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ABSTRACT: 

Can a leader’s speech affect real-life outcomes? Can politicians’ messages in social media 

change the perceived societal acceptance of behavior, such as illegal deforestation? To 

answer these questions, I explore the specific context of the rise in Brazil’s politics of a 

very influential leader with a clear discourse on socio-environmental issues, Jair 

Bolsonaro, to analyze the relationship between speech and deforestation. By looking at 

his official Twitter account, I create a measure of the intensity of negative discourse on 

the environmental issues, and, by interacting it with political support in the 2018 election, 

I find evidence of the effect of his speech on deforestation. One standard deviation 

increase on Bolsonaro’s negative tweets’ measure is associated with 7.81% more 

deforestation in municipalities that supported him than municipalities that did not. The 

effect is significant and robust to different empirical model specifications and definitions 

of political support. 

 

 

KEY WORDS: Politics, leadership, social media, social norms, behavior, deforestation, 

amazon. 
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1. INTRODUCTION 

A leader’s speech and actions can be a powerful source of information and signal 

to the market (Arnold et al., 2017; Fama, 1991), but it is also capable of influencing 

people’s behavior in different contexts (Antonakis et al., 2019; D’Adda et al., 2017). 

Patterns of behavior are determined by social norms that evolve with society and are 

influenced by ‘leadership’, especially under others' co-presence (Acemoglu & Jackson, 

2015; Müller & Schwarz, 2020). If the public eye potentializes the effects of a leader’s 

charisma (Antonakis et al., 2019), what can be more visible than social media? 

There is a growing literature studying the effects of politics and leadership on 

social media. Moreover, there is evidence that influential politicians can change “social 

norms channel” and influence how people's perceive social acceptance of particular 

beliefs or actions. For instance, Papaioannou et al. (2013) and Ozturk & Ciftci (2014) 

showed that currency exchange rates can be forecast by information carried on Twitter 

comments by a large number of users. Benton & Philips (2020) study Donald Trump’s 

Mexico-related policy tweets and show that these raise Mexican peso volatility, while 

Still, Müller & Schwarz (2020) finds large increase in anti-Muslim hate crimes associated 

with Trump tweets. Still, Ajzenman et al. (2020) findings show that speeches affect the 

social distancing index during a pandemic. If that is true, a leader’s speeches affect real-

life outcomes. 

This thesis explores these questions in a very particular setting: the rise of an 

influential political leader in Brazil up to the post of president and a strong and clear 

speech on socio-environmental issues. I test if a leader’s speech affects deforestation 

through the “social norm channel” mechanism. Deforestation rates have been a concern 

for Brazil for a while, but thanks to policies and enforcement efforts since 2004, it was 

considered under control. There was a recent reversal in this trend, and the deforestation 

rates of the past few years have been the highest in over a decade: according to PRODES, 

a 16% increase from 2017 to 2018, and 34% from 2018 to 2019. Because deforestation 

has become key to global efforts to fight climate change and is getting more noticed and 

disputed internationally, understanding the factors contributing to its increase is vital 

(Lovejoy & Nobre, 2019). 

This thesis analyses the impact of Bolsonaro’s tweets – first as a presidential 

candidate, after as sitting president – on deforestation rates in the Brazilian Amazon. A 
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politician's speech gives information about the government policy direction it intends to 

follow and how likely it is to follow through with it. The proposed mechanism is that 

Bolsonaro’s tweets are a powerful signal capable of influencing people’s perceived social 

acceptance of clear-cutting the Amazon forest’s illegal behavior. Therefore, I hypothesize 

that Bolsonaro’s tweets impact deforestation and that people will feel more comfortable 

reproducing this illegal social behavior in municipalities where he has more support. 

To test the hypothesis, first, I hand-collected all Bolsonaro’s tweets on socio-

environmental issues for the years of 2018 (when he was a presidential candidate) and 

2019 (his first year in office). Then I complemented the panel with publicly available 

information on deforestation and other publicly available information from 473 

municipalities in the Brazilian Legal Amazon (BLA).1 With data at the municipal level 

and monthly variation, I make a series of estimations using OLS equations in different 

settings.  

The main analysis uses a dummy variable for political support (1 for 

municipalities that elected Bolsonaro in 2018 second term, 0 for the ones that voted most 

for the other candidate). First, I assess the direct association of Bolsonaro negative tweets 

for 2018 and 2019 years on deforestation and find that each standard deviation increase 

in negative tweets is associated with an average increase of 6.14% in deforestation rates. 

After, I find that having elected Bolsonaro (political support variable), on average, is 

related to an increase of 41.7% of deforestation rates. I also dissociate the impacts of 

Bolsonaro’s tweets by year to ensure that the association is also present when he was only 

a candidate to the higher political office but had no saying on the implementation of 

environmental policies. Finally, I test my hypothesis by interacting Bolsonaro’s tweets 

with his local political support dummy. I find a positive and significant coefficient 

throughout all specifications, even after the addition of municipal and time fixed effects 

and other control variables. Considering the stricter specification, I find that the increase 

of one standard deviation on negative tweets’ measure is associated with an increase of 

7.81% more deforestation in municipalities that supported Bolsonaro than the 

municipalities that did not support him. 

 
1 The Brazilian Legal Amazon (BLA) is a political concept created for regional planning and 
development goals in 1953 (Law n. 1,806/53). It has an area of 5 million km2, which corresponds to more 
than half of Brazil’s territory (59%). It encompasses the totality of all states in the North region (Acre, 
Amapá, Amazonas, Pará, Rondônia, Roraima, and Tocantins), plus the state of Mato Grosso and part of 
the State of Maranhão. 
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After showing evidence that the proposed mechanism works and has significant 

effects, I move to a series of complementary analyses. I find similar but smaller results in 

a specific sub-setting with deforestation that only occurred inside conservation units 

(UC’s) and with a continuous measure of political support (instead of a dummy variable). 

In a placebo test, where political support was not clear, the association was not found, as 

expected. In one specific sub-sample of analysis, municipalities that differ from the 

average (subjected to higher deforestation pressures) located in the so-called the 

“deforestation arc”, the coefficient of interest, despite positive and similar magnitude, 

was found not significant, calling for further research. 

The results are significant and robust to different empirical model specifications 

and definitions of political support, providing evidence that the proposed association and 

mechanism are in place. This research contributes to the small but growing body of 

literature on the impacts of the interaction of politics and social media on real-life 

outcomes other than the stock market. To the best of this researcher's knowledge, this 

study is the first effort to analyze the impacts of a leader’s speech on deforestation. Given 

the recent spike in deforestation rate in the BLA and the international attention that it is 

getting, understanding what can influence this behavior and its mechanisms is particularly 

relevant.  

The remaining of this thesis is organized as follows. Section 2 presents some 

background information on deforestation in Brazil. In sections 3, 4, and 5, I make a 

literature review of three different strands connected to this thesis. Section 6 gives the 

empirical framework by discussing the identification strategy. Section 7 presents the data 

and discusses some summary statistics. Section 8 presents and discusses the empirical 

results, followed by the robustness checks. Lastly, section 9 concludes the work with a 

brief summary, some discussion of the results' limitations, and future research 

suggestions. 

 

2. Background Information on Deforestation in Brazil 

The importance of the Amazon, the largest rainforest on Earth, is unquestionable, 

and its deforestation raises a range of issues. The Amazon is the world’s largest rainforest 

and is a repository of ecological services. It is also home to 10 to 15% of land biodiversity 

with untapped potential and home to over 300 indigenous populations with language and 
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cultural diversity (Assunção et al., 2019b; da Silva & Kis-Katos, 2010). The Amazon is 

also the world’s major carbon sink for anthropogenic CO2, storing between 100 to 120 

billion tons of carbon in its biomass and regulates local and global climate by 

evapotranspiration. The forest exchanges vast amounts of water and energy with the 

atmosphere, being responsible for 50-75% of its local precipitation, the humidity of entire 

South America, and the circulation of ocean currents (Lovejoy & Nobre, 2018; Nobre et 

al., 2016). 

However, these ecological services are at risk. There are negative synergies 

between deforestation, climate change, and widespread use of fire (Lovejoy & Nobre, 

2018, 2019).  The Amazon forest is disappearing at a fast rate for 50 years due to the 

growth of open areas for agriculture, ranching, and large-scale hydropower generation, 

posing high risks of irreversible changes to biodiversity and ecosystems. Although the 

carbon sink globally is increasing, the Amazon carbon sink capacity has decreased 30% 

since the 1990s, and studies point out the possibility of the forest dieback. The tipping 

point for the Amazon system to flip to non-forest ecosystems in eastern, southern, and 

central Amazon is estimated to occur at 20-25% deforestation (Hubau, 2020; Lovejoy & 

Nobre, 2018; Nobre et al., 2016). Current deforestation is 17% across the entire Amazon 

basin and approaching 20% in the Brazilian Amazon (Lovejoy & Nobre, 2018). 

The conservation of the Amazon forest is a major concern globally, and it should 

be a national priority. Brazil’s government effort and image regarding the fight against 

illegal deforestation Amazon has been volatile. At the beginning of the new millennium, 

Brazil was the country that cleared most tropical forests, both in total area and in relative 

terms (Hansen et al., 2008). Deforestation accounted for more than 70% of Brazil’s total 

annual CO2-equivalent emissions, and Brazil ranked as the seventh-largest greenhouse 

gas (GHG) emitter (MCTI, 2014). In 2004, deforestation rates peaked, reaching levels of 

more than 27 thousand km2. Responding to increasing international pressure, Brazil 

launched the Action Plan for the Prevention and Control of Deforestation in the Legal 

Amazon (Plano de Ação para Prevenção e Controle do Desmatamento na Amazônia 

Legal – PPCDAm).  

The central part of the PPCDAm strategy was command and control by 

implementing the Real-Time Detection of Deforestation System (DETER) by the 

National Institute for Space Research (Instituto Nacional de Pesquisa Espaciais – INPE). 

DETER is a satellite-based system that captures and processes georeferenced imagery on 



 10 

forest cover, allowing the environmental enforcement agency, the Brazilian Institute for 

the Environment and Renewable Natural Resources (Instituto Brasileiro do Meio 

Ambiente e dos Recursos Naturais Renováveis - IBAMA), a timely response. According 

to Assunção et al. (2019b, p. 3), DETER “was a major leap forward in Amazon 

enforcement capacity, allowing environmental authorities to better identify, more closely 

monitor, and more quickly act upon areas being illegally deforested.” 

PPCDam was responsible for a sharp downturn in Amazon deforestation rates in 

less than a decade (from 28 thousand km2 in 2004 to less than 4.5 thousand km2 per year 

in 2012)2 (Assunção et al., 2015; Börner et al., 2015a). The cut of more than 80% of 

deforestation rates translated into a reduction of 54% greenhouse gases (GHG) emissions. 

Brazil played a prominent role in the global effort to mitigate climate change and was 

recognized internationally for it (Assunção & Rocha, 2019; Ferrante & Fearnside, 2019; 

Rochedo et al., 2018). At least until 2012. Since 2012 there has been a reversal in the 

Brazilian Amazon's declining deforestation trend (Rochedo et al., 2018). At first, 

inconsistently for some years with small increases followed by small decreases, but 

already in a trajectory of (re)growing deforestation, casting doubts on the long-term 

sustainability of past conservation policy achievements (Schielein & Börner, 2018). More 

recently, we witnessed a record increase in deforestation rates (according to PRODES,3 a 

16% increase from 2017 to 2018, and 34% from 2018 to 2019). 

The past two years coincide with the presidential election year and the first year 

of Bolsonaro’s term as President of Brazil. In the last presidential campaign, the 

environment received much attention in the debates and pledges, but not for the reason 

one might expect. Some of the key policy directions that the then-presidential candidate, 

Jair Bolsonaro, pointed during its campaign was to end the Ministry of the Environment4 

and what he called the “industry of fines”5 of environmental infractions. Bolsonaro also 

undermined the environmental protection agencies, its public employees, and scientists.6 

 
2 Terrabrasilis, available at 
http://terrabrasilis.dpi.inpe.br/app/dashboard/deforestation/biomes/legal_amazon/rates  
3 Terrabrasilis, available at 
http://terrabrasilis.dpi.inpe.br/app/dashboard/deforestation/biomes/legal_amazon/rates  
4 See, as an example,https://politica.estadao.com.br/noticias/eleicoes,meio-ambiente-o-que-dizem-os-
planos-de-governo-de-bolsonaro-e-haddad,70002553045  
5 See, as an example,  https://g1.globo.com/rj/sul-do-rio-costa-verde/noticia/2018/12/01/bolsonaro-
participa-de-formatura-de-cadetes-na-academia-militar-das-agulhas-negras.ghtml  
6 See, as an example, https://noticias.uol.com.br/ultimas-noticias/afp/2018/12/01/bolsonaro-critica-ibama-
e-icmbio.htm   
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He also labeled social movements and non-profit organizations as "terrorists".7 He 

promised to allow quilombola and indigenous to sell their land and to open these protected 

areas to mining and agriculture activities.8 After being elected, Bolsonaro did not change 

his discourse (Ferrante & Fearnside, 2019). As president, he continued to communicate 

his agenda and policy goals, even though he did not follow through with all his plans (he 

was convinced to maintain the Ministry of the Environment, for instance). He appointed 

ministers who support the “ruralists” agenda, including the new environment minister, 

and continued with a similar speech on socio-environmental issues from when he was a 

candidate (see figure 2 for more on the distribution of Bolsonaro’s tweets on socio-

environmental topics throughout the 2018/19 years).9  

Controlling deforestation goes beyond institutional arrangements (Rochedo et al., 

2018). Signals that, directly or indirectly, incentivize economic agents to deforest illegally 

are equally important. This thesis explores the relationship between a presidential 

speech’s powerful signals on social media and increased deforestation rates in the 

Brazilian Amazon. 

 

3. Deforestation Drivers & Deterrence 

The first branch of literature that this work relates to is the study of deforestation 

drivers and deterrence. Scientists from different areas of expertise, political science, law, 

economists have been trying for decades to understand the potential drivers of 

deforestation and how to respond appropriately. The idea of population growth and 

poverty exerting pressure and depredating the environment has been long studied  

(Cropper & Griffiths, 1994; Kerr et al., 2004; Ryan et al., 2014). Nevertheless, the link 

between income levels and land degradation are found to be ambiguous (Wunder, 2001). 

Among the firsts that looked explicitly at the Brazilian Amazon, Pfaff (1999) built a 

theoretical microeconomic framework using remote sensing data and empirically 

estimated the relative effects of different determinants of clearing activity. The author 

 
7 See, as an example, https://www.leiaja.com/politica/2018/08/24/bolsonaro-diz-que-se-eleito-nao-dara-
um-centavo-ongs/   
8 See, as an example, https://www.brasil247.com/brasil/bolsonaro-promete-liberar-garimpo-em-areas-
quilombolas-e-indigenas 
9 For instance, in November, 2018, Bolsonaro characterized indigenous peoples as “isolated in reserves” 
like “animals in zoos” (https://oglobo.globo.com/sociedade/bolsonaro-compara-indios-em-reservas-
animais-em-zoologicos-23272902) , in September 2019, on his UN speech, he made similar allegations 
(https://brasil.elpais.com/brasil/2019/09/24/politica/1569342899_324922.html)  
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revealed that the main determinants of deforestation are land characteristics (soil quality 

and vegetation density), the density of paved roads, the distance to major markets, and 

government development projects (Assunção et al., 2019c; Pfaff, 1999).  

Another important driver of deforestation is commodity prices (Assunção et al., 

2019a; da Silva & Kis-Katos, 2010). According to da Silva & Kis-Katos (2010), the 

expected profitability of different land use affects agents’ decisions concerning land-use 

choices: increases in meat price in one year are associated with increases in deforestation 

rates in the following year. Assunção et al. (2019a) also finds that agriculture production 

is a first-order driver of deforestation. By analyzing restrictions in access to rural credit - 

the main support mechanisms for agricultural production in Brazil – the authors found 

that it led to a substantial reduction in deforestation, mostly in municipalities where cattle 

ranching is the leading economic activity. 

There is also a growing effort to document the impacts of specific elements of 

Brazil’s anti-deforestation policy mix put in place by PPCDAm. Despite finding that 

field-based enforcement operations have not been universally effective in deterring 

deforestation, Börner et al. (2015) also shows that law enforcement presence is highly 

cost-effective on average. Hargrave and Kis-Katos (2013) tries to address the endogeneity 

of law enforcement and deforestation and find significant negative effects of inspections 

on deforestation at the municipal scale (similar results also found in da Silva & Kis-Katos, 

2010). Finally, Assunção et al. (2019b) developed a novel approach using the fact that 

clouds block visibility in satellite imagery and thereby limit DETER’s capacity to detect 

changes in land cover patterns as an instrumental variable to address the endogeneity of 

law enforcement and deforestation adequately. This work finds that monitoring and law 

enforcement effectively curbed deforestation. 

Understanding the mechanism of the full set of potential drivers of deforestation 

is critical if one wants to design policies to address them effectively. However, this might 

not be enough. According to Börner et al. (2015), the total area that a land user deforests 

per year is a function of the expected net economic return of the deforested area, minus 

the punishment's expected value for illegal deforestation. That means that deforestation's 

expected costs depend on the probability of deforestation being detected and effectively 

sanctioned. If deterrence, that is, the combined effect of the disincentive and the 

enforcement probability, is higher than the expected return of deforestation, land users 

will comply with the law. Historically in Brazil, due to its low collection rate, monetary 
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fines tend to be of low relevance, but PPCDAm increased the enforcement probability 

with measures such as satellite monitoring and more strategic and robust field presence 

(including the possibility of confiscating illegally obtained goods and destroying 

equipment used in illicit activities) (Börner et al., 2015a; Gandour, 2018).  

As mentioned, the policy mix that followed PPCDAm stabilized deforestation 

rates at historically low levels for at least a decade. Until 2012/2014 seemed that Brazil 

had figure deforestation out. But recent years of increased deforestation rates raised 

important questions about why the rainforest is being cut down again and where public 

policies stopped being effective. Controlling deforestation goes beyond institutional 

arrangements (Rochedo et al., 2018) and signals that, directly or indirectly, encourage 

economic agents to certain behaviors might also be relevant. 

There is a knowledge gap to fully understand the subtle equilibrium of the 

deterrence effect, its factors, and the underlying mechanisms that might explain 

deforestation’s rise. This thesis tries to understand “softer” channels through which illegal 

behaviors are encouraged and explores the association between powerful signals of an 

influential leader’s speech and the increase in deforestation rates in the Brazilian Amazon. 

 

4. The Relevance of Speech 

The literature on leadership has long argued that influential leaders influence 

follower behavior not only through the design of incentives and institutions, but also 

through their statements. This influence is known in political science, management, and 

psychology literature as “transactional leadership.” Nevertheless, there is limited 

econometric research on the impact of rhetorical tools on others behavior due to the 

difficulty in modeling and establishing causality on the relationship between leaders’ 

actions and followers’ conduct, especially if these are unethical conducts (Antonakis et 

al., 2019; D’Adda et al., 2017). 

Economists have largely ignored the “softer” channels through which an 

important part of leader influence can occur, but a small and growing body of empirical 

work has started to show that leaders can – with their actions, words, and example – 

influence people in different contexts.  One of the key studies that influenced this thesis 

was a paper that bridges this gap in the literature by exploring the effect of a high-profile 

political leader’s behavior and speech on citizens’ preventive and risky behavior during 
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the COVID-19 pandemic (Ajzenman et al., 2020). The authors find that presidential 

speeches against social isolation policies immediately affected the social distancing index 

in municipalities with a majority of supporters. The fall in the index was significant and 

persistent for at least a week. The paper emphasizes that leaders’ role in the critical 

context of a pandemic is above and beyond incentives and institutions. 

Antonakis et al. (2019) was one of the firsts papers to show evidence for a causal 

link between a leader’s charisma and followers’ performance in economically relevant 

settings. The authors find that charismatic speeches yield higher contributions than non-

charismatic ones, but these differences are sometimes small in magnitude and not always 

significant. More interestingly, the study also suggests that the co-presence of followers 

when the speech is delivered may be an essential factor that drives the effect of charisma. 

According to the authors, this finding is consistent with theoretical accounts in which 

“charisma partly operates through the effect it has on individuals’ expectations about 

others, and that charisma nurtures a collective identity” (Antonakis et al., 2019, p. 36).  

This finding is also consistent with Acemoglu and Jackson (2015). The authors 

explain that social norms regulate many human interactions and create stable patterns of 

behavior but argue that norms are not immutable. Social norms change due to social 

factors and can be influenced by ‘leadership’, especially prominent individuals’ public 

actions. There is little doubt that leadership is a powerful influence; it can shape behavior. 

Both Antonakis et al. (2019) and Acemoglu and Jackson (2015) findings make sense 

when we analyze speech and its consequences in the most visible public arena: social 

media. 

 

5. The Impact of Social Media on Real-Life Outcomes 

The literature has long studied the impact of information on real-life outcomes 

(see Kahneman and Tversky, 1979, for a classic and influential analysis on the impact of 

information on markets and the uncertainties that can be created and Fama, 1991). Social 

media is a major channel for information and, mostly opinions, that can easily be shared 

and accepted (or rejected) by anyone without the intermediation of media groups (Calil 

& Ruediger, 2018; Whitesell, 2019). Social media have been understood as new “public 

spheres” of debate, and with an enormous reach and speed that potentializes the impact 

of information on real-life outcomes.  
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Researchers of several areas are exploring the influence of social media on various 

real-life outcomes, especially on people’s behavior. For instance, Papaioannou et al. 

(2013) and Ozturk and Ciftci (2014) showed that currency exchange rates could be 

forecast using information carried on comments posted on Twitter by a large number of 

users in a high-frequency intra-daily trading scale. The studies show that information 

carried in tweets has an impact on people and market behavior. 

Politicians use social media in a variety of ways and purposes. Beyond 

disseminating campaign information and policy goals, politicians engage in policy 

debates and establish issue positions, competence, and reputations (Benton & Philips, 

2020). There is a growing literature on the influence of politicians on social media on 

real-life outcomes (Müller & Schwarz, 2020).  

Manolo Malaver-Vojvodic (2017), for instance, focuses on Donald Trump’s 

tweets to explore whether the American President’s comments impact the daily Mexican 

peso/U.S. dollar currency exchange rate. The author’s findings show that negatives tweets 

about Mexico and American foreign policy affected the daily volatility of the Mexican 

peso/U.S. dollar exchange rate. In a similar setting, Benton & Philips (2020) also test 

Donald Trump’s Mexico-related policy tweets and the U.S. dollar/Mexican peso 

exchange rate and find that these tweets raised Mexican peso volatility. Nevertheless, 

most importantly, the authors argue that by disseminating its views on social media, 

especially new incumbents, its signals policy direction and even helps voters hold 

governments accountable. 

In more details, Benton & Philips (2020) paper argues that there are two types of 

economic policy information: (i) information about government policy direction;  and (ii) 

information about how likely a government is to follow through with its policy goals 

(Benton & Philips, 2020). The authors show that financial markets do not reflect only 

new and unanticipated information, that Trump’s economic policy tweets affected 

investors’ views even after his policy agenda was widely known. That means that every 

time Trump makes an economic statement, it affects the market. The repeated information 

continues to provide investors with incremental evidence of the sincerity of politicians’ 

intentions. This finding is consistent with the idea developed before that speech is 

relevant, even when it does not bring new information. It adds a complexity layer by 

saying that it matters the most for political newcomers. 
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Müller & Schwarz (2020) also analyses Trump’s tweets but in a different setting. 

The authors study Islam-related topics and find that Trump tweets are associated with a 

large increase in anti-Muslim hate crimes. When discussing possible mechanisms to 

explain how social media can contribute to the rise of anti-minority sentiment, the authors 

discuss and provide additional results consistent with the idea that social media might 

enable changes in the perceived societal acceptance of beliefs or actions. In their case, 

xenophobic behavior.  

This “social norms channel” (Müller & Schwarz, 2020) finding is consistent with 

the discussion raised above. Social norms change due to social factors and can be 

influenced by prominent individuals’ actions, words, and example, especially when in 

public. Moreover, what can be more “public” than politicians’ on their social media? 

Furthermore, by repeating the information on social media, by making it clear policy 

promises, politicians raise the “reputational” costs of deviation of those policies, enabling 

voters to hold them accountable (Benton & Philips, 2020). If this makes voters feel 

reassured, it must also make them feel more comfortable reproducing that social behavior. 

Studies have shown that leadership in social media can change the perceived 

societal acceptance of certain behavior, affecting markets or instigate immoral and illegal 

actions, such as xenophobia in the case of Trump’s tweets in the U.S., or social distancing 

during a pandemic. I contribute to this debate by studying Bolsonaro’s speech on socio-

environmental issues and its impact on illegal deforestation in the Brazilian Amazon.  

The idea of the "social norms channel" applied to this environment is that 

Bolsonaro's tweets, as powerful signals about his political direction and how he is 

determined to follow this policy, influence people's social acceptance of illegal 

deforestation behavior. The more local support Bolsonaro has, the more comfortable 

people will feel to reproduce this social behavior. That means that not only I expect to 

find a positive impact of tweets on deforestation rates, but also that I expect to find higher 

effects where he has more political support.  

 

6. Data and Descriptive Statistics 

This thesis's central empirical challenge is to test if a leader's speech is associated 

with real-life outcomes through a "social norm channel" mechanism. To do so, I created 

a 2018-2019 panel dataset at the municipal level built from publicly available data. The 
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panel contains information on (i) monthly deforestation rates; (ii) hand-collected tweets 

on socio-environmental issues from Bolsonaro’s official Twitter account; (iii) political 

support for Bolsonaro; and, as controls, (iv) environmental fines as a proxy for law 

enforcement presence; and (v) a hand-made agricultural and cattle commodity prices 

index from multiple sources of publicly available data. The panel includes all 

municipalities in the BLA that exhibited variation in forest cover during this period, and 

for which data from the different sources were available. From a universe of 772 

municipalities (IBGE, 2015) in BLA, only 529 municipalities had variation in 

deforestation in the two years of the analysis. After merging the deforestation database 

with political support and other control variables, 56 municipalities were dropped, 

remaining 473 (89%) in the final database. I describe each variable and its data sources 

in more detail in the following subsections (also see Appendix 1 for Table 9 with a full 

description). 

 

6.1. Deforestation 

The National Institute for Space Research (henceforth INPE) defines deforestation 

as the conversion of primary forest areas by suppression by anthropogenic actions. 

Deforestation is a process, which begins with the intact forest and ends with the 

conversion of the original forest into another cover (INPE, 2019). INPE developed the 

Program for Monitoring the Amazon and Other Biomes (PAMZ+) that operates three data 

mapping projects on remote sensing satellite images in the Amazon region. One of those 

mapping projects on remote sensing satellite images is DETER. As mentioned before, 

DETER monitors the Amazon in almost real-time, generating daily alerts on deforestation 

that allow IBAMA to spot illegal with unprecedented speed.  

DETER improved its methodology in 2015. It started to operate with images with 

a spatial resolution of 64 meters that allowed the release of alerts of degradation and 

deforestation. This change allowed a reduction of the minimum mappable area to 3 

hectares. The system images have a field of view of 866 km. This broad field of the cover 

allows the system to image the same region every five days. The satellite's orbit ensures 

that every day at least one strip of the Amazon is covered, allowing continuous monitoring 

of its vegetation in a 5-day cycle (INPE, 2019). Nevertheless, DETER estimates are 

historically more conservative than the Brazilian Amazon Rainforest Monitoring 
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Program by Satellite (PRODES) that estimates the annual rate of deforestation because it 

uses lower resolution images 

I explore DETER high-frequency information on deforestation hot spots in this 

thesis, once the record is publicly available on the internet.  The database was obtained at 

the TerraBrasilis website10 at the beginning of August 2020. It had all daily alerts of 

deforestation and degradation for the entire BLA,11 at the municipal level, from August 

2016 until July 2020. When DETER identifies a spot as a deforested area, it classifies the 

area as an alert and deforestation increment. The area is incorporated into a deforestation 

mask and it cannot be reclassified by DETER as a deforestation area again. Therefore, 

the daily alerts of deforestation increment measure the size of forest cleared in square 

kilometers. I decided to aggregate the daily alerts in each municipality into monthly rates 

and build a panel for the two years of analysis. 

Figure 1. Mean of Monthly Deforested Area (km2) 

 
 

10 TerraBrasilis is a platform developed by INPE for organization, access and use through a web portal of 
geographic data produced by its environmental monitoring programs. (F. G. Assis et al., 2019). See 
http://terrabrasilis.dpi.inpe.br/ 
11 The database also indicates if the deforestation occurred inside an environmental protected area 
(Unidade de Conservação – UC), which allowed me to explore some exploratory analysis in this specific 
sub-setting, despite having much less observations.  
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Figure 1 is a visual inspection of my dependent variable, deforestation. It is a 

simple representation of the mean of the monthly deforested area (in km2) throughout the 

panel. Between May/June to August/September, the dry season in the Amazon is usually 

the months with higher deforestation rates. This pattern is evident in 2019, with alarming 

rates of deforestation. The two years are very different between them, but when using 

time-fixed effects, we are controlling for seasonal patterns. 

For the purposes of this thesis, I consider deforestation “the complete or almost 

complete suppression of the native vegetation existing in a certain area” (Azevedo et al., 

2019). Despite available data on degradation, these are much less reliable. Therefore, I 

do not take into account degradation information in my analysis. My first step was to keep 

only the observations classified as “deforestation with exposed soil,” “deforestation with 

vegetation,” and “mining,” which are, according to INPE, the “clear cut” classifications 

(INPE, 2019). Each area deforested identified by the system generates only one 

observation. I aggregate the deforestation at the municipal level by month by adding the 

areas. I impute zero-deforestation whenever no increment of deforestation is identified in 

that municipality in that month. To smoothen cross-sectional variation in deforestation 

that arises from municipality size heterogeneity and allow to retain these zero-valued 

observations, I use a normalized measure of the monthly deforestation increment: an 

inverse hyperbolic sine (IHS) transformation12 (Assunção et al., 2019b; Bellemare & 

Wichman, 2019). 

It is noteworthy to mention that DETER cannot capture images when there is 

cloud cover. Once cloud coverage can be quite extensive in the Amazon, it limits the 

environmental authority's ability to identify deforestation hot spots.13 But deforestation 

usually happens more intensely during the dry season, which can vary depending on the 

Amazon region, but, in general, it runs from June to September. Another key point is that 

existing data on Amazon deforestation do not allow legal clearings to be distinguished 

from illegal ones. Nevertheless, the evidence shows that 99% of deforestation is illegal 

(Azevedo et al., 2019). This is why, although some deforested areas captured by DETER 

may refer to legal clearings, I assume that they represent only a negligible fraction of total 

 
12 Note that non-null deforestation is greater than 0.01 km2 for all observations in the raw data (mean = 
3.251233 km² of deforestation) 
13 Assunção et al. (2019) explore this characteristic as an exogenous source of variation in monitoring and 
law enforcement to estimate the impact of monitoring and law enforcement on deforestation. 
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sample deforestation and that forest clearings detected by the monitoring system are 

illegal activity punishable by law (Gandour, 2018). 

 

6.2. Speech Data  

Digital media and politics have become inextricably entwined. Political 

candidates and elected officials have embraced this new “public sphere” of debate as their 

communication channel to reach the public, disseminate their ideologies and attract larger 

audiences’ attention. Social media like Facebook and Twitter are widely used among the 

population, and a large proportion of day-to-day verbal and visual communication has 

migrated to various participatory web platforms, which has, in turn, impacted the way 

politics is done (Kreis, 2017). 

Populists’ politicians have been especially successful in adopting social media for 

campaign purposes and have used them as a strategic communication tool and as an 

instrument of power politics (Kreis, 2017). Social media is an effective, low-cost tool 

through which politicians can directly interact with their followers, criticize the 

establishment while self-promoting and setting their policy goals and agenda. Bolsonaro 

is no exception. Since his candidacy for the Presidency, Bolsonaro became the most 

influential Brazilian political leader in social media (DAPP, 2018). He employs Twitter 

and other social media similar to other right-wing politicians, as a strategic instrument of 

power politics by using an informal, direct, and provoking communication style to 

construct and disseminate his right-wing populist discourse (Kreis, 2017). 

Bolsonaro’s official Twitter account would reproduce the content posted on his 

official Facebook account and a number of his official speeches and interviews on 

traditional media outlets (radio, tv, and print media). Therefore, this research focuses its 

efforts on analyzing his speech on this platform. Twitter provides a history of all the past 

tweets (except for the deleted ones). Usually, researchers gather data relying mostly on 

mathematical and algorithmic patterns or the search rule that return only posts filtered by 

hashtags or the selection made by a few isolated keywords (Calil & Ruediger, 2018). 

Because the topic of study of this thesis is wide-ranging, complex, and not linked to a 

specific event, name, hashtag, or brand (DAPP, 2018), and because the vast majority of 

Bolsonaro’s tweets are videos and not textual corpus, the keyword search is not as helpful. 
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To fully comprehend Bolsonaro’s speech, it was necessary to analyze each tweet 

individually, which led to a time limitation in the analysis period.  

The sample includes all tweets from January 1st, 2018 to December 31st, 2019, 

covering the period of Bolsonaro’s campaign as a presidential candidate, his election, and 

his first year in office as president. With an average monthly tweet rate of 50 tweets, a 

novel database was created. I read, watched, and transcribed fragments of all Bolsonaro’s 

tweets related to socioenvironmental issues. The thematical universe of the analysis was 

more extensive than just the ‘environment’ or the ‘Amazon.’ It also covered the following 

topics: ‘deforestation’, ‘fire’, ‘IBAMA’, ‘conservation units’, ‘protected areas’, ‘fine 

industry’, ‘public employees’, ‘NGOs’, ‘environmentalist’, ‘activists’, ‘MST’, 

‘indigenous people’, ‘indigenous land’, ‘quilombola’, ‘quilombo’, ‘gold mining’, and 

‘land grabbing’. 

The next step was to hand-code each tweet’s sentiment towards the environment 

either as ‘indifferent’, ‘positive’, or ‘negative’. The coding of Bolsonaro’s tweets was 

particularly challenging because his speech is not directly against the environment. He 

usually reinforces the importance of the environment to consider then something more 

important, in his view, than the environment, such as private property or economic 

development. He criticizes the protection policies, environmental protection agencies 

and/or its employees, organized civil society, or traditional people. From the 

categorization of tweets, I built a percentage of negative tweets over total tweets.  

Figure 2 shows a simple visual inspection of the distribution of the monthly 

measure of the intensity of Bolsonaro’s negative speech on socio-environmental issues. 

As one can see, there are months with no negative mention of the environment on his 

Twitter account. It is also clear in the figure that Bolsonaro was more vocal about the 

issue during his campaign.  
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Figure 2. Bolsonaro Negative Tweets on Socioenvironmental Issues (%) 

 

I use this percentage measure of the intensity of Bolsonaro’s negative speech on 

socio-environmental issues in all analyses reported in this thesis. I observe the impact of 

the increase of one standard deviation of the intensity measure of ‘negative tweets’ on 

deforestation. 

 

6.3. Political Support 

For political support, I use the official database from Electoral Superior Court14 on 

vote counts for the second term of the 2018 presidential election aggregated at the 

municipality level. I code each municipality's political support as a dummy (1, meaning 

that Bolsonaro won the election on that municipality, 0, meaning Bolsonaro lost the 

election on that municipality, similar to Ajzenman et al., 2020). In the analysis sample, 

Bolsonaro won in 215 municipality votes (44%), while the opposing candidate won in 

 
14 TSE (Tribunal Superior Eleitoral): tse.jus.br/eleicoes/estatisticas/repositorio-de-dados-eleitorais-
1/repositorio-de-dados-eleitorais 
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258 municipalities (56%). This research also explores political support as a continuous 

variable to see if the effects would persevere using a more fine-grained estimator form of 

political support for Bolsonaro. 

 

6.4. Controls 

As previously seen in the literature review part, there is an established empirical 

association between tropical deforestation and various factors. These include but are not 

limited to population growth and poverty pressures, local biophysical characteristics, 

infrastructure development, and enforcement agencies’ budget. However, these drivers 

are expected to be either constant in the short time-window of this analysis (e. g., road 

density, soil characteristics, or local political power - mayor) or refer to time-varying 

variables that affect all units equally (e.g., the budget of IBAMA for local enforcement 

or a change in public policy) (Assunção et al., 2019b; Gandour, 2018; Pfaff, 1999). 

Therefore, time and municipal fixed effects capture a wide range of possible deforestation 

drivers. 

In addition to these fixed effects, two sets of relevant controls are considered. 

First, the total amount of fines serve as a proxy for monitoring and law enforcement 

actions. Evidence already discussed above shows that enforcement efforts in the Amazon 

have a deterrence effect on deforestation (Assunção et al., 2019b; Börner et al., 2015b; 

da Silva & Kis-Katos, 2010; Hargrave & Kis-Katos, 2013). Therefore, despite the 

endogeneity of the relationship between law enforcement and deforestation, studies with 

novel approaches have isolated the causal effect and demonstrated that fines are a good 

proxy for environmental law enforcement and that law enforcement was effective in 

curbing Amazon deforestation. Once enforcement effort affects the outcome variable, 

controlling for it is excluding possible alternative explanations. Also, Bolsonaro has been 

very vocal about the “industry of fine”; therefore, his speech on this specific topic could 

be affected by the presence (or absence) of enforcement efforts. Therefore controlling for 

law enforcement efforts in this analysis also avoids omitted variable bias (Cinelli et al., 

2020).  

The second relevant control is agricultural and cattle commodity prices, which are 

the main potential drives of deforestation in BLA that vary over time and place. These 
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two controls cannot be affected by the treatment (speech or political support); therefore, 

do not configure the problem known as “bad controls” (Cinelli et al., 2020).  

 

6.4.1. Law Enforcement 

As mentioned, virtually all deforestation occurring in the Amazon is illegal. When 

law enforcement is present in a deforestation area, they will almost certainly issue a fine. 

Other sanctions, such as embargos or the destruction of products and equipment 

associated with forest clearing, may be applied, but always alongside a fine. There are 

other possible environmental infractions (e.g., pollution or animal trafficking), but only 

fines that fall into the category’s “flora” are considered for this work. It mostly includes 

deforestation and illegal logging. 

Once there is no database or means to compile data about the presence of 

environmental law enforcement in each Amazonian municipality, several studies use the 

total number of deforestation-related issued by IBAMA as a proxy for law enforcement 

at the municipal level (Assunção et al., 2019b). Following these studies, I compile the 

data is publicly available at IBAMA’s website15 at a monthly rate of the total number of 

deforestation related fines at the municipality level. 

 

6.4.2. Agricultural and Cattle Commodity Prices Index 

Agricultural and Cattle commodity prices are among the most relevant tropical 

deforestation drivers that pressure each municipality differently. Prices increases provide 

incentives for producers to convert forest areas into farmland to profit from expanded 

production. Therefore, it is critical to control for commodity prices, even after controlling 

for time and municipality fixed effects. However, these prices are endogenous to local 

agricultural production and local deforestation (Assunção et al., 2015). The authors build 

two yearly commodity indexes, one for agricultural products, the other for cattle. I adapt 

their strategy to build monthly indexes. 

First, Assunção et al. (2015) identified that the output prices recorded at a non-

Amazon Brazilian state (Paraná) are highly correlated with average local prices at BLA 

and can serve to control for fluctuations pressuring deforestation at the municipality level. 

 
15 See https://servicos.ibama.gov.br/ctf/publico/areasembargadas/ConsultaPublicaAreasEmbargadas.php 
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I deflated this monthly product-specific price data from Paraná State16 deflated by IPCA 

– the official Brazilian consumer price index – to January 2019 values.  Following the 

author's instructions, to introduce cross-sectional variation in the series, I weigh this 

monthly price to measure each commodity's relevance in each municipality. The weight 

is a ratio of farmland to the municipal area for each crop in each municipality, according 

to the annual data from Brazil's Municipal Crop Production Survey 

(PAM/IBGE).17 Similarly, for the cattle index, the weight is the ratio of heads of cattle to 

the municipal area in each municipality, according to Brazil's Municipal Livestock 

Survey (PPM/IBGE).18 The final result is a weighted real price of each commodity, in 

each municipality, in each month. I combine crop prices into a single index using 

principal component analysis. 

 

6.5. Descriptive Statistics 

Table 1 describes the sample summary statistics. The data comprises 11,352 

observations of deforestation in 473 municipalities over the period of January 2018 to 

December 2019. 
Table 1. Descriptive Statistics 

Variable Mean SD Min. Max. Number of 
observations 

Deforestation (km2) 0.4116 0.8453 0.0000 5.8763 11352 

Deforestation in UC (km2) 0.0245 0.2074 0.0000 4.5012 11352 

Political support (dummy) 0.4545 0.4980 0.0000 1.0000 11352 

Political support (Continuous) (%) 45.8274 20.4552 8.1917 82.7736 11352 

Negative Tweets (%) 3.8022 4.0792 0.0000 14.0000 11352 

Standardized Negative Tweets 0.0000 1.0000 -0.9321 2.4999 11352 

Fines (Qnt.) 15.2498 268.5340 0.0000 2469.0000 11352 

Cattle Relative Prices 6061.8502 6678.494 0.0271 41514.2695 11352 

Crop Relative Prices Index 0.0085 1.5174 -1.6269 14.3554 11352 

 
16 The authors recommend using the prices from SEAB-PR (Secretaria da Agricultura e do Abastecimento 
do Parana) of the 5 predominant crops in the Amazon: rice, cassava, corn, soybean and cassava, in 
addition to cattle. Available at: http://www.ipeadata.gov.br 
17 Yearly crop production data of the same 5 products at the municipal level is available at: 
https://sidra.ibge.gov.br/tabela/1612  
18 Yearly bovine livestock data at the municipal level is available at: https://sidra.ibge.gov.br/tabela/3939  
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Most variables used in this analysis exhibit a significant variation throughout the 

panel. The primary outcome variable, deforestation, mean is 0.412 km2 (or 412,000 m2), 

and its standard deviation is over the double, 0.845 km2. When looking at the 

deforestation only inside Conservation Units (UCs), a subsample of analysis, the mean 

is, as expected, smaller, 0.025km2, but the variation is even more significant, almost ten 

times more (the standard deviation is 0.207 km2). The panel seems balanced regarding 

political support; 45% of the municipalities are dummy coded as pro-Bolsonaro. The 

mean of Bolsonaro’s negative tweets on socioenvironmental subjects is 3.8, but with a 

sizeable standard variation of 4. This considerable variation motivated me to use a 

standardized measure of negative tweets percentage. Regarding the control variables, the 

average number of fines by municipality is 15, but note that there are months with no 

fines issued and months with 2,469 fines. The agricultural index of relative prices shows 

less variance than the cattle relative price. 

 

7. Empirical Strategy 

This thesis’s central empirical challenge is to test if a leader’s speech is associated 

with real-life outcomes through a “social norm channel” mechanism. The idea behind this 

is that political leaders are a powerful influence, especially with their speech on social 

media, and can change the perceived societal acceptance of particular behavior. If it is 

true that Bolsonaro’s tweets encourage people to deforestate, it affects everyone once his 

speech has a national reach. Despite affecting all units, where Bolsonaro has more support 

in a community, his words will resonate more, and we will see stronger effects. 

By using Bolsonaro’s tweets, I analyze the impact of his negative speech on socio-

environmental issues on deforestation rates in the Brazilian Amazon. If tweets are a 

powerful signal capable of influencing people’s perceive social acceptance of illegal 

behavior, such as clear-cutting the Amazon forest, I will find positive and significant 

results trough out my specifications. Nevertheless, I hypothesize that political support 

also plays a role in this equation. Wherever his support is higher, people will feel more 

comfortable to reproduce that social behavior. Therefore, first, I hope to find that tweets 

have an impact on deforestation, with a positive and significant coefficient. Then, I hope 

to find that political support is also relevant for my estimates, also with a positive and 
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significant coefficient. Finally, by interacting Bolsonaro’s political support (dummy) and 

the measure of the intensity of Bolsonaro’s negative speech on socio-environmental 

issues on Twitter, I will have a two-group comparison: Municipalities that supported 

Bolsonaro and municipalities that didn’t. When political support is 1, the interaction 

coefficient will reflect the additional change in deforestation rates related to 

municipalities that did not. I also expect this coefficient to be positive and significant. 

Because I do not have an exogenous source of variation, I cannot guarantee a causal 

relationship between my estimates. However, I test the robustness with the inclusion of 

alternative explanations (controls) and robustness tests. 

The main analysis starts with the assessment of the direct effects of my 

independent variables by regressing negative tweets on deforestation (column 1); 

negative tweets and political support on deforestation (column 2); and negative tweets by 

year (2018 and 2019) and political support on deforestation (column 1). I then move to 

interact negative tweets and political support (column 4). I add time and municipality 

fixed effects to control for potentially relevant municipality-specific characteristics, 

observable or not, while the month fixed effect addresses variables that are constant 

across municipalities but vary over time (column 5).19 The next step is to control other 

potential sources of correlation with deforestation in the Brazilian Amazon, the allocation 

of environmental law enforcement (column 6). Lastly, I add the agricultural and cattle 

relative price index as controls, once deforestation for agricultural land use is a key driver 

of tropical deforestation (column 7). 

The complete OLS estimation equation is given by: 

!"#$%"&'(')$*!,#
= ,!+	/# + 0$1"2(')3"	45""'&	(%)# +		0%9:;;$%'	(<:==>)!
+	0&1"2(')3"	45""'&	(%)# 	× 	9:;;$%'	(<:==>)! + 	@A$*'%$B&!# + "!# 

Where Deforestationi, t is a normalized measure of total deforested area in municipalityi 

and montht; Negative Tweetst, is the standardized monthly measure of intensity of 

negative tweets about socio-environmental issues of Bolsonaro, Supporti, is the dummy 

for Bolsonaro’s political support in municipalityi, my main coefficient on interest is the 

interaction between Negative Tweets and Support. Controls include municipality-level 

 
19 I also tested for adding municipal fixed effects separated from time fixed effects to assess if one of them 
were driving the results, especially the time fixed effects once tweets is a monthly variable, but the 
coefficients remained similar. To facilitate the reporting of results, I combine both fixed effects in one sole 
column. 
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controls, municipality fixed effect, and monthly fixed effect, and there is also the 

idiosyncratic error. Standard errors are robust to heteroskedasticity and serial correlation 

when clustered at the municipality-level in all specifications.  

 

8. Results and Discussion 

This section presents the empirical results. For the primary analysis, results 

indicate that for each standard deviation increase in negative tweets intensity, there is an 

average increase of 6.14% in deforestation rates (column 1). Having elected Bolsonaro, 

on average, is related to an increase of 41.7% of deforestation rates. Following this 

preliminary exercise, I separate the effect of the tweet variable by year (column 2). I 

expect to see President Bolsonaro (2019) speech as having higher impacts than the speech 

of Bolsonaro as a presidential candidate (2018), once a presidential speech is a more 

prominent indication of policy direction than as a candidate. In column 3, I find that one 

standard deviation increase in the intensity of negative tweets in 2018 is related to the 

3.07% increase in deforestation. This increase was amplified by 22% in 2019. These 

results confirm that Bolsonaro’s tweets had a higher effect on deforestation after he took 

office. 

Next, I move to properly test my hypothesis by interacting Bolsonaro’s tweets 

with his local political support dummy. In column 4, I find a positive and significant 

coefficient, which indicates that an increase of negative tweets in one standard deviation 

is associated with a rise of 7.41% more deforestation in municipalities that supported 

Bolsonaro than in the ones that did not support him. In the municipalities where the 

opposing candidate had more support, tweets still had a positive and significant impact, 

but smaller, tweets only increased deforestation rates by 2,78%. Adding time and 

municipal fixed effects did not affect the coefficients, neither did the addition of law 

enforcement control. When I add the commodity prices control - the stricter specification 

- I find a small increase in the coefficient of interest. One standard deviation increase on 

negative tweets’ measure is associated with a rise of 7.81% more deforestation in 

municipalities that supported Bolsonaro than the municipalities that did not support him. 
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Table 2. OLS Regressions of Standardized Negative Tweets (%) and Political Support (dummy) on 
Overall Deforestation 

                               (1) (2) (3) (4) (5) (6) (7) 

                               Depvar: Deforestation (% km2)* 
Standardized Negative 
Tweets (%)            
                               

0.0614*** 0.0614*** 0.0307*** 0.0278***    
(0.0059) (0.0059) (0.0076) (0.0057)    
[0.0000] [0.0000] [0.0001] [0.0000]    

Political Support 
(dummy) 
                               

 0.4170***  0.4170***    
 (0.0536)  (0.0536)    
 [0.0000]  [0.0000]    

2019                           
                                 0.2200***     

  (0.0162)     
  [0.0000]     

Standardized Negative 
Tweets (%) # 2019     
                               

  0.2116***     
  (0.0178)     
  [0.0000]     

Political support 
(dummy) # Standardized 
Negative Tweets (%) 
                               

   0.0741*** 0.0741*** 0.0741*** 0.0781*** 

   (0.0117) (0.0117) (0.0117) (0.0119) 
   [0.0000] [0.0000] [0.0000] [0.0000] 

Fines (Qty.)                    
                                    0.0001 0.0001 

     (0.0001) (0.0001) 
     [0.2343] [0.2297] 

Cattle Relative Prices  
                                     0.0000 

      (0.0000) 
      [0.4766] 

Crop Relative Prices 
Index            
                               

      
-

0.1681*** 

      (0.0556) 
      [0.0027] 

Observations                   11352 11352 11352 11352 11352 11352 11352 
R-squared                      0.005 0.066 0.028 0.068 0.570 0.571 0.571 
Municipality FE                    Yes Yes Yes 
Time FE     Yes Yes Yes 
*The dependent variables have been log transformed (IHS normalization).  
Standard errors clustered at municipal level in parentheses.  
P-values in square brackets and significancy represented as *** p < 0.01, ** p < 0.05, * p < 0. 

 

The coefficient of interest remains positive and statistically significant across 

specifications. Thus, for Amazonian municipalities where Bolsonaro has political 

support, as his Twitter activity about socio-environmental issues increases, there is also a 

relevant increase in deforestation.  

Having provided empirical evidence that Bolsonaro’s tweets systematically affect 

deforestation rates in the Brazilian Amazon, I move to explore this relationship in a 

dependent variable specification: deforestation within UC’s. In the late 1990s and early 
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2000s, there was an expansion of protected areas in the BLA, reaching an area of 

approximately 43% of the Amazon (Assunção et al., 2019a). Brazil’s protected areas 

(UCs and indigenous lands) have been argued to inhibit deforestation significantly and 

maintaining the Amazonian forest (Börner et al., 2015a; da Silva & Kis-Katos, 2010; 

Ferrante & Fearnside, 2019). However, as the decade change, the creation of new 

protected areas slowed down.  

Despite illegal, there have always been forest clearings inside UC’s. Studies have 

provided evidence on their effectiveness, showing that these protected areas significantly 

lower the deforestation within their boundaries even when located at high-pressure lands 

(Pfaff et al., 2015). Nevertheless, given that Bolsonaro’s speech was very vocal about 

what he called “an excess of protected areas”, his promise to block any new proposal, and 

his proposition of opening the existing ones to economic activities, I expect to see a 

significant positive effect of his tweets in this subset. 

Table 3 presents the estimated coefficients using the same OLS Specifications 

reported on the main analysis. Important to say that this is a conservative estimation for 

a few reasons: First, it only includes UC deforestation (DETER does not provide data on 

indigenous land or quilombola territories deforestation), and secondly, because there are 

considerably fewer observations (zeros compose more than 90% of the dataset, which 

drives the estimation down). Nevertheless, the effect of negative tweets on deforestation 

remains positive and statistically significant across all specifications. My main coefficient 

of interest lies in the stricter specification (column 7). I find that the increase of one 

standard deviation on negative tweets’ measure is associated with an increase of 1,04% 

more deforestation inside UC’s in municipalities that supported Bolsonaro than the 

municipalities that did not support him.  
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Table 3. OLS Regressions of Standardized Negative Tweets (%) and Political Support (dummy) on Deforestation 
inside UC’s 

                               (1) (2) (3) (4) (5) (6) (7) 

                               Depvar: Deforestation (% km2)* 
Standardized Negative 
Tweets (%)            
                               

0.0055*** 0.0055*** 0.0038* 0.0011    
(0.0017) (0.0017) (0.0020) (0.0009)    
[0.0016] [0.0016] [0.0561] [0.2159]    

Political Support 
(dummy) 
                               

 0.0353**  0.0353**    
 (0.0149)  (0.0149)    
 [0.0179]  [0.0179]    

2019                           
                                 0.0181***     

  (0.0047)     
  [0.0001]     

Standardized Negative 
Tweets (%) # 2019     
                               

  0.0149***     
  (0.0042)     
  [0.0004]     

Political support 
(dummy) # Standardized 
Negative Tweets (%) 
                               

   0.0096** 0.0096** 0.0096** 0.0104*** 

   (0.0037) (0.0037) (0.0037) (0.0039) 
   [0.0101] [0.0102] [0.0102] [0.0084] 

Fines (Qty.)                   
                                    0.0000 0.0000 

     (0.0000) (0.0000) 
     [0.2683] [0.2711] 

Cattle Relative Prices  
                                     0.0000*** 

      (0.0000) 
      [0.0098] 

Crop Relative Prices 
Index            
                               

      -0.0088** 

      (0.0044) 
       [0.0457] 
Observations                   11352 11352 11352 11352 11352 11352 11352 
R-squared                      0.001 0.008 0.003 0.008 0.526 0.526 0.526 
Municipality FE                    Yes Yes Yes 
Time FE     Yes Yes Yes 
*The dependent variables have been log transformed (IHS normalization).  
Standard errors clustered at municipal level in parentheses.  
P-values in square brackets and significancy represented as *** p < 0.01, ** p < 0.05, * p < 0. 

 

Another critical investigation is to see if the proposed mechanism and results hold 

in another, but relevant, sub-sample of analysis: municipalities subjected to more 

substantial deforestation pressures. The municipalities on the “border” of the Amazon, 

within the so-called “deforestation arc”, concentrates most of the forest clearings and the 

most active agricultural activities. This specific setting is essential to shedding light on 

possible heterogeneous effects (Assunção et al., 2019b).  
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As a proxy to identify municipalities in this “deforestation arc”, I use a public 

listing released annually by the Environmental Ministry of “priority municipalities”. 

Priority municipalities are subjected to differentiated monitoring, law enforcement 

strategies, and other administrative and economic measures as target efforts to repress 

deforestation. To enter or leave this “blacklist” is necessary to meet the criteria 

established by Decree number 6,321/2007 and by the Ministry of the Environment 

ordinances that evaluate the yearly deforestation dynamics. The first “blacklist” in 2008 

had 36 municipalities that concentrated 45% previous year’s deforestation in BLA.20 A 

decade later, there were 44 municipalities on the priority list and 45 in 2019.21  

According to Table 4, the isolated impact of Bolsonaro’s tweets on deforestation 

is the higher seen so far: one standard deviation on the measure of negative tweets is 

associated with an average increase of 22,44% in deforestation rates of those prioritarian 

municipalities. This result shows that the leader speech is more a powerful stimulus where 

there is the highest pressure to deforest. Surprisingly, political support is non-significant 

(see column 2). This lack of significance indicates that where the pressure to deforest is 

higher, it does not matter who got the majority of the votes. Regardless of political 

preferences, the pressure for deforestation is on. Although positive (meaning, in the 

expected direction) and sizable (similar to the effect in my main specification), the 

interaction between negative tweets and political support is consistently non-significant.   

Part of the explanation for this is that political support is not significant. The 

results suggest that in this setting, the effect of Bolsonaro’s tweets does not go through 

political support. In other words, the proposed mechanism does not work. What does not 

mean that the political leader’s speech does not have an effect. On the contrary, the 

regressions seem to indicate a significant effect and pervasive effect, reaching 

municipalities regardless of their political orientation (political support is indifferent). 

One crucial factor to consider is that this sub-setting offers much less observation than 

the principal analysis and, therefore, the estimate may be biased and not representative. 

With more years and observations, further research should be conducted to fully 

understand the impact of speech on this setting and the mechanisms operating. 

 
20 According to Assunção & Rocha (2019a) this policy was extremally successful, having avoided 
clearing of 11, 218km2 of forest area from 2008 through 2011. 
21 The only municipality that exited the Ministry of the Environment's list in 2019 was Peixoto de 
Azevedo (MT). 
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Table 4. OLS Regressions of Standardized Negative Tweets (%) and Political Support (dummy) on 
Deforestation in Priority Municipalities 

                               (1) (2) (3) (4) (5) (6) (7) 

                               Depvar: Deforestation (% km2)* 
Standardized Negative 
Tweets (%)            
                               

0.2244*** 0.2244*** 0.1756*** 0.1764**    
(0.0370) (0.0370) (0.0568) (0.0738)    
[0.0000] [0.0000] [0.0035] [0.0214]    

Political Support 
(dummy) 
                               

 0.2360  0.2360    
 (0.2742)  (0.2743)    
 [0.3942]  [0.3944]    

2019                           
                                 0.7263***     

  (0.0608)     
  [0.0000]     

Standardized Negative 
Tweets (%) # 2019     
                               

  0.5350***     
  (0.0954)     
  [0.0000]     

Political support 
(dummy) # Standardized 
Negative Tweets (%) 
                               

   0.0681 0.0681 0.0660 0.0808 

   (0.0849) (0.0858) (0.0849) (0.0848) 
   [0.4268] [0.4314] [0.4413] [0.3455] 

Fines (Qty.)                   
                                    0.0003*** 0.0002*** 

     (0.0001) (0.0001) 
     [0.0025] [0.0022] 

Cattle Relative Prices  
                                     0.0001 

      (0.0001) 
      [0.6463] 

Crop Relative Prices 
Index            
                               

      -1.3251*** 

      (0.2703) 
      [0.0000] 

Observations                   1056 1056 1056 1056 1056 1056 1056 
R-squared                      0.024 0.029 0.093 0.029 0.581 0.584 0.589 
Municipality FE                    Yes Yes Yes 
Time FE     Yes Yes Yes 
*The dependent variables have been log transformed (IHS normalization).  
Standard errors clustered at municipal level in parentheses.  
P-values in square brackets and significancy represented as *** p < 0.01, ** p < 0.05, * p < 0. 

 

8.1. Robustness Checks 

The results presented in the previous section indicate that Bolsonaro’s negative 

tweets on socio-environmental issues increase deforestation rates at the municipal level, 

with incremental deforestation in municipalities that elected him. To further explore the 

mechanism hypothesized that goes through the political support of Bolsonaro - meaning 

his words resonate more where he has more support - I explore if the results hold in two 

different settings.  
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First, I re-run the principal analysis and the hypothesized mechanism with a 

continuous measure of political support. The dummy setting is a simplified way to look 

at political support. Hence, if the results hold in a setting using a more flexible and fine-

grained estimator, this could be evidence of the robustness of the analysis. Allowing for 

a non-linear relationship, I created three levels of support: Low (from 0 to 40% of support 

in the second term of 2018 election); medium (from 40 to 60% - omitted); and high (from 

60 to 100%) (Table 5).  

This specific setting yields interesting results. Column 1 remains the same, but 

when I move to column 2, I find that political support is significant, but with opposite 

signs in both low and high scenarios. Following the same pattern, the interaction 

coefficients (columns 4 to 7) are also significant, but with opposite signs, in both settings. 

Looking at the stricter specification, where all controls are in place (column 7), I find that 

one standard deviation in negative tweets, in the high political support for Bolsonaro, is 

associated with an increase of 1.5% in deforestation rates. In the low political support 

scenario, the increase of one standard deviation in negative tweets is associated with – 

0.0339 coefficient (or 3.39% decrease in deforestation rates). The fact that the signal is 

inverted is informative but tricky to interpret. It shows that, as expected, the mechanism 

we propose has the opposite effect in opposite political support scenarios. However, one 

cannot interpret that this negative sign means Bolsonaro tweets stimulates people to 

reforest in municipalities with low political support. The opposite of deforestation is not 

to reforest; it is to abstain from clear-cutting the forest. 
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Table 5. OLS Regressions Standardized Negative Tweets (%) and by levels of Political Support on Overall 
Deforestation 

                               (1) (2) (3) (4) (5) (6) (7) 

                               Depvar: Deforestation (% km2)* 
Standardized Negative 
Tweets (%)            
                               

0.0614*** 0.0614*** 0.0307*** 0.0589***    
(0.0059) (0.0059) (0.0076) (0.0082)    
[0.0000] [0.0000] [0.0001] [0.0000]    

Low Political Support 
(%) 
                               

 -0.2412***      
 (0.0547)      
 [0.0000]      

High Political Support 
(%) 
                               

 
0.2592***      

 (0.0758)      
 [0.0007]      

2019                           
                                 0.2200***     

  (0.0162)     
  [0.0000]     

Standardized Negative 
Tweets (%) # 2019     
                               

  0.2116***     
  (0.0178)     
  [0.0000]     

Low (dummy)    -0.2412***    
   (0.0547)    
   [0.0000]    

Low Political support 
(%) # Standardized 
Negative Tweets (%) 
                               

   -0.0315*** -0.0315*** -0.0317*** -0.0339*** 
   (0.0109) (0.0109) (0.0109) (0.0110) 
   [0.0041] [0.0041] [0.0041] [0.0023] 

High (dummy)    0.2049***    
   (0.0671)    
   [0.0021    

High Political support 
(%) # Standardized 
Negative Tweets (%) 

   0.0143*** 0.0143*** 0.0141*** 0.0150*** 
   (0.0044) (0.0044) (0.0044) (0.0044) 
   [0.0014] [0.0014] [0.0015] [0.0008] 

Fines (Qty.)                   
                                    0.0001 0.0001 

     (0.0001) (0.0001) 
     [0.2417] [0.2373] 

Cattle Relative Prices  
                                     0.0000 

      (0.0000) 
      [0.5637] 

Crop Relative Prices 
Index            
                               

      -0.1689*** 

      (0.0554) 
      [0.0024] 

Observations                   11352 11352 11352 11352 11352 11352 11352 
R-squared                      0.005 0.066 0.028 0.068 0.570 0.571 0.571 
Municipality FE                    Yes Yes Yes 
Time FE     Yes Yes Yes 
*The dependent variables have been log transformed (IHS normalization).  
Standard errors clustered at municipal level in parentheses.  
P-values in square brackets and significancy represented as *** p < 0.01, ** p < 0.05, * p < 0. 
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Finally, I also created three dummies to determine a subsample of municipalities 

with a “close election” (with 5, 10, and 15% difference between the two candidates) to 

conduct a placebo test. In these municipalities, it could be argued that one or the other 

candidate’s victory was by chance. In these settings, where the political support for one 

or the other candidate is not clear, I expect to find a non-significant political support 

coefficient in all specifications. If the theoretical model and proposed mechanism are 

correct, the coefficient of interest - the interaction of negative tweets and political support 

- will also be non-significant due to the lack of clear political support.  

Table 6 explores three close elections scenarios: where the votes difference 

between the two presidential candidates on the 2018 second term was up to 15%, 10%, 

and 5%. All expected results were confirmed in all three sub-samples. First, the effect of 

the negative tweets interest variable is significant. The increase of one standard deviation 

in negative tweets is associated with an average increase of 8.74%, 7.67%, and 7.87% 

(for the 15%, 10%, and 5% sub-setting) in deforestation rates. Secondly, the political 

support dummy variable's effect is non-significant in all three sub-settings, as expected. 

This lack of significance shows one can not distinguish support for either candidate in 

these municipalities, which confirms these were close elections cases. Finally, negative 

tweets and political support interactions are positive but non-significant in all 

specifications (columns 4 to 7 of all three sub-settings).  

It is worth mentioning that the sample of the analysis decreases, which can be 

problematic, especially in the last sub-setting (5% close election). Nevertheless, the 

placebo test is robust in all three sub-samples and throughout all specifications, indicating 

that the proposed mechanism makes sense: Tweets affect deforestation moderated by 

support, where support is unclear, the effect is non-significant. 
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Table 6. OLS Regressions Standardized Negative Tweets (%) on Overall Deforestation in Close Elections 
Scenarios 

 Close 15 
                               (1) (2) (3) (4) (5) (6) (7) 

                               Depvar: Deforestation (% km2)* 
Standardized 
Negative Tweets (%)            
                               

0.0874*** 0.0874*** 0.0311 0.0678***    
(0.0135) (0.0135) (0.0201) (0.0169)    
[0.0000] [0.0000] [0.1260] [0.0001]    

Political Support 
(dummy) 
                               

 0.1532  0.1532    
 (0.1414)  (0.1415)    
 [0.2821]  [0.2822]    

2019                           
                                 0.3002***     

  (0.0444)     
  [0.0000]     

St. Negative Tweets 
(%) # 2019     
                               

  0.3332***     
  (0.0537)     
  [0.0000]     

Political support 
(dummy) # St. 
Negative Tweets (%) 
                               

   0.0343 0.0343 0.0366 0.0378 

   (0.0260) (0.0261) (0.0260) (0.0260) 
   [0.1903] [0.1928] [0.1630] [0.1495] 

Fines (Qty.)                   
                                    0.0004** 0.0004** 

     (0.0002) (0.0002) 
     [0.0450] [0.0459] 

Cattle Relative 
Prices  
                               

      0.0000 

      (0.0000) 
      [0.3131] 

Crop Relative Prices 
Index  
                               

      -0.1801 

      (0.2842) 
      [0.5281] 

Observations                   1848 1848 1848 1848 1848 1848 1848 
R-squared                      0.009 0.016 0.050 0.016 0.583 0.585 0.585 
Municipality FE                    Yes Yes Yes 
Time FE     Yes Yes Yes 
  Close 10 
                               (1) (2) (3) (4) (5) (6) (7) 
Standardized 
Negative Tweets (%)            
                               

0.0767*** 0.0767*** 0.0154 0.0677***    
(0.0147) (0.0147) (0.0217) (0.0207)    
[0.0000] [0.0000] [0.4819] [0.0019]    

Political Support 
(dummy) 
                               

 0.0550  0.0550    
 (0.1803)  (0.1804)    
 [0.7616]  [0.7616]    

2019                           
                                 0.3029***     

  (0.0542)     
  [0.0000]     

St. Negative Tweets 
(%) # 2019     
                               

  0.3501***     
  (0.0645)     
  [0.0000]     
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Political support 
(dummy) # St. 
Negative Tweets (%) 
                               

   0.0155 0.0155 0.0172 0.0183 

   (0.0290) (0.0292) (0.0292) (0.0289) 
   [0.5957] [0.5987] [0.5583] [0.5299] 

Fines (Qty.)                   
                                    0.0004* 0.0004* 

     (0.0002) (0.0002) 
     [0.0837] [0.0872] 

Cattle Relative 
Prices  
                               

      0.0001 

      (0.0000) 
      [0.1688] 

Crop Relative Prices 
Index  
                               

      -0.1814 

      (0.3189) 
      [0.5718] 

Observations                   1320 1320 1320 1320 1320 1320 1320 
R-squared                      0.006 0.007 0.046 0.007 0.586 0.588 0.588 
Municipality FE                    Yes Yes Yes 
Time FE     Yes Yes Yes 
  Close 5 
                               (1) (2) (3) (4) (5) (6) (7) 

Standardized 
Negative Tweets (%)            
                               

0.0787*** 0.0787*** 0.0110 0.0598**    
(0.0237) (0.0237) (0.0338) (0.0285)    
[0.0026] [0.0026] [0.7483] [0.0451]    

Political Support 
(dummy) 
                               

 0.1267  0.1267    
 (0.2856)  (0.2858)    
 [0.6609]  [0.6611]    

2019                           
                               

  0.3350***     
  (0.0808)     
  [0.0003]     

St. Negative Tweets 
(%) # 2019     
                               

  0.3867***     
  (0.1038)     
  [0.0009]     

Political support 
(dummy) # St. 
Negative Tweets (%) 
                               

   0.0330 0.0330 0.0342 0.0348 

   (0.0452) (0.0459) (0.0458) (0.0450) 
   [0.4719] [0.4789] [0.4617] [0.4454] 

Fines (Qty.)                   
                               

     0.0007*** 0.0007*** 

     (0.0001) (0.0001) 
     [0.0000] [0.0000] 

Cattle Relative 
Prices  
                               

      0.0001 

      (0.0001) 
      [0.3204] 

Crop Relative Prices 
Index  
                               

      -0.6664* 

      (0.3554) 
      [0.0716] 

Observations                   672 672 672 672 672 672 672 
R-squared                      0.006 0.009 0.047 0.009 0.622 0.628 0.629 
Municipality FE                    Yes Yes Yes 
Time FE     Yes Yes Yes 
*The dependent variables have been log transformed (IHS normalization).  
Standard errors clustered at municipal level in parentheses.  
P-values in square brackets and significancy represented as *** p < 0.01, ** p < 0.05, * p < 0. 
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8.2. Limitations and Future Research  

In addition to the limitations of the identification strategy that limits a strong 

causal claim, there are two worth mentioning limitations. First, deforestation is a process; 

therefore, I do not expect deforestation rates to react immediately to tweets the same way 

other real-life outcomes are used by researchers (such as the stock market). Nevertheless, 

most studies that use deforestation as an outcome variable for the analysis use annual data 

and annual lags. To the best of this researcher's knowledge, there was no reference of lags 

for monthly analysis. I tried a few ad hoc combinations, but the results were inconsistent. 

Another limitation is the use of only one researcher to classify the hand-picked data of 

tweets. Ideally, at least two independent researchers would work on the classification, 

revised by a third to solve inconsistencies. 

There are many possibilities for future research. It would be necessary to explore 

further how this process continues as the government of Bolsonaro evolves and test if 

heterogeneous effects depend on the penetration of Twitter on each municipality. With 

more recent years of analysis, it would be interesting to test the effects on a similar but 

more precise dependent variable for deforestation, the Mapbiomas alert database. 

Mapbiomas complements DETER data with other databases on deforestation but is 

available only from November 2018 to the current days. It would also be interesting to 

use big data, instead of hand-picked data, to see the impacts of the socioenvironmental 

theme in general and how it has evolved. FGV/DAPP has a theme monitor with a 

semiotics-oriented methodology. This tool would capture the entire online debate, 

including the interaction of other prominent profiles on the subject, such as the 

Environmental Minister Ricardo Salles and Vice-President General Hamilton Mourão, 

president of the National Council for the Legal Amazon (Conselho Nacional da Amazônia 

Legal - CNAL). 

 

9. Summary and Concluding Remarks 

Social media carries information to more people than ever before, and politicians 

use that as platforms to mark their positions. There is evidence that influential leaders on 

social media can change people’s perceived societal acceptance of beliefs or actions. 

There is also evidence that, especially for newcomers in politics, the repetition of a 
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position is important for reassuring voters of their intention. When this behavior pattern 

(social norm) is changed, you see the effects of these leaders’ speeches on real-life 

outcomes.  

I investigate this process in a very particular setting. This research focuses on 

Brazil during the rise of a new incumbent, Bolsonaro. All of his tweets during 2018, when 

he became a presidential candidate, and 2019, his first year in office, were hand-collected 

and coded. Bolsonaro has an unequivocal speech on environmental issues, which made 

this setting particularly suitable for exploring the potential influence of high-profile 

political leader words on followers’ behavior regarding an environmental outcome.  

My findings are consistent with the proposed mechanism. By using the monthly 

deforestation area at the municipal level as the main outcome and interacting the local 

political support for Bolsonaro with a standardized monthly intensity measure of negative 

tweets on socio-environmental issues, I find significant results. After adding the 

necessary control measures, I find in my principal analysis that the increase of one 

standard deviation on Bolsonaro’s negative tweets’ is associated with an increase of 

7.81% in deforestation rates in municipalities that supported him compared to the 

municipalities that did not.  

I find similar but smaller results in a specific sub-setting of deforestation on 

protected areas (UC’s) and when using a continuous political support measure. In one 

placebo test, where political support was not clear, the association was not found, as 

expected. In one particular sub-sample of analysis, municipalities that differ from the 

average for being subjected to higher deforestation pressures (located in the 

“deforestation arc”), the main coefficient of interest, despite positive and with similar 

magnitude, was found not significant, calling for further research. 

The results indicate that speech can affect environmental outcomes and that there 

is an association between Bolsonaro’s tweets and deforestation, intermediated by his local 

support. The results emphasize the importance of political leaders’ words. By no means, 

as a result of the current research, it is proposed to have any social media censorship. 

However, it is a critical alert that shows that speeches, tweets, and posts are more than 

“just words” and can exert a relevant influence on certain aspects of our daily lives. 

Society needs to be vigilant and not underestimate what is being said.  
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This research contributes to the literature on the impacts of politics and social 

media on real-life outcomes other than the stock market. It is a growing branch of the 

literature still with gaps to fill. To the best of this researcher’s knowledge, this thesis is 

the first effort to analyze the impacts of a leader’s speech on an environmental outcome. 

Given the centrality that environmental issues, especially those related to the climate and 

the Amazon, are getting, and the recent spike in deforestation rate, understanding what 

can influence this behavior and its mechanisms is particularly relevant.  
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APPENDIX 1 
 

Table 9. Data Description of Selected Variables 
Variable Definition 
Deforestation (km2) Monthly deforestation rate at municipal level 

Deforestation in UC (km2) Monthly deforestation rate in protected areas at municipal level 

Negative Tweets (%) 
Monthly percentage of negative tweets about 
socioenvironmental issues of the official account of Bolsonaro 
as a measure of intensity 

Political Support (dummy) Dummy that indicated if Bolsonaro won the 2018 election (2nd 
turn) in that municipality 

Political Support (Continuous) 
(%) 

Percentage of support for Bolsonaro in that municipality in the 
2018 election (2nd turn) 

Fines (Qty.) Sum of the number of fines issued by month at the municipal 
level 

Cattle Relative Prices Monthly Index prices for each municipality of the cattle 

Crop Relative Prices Index Monthly Index prices for each municipality of the main 
agricultural products   

Close Elections 5/10/15 
(dummy) 

Dummy variables created to sub-sample the panel to select only 
municipalities with "close elections", where the difference 
between the two presidential candidates was equal or smaller 
than 5%, 10% or 15%. 

 


