Journal of Economics, 124(2):677–734.

De Giorgi, G., Frederiksen, A., and Pistaferri, L. (2020). Consumption network

effects. The Review of Economic Studies, 87(1):130–163.

De Giorgi, G., Pellizzari, M., and Redaelli, S. (2010). Identification of social inter-

actions through partially overlapping peer groups. American Economic Journal:

Applied Economics, 2(2):241–75.



91
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