
 1

 
 
 
 
 
 
 
 
 
 
 
 
 
Online Appendix:  
 
Does Voting Have Upstream and Downstream Consequences? Regression Discontinuity Evidence 
of the Transformative Voting Hypothesis 
 
By John Holbein and Marcos A. Rangel  
 
Journal of Politics  
 
 
 
  



 2

1. Observational Evidence: Motivating our Causal Identification Strategy 
In this paper, we build on a body of observational research, which provides some support for the TVH by 
showing that those who vote are more politically efficacious; attentive; informed; and likely to volunteer, belong, 
and donate (Blakely, Kennedy, and Kawachi 2001; Finkel 1985; Helliwell and Putnam 2007; Klar and Kasser 
2009; Putnam 1995; Rosenstone and Hansen 1993; Verba, Schlozman, and Brady 1995). We reproduce some 
descriptive evidence consistent with this previous research in Table A.0a and A.0b, based on simple bivariate 
relationships between voting and a variety of civic attitudes and behaviors from the American National Election 
Study (ANES) and the Brazilian Electoral Study.  
 
As can be seen, across a variety of measures of civic engagement in both countries, voting is a strong predictor. 
In all cases in the United States, these estimates are statistically significant at high levels (p < 0.01) and are 
substantively large—representing coefficients as large as 70% of a standard deviation (political interest). The 
same holds true in Brazil, with those voting scoring noticeably higher on various measures of political efficacy, 
interest, memberships, and other civic attitudes. These estimates are also sizable, ranging to 15-28% of a 
standard deviation. If nothing else, these observational results suggest that voting might be picking up on some 
broader sense of civic engagement. 
 
Based on this evidence—and previous observational research—one might (naively) conclude that voting has a 
strong effect on broader civic attitudes and behaviors. As we mention in the paper, some in the popular press 
and academe have done so. However, the evidence just cited is entirely correlational in nature—leaving open 
the possibility of bias from unobserved factors such as the complex set of underlying individual motivations 
driving both voting and broader civic attitudes/behaviors. This motivates our use of the causal identification 
strategy that we use in the paper. 
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Table A.0a: Bivariate Relationship Between Voting and Civic Attitudes and Behaviors (ANES, 1948-2012) 

 [1] 
Political 
Interest 
(1-3) 

[2] 
Political 

Knowledge 
(0-1) 

[3] 
Member 
(Union) 
(0-1) 

[4] 
Member 
(Club) 
(0-1) 

[5] 
Discuss 
Politics 
(0-7) 

[6] 
Donate 
Money 
(0-1) 

[7] 
Political 
Efficacy 
(0-100) 

[8] 
Social Trust 

(0-1) 

[9] 
Tolerance 

(1-5) 

Vote 
(0-1, self) 

0.50*** 
[0.49, 0.52] 
(67.2%) 

0.29*** 
[.28, .30] 
(58.2%) 

0.03*** 
[0.02, 0.04] 
(7.6%) 

0.04*** 
[0.04, 0.05] 
(23.9%) 

1.24*** 
[1.2, 1.3] 
(52.2%) 

0.10*** 
[0.10, 0.11] 
(33.3%) 

15.7*** 
[14.8, 16.6] 
(37.5%) 

0.21*** 
[0.19, 0.22] 
(41.0%) 

-0.20*** 
[-0.24, -0.16] 
(-16.2%) 

Vote 
(0-1, 
validated) 

0.40*** 
[0.38, 0.43] 
(53.6%) 

0.22*** 
[0.21, .24] 
(45.2%) 

0.03*** 
[0.02, 0.05] 
(8.5%) 

0.04*** 
[0.03, 0.05] 
(21.8%) 

0.75*** 
[0.62, 0.88] 
(31.6%) 

0.07*** 
[0.06, 0.09] 
(24.7%) 

12.6*** 
[11.0, 14.1] 
(30.0%) 

0.15*** 
[0.11, 0.19] 
(29.5%) 

-0.17*** 
[-0.26, -0.09] 
(-14.3%) 

Notes: Table 1 shows bivariate relationship between voting (self-reported and validated) and several civic attitudes and behaviors (ranges reported in 
parentheses below variable names). Source: ANES cumulative data file (1948-2012; excepting 1950, 2006, 2010). Table shows point estimates (with 
statistical significance: *** p < 0.01, ** p < 0.05, * p < 0.10), 95% confidence intervals (in brackets), and coefficients as a percent of a standard 
deviation (in parentheses). Measures (and variable names) come from following waves: Self-Reported Vote (VCF0702: 1948, 1952, 1956-2012), 
Validated Vote (VCF9155: 1964, 1976, 1978, 1980, 1984, 1986, 1988, 1990), Political Interest (VCF0310: 1952, 1956, 1958-1972, 1976-2012), Political 
Knowledge (VCF0729: 1958-1960, 1964-1972, 1976-2012), Member Union (VCF0127: 1948-1960, 1964-2012), Member Club (VCF0743: 1952, 1956, 
1960, 1962, 1964, 1968, 1970, 1978-1982), Discuss Politics (VCF0733: 1984. 1986, 1990-2012), Donate Money (VCF0721: 1952, 1956, 1960-1968, 
1972-2012), Political Efficacy (VCF0648: 1952, 1956, 1960-2012), Social Trust (VCF0619: 1964-1968, 1972-1976, 1992, 1996, 1998-2008), Tolerance 
(VCF0854: 1986-2000, 2004-2012). 
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Table A.0b: Bivariate Relationship Between Voting and Civic Attitudes/Behaviors (Brazilian Electoral Study, 2006-2010) 

  [1] [2] [3] [4] [5] [6] [7] [8] [9] 

 

Political 
Efficacy  
(1-5) 

Politician 
chosen 

influences 
outcomes  

(1-5) 

Political 
Interest 
(0-1)  

Democracy is 
better than 
dictatorship 

(0-1) 

Member of 
union 
(0-1) 

Political 
knowledge 

(0-4) 

Trust 
Congress 
(1-6) 

Trust courts 
(1-6) 

Would vote 
even if not 
compulsory 

(0-1) 

           

Vote 0.25*** 0.50*** 0.044** 0.085** 0.05*** 0.108 -0.05 -0.04 0.123*** 

(0-1, self) [0.06, 0.44] [0.21,0.80] [0.01,0.08] [0.02,0.15] [0.02,0.08] [-0.03,0.25] [-0.28,0.18] [-0.27,0.19] [0.06,0.19] 

 (20.8%) (28.2%) (14.7%) (19.8%) (16.7%) (12.2%) (1.0%) (2.6%) 24.0% 

N 2794 2784 2820 2820 2820 2820 2614 2733 2614 

Notes: Table shows bivariate relationship between voting (self-reported) and several civic attitudes and behaviors (ranges reported in parentheses below variable 
names). Source:  Brazilian Electoral Study (2006-2010). Table shows point estimates (with statistical significance: *** p < 0.01, ** p < 0.05, * p < 0.10), 95% 
confidence intervals (in brackets), and coefficients as a percent of a standard deviation (in parentheses). Sample restricted to those between the ages of 18-70; 
results do not change with a different age range. Political efficacy is measured using an item that asks to what extent individuals believe that their vote influences 
political outcomes. Political Interest measured using an item that asks whether the individual closely followed the past election. 
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2. Justification for our Methodological Approach 
In order to study voting’s upstream and downstream effects convincingly, we could use interventions that 
randomly assign individuals to programs that encourage voting or we could use quasi-experimental shocks that 
naturally assign individuals to higher or lower turnout conditions. We briefly outline the advantages and 
disadvantages of these approaches here.  
 
First, we note that any causal approach has to deal with making a distinction between estimating the effect of 
voting itself vs. the effect of the push to vote. Instrumental variables, non-random policy changes, 
discontinuities, or field experiments all rely on some form of exogenous push to vote. While this is technically 
speaking, ultimately, an unavoidable issue, we argue that some identification strategies are better situated than 
others for separating the push vs. the act.1  
 
Get-out-the-vote (GOTV) interventions—the most common means of increasing turnout—face several 
distinct challenges in studying the upstream and downstream consequences of voting. First, these may not have 
a large enough effect on voting to see broader effects on citizen attitudes and behaviors, if these indeed exist. 
After all, large effects from GOTV studies are relatively rare—with a typical intervention increasing turnout by 
around than 1-3 percentage points, depending on the medium and method used (Bedola and Michelson 2012; 
Gerber and Green 2008; Green, McGrath, and Aronow 2013). Second, GOTV interventions may be especially 
susceptible to the problem of distinguishing the push to vote vs. the act of voting itself. Using a GOTV 
intervention to study the broader effects of voting might leave the lingering question of whether effects 
estimated reflect the broader consequences of voting per se, or of exposure to the intervention itself. For 
example, if a GOTV campaign increases turnout by giving voters information about the election or the broader 
political system, any spillover effects on political knowledge may not be attributable to increases in turnout, but 
rather to the intervention itself.2 These challenges don’t make it completely impossible to use GOTV studies 
to explore the TVH, they simply constrain this potential approach.  
 
Similarly, many quasi-experimental studies that leverage naturally occurring exogenous variation in voter 
turnout—such as those that use instruments like rainfall (e.g., Fujiwara, Meng, and Vogl 2016; Henderson and 
Brooks 2016) or natural disasters (e.g. Healy and Malhotra 2009)—may not be ideally situated to fully 
understand the broader consequences of voting. While these have the distinct virtue of being somewhat 
divorced from concerns about the intervention’s direct effects on non-voting outcomes, they are limited in 
their ability to trace upstream effects. Under the types of scenarios used in these studies, it is extremely unlikely 
that people will anticipate their exogenous assignment to the treatment condition, thus making upstream effects 
implausible. Moreover, as some have observed, events like rainfall may have direct effects on civic attitudes and 
behaviors independent of effects on voter turnout (see Meier, Schmid, and Stutzer 2016). 
 
With the constraints on other potential designs in mind, the approach we use employs voting eligibility cutoffs 
as instruments for turnout. More specifically, it makes two comparisons: first, between individuals marginally 
old enough to be exposed to voluntary voting and those who are marginally ineligible to vote and second, 
between those who are marginally old enough to be exposed to compulsory voting and those who are just 
marginally too young and who are exposed to voluntary voting. These two allow us to separate that act of 
voting as opposed to the push to voting, as much as is possible with methods for causal inference. We note 
here that ours has the distinct advantage of skirting the issues just described by being conducive to a causal 
identification strategy (a regression discontinuity design), being somewhat unique in the size of its effect on 
voter turnout, having the treatment be as closely linked to the act of voting as is possible, being theoretically 
linked to potential upstream and downstream effects, and being pervasive enough for people to anticipate 

                                                 
1 The literature on whether voting is “habitual” also has to grapple with this exact same issue. To be clear, 

we are not saying this is a weakness for this literature; we are simply pointing out that this is an inherent 

constraint. 
2 The same can be said for interventions using social pressure to explore potential downstream effects on 

social awareness. 
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exposure and, as a result, to potentially elicit upstream effects. (The compulsory voting analysis also comes with 
the auxiliary benefit of speaking to the salient policy debate discussed earlier.) For these reasons, among the 
potential empirical techniques that we could use to elicit voting’s upstream and downstream consequences, we 
argue that the combination of eligibility cutoffs we employ here are well situated to answer the question at 
hand.  
 
Table A.0c lays out in plains terms what, exactly, our treatment and sample are for the upstream and 
downstream explorations. By upstream, we mean an anticipatory effect that (potentially) comes as one who is 
about to be exposed to a treatment. By downstream, we mean the indirect consequences of a targeted 
intervention (in this case the voting eligibility cutoffs we explore).  
 

Table A.0c: Operationalizing Upstream and Downstream Treatments 
Outcomes of Interest Upstream Downstream 

Political Interest, Political 
Knowledge, Associational 
Memberships, Social Awareness 

Sample: those who took the ENEM 
2 months before the election. 
 
Treatment: in Brazil, the effect of 
being marginally eligible (based on 
date-of-birth) to voluntary vote 
(compared to not being eligible to 
vote at all) or to be under a 
compulsory voting system 
(compared to those under a 
voluntary voting system) on our 
outcomes of interest before the 
election occurs. This treatment is 
not available in the U.S. 

Sample: those who took the ENEM 
(10 months)/ACT (1 month) after 
the election.3 
 
Treatment: in Brazil, the effect of 
being marginally eligible (based on 
date-of-birth) to voluntary vote 
(compared to not being eligible to 
vote at all) or to be under a 
compulsory voting system 
(compared to those under a 
voluntary voting system) on our 
outcomes of interest after the 
election occurs. In the U.S. the 
effect of being marginally eligible 
(based on date-of-birth) to 
voluntary vote (compared to not 
being eligible to vote at all). 

Note: the same exact battery is administered in the upstream and downstream surveys. Hence, while the 
timing and nature of the treatments vary, the outcome measures are the same.  

                                                 
3 Note that in one specification (voluntary voting for 2004 paired with the upstream measures in 2006), 

we are able to look at downstream effects as far as 2 years downstream. 
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2. Summary Statistics 

 
Table A.1 Voluntary Voting Summary Statistics (Brazil) 

Variable N2006 µ2006 σ2006 N2007 µ2007 σ2007 

Political Interest 14,801 0.76 0.21 151,846 0.74 0.21 
Perceive Discrimination 14,801 -0.11 0.94 151,846 -0.13 0.95 
Suffer Discrimination 14,801 -0.16 0.92 151,846 -0.20 0.92 
Tolerance 14,801 0.01 0.84 151,846 0.07 0.79 
Social Awareness 14,801 -0.05 1.05 151,846 0.01 1.03 
Political Knowledge 14,801 0.08 1.14 151,846 0.05 1.07 
Memberships (MCA) 14,801 -0.08 1.12 151,846 -0.13 1.20 
Memberships (Any) 14,801 0.65 0.48 151,846 0.61 0.49 
Memberships (Mean) 14,801 0.14 0.14 151,846 0.13 0.14 

Survey non-response 14,801 0.01 0.03 151,846 0.01 0.04 
Male 14,801 0.32 0.47 151,846 0.36 0.48 
White 14,801 0.62 0.49 151,846 0.59 0.49 
Brown 14,801 0.28 0.45 151,846 0.31 0.46 
Black 14,801 0.04 0.21 151,846 0.06 0.23 
Asian 14,801 0.05 0.22 151,846 0.03 0.17 
Indigenous 14,801 0.00 0.06 151,846 0.00 0.06 
No race 14,801 0.01 0.08 151,846 0.01 0.09 
Lives with father 14,801 0.78 0.41 151,846 0.75 0.43 
Lives with mother 14,801 0.93 0.25 151,846 0.92 0.27 
Lives with siblings 14,801 0.77 0.42 151,846 0.76 0.42 
Home owned 14,801 0.83 0.37 151,846 0.81 0.40 
Home on paved road 14,801 0.83 0.38 151,846 0.79 0.41 
Home has access to water 14,801 0.98 0.15 151,846 0.97 0.16 
Home has electricity 14,801 0.99 0.11 151,846 0.99 0.11 
Missing household size 14,801 0.00 0.06 151,846 0.00 0.06 
Father’s education missing 14,801 0.04 0.20 151,846 0.05 0.22 
Father has college degree 14,801 0.31 0.46 151,846 0.18 0.39 
Mother's education missing 14,801 0.01 0.12 151,846 0.01 0.12 
Mother has college degree 14,801 0.36 0.48 151,846 0.23 0.42 
Household has ≥ 1 television 14,801 0.99 0.11 151,846 0.99 0.11 
Household has ≥ 1 radio  14,801 0.93 0.25 151,846 0.91 0.29 
Household has ≥ 1 computer 14,801 0.37 0.48 151,846 0.40 0.49 
Household has ≥ 1 car 14,801 0.30 0.46 151,846 0.38 0.48 
Household has ≥ 1 wash machine 14,801 0.23 0.42 151,846 0.23 0.42 
Household has ≥ 1 fridge 14,801 0.99 0.12 151,846 0.98 0.13 
Household has ≥ 1 cell phone 14,801 0.79 0.41 151,846 0.72 0.45 
Household has internet 14,801 0.56 0.50 151,846 0.50 0.50 
Complete primary school < 8 years 14,801 0.16 0.37 151,846 0.13 0.34 
Mother public employee 14,801 0.27 0.45 151,846 0.22 0.41 
Father public employee 14,801 0.17 0.38 151,846 0.15 0.36 
Mother agriculture employee 14,801 0.04 0.19 151,846 0.06 0.23 
Father agriculture employee 14,801 0.15 0.35 151,846 0.16 0.37 
Missing mother employment info. 14,801 0.01 0.09 151,846 0.01 0.10 
Missing father employment info. 14,801 0.03 0.17 151,846 0.04 0.19 
Attended public schools in primary 14,801 0.42 0.49 151,846 0.61 0.49 
Individual a senior in HS 14,801 0.17 0.38 151,846 0.76 0.43 
ENEM Score Objective (z-score) 14,801 0.50 1.14 151,846 0.36 1.02 
ENEM Score Essay (z-score) 14,801 0.28 0.97 151,846 0.24 0.96 
ENEM Score Pronounce (z-score) 14,801 0.48 1.06 151,846 0.36 0.99 
Reads comic books 14,767 2.13 0.34 151,515 2.10 0.30 
Reads science magazines 14,768 2.08 0.27 151,464 2.07 0.25 
Reads romance/fiction books 14,789 2.33 0.47 151,597 2.26 0.44 
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Table A.2 Compulsory Voting Summary Statistics (Brazil) 

Variable N2006 µ2006 σ2006 
N2007 µ2007 σ2007 

Political Interest 215,708 0.77 0.21 134629 0.77 0.21 

Perceive Discrimination 215,708 -0.04 0.95 134629 -0.02 0.99 

Suffer Discrimination 215,708 -0.08 0.94 134629 -0.04 0.98 

Tolerance 215,708 0.02 0.87 134629 0.04 0.91 

Social Awareness 215,708 -0.02 1.02 134629 0.00 1.01 

Political Knowledge 215,708 0.04 1.06 134629 0.00 1.01 

Memberships (MCA) 215,708 -0.18 1.11 134629 -0.12 1.30 

Memberships (Any) 215,708 0.61 0.49 134629 0.60 0.49 

Memberships (Mean) 215,708 0.12 0.13 134,629 0.13 0.15 

Survey non-response 215,708 0.01 0.04 134,629 0.02 0.05 

Male 215,708 0.37 0.48 134,629 0.36 0.48 

White 215,708 0.49 0.50 134,629 0.43 0.49 

Brown 215,708 0.37 0.48 134,629 0.40 0.49 

Black 215,708 0.09 0.29 134,629 0.11 0.31 

Asian 215,708 0.03 0.18 134,629 0.05 0.21 

Indigenous 215,708 0.01 0.08 134,629 0.01 0.09 

No race 215,708 0.01 0.09 134,629 0.01 0.09 

Lives with father 215,708 0.70 0.46 134,629 0.63 0.48 

Lives with mother 215,708 0.89 0.31 134,629 0.84 0.37 

Lives with siblings 215,708 0.77 0.42 134,629 0.74 0.44 

Home owned 215,708 0.79 0.41 134,629 0.77 0.42 

Home on paved road 215,708 0.79 0.40 134,629 0.76 0.43 

Home has access to water 215,708 0.97 0.17 134,629 0.95 0.22 

Home has electricity 215,708 0.99 0.12 134,629 0.98 0.14 

Missing household size 215,708 0.00 0.06 134,629 0.00 0.06 

Father’s education missing 215,708 0.07 0.26 134,629 0.08 0.28 

Father has college degree 215,708 0.12 0.33 134,629 0.09 0.28 

Mother's education missing 215,708 0.02 0.14 134,629 0.02 0.15 

Mother has college degree 215,708 0.15 0.36 134,629 0.11 0.32 

Household has ≥ 1 television 215,708 0.98 0.13 134,629 0.98 0.15 

Household has ≥ 1 radio  215,708 0.91 0.28 134,629 0.87 0.34 

Household has ≥ 1 computer 215,708 0.57 0.50 134,629 0.59 0.49 

Household has ≥ 1 car 215,708 0.51 0.50 134,629 0.59 0.49 

Household has ≥ 1 wash machine 215,708 0.32 0.46 134,629 0.40 0.49 

Household has ≥ 1 fridge 215,708 0.98 0.15 134,629 0.96 0.20 

Household has ≥ 1 cell phone 215,708 0.70 0.46 134,629 0.61 0.49 

Household has internet 215,708 0.36 0.48 134,629 0.32 0.47 

Complete primary school < 8 years 215,708 0.13 0.33 134,629 0.14 0.35 

Mother public employee 215,708 0.18 0.38 134,629 0.17 0.37 

Father public employee 215,708 0.14 0.35 134,629 0.13 0.34 

Mother agriculture employee 215,708 0.05 0.21 134,629 0.07 0.26 

Father agriculture employee 215,708 0.15 0.36 134,629 0.20 0.40 

Missing mother employment info. 215,708 0.01 0.11 134,629 0.01 0.11 

Missing father employment info. 215,708 0.05 0.23 134,629 0.06 0.24 

Attended public schools in primary 215,708 0.71 0.45 134,629 0.77 0.42 

Individual a senior in HS 215,708 0.65 0.48 134,629 0.26 0.44 

ENEM Score Objective (z-score) 215,708 0.21 1.07 134,629 0.05 1.04 

ENEM Score Essay (z-score) 215,708 0.14 0.98 134,629 0.08 0.99 

ENEM Score Pronounce (z-score) 215,268 0.20 1.04 134,629 0.07 1.03 

Reads comic books 215,268 2.11 0.31 134,261 2.09 0.29 

Reads science magazines 215,129 2.07 0.25 134,226 2.07 0.26 

Reads romance/fiction books 215,402 2.25 0.43 134,339 2.24 0.43 
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Table A.3 Voluntary Voting Summary Statistics (U.S.) 

Variable N2016 µ2016 σ2016 

Survey non-response 10,321 0.28 0.36 

White 10,111 0.21 0.41 

Mother’s Education 8,897 4.47 2.14 

Father’s Education 8,558 4.27 2.27 

Family Income 8,039 4.34 2.69 

Female 10,321 0.65 0.48 

Grade 10,321 11.54 0.57 

HS Grad Year 10,321 2017.43 0.61 

HS GPA 9,649 6.39 0.91 

HS Rank 8,655 1.64 0.80 

Took US History 10,112 0.94 0.23 

Took World History 10,111 0.89 0.31 

Took Other History 10,106 0.25 0.43 

Took Am. Government  10,110 0.57 0.50 

Took Geography 10,109 0.43 0.49 

Grade in US History | Taking Course 8,026 3.53 0.69 

Grade in World History | Taking Course 7,967 3.55 0.68 

Grade in Other History | Taking Course 1,902 3.65 0.60 

Grade in Am. Gov. | Taking Course 4,066 3.56 0.68 

Grade in Geography | Taking Course 3,718 3.61 0.65 

HS Enrollment Size 9,059 4.01 1.51 

Took Advanced Social Studies 10,321 0.48 0.50 

# Semesters Social Studies 9,393 6.34 1.66 

Overall HS GPA 9,327 3.48 0.51 

Public High School 9,826 0.89 0.31 

ACT Composite Score 10,108 22.30 5.46 

ACT Score English 10,113 22.03 6.75 

ACT Score Math 10,111 22.03 5.58 

ACT Score Reading 10,113 22.51 6.39 
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3. Specification Checks 
 
3a. Covariate Balance 
Out of the 201 tests run (43 covariates in the Brazil data * 4 cutoffs + 29 covariates in the ACT data), only 14 
(6.9%) are significant at the 5% level. This is only slightly more than what we would expect by random 
chance—suggesting balance at the discontinuities used in the paper. Moreover, the imbalances that we do 
observe are quite small; of the 14 covariates that show some sign of statistical imbalance, the | median | 
effect suggests a 2.1% change in the probability of that outcome at the cutoff (all imbalanced variables are 
dichotomous). Overall, this alone suggests balance, with this broader conclusion not being model specific.4  
 
Further, we must adjust for the fact that covariate balance tests force us to make multiple comparisons: thus, 
presenting us with the possibility that some of our coefficients will be significant just by chance. To adjust for 
this possibility, we do two things. First, we use the Bonferroni and Sidak adjusted significance thresholds. For 
Bonferroni adjustments, the critical p-value when looking at k dependent variables is p/k, which equals 

0.000694 in this case. For Sidak adjustments, the critical p-value is 1 – (1 – p)
(1/k)

, which equals 0.000712. By 
this standard only 1/201 (0.5%) tests (Missing household size, voluntary voting downstream) shows sign of 
imbalance.  
 
Second, we perform a joint significance test for each of the cutoffs. As in an experiment, this involves 
predicting the treatment variable with all of the covariates tested for balance, with the exception of the 
inclusion of the running variable also as a control. With this test, we show balance across the compulsory 
voting upstream (p = 0.29), compulsory voting downstream (p = 0.67), voluntary voting upstream (p = 0.90), 
voluntary voting downstream (p = 0.12), and the voluntary voting downstream USA (p = 0.91). These tests 
suggest that we cannot rule out the possibility that our covariate estimates are all 0 (i.e. that we have balance). 
 
Overall, this suggests that the exact date of birth discontinuities we use in the paper sort individuals in an as-
good-as random manner, suggesting there are useful for making causal inferences.5  

                                                 
4 Results from RDD models with a local linear specification (as in the text). The conclusions of balance 

do not change if we look at higher order polynomials or nonparametric specifications.  
5 At the time of the election, individuals differ in their exposure to driver’s licenses (Brazil, voluntary) 

and exposure to potential criminal prosecution (Brazil, compulsory; and United States, voluntary). 

However, this is not the case at the time of the upstream and downstream surveys. Hence, when our 

outcomes are measured, both groups are equalized on these dimensions.  
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Table A.4: Covariate Balance at the Brazil Compulsory Voting Cutoff (Upstream) 

Variable β p Variable β p 

Survey non-response 0.000 0.837 Household has ≥ 1 computer -0.004 0.756 

Male -0.010 0.254 Household has ≥ 1 car -0.004 0.632 

White 0.003 0.820 Household has ≥ 1 wash machine -0.001 0.867 

Brown -0.005 0.615 Household has ≥ 1 fridge -0.001 0.888 

Black 0.008 0.045 Household has ≥ 1 cell phone -0.011 0.211 

Asian -0.006 0.222 Household has internet 0.005 0.684 

Indigenous -0.002 0.303 Complete primary school < 8 years 0.015 0.033 

No race 0.002 0.232 Mother public employee 0.004 0.623 

Lives with father -0.003 0.820 Father public employee 0.003 0.694 

Lives with mother 0.006 0.278 Mother agriculture employee 0.000 0.964 

Lives with siblings 0.000 0.944 Father agriculture employee 0.010 0.165 

Home owned 0.003 0.702 Missing mother employment info. -0.001 0.530 

Home on paved road 0.000 0.996 Missing father employment info. 0.002 0.630 

Home has access to water 0.000 0.883 Attended public schools in primary 0.000 0.969 

Home has electricity 0.001 0.528 Individual a senior in HS -0.031 0.002 

Missing household size -0.001 0.268 Cognitive ability, objective -0.040 0.085 

Father’s education missing -0.001 0.839 Cognitive ability, essay -0.025 0.306 

Father has college degree 0.006 0.282 Cognitive ability, objective/essay -0.039 0.123 

Mother's education missing 0.000 0.737 Reads comic books 0.010 0.122 

Mother has college degree -0.005 0.575 Reads science magazines 0.005 0.238 

Household has ≥ 1 television 0.007 0.007 Reads romance/fiction books -0.004 0.787 

Household has ≥ 1 radio 0.010 0.100 Joint Significance, p=0.29 

Notes: RDD estimates of covariate balance from rdrobust command in Stata. Standard errors clustered at the 
level of the discrete running variable (Lee and Lemieux 2010; Schochet et al. 2010). The first numerical column 
in each panel displays the treatment effect; the second displays corresponding p-value for this statistic. Models 
use the optimal bandwidth, local linear regression, bias-correction, and robust standard errors specified by 
Calonico, Cattaneo, and Titiunik (2014).  
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Table A.5: Covariate Balance at the Brazil Compulsory Voting Cutoff (Downstream) 

Variable β p Variable β p 

Survey non-response 0.002 0.119 Household has ≥ 1 computer 0.017 0.171 

Male 0.020 0.152 Household has ≥ 1 car -0.002 0.878 

White -0.010 0.419 Household has ≥ 1 wash machine -0.011 0.360 

Brown 0.006 0.583 Household has ≥ 1 fridge -0.004 0.515 

Black -0.001 0.857 Household has ≥ 1 cell phone -0.016 0.239 

Asian 0.005 0.362 Household has internet -0.014 0.207 

Indigenous -0.002 0.506 Complete primary school < 8 years -0.001 0.960 

No race 0.001 0.562 Mother public employee -0.016 0.022 

Lives with father -0.008 0.612 Father public employee -0.012 0.138 

Lives with mother -0.013 0.186 Mother agriculture employee 0.015 0.017 

Lives with siblings -0.003 0.766 Father agriculture employee 0.012 0.385 

Home owned 0.001 0.919 Missing mother employment info. 0.007 0.006 

Home on paved road 0.000 0.943 Missing father employment info. 0.009 0.212 

Home has access to water -0.009 0.091 Attended public schools in primary 0.013 0.172 

Home has electricity 0.000 0.905 Individual a senior in HS 0.014 0.219 

Missing household size 0.000 0.845 Cognitive ability, objective 0.005 0.816 

Father’s education missing 0.009 0.202 Cognitive ability, essay -0.036 0.128 

Father has college degree -0.002 0.789 Cognitive ability, objective/essay -0.010 0.653 

Mother's education missing 0.003 0.504 Reads comic books -0.006 0.264 

Mother has college degree -0.026 0.002 Reads science magazines 0.006 0.433 

Household has ≥ 1 television 0.005 0.209 Reads romance/fiction books 0.000 0.994 

Household has ≥ 1 radio 0.003 0.697 Joint Significance, p=0.67 

Notes: RDD estimates of covariate balance from rdrobust command in Stata. Standard errors clustered at the 
level of the discrete running variable (Lee and Lemieux 2010; Schochet et al. 2010). The first numerical column 
in each panel displays the treatment effect; the second displays corresponding p-value for this statistic. Models 
use the optimal bandwidth, local linear regression, bias-correction, and robust standard errors specified by 
Calonico, Cattaneo, and Titiunik (2014). 
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Table A.6: Covariate Balance at the Brazil Voluntary Voting Cutoff (Upstream) 

Variable β p Variable β p 

Survey non-response -0.001 0.426 Household has ≥ 1 computer 0.021 0.685 

Male -0.015 0.713 Household has ≥ 1 car -0.012 0.796 

White 0.055 0.197 Household has ≥ 1 wash machine -0.047 0.147 

Brown 0.000 0.991 Household has ≥ 1 fridge 0.002 0.697 

Black -0.015 0.246 Household has ≥ 1 cell phone 0.024 0.616 

Asian -0.021 0.196 Household has internet -0.001 0.985 

Indigenous -0.002 0.714 Complete primary school < 8 years 0.062 0.014  

No race 0.000 0.989 Mother public employee 0.039 0.361 

Lives with father 0.037 0.255 Father public employee 0.022 0.398 

Lives with mother 0.006 0.742 Mother agriculture employee 0.022 0.155 

Lives with siblings -0.029 0.415 Father agriculture employee -0.029 0.349 

Home owned 0.016 0.494 Missing mother employment info. 0.004 0.574 

Home on paved road 0.010 0.746 Missing father employment info. -0.023 0.061 

Home has access to water -0.004 0.647 Attended public schools in primary 0.029 0.495 

Home has electricity 0.003 0.635 Individual a senior in HS 0.016 0.525 

Missing household size 0.000 0.664 Cognitive ability, objective -0.074 0.422 

Father’s education missing 0.000 0.994 Cognitive ability, essay 0.084 0.333 

Father has college degree 0.014 0.718 Cognitive ability, objective/essay 0.022 0.807 

Mother's education missing -0.012 0.140 Reads comic books 0.034 0.131 

Mother has college degree 0.011 0.790 Reads science magazines 0.082 0.008 

Household has ≥ 1 television -0.006 0.301 Reads romance/fiction books 0.025 0.307 

Household has ≥ 1 radio 0.023 0.321 Joint Significance, p=0.904 

Notes: RDD estimates of covariate balance from rdrobust command in Stata. Standard errors clustered at the 
level of the discrete running variable (Lee and Lemieux 2010; Schochet et al. 2010). The first numerical column 
in each panel displays the treatment effect; the second displays corresponding p-value for this statistic. Models 
use the optimal bandwidth, local linear regression, bias-correction, and robust standard errors specified by 
Calonico, Cattaneo, and Titiunik (2014). 
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Table A.7: Covariate Balance at the Brazil Voluntary Voting Cutoff (Downstream) 

Variable β p Variable β p 

Survey non-response -0.001 0.179 Household has ≥ 1 computer -0.017 0.187 

Male 0.014 0.251 Household has ≥ 1 car 0.021 0.231 

White -0.029 0.028 Household has ≥ 1 wash machine 0.008 0.324 

Brown 0.036 0.015 Household has ≥ 1 fridge -0.001 0.637 

Black -0.003 0.544 Household has ≥ 1 cell phone 0.017 0.152 

Asian 0.002 0.687 Household has internet 0.016 0.237 

Indigenous 0.000 0.830 Complete primary school < 8 years -0.004 0.555 

No race 0.000 0.967 Mother public employee 0.006 0.614 

Lives with father -0.009 0.338 Father public employee 0.002 0.838 

Lives with mother -0.004 0.627 Mother agriculture employee -0.002 0.680 

Lives with siblings -0.015 0.079 Father agriculture employee -0.016 0.148 

Home owned -0.008 0.451 Missing mother employment info. 0.001 0.792 

Home on paved road 0.013 0.287 Missing father employment info. -0.007 0.192 

Home has access to water 0.005 0.183 Attended public schools in primary -0.019 0.169 

Home has electricity 0.001 0.675 Individual a senior in HS 0.000 0.942 

Missing household size -0.005 0.000 Cognitive ability, objective -0.013 0.690 

Father’s education missing -0.010 0.111 Cognitive ability, essay -0.011 0.561 

Father has college degree 0.005 0.701 Cognitive ability, objective/essay -0.014 0.565 

Mother's education missing 0.000 0.925 Reads comic books -0.004 0.515 

Mother has college degree 0.000 0.993 Reads science magazines -0.003 0.487 

Household has ≥ 1 television 0.001 0.817 Reads romance/fiction books -0.002 0.844 

Household has ≥ 1 radio -0.003 0.641 Joint Significance, p=0.12 

Notes: RDD estimates of covariate balance from rdrobust command in Stata. Standard errors clustered at the 
level of the discrete running variable (Lee and Lemieux 2010; Schochet et al. 2010). The first numerical column 
in each panel displays the treatment effect; the second displays corresponding p-value for this statistic. Models 
use the optimal bandwidth, local linear regression, bias-correction, and robust standard errors specified by 
Calonico, Cattaneo, and Titiunik (2014). 
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Table A.8: Covariate Balance at the U.S. Voluntary Voting Cutoff (Downstream) 

Variable β p Variable β p 

Survey non-response 0.010 0.549 Grade in US History -0.034 0.438 

White 0.014 0.525 Grade in World History 0.008 0.847 

Mother’s Education -0.236 0.060 Grade in Other History -0.031 0.641 

Father’s Education -0.090 0.426 Grade in Am. Government  -0.030 0.534 

Family Income 0.215 0.162 Grade in Geography -0.016 0.762 

Female -0.010 0.755 HS Enrollment Size -0.065 0.498 

Grade -0.008 0.513 Took Advanced Social Studies -0.026 0.292 

HS Grad Year -0.008 0.610 # Semesters Social Studies -0.040 0.596 

HS GPA 0.016 0.762 Overall HS GPA 0.006 0.828 

HS Rank -0.025 0.562 Public High School -0.036 0.051 

Took US History 0.007 0.348 ACT Composite Score 0.006 0.983 

Took World History -0.014 0.216 ACT Score English -0.093 0.800 

Took Other History -0.015 0.516 ACT Score Math -0.110 0.692 

Took Am. Government  0.007 0.808 ACT Score Reading 0.155 0.615 

Took Geography -0.060 0.022 Joint Significance, p=0.91 

Notes: RDD estimates of covariate balance from rdrobust command in Stata. Standard errors clustered at the 
level of the discrete running variable (Lee and Lemieux 2010; Schochet et al. 2010). The first numerical column 
in each panel displays the treatment effect; the second displays corresponding p-value for this statistic. Models 
use the optimal bandwidth, local linear regression, bias-correction, and robust standard errors specified by 
Calonico, Cattaneo, and Titiunik (2014). 
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3b. McCrary Density Check 
Before discussing the McCrary density check, we note that in our case, precise sorting is highly unlikely. 
Unlike other social programs, where individuals may try and manipulate their position relative to treatment, 
we deem the birth decision to be adequately separate from the voting decision to make precise sorting 
theoretically unlikely. That said, it is possible that there are differential rates of attrition from the sample and 
misreporting of age at the cutoff. 

Figure A.1 provides the McCrary (2008) density test that allow for checks of these possibilities. Though this 
test is recommended in regression discontinuity models (Lee and Lemiuex 2012), it has well-known 
limitations. Indeed, McCrary himself notes, “a running variable with a continuous density is neither necessary 
nor sufficient for identification except under auxiliary assumptions” (2008, 701). Simply put, when 
discontinuities in the distribution of observations arise, the McCrary density check cannot distinguish 
between whether these are the result of precise sorting or because the underlying distribution takes that 
shape. 

Figure A.1 shows the distribution of the running variable as a function of local linear regression. As can be 
seen, when we plot these distributions, we find either continuity or very small substantive differences at the 
cutoffs. When we conduct the formal specification test suggested by Cattaneo, Jansson, and Ma (2016) with a 
window of 120 days on either side of the cutoff and the optimal bandwidth suggested by Calonico, Cattaneo, 
and Titiunik (2014), we can see that the p-values indicate a very small discontinuity for the compulsory voting 
downstream (p=0.18), voluntary voting upstream (p=0.15), voluntary voting downstream (p=0.56), and the 
voluntary voting downstream USA (p=0.99). (The compulsory voting upstream (p=0.002) shows little sign of 
a discontinuity.) However, the presence of a discontinuity in the distribution is highly sensitive to the data 
window, the unit of analysis, and the specification of the running variable chosen. For example, when we run 
a standard regression discontinuity model using the density of individuals around the cutoff collapsed by day, 
we find balance compulsory voting upstream (p=0.366), compulsory voting downstream (p=0.495), voluntary 
voting upstream (p=0.700), voluntary voting downstream (p=0.55), and the voluntary voting downstream 
USA (p=0.384). 

Finally, we mention that all of our results hold with a donut hole regression discontinuity (i.e. donut-RDD) 
approach suggested by Bajari, Hong, and Park (2011)—and others—to account for situations where the 
forcing variable may be discontinuous. These do not change our results (estimates easily available upon 
request). 

All of this combined with the small size of these discontinuities and the overwhelming balance on observable 
covariates suggests that our results are unbiased by precise sorting around the cutoff. 
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Figure A.1: Distribution of the Running Variable 
 

Compulsory Voting, Upstream (Brazil) Compulsory Voting, Downstream (Brazil) 

 
 

Voluntary Voting, Upstream (Brazil) Voluntary Voting, Downstream (Brazil) 

 
 

Voluntary Voting, Downstream (USA)  
 

Notes: plotted distribution of the running variable at the cutoff. Points to the right of the cutoff are exposed 
to an added dose of voting. 1 day bin averages plotted with points. Local linear regressions shown on either 
side of the cutoff as smoothed lines, with corresponding 95% confidence intervals 
 



 18

4. Effects on Voter Turnout 
Here we validate that compulsory voting and voluntary voting eligibility cutoffs increase turnout immediately. 
While not the primary focus of this paper, it is important for us to reaffirm that the cutoff we employ is, indeed, 
producing a sizable increase in voter turnout.  
 
On this manipulation check, our RDD models confirm that compulsory voting in Brazil increases voter turnout 
among young voters between 9.7 and 12.3 percentage points depending on the election (p < 0.01). The same 
positive effect can be seen with the voluntary voting cutoff in Brazil—with the effect here being between 14.4 
and 23 percentage points (p < 0.01), again depending on the election cycle (for effect graphs for these estimates 
see Figure A.2). Differential registration bias is less likely a concern in Brazil because most citizens register. 
 
The same effect can be seen in the data from the United States. Estimating a first stage is difficult as knowing 
the appropriate denominator in a system with totally voluntary registration and voting is a challenge (Nyhan, 
Skovron, Titiunik 2017). That being said, Coppock and Green (2015) show that the effect on marginal eligible 
is large and is robust—being present across all states with data available. This “first stage” effect or manipulation 
check is robust and large given that the “control” group is not eligible to vote. We deem leaning on previous 
work to establish a manipulation check in our (secondary) U.S. analysis sufficient. Given previous work by 
Coppock and Green (2015) and the fact that the control group cannot vote in the election at hand (i.e. before 
the ACT survey), it seems clear to us that this effect is positive, large, significant, and robust. The exact size of 
this estimate is hard to know given the potential for differential registration bias (which would likely make any 
estimate conditioning on registration an overestimate). But that is neither here nor there for our analysis, which 
simply requires a meaningful effect on voting. All of that being said, we stand ready to produce our own 
manipulation check estimates should reviewers deem this necessary. The authors will (shortly) have access to 
nationwide data from the Data Trust that will allow us to (easily) run this check during revisions, if it is deemed 
necessary.  
 
Across both contexts, these effects on turnout are robust and they are large. This helps us deal with the concern 
that the first stage of our analysis is not strong enough to elicit broader effects on civic attitudes and behaviors.  
 
 

Compulsory Voluntary Compulsory Voluntary Compulsory Voluntary

[1] [2] [3] [4] [5] [6]

Point-estimate 0.123*** 0.230*** 0.097*** 0.144*** 0.110*** 0.159***

-0.044 -0.006 -0.037 -0.005 -0.036 -0.007

Observations 240 240 238 240 240 240

obs-L 39 29 35 32 48 30

obs-R 40 30 38 33 49 31

h-L 39.37 29.15 38 32.49 48.44 30.38

h-R 39.37 29.15 38 32.49 48.44 30.38

2012 Election 2010 Election 2008 Election

Note: Standard-errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. For 2010 observations of individuals eligible to vote in 

2008 (oreviosu election) are excluded from the analysis.
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Figure A.2 Turnout Effects at DOB Cutoffs 

Compulsory Voting, 2008 Local Elections 
(Brazil) 

Compulsory Voting, 2010 National Elections 
(Brazil) 

Compulsory Voting, 2012 Local Elections 
(Brazil) 

 

Voluntary Voting, 2008 Local Elections 
(Brazil) 

Voluntary Voting, 2010 National Elections 
(Brazil) 

Voluntary Voting, 2012 Local Elections (Brazil) 

Notes: estimate of compulsory voting and voluntary voting on voter turnout. Data comes from the Brazilian Superior Electoral Court (Tribunal Superior Eleitoral, 
TSE) voter files obtained under the Lei de Acesso a Informacao. In this graph, the unit of observation is the birthday. For the denominators, we follow the approach 
of Cepaluni and Hidalgo (2016) and compute population sizes for each date of birth. We do so by multiplying official population estimates by year of birth measured 
by the Brazilian Statistical Agency (IBGE) and shares of individuals per birthdate computed from 5 years of the Brazilian National Household Survey (PNAD). The 
results do not change if we run our results at the individual level and/or condition on registration. Models run with a window of 120 days on either side of the cutoff. 
95% confidence interval also plotted. 
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5. Power Analysis 
Some may wonder whether our results are due to a lack of statistical power. As we discussed in the text, we 
think this unlikely as our results are able to rule out effects of even modest size with a high degree of 
confidence (based on the upper and lower bounds of our 95% confidence intervals). Still, some may desire a 
more formal analysis.  
 
To provide just such a check, we implement the regression discontinuity power analysis suggested by 
Cattaneo, Titiunik, and Vazquez-Bare (2017). This approach uses the same RDD techniques—models with 
the optimal bandwidth, local parametric regression, bias-correction, and robust standard errors—suggested by 
Calonico, Cattaneo, and Titiunik (2014). 

 
Tables A.9-A.11 provides the power estimates for T=1 (that is, for effects equal to half the standard deviation 
of the outcome for the untreated) and a statistical significance level of 0.05. As can be seen in Tables A.9 and 
A.10, across all of the models and outcomes in the Brazil data, our power levels are all 1.00: much greater 
than the common power threshold of 0.80.  
 

In fact, the Brazil data is so well powered that it is able to detect effect sizes equal to T=0.2 (0.10σ) with a 
high level of confidence (Range of Power Coefficients: 0.901-1.00) for both compulsory voting cutoffs 
(upstream and downstream) and for the voluntary voting cutoff downstream. As we mention in the text, the 
voluntary voting cutoff upstream dataset is not quite as well powered. It is, however, able to detect effects of 

the size T=0.5 (0.25σ, Range of Power Coefficients: 0.795-0.958). Ultimately, we fully acknowledge that this 
slightly underpowered nature of one of our four cutoffs is a limitation. However, we think it important to 
note that if we observe upstream transformations that do not last until the voluntary voting downstream 
measure, the results are less robust anyway. 
 
Tables A.11a and A.11b plot the information from the power analyses slightly differently. These show the 
power coefficients over a wide range of potential effect sizes. The first table (A.11a) shows these for the CCT 
optimal bandwidth; the second table (A.11b) shows them for the wider 120 day bandwidth. As can be seen, 
across all of these specifications, the interest in politics and memberships (mean) outcomes allow us to detect 
effects as small as 5% of a standard deviation (and even smaller). These are the best powered outcomes and 
are well powered in all cutoffs, including our least well-powered voluntary voting upstream cutoff. Across the 
54 test run in the non-voluntary voting upstream cutoffs, 50 are powered enough to detect effects as small as 
7.5% of a standard deviation. In rank ordering, the best powered cutoffs are the compulsory voting upstream 
(with 86/90 tests crossing the 0.8 threshold), the compulsory voting downstream (82/90 tests crossing the 0.8 
threshold), the voluntary voting downstream (82/90 tests crossing the 0.8 threshold), and the voluntary 
voting upstream (38/90 tests crossing the 0.8 threshold). Figures A.2-A.10 plot the power function for our 
Brazilian outcomes: plotting our power levels across an even wider range of effect size values (Tau), with a 
range of 0.75 standard deviations on either side of the cutoff. In all of these, the vertical dashed line shows 
where T=1, the top dashed line what the power level is for the corresponding T=1 level, and the bottom 

horizontal dashed line shows where α=0.05.  
 
The same overall conclusion holds in the United States data, with some important clarifications. As we 
mention in the text, this sample is smaller than the Brazil sample, making is less powered. Still, all three of the 
outcomes are sufficiently powered to detect effects of the size T=1. The effects also all clear the 0.8 threshold 
with a T=0.8 and all come close to clearing the threshold with a T=0.5 (political knowledge: 0.888, political 
interest: 0.723, social awareness: 0.785). Figure A.11 plots the power function for our United States 
outcomes: plotting our power levels across a range of effect size values (Tau), with a range of 0.75 standard 
deviations on either side of the cutoff. In all of these, the vertical dashed line shows where T=1, the top 
dashed line what the power level is for the corresponding T=1 level, and the bottom horizontal dashed line 

shows where α=0.05. 
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Table A.9: Power Analysis, Brazil (1) 

  
Political Interest Perceive 

Discrimination 
Experience 

Discrimination 
Tolerance 

Social Awareness 
Essay Score 

  Up Down Up Down Up Down Up Down Up Down 

Compulsory 
Voting 

Power 

(Τ=1) 
1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

Voluntary 
Voting 

Power 

(Τ=1) 
1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

Notes: RDD power estimates with T=1 from rdpower package in Stata. Models use the optimal bandwidth, local parametric regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014). 

 
Table A.10: Power Analysis, Brazil (2) 

  Political Knowledge Member (MCA) Member (Any) Member (Prop.) 

  Up Down Up Down Up Down Up Down 

Compulsory 
Voting 

Power (Τ=1) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

Voluntary 
Voting 

Power (Τ=1) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

Notes: RDD power estimates with T=1 from rdpower package in Stata. Models use the optimal bandwidth, local parametric regression, bias-
correction, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014). 

 
Table A.11: Power Analysis, United States 

  
Political 

Knowledge 
Political Interest Social Awareness 

  Down Down Down 

Voluntary 
Voting 

Power 

(Τ=1) 
0.993 0.962 0.954 

Notes: RDD power estimates from rdpower package in Stata. Each of these draws from a 
power estimate with T=1. Models use the optimal bandwidth, local linear regression, bias-
correction, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Table A.11a Power Coefficients at Varying Effect Sizes (CCT Optimal Bandwidth) 

Compulsory Voting, Upstream 

 

Power at 
5% of a 
Standard 
Deviation 

Power at 
7.5% of a 
Standard 
Deviation 

Power at 
10% of a 
Standard 
Deviation 

Power at 
12.5% of a 
Standard 
Deviation 

Power at 
25% of a 
Standard 
Deviation 

Interest in Politics 1.0 1.0 1.0 1.0 1.0 

Perceive Discrimination 0.7 1.0 1.0 1.0 1.0 

Suffer Discrimination 0.8 1.0 1.0 1.0 1.0 

Tolerance 0.9 1.0 1.0 1.0 1.0 

Social Awareness 0.6 0.9 1.0 1.0 1.0 

Political Knowledge 0.6 0.9 1.0 1.0 1.0 

Memberships (factor) 0.7 1.0 1.0 1.0 1.0 

Memberships (any) 1.0 1.0 1.0 1.0 1.0 

Memberships (mean) 1.0 1.0 1.0 1.0 1.0 

      
Compulsory Voting, Downstream 

 

Power at 
5% of a 
Standard 
Deviation 

Power at 
7.5% of a 
Standard 
Deviation 

Power at 
10% of a 
Standard 
Deviation 

Power at 
12.5% of a 
Standard 
Deviation 

Power at 
25% of a 
Standard 
Deviation 

Interest in Politics 1.0 1.0 1.0 1.0 1.0 

Perceive Discrimination 0.6 0.9 1.0 1.0 1.0 

Suffer Discrimination 0.5 0.9 1.0 1.0 1.0 

Tolerance 0.5 0.8 1.0 1.0 1.0 

Social Awareness 0.5 0.8 1.0 1.0 1.0 

Political Knowledge 0.4 0.8 0.9 1.0 1.0 

Memberships (factor) 0.3 0.6 0.8 1.0 1.0 

Memberships (any) 1.0 1.0 1.0 1.0 1.0 

Memberships (mean) 1.0 1.0 1.0 1.0 1.0 

      
Voluntary Voting, Upstream 

 

Power at 
5% of a 
Standard 
Deviation 

Power at 
7.5% of a 
Standard 
Deviation 

Power at 
10% of a 
Standard 
Deviation 

Power at 
12.5% of a 
Standard 
Deviation 

Power at 
25% of a 
Standard 
Deviation 

Interest in Politics 0.9 1.0 1.0 1.0 1.0 

Perceive Discrimination 0.1 0.1 0.2 0.3 0.8 

Suffer Discrimination 0.1 0.2 0.2 0.3 0.9 

Tolerance 0.1 0.3 0.4 0.6 1.0 

Social Awareness 0.1 0.1 0.2 0.3 0.8 

Political Knowledge 0.1 0.1 0.2 0.3 0.7 

Memberships (factor) 0.1 0.1 0.2 0.3 0.8 

Memberships (any) 0.2 0.5 0.7 0.9 1.0 

Memberships (mean) 1.0 1.0 1.0 1.0 1.0 

      
Voluntary Voting, Downstream 
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Power at 
5% of a 
Standard 
Deviation 

Power at 
7.5% of a 
Standard 
Deviation 

Power at 
10% of a 
Standard 
Deviation 

Power at 
12.5% of a 
Standard 
Deviation 

Power at 
25% of a 
Standard 
Deviation 

Interest in Politics 1.0 1.0 1.0 1.0 1.0 

Perceive Discrimination 0.7 0.9 1.0 1.0 1.0 

Suffer Discrimination 0.7 0.9 1.0 1.0 1.0 

Tolerance 0.8 1.0 1.0 1.0 1.0 

Social Awareness 0.6 0.9 1.0 1.0 1.0 

Political Knowledge 0.4 0.7 0.9 1.0 1.0 

Memberships (factor) 0.4 0.7 0.9 1.0 1.0 

Memberships (any) 1.0 1.0 1.0 1.0 1.0 

Memberships (mean) 1.0 1.0 1.0 1.0 1.0 

Notes: RDD power estimates from rdpower package in Stata. These vary the effect sizes across a wide range. 
The traditional power threshold is 0.8 Models use the optimal bandwidth, local linear regression, bias-
correction, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Table A.11b Power Coefficients at Varying Effect Sizes (120 Day Bandwidth) 

Compulsory Voting, Upstream 

 

Power at 
5% of a 
Standard 
Deviation 

Power at 
7.5% of a 
Standard 
Deviation 

Power at 
10% of a 
Standard 
Deviation 

Power at 
12.5% of a 
Standard 
Deviation 

Power at 
25% of a 
Standard 
Deviation 

Interest in Politics 1.0 1.0 1.0 1.0 1.0 

Perceive Discrimination 1.0 1.0 1.0 1.0 1.0 

Suffer Discrimination 1.0 1.0 1.0 1.0 1.0 

Tolerance 1.0 1.0 1.0 1.0 1.0 

Social Awareness 1.0 1.0 1.0 1.0 1.0 

Political Knowledge 0.9 1.0 1.0 1.0 1.0 

Memberships (factor) 0.9 1.0 1.0 1.0 1.0 

Memberships (any) 1.0 1.0 1.0 1.0 1.0 

Memberships (mean) 1.0 1.0 1.0 1.0 1.0 

      
Compulsory Voting, Downstream 

 

Power at 
5% of a 
Standard 
Deviation 

Power at 
7.5% of a 
Standard 
Deviation 

Power at 
10% of a 
Standard 
Deviation 

Power at 
12.5% of a 
Standard 
Deviation 

Power at 
25% of a 
Standard 
Deviation 

Interest in Politics 1.0 1.0 1.0 1.0 1.0 

Perceive Discrimination 0.8 1.0 1.0 1.0 1.0 

Suffer Discrimination 0.8 1.0 1.0 1.0 1.0 

Tolerance 0.9 1.0 1.0 1.0 1.0 

Social Awareness 0.8 1.0 1.0 1.0 1.0 

Political Knowledge 0.8 1.0 1.0 1.0 1.0 

Memberships (factor) 0.6 0.9 1.0 1.0 1.0 

Memberships (any) 1.0 1.0 1.0 1.0 1.0 

Memberships (mean) 1.0 1.0 1.0 1.0 1.0 

      
Voluntary Voting, Upstream 

 

Power at 
5% of a 
Standard 
Deviation 

Power at 
7.5% of a 
Standard 
Deviation 

Power at 
10% of a 
Standard 
Deviation 

Power at 
12.5% of a 
Standard 
Deviation 

Power at 
25% of a 
Standard 
Deviation 

Interest in Politics 1.0 1.0 1.0 1.0 1.0 

Perceive Discrimination 0.2 0.3 0.5 0.7 1.0 

Suffer Discrimination 0.2 0.3 0.5 0.7 1.0 

Tolerance 0.2 0.4 0.6 0.8 1.0 

Social Awareness 0.1 0.3 0.4 0.6 1.0 

Political Knowledge 0.1 0.2 0.4 0.5 1.0 

Memberships (factor) 0.1 0.2 0.4 0.6 1.0 

Memberships (any) 0.5 0.8 1.0 1.0 1.0 

Memberships (mean) 1.0 1.0 1.0 1.0 1.0 

      
Voluntary Voting, Downstream 
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Power at 
5% of a 
Standard 
Deviation 

Power at 
7.5% of a 
Standard 
Deviation 

Power at 
10% of a 
Standard 
Deviation 

Power at 
12.5% of a 
Standard 
Deviation 

Power at 
25% of a 
Standard 
Deviation 

Interest in Politics 1.0 1.0 1.0 1.0 1.0 

Perceive Discrimination 0.9 1.0 1.0 1.0 1.0 

Suffer Discrimination 0.9 1.0 1.0 1.0 1.0 

Tolerance 1.0 1.0 1.0 1.0 1.0 

Social Awareness 0.8 1.0 1.0 1.0 1.0 

Political Knowledge 0.8 1.0 1.0 1.0 1.0 

Memberships (factor) 0.7 0.9 1.0 1.0 1.0 

Memberships (any) 1.0 1.0 1.0 1.0 1.0 

Memberships (mean) 1.0 1.0 1.0 1.0 1.0 

Notes: RDD power estimates from rdpower package in Stata. These vary the effect sizes across a wide range. 
The traditional power threshold is 0.8. Models use the 120 day bandwidth, local linear regression, bias-
correction, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.2 Power Functions, Political Interest (Brazil) 

 
 

Figure A.3 Power Functions, Perceive Discrimination (Brazil) 

 
 
 

Figure A.4 Power Functions, Suffer Discrimination (Brazil) 
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Figure A.5 Power Functions, Tolerance (Brazil) 

 
 
 

Figure A.6 Power Functions, Social Awareness (Brazil) 
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Figure A.7 Power Functions, Political Knowledge (Brazil) 

 
 
 

Figure A.8 Power Functions, Memberships-MCA (Brazil) 
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Figure A.9 Power Functions, Memberships-Any (Brazil) 

 
 
 
 

Figure A.10 Power Functions, Memberships-Proportion (Brazil) 
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Figure A.11 Power Functions (United States) 

 
 
 
 

6. Full Set of Effect Graphs 
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Figure A.12: Upstream & Downstream Effect of Voting on Political Interest 
 

Compulsory Voting (Upstream) Compulsory Voting (Downstream) 

 

Voluntary Voting (Upstream) Voluntary Voting (Downstream) 

  
Notes: Figure displays effect estimates for the regression discontinuity models. RDD estimates from rdplot 
package in Stata. Bin averages (points) and corresponding 95% confidence intervals (bars). Models use the 
optimal bandwidth, local polynomial regression (order 4), bias-correction, and robust standard errors specified 
by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.13: Upstream & Downstream Effect of Voting on Discrimination Perception 
 

Compulsory Voting (Upstream) Compulsory Voting (Downstream) 

  

Voluntary Voting (Upstream) Voluntary Voting (Downstream) 

   
Notes: Figure displays effect estimates for the regression discontinuity models. RDD estimates from rdplot 
package in Stata. Bin averages (points) and corresponding 95% confidence intervals (bars). Models use the 
optimal bandwidth, local polynomial regression (order 4), bias-correction, and robust standard errors specified 
by Calonico, Cattaneo, and Titiunik (2014).  
  



 33

Figure A.14: Upstream & Downstream Effect of Voting on Discrimination Experience 
 

Compulsory Voting (Upstream) Compulsory Voting (Downstream) 

 

Voluntary Voting (Upstream) Voluntary Voting (Downstream) 

 
Notes: Figure displays effect estimates for the regression discontinuity models. RDD estimates from rdplot 
package in Stata. Bin averages (points) and corresponding 95% confidence intervals (bars). Models use the 
optimal bandwidth, local polynomial regression (order 4), bias-correction, and robust standard errors specified 
by Calonico, Cattaneo, and Titiunik (2014).  
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 Figure A.15: Upstream & Downstream Effect of Voting on Tolerance 
 

Compulsory Voting (Upstream) Compulsory Voting (Downstream) 

 

Voluntary Voting (Upstream) Voluntary Voting (Downstream) 

 
 

Notes: Figure displays effect estimates for the regression discontinuity models. RDD estimates from rdplot 
package in Stata. Bin averages (points) and corresponding 95% confidence intervals (bars). Models use the 
optimal bandwidth, local polynomial regression (order 4), bias-correction, and robust standard errors specified 
by Calonico, Cattaneo, and Titiunik (2014).  
  



 35

Figure A.16: Upstream & Downstream Effect of Voting on Social Awareness 
 

Compulsory Voting (Upstream) Compulsory Voting (Downstream) 

 

Voluntary Voting (Upstream) Voluntary Voting (Downstream) 

 
 

Notes: Figure displays effect estimates for the regression discontinuity models. RDD estimates from rdplot 
package in Stata. Bin averages (points) and corresponding 95% confidence intervals (bars). Models use the 
optimal bandwidth, local polynomial regression (order 4), bias-correction, and robust standard errors specified 
by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.17: Upstream & Downstream Effect of Voting on Political Knowledge 
 

Compulsory Voting (Upstream) Compulsory Voting (Downstream) 

 

Voluntary Voting (Upstream) Voluntary Voting (Downstream) 

 
 

Notes: Figure displays effect estimates for the regression discontinuity models. RDD estimates from rdplot 
package in Stata. Bin averages (points) and corresponding 95% confidence intervals (bars). Models use the 
optimal bandwidth, local polynomial regression (order 4), bias-correction, and robust standard errors specified 
by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.18: Upstream & Downstream Effect of Voting on Memberships (MCA) 
 

Compulsory Voting (Upstream) Compulsory Voting (Downstream) 

 

Voluntary Voting (Upstream) Voluntary Voting (Downstream) 

 
 

Notes: Figure displays effect estimates for the regression discontinuity models. RDD estimates from rdplot 
package in Stata. Bin averages (points) and corresponding 95% confidence intervals (bars). Models use the 
optimal bandwidth, local polynomial regression (order 4), bias-correction, and robust standard errors specified 
by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.19: Upstream & Downstream Effect of Voting on Memberships (Any) 
 

Compulsory Voting (Upstream) Compulsory Voting (Downstream) 

 

Voluntary Voting (Upstream) Voluntary Voting (Downstream) 
 

 
Notes: Figure displays effect estimates for the regression discontinuity models. RDD estimates from rdplot 
package in Stata. Bin averages (points) and corresponding 95% confidence intervals (bars). Models use the 
optimal bandwidth, local polynomial regression (order 4), bias-correction, and robust standard errors specified 
by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.20: Upstream & Downstream Effect of Voting on Memberships (Proportion) 
 

Compulsory Voting (Upstream) Compulsory Voting (Downstream) 

 

Voluntary Voting (Upstream) Voluntary Voting (Downstream) 

 
 

Notes: Figure displays effect estimates for the regression discontinuity models. RDD estimates from rdplot 
package in Stata. Bin averages (points) and corresponding 95% confidence intervals (bars). Models use the 
optimal bandwidth, local polynomial regression (order 4), bias-correction, and robust standard errors specified 
by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.21: Downstream Effects of Voting on Civic Attitudes/Behaviors (U.S.) 

Political Interest (Downstream) Political Knowledge (Downstream) 

 

  

Social Awareness (Downstream) 
 

 

Notes: Figure displays effect estimates for the regression discontinuity models. RDD estimates from rdplot 
package in Stata. Bin averages (points) and corresponding 95% confidence intervals (bars). Models use the 
optimal bandwidth, local polynomial regression (order 4), bias-correction, and robust standard errors specified 
by Calonico, Cattaneo, and Titiunik (2014).  
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7. Robustness Checks 
 
7a. Bandwidth Graphs 
 

Figure A.22: Bandwidth Effect Estimates, Political Interest (Linear) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.23: Bandwidth Effect Estimates, Discrimination Perception (Linear) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.24: Bandwidth Effect Estimates, Discrimination Experience (Linear) 
 

 
 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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 Figure A.25: Bandwidth Effect Estimates, Tolerance (Linear) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
 
 
  



 45

Figure A.26: Bandwidth Effect Estimates, Social Awareness (Linear) 
 

 
 

Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.27: Bandwidth Effect Estimates, Political Knowledge (Linear) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.28: Bandwidth Effect Estimates, Memberships-MCA (Linear) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.29: Bandwidth Effect Estimates, Memberships – Any (Linear) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.30: Bandwidth Effect Estimates, Memberships – Proportion (Linear) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.31: Bandwidth Effect Estimates, Political Interest (Quartic) 
 

 
 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.32: Bandwidth Effect Estimates, Discrimination Perception (Quartic) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.33: Bandwidth Effect Estimates, Discrimination Experience (Quartic) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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 Figure A.34: Bandwidth Effect Estimates, Tolerance (Quartic) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.35: Bandwidth Effect Estimates, Social Awareness (Quartic) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.36: Bandwidth Effect Estimates, Political Knowledge (Quartic) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.37: Bandwidth Effect Estimates, Memberships-MCA (Quartic) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.38: Bandwidth Effect Estimates, Memberships – Any (Quartic) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.39: Bandwidth Effect Estimates, Memberships – Proportion (Quartic) 
 

 
 

Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (5 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.40: Bandwidth Effect Estimates, U.S. (Linear) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 20 days on either side of the cutoff to 360 
days on either side of the cutoff (20 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.41: Bandwidth Effect Estimates, U.S. (Quartic) 
 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 20 days on either side of the cutoff to 360 
days on either side of the cutoff (20 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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Figure A.42- Bandwidths for Pooled Cutoff (Brazil) 

 
Notes: Figure displays effect estimates across bandwidths for the regression discontinuity models. RDD 
estimates from rdrobust package in Stata. Bandwidths range from 10 days on either side of the cutoff to 120 
days on either side of the cutoff (10 day increments). Models use local polynomial regression, bias-correction, 
and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
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7b. Alternate Specifications of the Running Variable 
The figures in the paper use local linear regression (the default specification set by CCT 2014). Figures A.12-
A.21 above show the results for local quartic regression (i.e. order 4). Figures A.22-A.41 show linear/quartic by 
bandwidths. Figure A.42 shows the results for local quadratic regression (order 2) using the CCT optimal 
bandwidth; Figure A.42 shows the results for local cubic regression (order 3) using the CCT optimal 
bandwidth. The coefficients with higher order specifications are slightly more noisily estimated—perhaps as a 
result of overfitting—but lead to a similar conclusion of null effects. As in the figures in the paper, these are 
coefficient plots of the RDD effect estimates at the four cutoffs explored in this paper (compulsory upstream, 
compulsory downstream, voluntary upstream, and voluntary downstream) as well as a specification that pools 
all four cutoffs in a single specification (pooled). All dependent variables are standardized. Three references 

lines shown: one for the traditional hypothesis test (0) and two for default equivalence test level (0.36σ) 
recommended by Hartman and Hidalgo (2018). Models use the optimal bandwidth, local linear regression, bias-
correction, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014). 
 

Figure A.43: Running Variable, Order 2 
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Figure A.44: Running Variable, Order 3 
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7c. Effects on Individual Scale Inputs 
To assure the reader that the results we present in the paper are not the product of the scales we construct, we 
run our regression discontinuity models on all of the individual items going into our scales. These results are 
shown in Tables A.12 and A.13 below. These display the results for the same specification shown in the text.  
 
With these, we find that the same thing we find with the scales—virtually no detectable consistent upstream or 
downstream effects. Out of the 250 tests run in Table A.12 (50 items by 5 cutoffs), 25 (10%) are significant at 
the 5% level. This is more than we would expect by random chance. However, several facts make us think that 
we are still seeing a systematic null effect.   
 
First, only 1/250 of these tests (0.4%) clears the Bonferroni and Sidak multiple hypothesis testing levels.6 
Hence, we can’t rule out that what we are seeing isn’t the product of us running many different model 
specifications. Adjusting for multiple comparisons here seems especially appropriate given that we are running 
so many tests. 
 
Second, the effects tend to be inconsistently significant within the same construct. There does not appear to be 
systematic effects within a specific construct grouping. When we reduce measurement error by creating 
theoretically and empirically driven scales, the effects are null.  
 
Third, even if we were to believe the statistical significance of the results, these effects tend to be substantively 

small in size, with the median effect sizes being 0.016σ (compulsory upstream), 0.015σ (compulsory 

downstream), 0.064σ (voluntary upstream), 0.022σ (voluntary downstream), and -0.003σ (pooled). Among the 

10% of significant coefficients, the estimates are still quite small, with the median effect size being -0.047σ 

(mean=-0.034σ). Figure A.43 shows this visually—demonstrating how the coefficients from these individual 
item RDD models spike right at zero. The median across all specifications is 0.00 standard deviations and the 
estimates that do depart from zero are equally distributed across positive and negative values. All coefficients are 

smaller than the default equivalence testing value (0.36σ) suggested by Hartmann and Hidlago (2018), as shown 
in Figure A.43, which plots the distribution of coefficient estimates relative to the standard hypothesis testing 
(0) and equivalence testing values with dashed lines. This is about exactly what we would expect if the effects 
were, if anything, very small substantively. In short, the effects appear to only be significant because we have 
such a large sample size. The effects, by all points of reference, are small.  
 
Fourth, while some of our effects allow us to rule out 0 effects at traditional (unadjusted for multiple 
hypothesis testing levels), they also (in almost all cases) allow us to confidently rule out very modest effect sizes. 

All but three of our 250 tests (98.8%) allow us to rule out the default equivalence testing value (0.36σ) 
suggested by Hartmann and Hidlago (2018). In most cases, we can rule out effects much smaller—our average 
upper bound of the 95% confidence interval is only 5.4% of a standard deviation and our average lower bound 
of the 95% confidence interval is 6.9%. Among the significant effects, the average upper bound is 5.0% of a 
standard deviation and the average lower bound is -11.7%.  
 
Finally, we find the same with the U.S. sample (Table A.13)—only 1/23 (4.3%) outcome comes out as 
significant at the 5% level, this is not significant at the Bonferroni and Sidak multiple hypothesis testing levels, 

and the effects are substantively small in size (median effect size: 0.057σ). 
 
All of this comports with our findings in the paper: voting has little to no effect on upstream or downstream 
civic attitudes and behaviors.   

 

                                                 
6 To be consistent with the paper and (comparatively) generous towards finding a meaningful effect, we are 

using the multiple hypothesis testing thresholds that we use in the paper that come from running 45 

statistical tests. If we are harsher and use the Bonferoni and Sidak thresholds for running 250 tests, none of 

the 250 coefficients meets the threshold for statistical significance. 
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Figure A.43 Distribution of Coefficients and P-Values for Individual Item RDDs 
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Table A.12: Effects on Scale Inputs (Brazil) 
  Compulsory, Up Compulsory, Down Voluntary, Up Voluntary, Down Pooled 

  β std se p β std se p β std se p β std se p β std se p 

Interest, Geopolitics 0.00 0.02 0.99 0.04 0.02 0.08 -0.06 0.11 0.56 0.04 0.02 0.03 0.00 0.01 0.82 

Interest, National Politics 0.00 0.02 0.84 0.06 0.03 0.05 0.08 0.09 0.38 0.02 0.02 0.31 0.02 0.01 0.16 

Interest, Local Politics 0.01 0.01 0.38 0.05 0.02 0.02 0.31 0.11 0.01 0.03 0.03 0.24 0.00 0.02 0.86 

Interest, Read Politics 0.02 0.02 0.23 0.00 0.03 0.87 0.22 0.07 0.00 0.00 0.02 0.96 0.01 0.01 0.47 

Perceive Racial 0.03 0.02 0.10 0.01 0.02 0.69 -0.18 0.08 0.02 -0.04 0.02 0.06 -0.02 0.01 0.05 

Perceive SES 0.01 0.02 0.41 0.03 0.03 0.28 -0.04 0.09 0.63 -0.06 0.02 0.01 -0.02 0.01 0.28 

Perceive Gender 0.01 0.02 0.56 -0.06 0.03 0.02 -0.24 0.10 0.01 -0.04 0.02 0.02 0.00 0.01 0.87 

Perceive Gay 0.00 0.02 0.89 0.00 0.03 0.93 -0.03 0.07 0.66 -0.03 0.02 0.11 -0.04 0.01 0.00 

Perceive Religious 0.01 0.03 0.68 0.02 0.03 0.64 0.07 0.06 0.24 -0.04 0.02 0.08 -0.05 0.02 0.01 

Perceive Origin 0.02 0.02 0.19 0.02 0.02 0.38 -0.03 0.06 0.64 -0.02 0.03 0.57 -0.02 0.01 0.27 

Perceive Age 0.03 0.02 0.11 0.02 0.03 0.48 -0.04 0.08 0.66 -0.04 0.03 0.10 0.00 0.01 0.92 

Perceive Disability 0.02 0.02 0.48 -0.03 0.03 0.32 0.06 0.07 0.37 -0.03 0.02 0.15 -0.03 0.02 0.03 

Perceive Other 0.01 0.03 0.63 0.00 0.03 0.85 -0.09 0.06 0.15 -0.02 0.03 0.55 0.01 0.01 0.47 

Suffer Racial 0.02 0.02 0.32 0.00 0.02 0.91 -0.17 0.07 0.02 -0.01 0.02 0.75 -0.02 0.01 0.08 

Suffer SES 0.02 0.01 0.20 0.00 0.02 0.95 0.02 0.07 0.78 -0.05 0.02 0.01 -0.02 0.01 0.06 

Suffer Gender 0.01 0.02 0.52 -0.01 0.02 0.71 -0.04 0.07 0.61 -0.02 0.02 0.31 0.01 0.01 0.41 

Suffer Gay 0.02 0.01 0.06 0.04 0.03 0.26 -0.10 0.05 0.07 0.00 0.02 0.93 0.00 0.01 0.95 

Suffer Religious 0.04 0.02 0.06 0.01 0.02 0.54 -0.08 0.08 0.35 0.00 0.02 0.82 0.00 0.01 0.91 

Suffer Origin -0.01 0.02 0.53 -0.03 0.02 0.06 -0.17 0.06 0.00 -0.03 0.02 0.20 -0.02 0.01 0.08 

Suffer Age 0.03 0.02 0.05 0.03 0.02 0.13 -0.08 0.07 0.27 -0.04 0.04 0.28 0.00 0.02 0.99 

Suffer Disability 0.00 0.02 0.82 0.02 0.02 0.30 0.11 0.08 0.17 0.03 0.02 0.16 0.03 0.01 0.02 

Suffer Other 0.02 0.02 0.37 0.02 0.03 0.55 -0.18 0.08 0.03 -0.02 0.03 0.49 -0.01 0.01 0.33 

Intolerance Racial (1) -0.02 0.02 0.26 -0.01 0.03 0.68 0.08 0.09 0.37 -0.01 0.03 0.71 0.00 0.01 0.83 

Intolerance Racial (2) -0.02 0.02 0.49 0.01 0.03 0.77 0.01 0.08 0.89 -0.03 0.02 0.10 0.00 0.01 0.64 

Intolerance Racial (3) 0.01 0.02 0.81 0.03 0.03 0.41 -0.08 0.08 0.30 -0.02 0.03 0.60 0.00 0.01 0.97 

Intolerance Racial (4) 0.02 0.02 0.34 -0.02 0.03 0.37 -0.19 0.10 0.06 -0.01 0.02 0.70 -0.01 0.01 0.61 

Intolerance SES 0.01 0.02 0.60 0.02 0.03 0.42 -0.03 0.06 0.56 0.02 0.02 0.14 -0.01 0.01 0.41 

Intolerance Gay -0.01 0.01 0.35 -0.01 0.02 0.76 -0.21 0.07 0.00 0.00 0.02 0.90 -0.02 0.01 0.17 

Intolerance Politics 0.00 0.02 0.95 0.00 0.02 0.96 -0.07 0.06 0.24 0.00 0.03 0.92 0.00 0.01 0.99 

Intolerance Religious 0.00 0.02 0.87 -0.02 0.03 0.49 -0.11 0.05 0.02 -0.02 0.03 0.55 0.00 0.01 0.80 

Social Awareness (1) 0.00 0.02 0.85 -0.03 0.02 0.22 0.07 0.08 0.36 -0.04 0.02 0.07 -0.01 0.01 0.41 

Social Awareness (2) -0.02 0.02 0.43 -0.04 0.02 0.12 0.18 0.09 0.04 -0.01 0.02 0.63 0.01 0.02 0.37 

Social Awareness (3) -0.02 0.03 0.50 -0.01 0.02 0.53 0.07 0.08 0.36 -0.01 0.02 0.63 0.00 0.01 0.76 

Social Awareness (4) -0.03 0.03 0.24 -0.01 0.02 0.53 0.04 0.09 0.67 0.00 0.02 0.80 0.00 0.01 1.00 

Social Awareness (5) -0.03 0.02 0.06 -0.04 0.03 0.13 0.00 0.08 0.97 0.00 0.02 0.86 -0.01 0.01 0.48 

Political Knowledge (1) -0.02 0.02 0.27 -0.03 0.02 0.26 -0.05 0.07 0.50 0.00 0.02 0.86 0.00 0.01 0.87 

Political Knowledge (2) -0.02 0.02 0.31 -0.02 0.02 0.52 0.06 0.07 0.40 -0.06 0.03 0.04 -0.02 0.02 0.19 

Political Knowledge (3) -0.03 0.02 0.10 -0.01 0.02 0.50 0.04 0.08 0.58 -0.05 0.03 0.09 -0.01 0.01 0.56 

Political Knowledge (4) -0.04 0.02 0.06 0.00 0.03 0.89 0.04 0.07 0.55 -0.04 0.04 0.35 0.00 0.02 0.86 

Political Knowledge (5) -0.01 0.01 0.20 0.00 0.03 0.87 0.04 0.07 0.59 -0.04 0.03 0.18 0.01 0.01 0.51 

Political Knowledge (6) -0.04 0.02 0.04 -0.02 0.02 0.23 -0.05 0.07 0.44 -0.06 0.03 0.05 -0.02 0.02 0.25 

Political Knowledge (7) -0.02 0.01 0.26 0.00 0.03 0.99 0.06 0.08 0.42 -0.06 0.03 0.04 -0.02 0.02 0.24 

Political Knowledge (8) -0.03 0.02 0.09 0.00 0.03 0.98 -0.10 0.07 0.15 -0.06 0.03 0.10 -0.04 0.02 0.09 

Member Student 0.03 0.02 0.26 0.03 0.03 0.26 -0.02 0.05 0.66 0.00 0.03 0.89 0.00 0.01 0.84 

Member Union 0.00 0.02 0.85 -0.01 0.02 0.72 0.04 0.06 0.53 -0.05 0.03 0.07 -0.01 0.01 0.32 

Member Community 0.02 0.02 0.23 0.00 0.02 0.91 0.04 0.06 0.48 0.01 0.03 0.69 0.01 0.01 0.33 

Member Social Move. -0.02 0.02 0.43 0.01 0.03 0.77 0.05 0.07 0.51 -0.01 0.03 0.75 0.01 0.02 0.75 

Member Church 0.00 0.02 0.83 0.02 0.03 0.32 -0.05 0.07 0.48 -0.02 0.02 0.27 -0.01 0.01 0.69 

Member Political Party 0.02 0.02 0.33 0.03 0.03 0.19 0.06 0.06 0.36 0.00 0.02 0.96 0.01 0.01 0.34 

Member Rec. Club 0.02 0.02 0.48 0.01 0.02 0.76 -0.03 0.08 0.67 0.00 0.02 0.94 0.00 0.02 0.79 

Notes: Table displays effects on scale inputs. RDD estimates from rdrobust package in Stata. Models use local polynomial regression, bias-correction, the optimal 
bandwidth, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014). DVs are standardized. 
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Table A.13: Effects on Scale Inputs (U.S.) 

  Voluntary, Down 
  βstd se p 

Follows News 0.05 0.14 0.75 
Thought about Election 0.06 0.14 0.66 
Discuss Politics with Family -0.14 0.13 0.28 
Discuss Politics with School -0.05 0.11 0.68 
Discuss Politics with Friends 0.04 0.10 0.68 
Read National Newspapers 0.09 0.10 0.38 
Read Local Newspapers 0.24 0.10 0.02 
Watched Network News 0.07 0.12 0.52 
Watched Cable News 0.03 0.13 0.84 
Watched Local News -0.12 0.10 0.26 
Read News Magazines -0.12 0.13 0.35 
Politics on Social Media 0.01 0.14 0.95 
Politics on Discussion Boards 0.18 0.12 0.12 
Politics on Fact Check Sites 0.04 0.17 0.83 
Politics Other -0.12 0.12 0.30 
Politics no Source -0.11 0.14 0.46 
Traditional -0.04 0.19 0.83 
Honor/Duty Core Values -0.11 0.12 0.36 
Typical American 0.01 0.12 0.92 
Able to Have Respectful Conversations -0.05 0.13 0.73 
Open Minded 0.02 0.12 0.88 
Compassionate Towards Others 0.05 0.11 0.65 
Interested in Visiting Other Countries -0.05 0.15 0.74 
Notes: Figure displays effects on scale inputs. RDD estimates from rdrobust package in Stata. 
Models use local polynomial regression, bias-correction, the optimal bandwidth, and robust 
standard errors specified by Calonico, Cattaneo, and Titiunik (2014). DVs standardized. 

 
  



 68

8. Potential Heterogeneities  
In this section, we consider possible heterogeneities—that is that our effects may differ depending on baseline 
characteristics. While not the primary focus of this paper, we deem this a useful exercise given current debates 
about how various voting interventions—be it compulsory voting (Bechtel, Hangartner, and Schmid 2015, 
Chong and Oliveira 2005, and Cepaluni and Hidalgo 2016) or other nudges to vote (Enos, Fowler, and Vavreck 
2013)—affect individuals of various backgrounds. 
 
Given the salience of debates over race and socioeconomic status in voting and our available data (and their 
correlation with vote propensity), we focus on these two possible heterogeneities. Tables A.14-A.18 show the 
estimates across these dimensions, with these models using local polynomial regression, bias-correction, and 
robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014).  
 
The models run in tables A.14-A.18 consist of a local linear polynomial and the optimal bandwidth. However, 
to check for the robustness of the findings, we also run local quartic models and models that specify the 
bandwidth from 10 to 120 days around the cutoff to see if any effects we find are meaningful. Out of the 144 
tests we run in the Brazil data (9 outcomes, 4 heterogeneities, and 4 cutoffs), 18 (12.5%) show signs of 
significance at the 5% level. However, only 3 (2.1%) of these tests show signs of robustness across various 
specifications of the running variable and bandwidth employed. (These are highlighted in grey in the Tables 
below.) Moreover, only 1 test (Political Interest, Compulsory Voting Downstream for children with college 
educated mothers) clears the Bonferroni and Sidak multiple hypothesis thresholds. Setting aside statistical 
significance and robustness, these effects also all tend to be small; when standardized, the median effect sizes 

are 0.026σ (Table A.14), 0.024σ (Table A.15), 0.037σ (Table A.16), 0.088σ (Table A.17), 0.089σ (Table A.18). 
Finally, these conclusions also hold in the data from the United States, with the effects not approaching 
statistical or substantive significance, regardless of bandwidth or running variable specification.  
 
All of this suggests that there are not large heterogeneities underlying the null effects outlined in the paper. 
There is little systematic evidence that one group—disadvantaged or advantaged, minority or majority—
benefits or is harmed by being nudged to vote. While the cutoffs we use may have differential effects on 
turnout, they have systematically null effects throughout the population studied.  
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Table A.14: Potential Heterogeneities, Compulsory Voting Downstream (Brazil) 

Outcome College Educated Mothers Non-College Mothers White Black/Brown 

Political Interest 0.046* 
(0.012) 

0.009 
(0.006) 

0.007 
(0.009) 

0.015+ 
(0.008) 

Perceive Discrimination -0.008 
(0.073) 

0.005 
(0.029) 

-0.023 
(0.046) 

0.027 
(0.034) 

Experience Discrimination 0.060 
(0.061) 

0.000 
(0.030) 

-0.032 
(0.044) 

0.017 
(0.028) 

Tolerance 0.022 
(0.063) 

-0.003 
(0.026) 

-0.006 
(0.024) 

0.024 
(0.046) 

Social Awareness -0.080 
(0.072) 

-0.007 
(0.021) 

0.013 
(0.034) 

-0.036 
(0.031) 

Political Knowledge -0.035 
(0.086) 

-0.010 
(0.022) 

-0.026 
(0.048) 

0.000 
(0.040) 

Memberships (MCA) 0.106 
(0.100) 

0.031 
(0.030) 

-0.035 
(0.042) 

0.099* 
(0.037) 

Memberships (Any) 0.062+ 
(0.032) 

0.007 
(0.011) 

0.001 
(0.016) 

0.023 
(0.020) 

Memberships (Proportion) 0.016+ 
(0.009) 

0.003 
(0.003) 

-0.002 
(0.005) 

0.010* 
(0.005) 

Notes: RDD estimates from rdrobust package in Stata. + p < 0.10, * p < 0.05. Models use local polynomial regression, optimal bandwidth, bias-
correction, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014). Standard errors clustered at the level of the discrete 
running variable (Lee and Lemieux 2010; Schochet et al. 2010). Cells highlighted in grey are robust to specifying the running variable as a local quartic 
polynomial and across bandwidths ranging from 10 to 120 days around the cutoff. 
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Table A.15: Potential Heterogeneities, Compulsory Voting Upstream (Brazil) 

Outcome College Educated Mothers Non-College Mothers White Black/Brown 

Political Interest -0.003 
(0.011) 

-0.001 
(0.005) 

0.003 
(0.004) 

0.000 
(0.006) 

Perceive Discrimination 0.091* 
(0.046) 

0.014 
(0.022) 

0.064* 
(0.028) 

-0.003 
(0.033) 

Experience Discrimination 0.080* 
(0.039) 

0.025 
(0.020) 

0.072* 
(0.025) 

0.021 
(0.034) 

Tolerance 0.031 
(0.052) 

0.000 
(0.020) 

-0.019 
(0.025) 

0.014 
(0.025) 

Social Awareness 0.093+ 
(0.050) 

0.002 
(0.019) 

0.000 
(0.023) 

0.052* 
(0.026) 

Political Knowledge 0.017 
(0.053) 

-0.045* 
(0.017) 

-0.043 
(0.032) 

-0.046 
(0.030) 

Memberships (MCA) -0.065 
(0.066) 

0.037 
(0.026) 

0.024 
(0.038) 

0.043 
(0.045) 

Memberships (Any) -0.005 
(0.027) 

0.003 
(0.010) 

0.000 
(0.017) 

0.014 
(0.013) 

Memberships (Proportion) -0.004 
(0.008) 

0.004 
(0.003) 

0.003 
(0.005) 

0.005 
(0.005) 

Notes: RDD estimates from rdrobust package in Stata. + p < 0.10, * p < 0.05. Models use local polynomial regression, optimal bandwidth, bias-
correction, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014). Standard errors clustered at the level of the discrete 
running variable (Lee and Lemieux 2010; Schochet et al. 2010). Cells highlighted in grey are robust to specifying the running variable as a local quartic 
polynomial and across bandwidths ranging from 10 to 120 days around the cutoff.  
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Table A.16: Potential Heterogeneities, Voluntary Voting Downstream (Brazil) 

Outcome College Educated Mothers Non-College Mothers White Black/Brown 

Political Interest 0.004 
(0.009) 

0.004 
(0.005) 

0.007 
(0.006) 

0.007 
(0.007) 

Perceive Discrimination -0.027 
(0.049) 

-0.037+ 
(0.022) 

-0.043+ 
(0.025) 

-0.054 
(0.034) 

Experience Discrimination -0.048 
(0.047) 

-0.034 
(0.024) 

-0.052+ 
(0.027) 

-0.049 
(0.036) 

Tolerance -0.019 
(0.047) 

0.021 
(0.021) 

0.037+ 
(0.022) 

-0.020 
(0.029) 

Social Awareness -0.040 
(0.043) 

-0.041 
(0.026) 

-0.039+ 
(0.021) 

-0.020 
(0.042) 

Political Knowledge -0.014 
(0.089) 

-0.081* 
(0.032) 

-0.138* 
(0.049) 

0.083* 
(0.041) 

Memberships (MCA) 0.024 
(0.071) 

-0.044 
(0.036) 

-0.020 
(0.036) 

-0.041 
(0.094) 

Memberships (Any) -0.028 
(0.041) 

-0.019 
(0.012) 

-0.023 
(0.020) 

0.000 
(0.023) 

Memberships (Proportion) 0.001 
(0.009) 

-0.006+ 
(0.004) 

-0.004 
(0.004) 

-0.001 
(0.010) 

Notes: RDD estimates from rdrobust package in Stata. + p < 0.10, * p < 0.05. Models use local polynomial regression, optimal bandwidth, bias-
correction, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014). Standard errors clustered at the level of the discrete 
running variable (Lee and Lemieux 2010; Schochet et al. 2010). Cells highlighted in grey are robust to specifying the running variable as a local quartic 
polynomial and across bandwidths ranging from 10 to 120 days around the cutoff. 
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Table A.17: Potential Heterogeneities, Voluntary Voting Upstream (Brazil) 

Outcome College Educated Mothers Non-College Mothers White Black/Brown 

Political Interest 0.039 
(0.026) 

0.007 
(0.027) 

0.047+ 
(0.027) 

0.027 
(0.031) 

Perceive Discrimination -0.052 
(0.146) 

-0.088 
(0.084) 

-0.204* 
(0.087) 

-0.025 
(0.126) 

Experience Discrimination -0.081 
(0.136) 

-0.081 
(0.073) 

-0.201* 
(0.083) 

-0.045 
(0.114) 

Tolerance -0.002 
(0.085) 

0.167* 
(0.064) 

0.143* 
(0.063) 

0.032 
(0.093) 

Social Awareness -0.060 
(0.118) 

0.133 
(0.094) 

0.036 
(0.097) 

0.289* 
(0.136) 

Political Knowledge 0.042 
(0.158) 

0.031 
(0.079) 

-0.014 
(0.113) 

-0.025 
(0.099) 

Memberships (MCA) -0.097 
(0.107) 

0.102 
(0.110) 

0.051 
(0.108) 

-0.218 
(0.137) 

Memberships (Any) -0.112 
(0.061) 

0.075* 
(0.038) 

-0.014 
(0.041) 

-0.036 
(0.054) 

Memberships (Proportion) -0.023+ 
(0.013) 

0.014 
(0.011) 

0.000 
(0.014) 

-0.023 
(0.015) 

Notes: RDD estimates from rdrobust package in Stata. + p < 0.10, * p < 0.05. Models use local polynomial regression, optimal bandwidth, bias-
correction, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014). Standard errors clustered at the level of the discrete 
running variable (Lee and Lemieux 2010; Schochet et al. 2010). Cells highlighted in grey are robust to specifying the running variable as a local quartic 
polynomial and across bandwidths ranging from 10 to 120 days around the cutoff. 
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Table A.18: Potential Heterogeneities, Voluntary Voting Downstream (U.S) 

Outcome College Educated Mothers Non-College Mothers White Minority 

Political Knowledge 0.082 
(0.260) 

0.028 
(0.100) 

0.030 
(0.241) 

0.050 
(0.105) 

Political Interest 0.254 
(0.239) 

-0.044 
(0.124) 

0.258 
(0.217) 

-0.036 
(0.129) 

Social Awareness 0.064 
(0.181) 

0.005 
(0.106) 

-0.143 
(0.203) 

0.040 
(0.113) 

Notes: RDD estimates from rdrobust package in Stata. + p < 0.10, * p < 0.05. Models use local polynomial regression, optimal bandwidth, bias-
correction, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014). Standard errors clustered at the level of the discrete 
running variable (Lee and Lemieux 2010; Schochet et al. 2010). 
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9. Tables from the Paper 
 

Table A.19: Upstream and Downstream Effect of Voting on Political Interest 

 
 Upstream Downstream 

Compulsory Voting 

Treatment Effect -0.001 0.012* 

(0.003) (0.006) 

Mean (control) 0.771 0.766 
BW (h) 49.41 26.32 
N (control) 45,367 14,507 
N (treatment) 43,436 15,699 
Non-parametric 
treatment effect  

-0.001 
(0.003) 

0.011* 
(0.004) 

Voluntary Voting 

Treatment Effect 0.016 0.004 

(0.019) (0.004) 

Mean (control) 0.748 0.741 

BW (h) 46.08 40.32 

N (control) 2,186 21,335 

N (treatment) 3,115 27,308 

Non-parametric 
treatment effect  

0.018 
(0.012) 

0.003 
(0.004) 

Notes: RDD estimates from the rdrobust/rd packages in Stata. + p < 0.10, * p < 0.05. Standard 
errors are listed below the coefficient estimates, with these clustered at the level of the discrete 
running variable (Lee and Lemieux 2010; Schochet et al. 2010). Political interest measured on 1-
3 scale. The first panel displays the effect of being exposed to compulsory voting; the second 
displays the effect of being exposed to voluntary voting. BW (h) represents the bandwidth for 
the local function (Non-parametric treatment effect estimates use the same CCT BW (h), and 
hence the same N and Mean). Models use the optimal bandwidth, local linear regression, bias-
correction, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014). Table 
also displays mean levels in the control group (same bandwidth as estimation). Sample sizes on 
both sides of the cutoff are also shown.  
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Table A.20: Upstream and Downstream Effects of Voting on Pro-Sociability 

  
Perceive Discrimination 

(MCA)  
Experience Discrimination 

(MCA)  
Tolerance (MCA) Social Awareness Essay Score 

(z-score) 

  Upstream Downstream Upstream Downstream Upstream Downstream Upstream Downstream 

Compulsory 
Voting 

Treatment Effect 
0.021 0.008 0.030 0.008 0.011 -0.001 0.017 -0.015 

(0.022) (0.029) (0.019) (0.028) (0.017) (0.023) (0.018) (0.020) 

Mean (C) -0.070 -0.024 -0.074 -0.042 0.030 0.050 -0.011 0.020 

BW (h) 32.42 46.49 36.42 39.39 40.40 26.96 23.68 32.38 

N (C) 28,898 25,844 32,560 21,820 36,729 14,507 20,902 17,689 

N (T) 30,314 26,086 33,319 22,548 36,689 15,699 22,453 18,903 

Non-parametric 
treatment effect 

0.019 
(0.017) 

0.011 
(0.019) 

0.025 
(0.016) 

0.008 
(0.021) 

0.000 
(0.015) 

-0.005 
(0.024) 

0.013 
(0.021) 

-0.016 
(0.023) 

Voluntary 
Voting 

Treatment Effect 
-0.078 -0.036+ -0.112+ -0.035 0.102* 0.011 0.101 -0.021 

(0.069) (0.020) (0.068) (0.024) (0.046) (0.016) (0.090) (0.021) 

Mean (C) -0.030 -0.122 -0.113 -0.179 -0.011 0.059 -0.037 0.018 

BW (h) 25.12 39.39 24.99 36.97 39.81 31.47 32.81 36.14 

N (C) 1,317 20,885 1,258 19,353 1,912 17,142 1,619 19,353 

N (T) 1,668 26,545 1,591 24,433 2,609 21,107 2,121 24,433 

Non-parametric 
treatment effect 

-0.078 
(0.075) 

-0.034+ 
(0.019) 

-0.104 
(0.073) 

-0.032 
(0.019) 

0.093+ 
(0.052) 

0.013 
(0.017) 

0.076 
(0.072) 

-0.019 
(0.021) 

Notes: RDD estimates from the rdrobust/rd packages in Stata. + p < 0.10, * p < 0.05. Standard errors are listed below the coefficient estimates, with these clustered at 
the level of the discrete running variable (Lee and Lemieux 2010; Schochet et al. 2010). The first panel displays the effect of being exposed to compulsory voting; the 
second displays the effect of being exposed to voluntary voting. BW (h) represents the bandwidth for the local function (Non-parametric treatment effect estimates use 
the same CCT BW (h), and hence the same N and Mean). Models use the optimal bandwidth, local linear regression, bias-correction, and robust standard errors specified 
by Calonico, Cattaneo, and Titiunik (2014). Table also displays mean levels in the control group (same bandwidth as estimation). Sample sizes on both sides of the cutoff 
are also shown. 
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Table A.21: Upstream and Downstream Effects of Voting on Political Knowledge 

  Upstream Downstream 

Compulsory Voting 

Treatment Effect -0.039* -0.015 

(0.019) (0.026) 

Mean (control) 0.045 0.002 

BW (h) 34.47 23.57 

N (control) 30,916 12,759 

N (treatment) 31,797 13,906 

Non-parametric 
treatment effect 

-0.034+ 
(0.019) 

0.004 
(0.019) 

Voluntary Voting 

Treatment Effect 0.014 -0.063+ 

(0.072) (0.038) 

Mean (control) 0.108 0.049 

BW (h) 30.61 34.42 

N (control) 1,535 18,300 

N (treatment) 1,998 23,229 

Non-parametric 
treatment effect 

0.011 
(0.083) 

-0.054* 
(0.023) 

Notes: RDD estimates from the rdrobust /rd packages in Stata. + p < 0.10, * p < 0.05. Standard 
errors are listed below the coefficient estimates, with these clustered at the level of the discrete 
running variable (Lee and Lemieux 2010; Schochet et al. 2010). Political knowledge measured in 
z-scores. The first panel displays the effect of being exposed to compulsory voting; the second 
displays the effect of being exposed to voluntary voting. BW (h) represents the bandwidth for 
the local function (Non-parametric treatment effect estimates use the same CCT BW (h), and 
hence the same N and Mean). Models use the optimal bandwidth, local linear regression, bias-
correction, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014). Table 
also displays mean levels in the control group (same bandwidth as estimation). Sample sizes on 
both sides of the cutoff are also shown. 
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Table A.22: Upstream and Downstream Effects of Voting on Associational Memberships 

  Memberships (MCA) Member Any Group Proportion Memberships 

  Upstream Downstream Upstream Downstream Upstream Downstream 

Compulsory 
Voting 

Treatment Effect 
0.026 0.043 0.004 0.015 0.003 0.005 

(0.024) (0.029) (0.009) (0.012) (0.003) (0.003) 

Mean (C) -0.179 -0.113 0.606 0.597 0.122 0.126 

BW (h) 51.52 22.09 39.90 24.87 49.71 21.11 

N (C) 47,223 12,220 35,650 13,370 45,367 11,760 

N (T) 45,345 13,329 35,812 14,421 43,634 12,724 

Non-parametric 
treatment effect 

0.024 
(0.016) 

0.037 
(0.035) 

0.004 
(0.008) 

0.013 
(0.013) 

0.003 
(0.002) 

0.004 
(0.004) 

Voluntary 
Voting 

Treatment Effect 
0.011 -0.009 -0.001 -0.014 -0.002 -0.002 

(0.078) (0.035) (0.036) (0.012) (0.010) (0.004) 

Mean (C) -0.120 -0.120 0.642 0.615 0.132 0.130 

BW (h) 33.05 34.65 29.85 36.41 32.94 34.76 

N (C) 1,654 18,300 1,479 19,353 1,619 18,300 

N (T) 2,209 23,229 1,945 24,433 2,121 23,229 

Non-parametric 
treatment effect 

0.014 
(0.078) 

-0.004 
(0.027) 

0.000 
(0.036) 

-0.011 
(0.010) 

-0.002 
(0.010) 

-0.001 
(0.003) 

Notes: RDD estimates from rdrobust/rd packages in Stata. + p < 0.10, * p < 0.05. Standard errors are listed below the coefficient estimates, with these 
clustered at the level of the discrete running variable (Lee and Lemieux 2010; Schochet et al. 2010). The first panel displays the effect of being exposed to 
compulsory voting; the second displays the effect of being exposed to voluntary voting. BW (h) represents the bandwidth for the local function (Non-
parametric treatment effect estimates use the same CCT BW (h), and hence the same N and Mean). Models use the optimal bandwidth, local linear regression, 
bias-correction, and robust standard errors specified by Calonico, Cattaneo, and Titiunik (2014). Table also displays mean levels in the control group (same 
bandwidth as estimation). Sample sizes on both sides of the cutoff are also shown. 
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Table A.23: Downstream Effects of Voting on Civic Attitudes/Behaviors (U.S.) 

  Political 
Knowledge 

Political Interest Social Awareness 

Voluntary 
Voting 

Treatment Effect 
0.046 0.042 0.002 

(0.101) (0.112) (0.103) 

Mean (C) -0.036 0.051 -0.021 

BW (h) 115.93 77.37 73.10 

N (C) 1226 723 792 

N (T) 704 517 582 

Non-parametric 
treatment effect 

0.036 
(0.080) 

-0.028 
(0.088) 

0.055 
(0.077) 

Notes: RDD estimates from rdrobust/rd packages in Stata. + p < 0.10, * p < 0.05. Standard errors are listed 
below the coefficient estimates, with these clustered at the level of the discrete running variable (Lee and 
Lemieux 2010; Schochet et al. 2010). The first panel displays the effect of being exposed to compulsory 
voting; the second displays the effect of being exposed to voluntary voting. BW (h) represents the bandwidth 
for the local function (Non-parametric treatment effect estimates use the same CCT BW (h), and hence the 
same N and Mean). Models use the optimal bandwidth, local linear regression, bias-correction, and robust 
standard errors specified by Calonico, Cattaneo, and Titiunik (2014). Table also displays mean levels in the 
control group (same bandwidth as estimation). Sample sizes on both sides of the cutoff are also shown. 
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10. Test for Potential Spillover Effects 
One might be curious whether there is any evidence for spillover effects within cohorts. It might be 
reasonable to suspect that areas that have more students treated will magnify the effect of eligibility: that is, in 
areas where there are more peers voting, engaging in this fundamental act of democracy may be more 
transformative than if there are fewer students around (because of shared excitement among friend-based 
networks, mutual mobilization, reinforcement from school civic education programs, etc.). To explore this 
possibility, we calculated the fraction of students in one’s cohort who were treated with a voting nudge (we 
are using our pooled models here to increase statistical power). We then broke this measure by deciles 
(bottom decile: 0-37.3% exposed; top decile: 67%-100% exposed) and estimated our regression discontinuity 
models for each decile. 
 
Figure A.45 shows the results of this exercise. If we were to see shared mobilization/many people being 
treated to have larger transformative effects, we would expect the coefficients to get larger as we moved from 
left to right. This is not what we observe. The coefficients shown tend to if anything, on average, get smaller 
as we look at groups that are more exposed to treatment (r = -0.15; p=0.15).  Overall, only 5 of the 90 
coefficients (5.5%) is significant at the 95% level—about what we would expect by chance. This isn’t for a 
lack of statistical power (note the narrow confidence intervals that allow us to rule out the default equivalence 
testing values suggested by Hartmann and Hidalgo (2018)).  
 
While this test does not afford us definitive proof of a lack of spillovers, it is at least suggestive that our 
treatment estimates do not vary by the fraction of one’s network that is treated.  
 

Figure A.45: Looking for Spillover Effects (Brazil; Pooled) 

 
Regression discontinuity estimates broken by the fraction of one’s school cohort that is exposed to a voting treatment (0: 

bottom decile; 10: top decile). Plot displays coefficient estimates (circles) and 95% confidence intervals (bars). 
Coefficients are in standardized units. Like the other coefficient plots, three reference lines are shown: one for 0 (the 

standard hypothesis testing level) and 0.36 standard deviations (the default equivalence testing level suggested by 

Hartmann and Hidalgo (2018)).  


