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1 Introduction

A persistent challenge in political representation is understanding why women and minorities

remain underrepresented in elected office. One key explanation lies on the demand side: voter

discrimination. Discrimination, however, can take two distinct forms: statistical discrimina-

tion, in which voters judge individuals based on group-level characteristics or averages; and

taste-based discrimination, which stems from intrinsic biases against candidate identities, re-

gardless of their actual behavior or qualifications.1 While both forms of discrimination can pro-

duce similar patterns of underrepresentation, distinguishing between them is crucial for effec-

tive policy design. Economic theory suggests that voter beliefs – the basis for statistical discrim-

ination – are more amenable to change through targeted information and learning than deeply

rooted preferences (Fang and Moro, 2011; Bertrand and Duflo, 2017). If statistical discrimina-

tion is the primary barrier, well-designed information campaigns could meaningfully improve

the descriptive representation of women and ethnic or religious minorities. Conversely, if taste-

based animus is the dominant force, the potential for policy interventions to reduce underrep-

resentation may be more limited.

Empirically disentangling statistical from taste-based discrimination is difficult for two main

reasons. First, statistical discrimination operates through voter beliefs used to form expec-

tations about candidates’ unobserved characteristics, whereas taste-based discrimination re-

flects preferences over observed candidate attributes. Since both voter beliefs and preferences

are unobserved, and jointly determine vote choice, reduced-form analysis of vote shares has

difficulty in separating the two mechanisms.2 Second, while labor market discrimination mod-

els often focus on vertical attributes like productivity or competence, voter decisions also in-

volve horizontal attributes, such as policy positions and identity. Because horizontal attributes

affect different voters differently (e.g. in spatial models), they introduce non-monotonicities in

voting behavior that can obscure the presence of discrimination, especially when fitting aggre-

gate vote share data through linear models.

In this paper, we present a random utility voting model, estimated in combination with a

large-scale electoral experiment, that enables us to address this complex empirical identifi-

cation problem. In our framework, voters choose among candidates based on three key at-

tributes: gender identity, ability, and policy position. Ability is modeled as a vertical attribute,

1See Phelps (1972); Arrow (1973, 1998) and for a more recent discussion Fang and Moro (2011); Guryan and
Charles (2013).

2See Altonji and Pierret (2001) for a canonical example of how statistical discrimination arises from unobserved
characteristics, and the difficulty of separating it from other mechanisms.
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a common-value component of preferences (i.e., voters uniformly prefer higher-quality can-

didates).3 Gender identity and policy position are modeled as horizontal attributes, or private-

value components (i.e., voters evaluate these features differently depending on how closely they

align with their own identity or policy ideal point).4

While we assume that voters observe gender identity with certainty (a realistic assumption in

our context), both ability and policy position are subject to uncertainty. Voters hold subjective

and heterogeneous beliefs about these attributes, and it is through these beliefs that one can

formally incorporate statistical discrimination in the model. Importantly, the model also allows

utility weights assigned to each dimension –gender, ability, and policy– to vary across voters.

This state-dependent component of preferences captures the psychological salience of each at-

tribute, a behavioral feature that can be shaped by campaign messages independently of belief

updating. Dimension-specific utility weights provide a natural way to incorporate taste-based

discrimination in voting, reflecting intrinsic preferences over observed candidate identity.

To estimate our model, we conduct a randomized experiment in partnership with a Brazilian

nonpartisan non-profit organization that micro-targeted voters via Instagram one week prior to

the 2024 municipal elections in Brazil. Brazil provides a compelling setting for this experiment.

Gender representation remains a persistent challenge in Brazilian politics, particularly at the lo-

cal level. Although women make up 51% of the population, they are severely underrepresented

in municipal councils, which are the focus of our paper. In the 2024 municipal elections, only

18.2% of elected councilors were women.

Social media, and Instagram in particular, offer a highly effective channel for reaching Brazil-

ian voters due to their popularity. As of March 2024, Instagram had approximately 141 million

users in Brazil, representing 63.9% of the population. The platform boasts a diverse and en-

gaged user base across age groups, and Brazilian politicians have increasingly leveraged Insta-

gram to connect with constituents. Social networks and messaging apps are now among the

most important tools in political campaigning in Brazil.

Our experiment, conducted in 1,000 municipalities across the country, is designed to iden-

tify statistical versus taste-based discrimination within the structure of our model of political

behavior. Our campaign reached 5.2 million people, covering nearly 90% of registered voters

in our sample municipalities, offering an unprecedented opportunity to evaluate large-scale

digital interventions in real elections. We randomly exposed female and male voters to infor-

3This follows the standard treatment in models that incorporate both common-value and private-value dimen-
sions of candidate evaluation. See for example Kawai and Sunada (2025).

4For an example see Kendall et al. (2015). For a recent discussion of the role of identity see Bonomi et al. (2021);
Gennaioli and Tabellini (2025).
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mative and uninformative messages about female candidates. The informative messages pro-

vide hard information about candidates’ attributes, aiming to influence both voters’ beliefs and

the salience of these attributes in their utility functions. In contrast, uninformative messages

are designed to only increase salience/preference weights without altering beliefs. This com-

bination of message types offers a novel empirical strategy to separately identify the roles of

statistical and taste-based discrimination in voter decision-making.

Our analysis yields several findings relevant to the Political Economy literature on political

behavior and the Economics literature on discrimination. Estimation of our model provides

evidence of taste-based discrimination, but we also show it can be experimentally reduced.

Specifically, our gender identity treatment micro-targeted to male voters increased support for

female politicians by reducing their taste-based disutility from voting against their own gender.

In contrast, female voters exhibited a higher baseline willingness to vote for female candidates

and the treatment had no measurable effect on female voters.

With respect to statistical discrimination, our estimates suggest that voters are heteroge-

neous in their perception of whether female candidates have higher ability than male candi-

dates. Quantitatively, our ability messages did not significantly increase the vote share for fe-

male candidates.

Policy messages appear more effective in our context. We uncover a significant mismatch

between female voters’ policy preferences and their beliefs about female candidates’ policy po-

sitions. Specifically, female candidates are perceived as more liberal than female voters them-

selves. This perceived ideological distance helps explain the persistent gap in vote shares for

female candidates, particularly among female voters. Encouragingly, this form of statistical dis-

crimination –rooted in beliefs about policy positions– appears more amenable to correction

than misperceptions about ability in the Brazilian context. Our informative policy message ef-

fectively reduced the perceived distance between female voters’ ideal points and the positions

they attributed to female candidates, moving it closer to the median voter. Overall, informative

policy messages substantially increased female vote shares and representation.

Our model also allows us to quantitatively assess the relative importance of statistical versus

taste-based discrimination. Eliminating statistical discrimination consistently reduces female

underrepresentation and can even lead to overrepresentation. In contrast, removing taste-

based discrimination has mixed effects and may sometimes increase underrepresentation. This

counterintuitive result arises because both male and female voters tend to prefer same-gender

candidates, so removing female voters’ preference for women can reduce support for female

candidates in some municipalities.
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Another key advantage of our approach is its ability to quantitatively evaluate the impact

of alternative campaign strategies on both taste-based and statistical discrimination. This in-

cludes the simulation of “optimal” campaigns, which tailor the mix of electoral messages based

on municipality-level characteristics. Results show that such optimized campaigns may in-

crease vote shares of female candidates on average by 2 percentage points. When translated

into cost-effectiveness terms, this corresponds to approximately 1.6 additional votes for female

candidates per dollar spent.

This paper contributes to an active area of research in Political Economy and Political Sci-

ence on discrimination in electoral representation, and more broadly to the wider literature in

Labor and Public Economics on gender and minority discrimination.

First, we add to the extensive literature in Economics and Political Science examining demand-

side factors underlying the underrepresentation of women in politics, with a particular focus on

voter bias. Existing evidence is mixed. In Economics, Casas-Arce and Saiz (2015) find little evi-

dence of voter discrimination following Spain’s introduction of reforms requiring parties in mu-

nicipalities above 5,000 inhabitants to field candidate lists with at least 40 percent women. Sim-

ilarly, Gonzalez-Eiras and Sanz (2021) find no voter bias in Spanish local elections when com-

paring female vote shares across closed- and open-list systems. In Political Science, Broock-

man and Soltas (2020) examine Republican presidential primaries in Illinois (2000–2016), doc-

umenting strong bias against non-white delegates but no discrimination against women. Other

studies highlight the role of stereotypes and statistical discrimination in shaping candidate

evaluation. Anzia and Bernhard (2022) show that gender stereotypes influence voter percep-

tions in U.S. elections, even as evidence points to higher effort and quality among female can-

didates (Anzia and Berry, 2011; Ashworth et al., 2024).

Conversely, other work provides direct evidence of gender bias. Fréchette et al. (2008) ar-

gue that male bias explains incumbency advantages for men in French legislative elections fol-

lowing the implementation of quotas, especially under single-member majority systems as op-

posed to closed-list proportional representation. Le Barbanchon and Sauvagnat (2022) further

illustrates voter bias through survey data on gender roles in politics, demonstrating that female

candidates receive fewer votes in French municipalities characterized by larger local gender

earnings gaps within the same electoral district and election year. Experimental evidence from

India reinforces this interpretation: Beaman et al. (2009) demonstrate that random exposure to

female leaders through village council quotas increases women’s subsequent electoral success

and reduces stereotypes about women’s effectiveness in both public and domestic roles.

Our study advances this literature in two key ways. First, whereas much of the existing ev-
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idence relies on institutional reforms such as quotas or electoral rules, we introduce — to our

knowledge — the first field experiment specifically designed to quantify the effect of voter bias

on female vote shares. Second, our design allows us not only to detect bias, but also to decouple

its underlying mechanisms.

By distinguishing between taste-based and statistical discrimination, our research intersects

with an extensive Labor Economics literature.5 We offer a methodological contribution to a

body of work that predominantly uses audit or correspondence studies to differentiate these

discrimination theories. Typically, these studies assume that observed outcome differences be-

tween minority and non-minority candidates indicate taste-based discrimination provided that

applications include all relevant information about a candidate’s productivity. However, this

method requires strong assumptions: either all relevant productivity factors must be observed,

or unobserved factors must not differ systematically between groups in both mean and vari-

ance, unless linearity is imposed (Heckman and Siegelman, 1993; Heckman, 1998). Building on

Neumark (2012), we show how experimental variation in the salience of candidate attributes

enables separation of statistical from taste-based discrimination — an approach rarely avail-

able in correspondence designs.

Our research also relates to a substantial Political Economy literature on the effects of in-

formational campaigns on voter behavior. This literature predominantly examines informa-

tion provision in a reduced-form manner, highlighting its efficacy in increasing voter turnout

(Gerber and Green, 2000), affecting vote choice (DellaVigna and Gentzkow, 2010; Aker et al.,

2011), and even affecting vote-buying behaviors (Vicente and Wantchekon, 2009; Fujiwara and

Wantchekon, 2013; Vicente, 2014). Recent studies demonstrate that campaign messaging in-

fluences voter beliefs and choices, with valence-based appeals especially effective Kendall et al.

(2015); Cruz et al. (2024). Our contribution goes further: to understand information’s role in

discrimination requires structural estimation models combined with messaging that distinctly

targets voter beliefs and preferences. Moreover, we employ a large-scale social media inter-

vention, adding evidence on the effectiveness of micro-targeted digital campaigns in electoral

settings.

Finally, our paper contributes to a growing Political Economy literature focused on structural

models of voter demand. This literature covers elections in both high income (Berry et al., 2024;

Cox, 2024; Longuet-Marx, 2025) and low income countries (Ujhelyi et al., 2021; Iaryczower et al.,

2022; Finan and Mazzocco, 2025; Montero, 2025) – with the latter context being closer to ours.

5For comprehensive reviews of the discrimination literature, see Guryan and Charles (2013); Lang and Lehmann
(2012); Bertrand and Duflo (2017).
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Few studies integrate structural modeling with experimental variation or explicitly address the

sources of discrimination in elections.6

The paper proceeds as follows. The next section presents the econometric model and our

methodological approach. Section 3 discusses the institutional context, details of the electoral

experiment, and the data. Section 4 presents the reduced-form results. Section 5 includes our

main empirical results, model fit, robustness, and validation. Section 6 presents a series of

electoral counterfactuals, relevant to future applications of this methodology and to current

research on descriptive electoral representation. Section 7 concludes.

2 Empirical Model

2.1 Setup

A voter living in municipality m = 1, ...,M is choosing among a set of political candidates

j = 1, ..., J for election to the local legislature by open list proportional representation. The

voter is indicated as i ∈ {1, 2, . . . ,Nm}, with binary sex at birth Gi ∈ {0, 1}.7 Each candidate j is

represented by a set of features k = 1, ...,K. In this analysis, the features are K = 3 and comprise

gender of the candidate, G j, ability in performing administrative tasks, A j, and policy position

on a uni-dimensional progressive-conservative scale, P j. For the purposes of the exposition, we

can focus on the choice between two candidates, a female and a male.

Voters enjoy utility from supporting candidates with certain features, for example candidates

who share their own gender identity or who are closer to their policy views. Voters may not

know features of candidates with certainty, or at least not for all candidates, and have their own

beliefs over particular features. Specifically, while we assume voters know gender identity with

certainty, ability and policy position are dimensions of j over which there is a degree of uncer-

tainty, i.e. voter i has subjective and heterogeneous beliefs over features A j and P j. We define

voter expectations asEi[A j] = Ai j andEi[P j] = Pi j, where the subscript in the expectation oper-

ator indicates that expectations are taken over i’s subjective belief distribution about candidate

j’s features. This allows one to capture situations such as when voter i may support male candi-

date j over a female candidate j′ because i expects female candidates to have on average lower

ability than male ones (Ai j > Ai j′). In practice, i’s expectations about j allow to formally incor-

porate statistical discrimination into our problem, as implied by discrimination theory (Phelps,

6For a related structural approach that emphasizes heterogeneity in voter response, see also Magesan et al. 2024.
7For the remainder of the paper, we use sex and gender as synonyms.
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1972; Arrow, 1973, 1998).

Voter preferences are expressive and additively separable across the K dimensions. Given

voter i’s expectations Ei[.], gender Gi, and ideal policy position Pi, i’s utility from voting for

politician j is assumed to take the form:

ui, j = −wG
i ×

∣∣∣G j − Gi

∣∣∣ + wA
i × Ai j − wP

i ×
∣∣∣Pi j − Pi

∣∣∣ + εi j, (1)

where wk
i are preference weights placed on the gender identity, ability, and policy dimensions

(we will also use the term salience or salience weights) and are non-negative, wk
i ≥ 0.

In equation (1), preferences are spatial in policy and in gender identity, that is everyone likes

candidates that are closer to themselves more than candidates that are farther away. The oper-

ator |.| represents a generic distance function determining losses (e.g., quadratic losses associ-

ated to voting for candidates far from the voter in terms of their policy position imply
∣∣∣Pi j − Pi

∣∣∣ =(
Pi j − Pi

)2
). Preferences are vertical along the ability dimension, as everyone likes higher abil-

ity/competence in their elected officials, unconditionally of policy position or gender. In this

sense, equation (1) accommodates a mix of private value horizontal dimensions (gender, pol-

icy) and common value vertical dimensions (ability). Weights wk
i represent pure taste param-

eters and allow us to incorporate taste-based discrimination elements into our problem. For

instance, a male voter i may consider female candidate j′ less desirable than male candidate

j because wG
i > 0 and i does not share the same identity as candidate j′ (

∣∣∣G j − Gi

∣∣∣ = 1). Fi-

nally, equation (1) includes a random utility component εi j that is i.i.d. across all i and j. It

characterizes a stochastic element of voter utility realized at the time they cast their ballot.

2.2 Mechanisms and Estimation

Formalization via equation (1) makes the central mechanisms of the political behavior model

explicit. We focus on two in particular. Voters are allowed to respond to electoral signals through:

(i) Beliefs used in voter expectations, Ei[A j] = Ai j and Ei[P j] = Pi j; (ii) Preference weights of

the gender identity, ability, and policy dimensions, wk
i , for k = G,A,P.

With respect to mechanism (i), we assume that voter expectations can only be affected by

information and that no belief updating takes place absent informative signals. As absence of

information can be in itself an informative signal and induce updating, this can be considered a

strong assumption in a context where voters and politicians are perfectly rational/Bayesian. We

believe it is a less stringent assumption in our specific application. In Brazilian local elections,
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hard information is typically limited, and its absence may be relatively unsurprising to voters,

hardly inducing any learning. We indicate informative signals about ability and policy in mu-

nicipality m as TA
i,m and TP

i,m, respectively. Voter expectations of candidate ability are defined as

Ai j = ξAG j + ρATA
i,mG j + ηAXm: a function of TA

i,m, the candidate’s gender G j, as well as vector of

candidate and municipality voter characteristics Xm = [Xm,Cand,Xm,Voters]. Similarly, we parame-

terize voter policy preferences as
∣∣∣Pi j − Pi

∣∣∣ = (
Pi j − Pi

)2
with Pi j = ξPG j+ρPTP

i,mG j+X⊺

m,Candη
P
Cand,

and voter ideal point Pi = X⊺

m,Voter · η
P
Voter + µ · Gi, with ηP = [ηP

Cand,−η
P
Voter]. The set of con-

trol variables included in the estimation encompasses the relative wealth of female candidates

compared to male candidates, the proportion of female candidates with college degrees rela-

tive to male candidates, marital status ratios among candidates by gender, GDP per capita, and

average age and education levels of voters, among other characteristics.

With respect to mechanism (ii), wk
i plays the role of salience weights along dimension k.

These weights are designed to parsimoniously capture psychological components of choice

beyond rational learning. Examples are shifts in awareness (or neglect) of issues, or changes

in voter attention occurring during the campaign. As attention shifts may happen for a number

of reasons, and wk
i may be sensitive to multiple types of stimuli, we allow salience weights to

respond to all signals, including uninformative ones. We indicate uninformative signals about

ability and policy as VA
i,m and VP

i,m. Signals about gender are indicated as VG
i,m. We assume that

weights wk
i = exp

(
ωk + σkνk

i,m + λ
k max{Tk

i,m,V
k
i,m}

)
are influenced by a dimension-specific in-

terceptωk, unobserved heterogeneity preference shocks vk
i,m and signals Tk

i,m or Vk
i,m. The expo-

nential function ensures weights are positive and we experiment with other transformations in

our empirical application.

With these assumptions in place, the parameterization of (1) is complete. Voter i’s utility
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from voting for candidate j in municipality m, can be stated as:

ui, j,m = − exp

 ∑
g∈{0,1}

ωG
g · 1

{
Gi,m = g

}
+ σG · ν

G
i,m +

∑
g∈{0,1}

λG,g · VG
i,m · 1

{
Gi,m = g

}
wG

i , weight of gender dimension

× 1{Gi,m , G j}
loss from j’s gender identity not matching i’s identity

+ exp
(
ωA + σAν

A
i,m + λA max{TA

i,m,V
A
i,m}

)
wA

i , weight of ability dimension

×

(
ξAG j + ρATA

i,mG j + η
AXm

)
utility from j’s expected ability

− exp
(
ωP + σPν

P
i,m + λP max{TP

i,m,V
P
i,m}

)
wP

i , weight of policy dimension

×

(
ξPG j + ρPTA

i,mG j + η
PXm − µGi,m

)2

loss from j’s expected policy not matching i’s ideal policy

(2)

+ εi, j,m

where each component’s mapping into (1) is reported under each line and εi, j,m are the i.i.d.

taste shocks.

In equation (2), parameters λG,0, λG,1, λA, λP, ρA and ρP correspond to sensitivity to electoral

signals of various type, while all the remaining parameters govern baseline voter’s behavior.

Specifically, parameters λG,0, λG,1, λA and λP correspond to the change in salience weights over

gender identity, ability, and policy due to informative or uninformative signals. These are meant

to capture effects of signals on voter preferences, potentially including those induced through

experimental variation discussed in the following section. For example, sending a message

about a candidate’s policy position (uninformative or informative) is a signal allowed to modify

the preference weight placed by a voter on policy (via λP). Importantly, parameters λG,0 and

λG,1 indicate shifts in the weight of gender identity (allowed to vary for male and female voters

respectively). It is through λG,0 and λG,1 that effects of signals affecting taste-based discrimi-

nation in voters can be measured. Parameters ρA and ρP account for changes in utility from

expectations about j’s ability and policy position, as a consequence of learning from informa-

tive signals. It is through ρA and ρP that effects of signals affecting statistical discrimination in

voters can be measured.

We assume that ϵi, j,m follows the Extreme Value Type 1 distribution. Moreover, we assume

that the random coefficient shocks, νG
i,m, νA

i,m and νP
i,m, are independent from each other and
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normally distributed with mean 0 and variance σk. Further, we fix the scale of each dimension

by calibrating σk to 1. This restricts the dispersion of weights associated with each dimension,

while allowing the scale of the utility to remain free and be estimated from the data. The result-

ing parameter estimates are relative to this normalized value.

Variation in the assignment of the signals VG
i,m and

{
Tk

i,m,V
k
i,m

}
, k = A,P, (discussed in the

following section) allows us to identify all parameters of the voter weight functions, particularly

ωk. Along the vertical dimension, voter expectations vary monotonically with the covariates,

whereas expectations along the horizontal (spatial) dimension are inherently non-monotonic.

This theory-driven distinction is central to identification of
{
ξk, ηk

}
, k = A,P. The linearity of

the expected ability function Ai j in candidate and voter characteristics Xm = [Xm,Cand,Xm,Voters]
guarantees identification of the parameters

{
ξA, ηA

}
. The non-monotonic nature of the policy

loss function, in combination with the interaction of candidate and voter characteristics, allows

to identify the remaining parameters
{
ξP, ηP

Cand, η
P
Voter

}
.

Based on these assumptions, we model vote choice via a discrete choice, random utility

framework. Let vs
i,m denote if i voted for female candidate or not. We assume that the decision

to vote for a female candidate is determined by:

vi,m = 1{ui,1,m > ui,0,m}. (3)

The model-based total votes for female candidates in municipality m are then given by vm =∑Nm
i=1 vi,m and can be matched to empirical moments measured at the municipal level. The esti-

mator that we employ is Generalized Method of Moments (GMM) and Appendix A provides the

details of its construction. Appendix B discusses how the parameters are identified by extend-

ing arguments used in Fox et al. (2012) to our setup. Appendix C reports Monte Carlo simula-

tion exercises focused on probing the robustness of this estimator to measurement error and

spillovers.

3 Design of the Experiment and Data

During Brazil’s 2024 municipal elections, we collaborated with Rede A Ponte, a non-governmental

organization dedicated to reducing gender discrimination in politics, to conduct a large-scale

randomized experiment. The experiment covered 5.2 million people across 1,000 municipali-

ties, with randomization implemented at the municipal level, and focused on the three dimen-

sions central to our model: gender identity, ability, and policy. Messages were disseminated
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exclusively through Instagram and were tailored to emphasize these dimensions, by shifting

salience and altering beliefs. This section details the institutional context, the experimental

setting, and the data.

3.1 Institutional Context

Municipal elections in Brazil occur every four years to elect mayors, vice mayors, and city coun-

cilors in the country’s 5,570 municipalities (municípios). The elections took place in October

2024, with voting mandatory for literate citizens aged 18 to 70 and optional for those aged 16 to

17, over 70, or illiterate. This requirement produces consistently high turnout, typically above

80%. The Superior Electoral Court (TSE) oversees the process, ensuring transparency and credi-

bility through electronic voting machines, which allow rapid counting and reduce opportunities

for fraud (Fujiwara, 2015).

Municipal governments manage essential services such as education, healthcare, urban plan-

ning, and infrastructure. Mayors exercise considerable executive power in budget and service

delivery, while city councilors act as legislators, enacting bylaws and overseeing the executive.

These roles make municipal elections a key arena for shaping policies that directly affect citi-

zens’ daily lives.

City councilors are elected through a proportional representation system based on the “quo-

ciente eleitoral” (electoral quotient) and the “quociente partidário” (party quotient). The elec-

toral quotient is calculated by dividing total valid votes in a municipality by the number of coun-

cil seats. Parties must meet this threshold to secure representation. Seats are then allocated

proportionally to the total votes received by each party’s candidates. This design favors coali-

tions and can amplify larger alliances, while limiting the success of independents and smaller

parties.

Gender representation remains a defining feature of Brazil’s local politics. Although women

account for 51% of the population, they won only 18.2% of city council seats in the 2024 elec-

tions – 10,654 of 58,446 positions. City council positions often serve as the main entry point

for women into politics in Brazil: 89% of women who pursue a political career begin as city

councilors (Rede A Ponte, 2024). This first step is crucial, as it provides legislative experience,

political visibility, and networking opportunities that are fundamental for advancing to higher

political offices at the state and federal levels. Despite legislation mandating that 30% of party

resources be allocated to support female candidates, enforcement has been inconsistent, and

structural barriers persist.
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In this setting, municipal elections provide a natural laboratory for examining how targeted

interventions addressing both statistical and taste-based discrimination can shape voter beliefs

about candidates’ ability and policy stances, while also shifting the salience of gender in elec-

toral decision-making. The decentralized nature and heterogeneity of Brazil’s municipalities

make them ideal for testing how micro-targeted messages affect perceptions of candidates.

3.2 Experimental Design

Eight days before the election, we launched the campaign in the selected municipalities. The

intervention used Instagram’s advertising tools to target voters within treatment areas, with ran-

domization determining both exposure and message content.

3.2.1 Digital Campaign Implementation via Instagram

Instagram was chosen because of its extensive penetration in Brazil. As of March 2024, it had

around 141 million users – 63.9% of the population (NapoleonCat) – with broad engagement

across age groups. Brazilian politicians increasingly rely on Instagram to connect with voters,

making it one of the most relevant channels for electoral messaging. Roughly 40% of city council

candidates officially registered Instagram accounts with the TSE, though this underestimates

actual use since registration is not mandatory. The widespread presence of both voters and

candidates highlights Instagram’s centrality in political communication and its suitability for

our experiment.

Instagram’s advertising algorithm enabled us to target voters based on their municipality,

gender, and age group. The campaign leveraged the platform’s geolocation tools to ensure that

advertisements were displayed only to voters within the assigned treatment municipalities. Ad-

ditionally, we used Instagram’s engagement metrics to track impressions (total views) and reach

(unique users who saw the ad), ensuring effective message dissemination.

Table 1 presents the total number of impressions and unique views, broken down by gender.

Overall, our campaign generated 9.9 million impressions and 5.2 million unique views. Given

that the total population in our sample is 6.9 million, we reached approximately 76% of the

population – or nearly 90.2% of registered voters in our sample. Further details on the technical

implementation of the digital campaign, including budget allocation, contingency measures,

and performance evaluation, can be found in Appendix D.
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3.2.2 Randomization and Treatment Assignment

To ensure a well-balanced sample and a robust first stage of our treatment, we implemented

a three-step selection process. First, we restricted the sample to medium-sized municipali-

ties with populations between 5,000 and 30,000. Larger municipalities near metropolitan areas

pose risks of spillovers and low penetration, while very small ones are vulnerable to measure-

ment noise: in a town of 2,000 voters, shifts of only 100 individuals could substantially distort

penetration estimates.

Second, within this set of municipalities, we calculated the minimum Instagram penetra-

tion rates and selected the top 1,000 municipalities with the highest minimum penetration. To

estimate minimum penetration rates, we conducted an independent data collection effort sim-

ulating a campaign before the experiment. This allowed us to gauge the reach of Instagram

ads at the municipal level. Finally, we assigned treatment arms to the selected municipalities,

while ensuring balance across key observable characteristics, including gender composition,

education levels, racial composition, internet availability, past voting patterns for female can-

didates, GDP per capita, and age distribution. To verify that our sample is representative of the

country, we compared our experimental sample to the full set of Brazilian municipalities main

characteristics (see Table 2). A comparison of summary statistics confirms that the selected mu-

nicipalities are broadly similar in terms of demographic composition, economic development,

and internet access.

While Instagram’s geolocation tools allow us to target voters within specific municipalities,

potential spillover effects remain a challenge. These spillovers can occur through two main

channels: social sharing of ads and commuting patterns. The first type of spillover arises when

Instagram users share our ads with others via Instagram messages. This can result in our mes-

sages reaching voters outside the treated municipalities, leading to unintended exposure to

treatment. To monitor this, we analyzed engagement data (e.g., number of times our post were

shared) and found no systematic evidence of significant spillover effects between treatment

and control municipalities. The second type of spillover occurs when voters commute between

municipalities for work or other purposes, potentially exposing them to different treatment sta-

tuses. This can lead to two types of confounding forces. First, a voter assigned to one treatment

status may travel to another municipality where a different treatment status applies, result-

ing in exposure to two messages instead of one. Second, voters from municipalities outside

our sample may travel to those within our sample, inflating the estimated penetration rate of

our messages. Since these voters ultimately vote in their home municipality, which is outside

our sample, this could lead to overestimating actual reach. However, given the small and pre-
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dominantly rural nature of the municipalities in our sample –averaging approximately 8,000

residents and located far from major metropolitan centers– regular intermunicipal commuting

for work is limited. Instituto de Pesquisa Econômica Aplicada (2016) used national commuting

data to show that only around 12.8% of employed Brazilians commute across municipalities,

with much lower rates in rural and less connected areas. Therefore, the likelihood of voters

from outside our sample regularly entering treated municipalities and inflating our estimated

reach appears minimal.

Before randomization, municipalities were stratified based on demographic factors (pop-

ulation size, literacy rate, schooling levels, urbanization rate, proportion of racial groups, age

distribution), economic indicators (per capita GDP) political characteristics (past electoral per-

formance of female candidates), and digital infrastructure (internet coverage, minimum Insta-

gram penetration rate, Meta’s small-municipality classification). They were then randomly al-

located to one of seven experimental arms: i) a gender treatment targeted at male voters, ii)

a gender treatment targeted at female voters, iii) an informative ability treatment, iv) a non-

informative ability treatment, v) an informative policy treatment, vi) a non-informative policy

treatment, and vii) a control group that did not receive any campaign messages. This random-

ization approach ensured that the assignment of municipalities across experimental conditions

was balanced, allowing for identification of the effects of each message type on voter prefer-

ences and beliefs.

Appendix D presents all the campaign materials. Gender, uninformative ability, and unin-

formative policy messages raise awareness of the electoral importance of candidate’s gender,

ability, and policy, respectively. The gender messageVG
i,m reads (in translation): “Did you know

that women make up more than 50% the population, but they represent only 16% of the National

Congress? Around the world only 27% of parliamentarians are women. Who deserves your vote

in these elections? A female candidate or a male candidate? Think carefully about this.” This

message is designed to increase salience of gender identity in voters.

Model identification requires a treatment effect of the uninformative message Vk
i,m for k =

A,P through salience and a treatment effect of the informative message Tk
i,mthrough both salience

and beliefs. To stay as close as possible to this feature, we design the messages to preserve a

nested structure. As an example, consider the policy messages. The uninformative salience

message VP
i,m states: “What is important to you in this election? Education, health care, child

welfare? Vote for candidates who truly defend what is important for you everyday.” This is aug-

mented in the informative message TP
i,m as: “What is important to you in this election? Educa-

tion, health care, child welfare? Did you know that studies show that female parlamentarians
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invest 77% more in childcare[*citation], education and health care[*citation] than male politi-

cians? Vote for candidates who truly defend what is important for you everyday.” Citations to

pertinent research are added to the informative message. In other words, the informative pol-

icy message adds verifiable information about average social spending by female candidates in

childcare, education, and health care, signaling progressive but possibly not extreme positions.

The Brazilian Legislative Surveys indicates female politicians further to the left relative to male

politicians, as we discuss below, so these messages are congruent with the political environ-

ment and truthful. Regarding ability, informative messages add verifiable information about

the average educational attainment and qualifications of female candidates and signal the high

quality of female candidates quoting explicitly relevant evidence. Again, these messages are

congruent with the Brazilian political environment where female politicians tend, for example,

to have higher education attainment levels than male ones.

Table 3 presents summary statistics for municipalities in our sample by treatment assign-

ment. For each characteristic, we also report the mean difference between each treatment arm

and the control group. The average population size in our sample is approximately 8,000 in-

habitants, with women representing slightly less than half of the population. Yet women re-

main underrepresented politically: they accounted for only 35% of local council candidates in

2024 (just above the 30% quota) and had received disproportionately fewer votes in past elec-

tions. Educational attainment differs by gender: 29% of female candidates had college degrees,

compared to 16% of male candidates, as it is also consistent with our ability messages.

Balance checks confirm the effectiveness of randomization. Out of 126 comparisons be-

tween treatment arms and control, only 6 were statistically different at the 10% level.8 Fur-

thermore, a multinomial logit test fails to reject the null hypothesis that all variables are jointly

significant (Prob > chi² = 0.9383; Pseudo R² = 0.0293).

3.3 Data

Our analysis relies on multiple official data sources to construct a comprehensive dataset on

electoral outcomes, demographic characteristics, and internet accessibility at the municipal

level. Electoral data come from the TSE, which maintains official records publicly accessible on-

line for all elections since 1994. This dataset includes detailed information on the total number

of registered voters, votes for each candidate, and candidates’ characteristics such as gender,

race, education level and declared wealth. We construct key indicators such as the vote share

8When considering all 483 pairwise comparisons, only 35 are statistically significant at the 10% level.
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for female candidates, turnout rate, the proportion of municipal council seats won by women,

campaign contributions received, and historical electoral data.

To account for demographic and economic differences across municipalities, we use data

from the Brazilian Institute of Geography and Statistics (IBGE), which provides information on

population size, age distribution, literacy rates, racial composition, per capita GDP, schooling

levels, and the degree of urbanization. These variables help assess the representativeness of

our experimental sample relative to the broader Brazilian population and serve as key controls

in our empirical analysis. Differences in municipal characteristics, particularly in economic

development and demographic composition, may shape how voters process political informa-

tion, making it essential to include these factors in our modeling. Age distribution is captured

through three categories, distinguishing younger, middle-aged, and older voters. Literacy rates

serve as proxy for education, which may influence information processing and belief updating.

Racial composition is incorporated by measuring the share of pardos, black, and indigenous

residents in each municipality, given their relevance for analyzing disparities in political rep-

resentation. Economic indicators such as per capita GDP and urbanization rates further allow

us to control for variations in municipal wealth and the degree of rural-urban differences in

electoral behavior.

Finally, since the campaign was conducted exclusively on Instagram, internet access plays

a central role in determining potential voter exposure to our intervention. To account for dif-

ferences in digital accessibility across municipalities, we incorporate data from the National

Telecommunications Agency (Anatel), which provides indicators on internet coverage. The

dataset includes measures of the population covered by broadband or mobile internet services

and the percentage of households with internet access. These variables ensure that we can

accurately assess the reach of our campaign, as exposure to digital ads depends on both indi-

vidual internet access and broader infrastructural coverage. Municipalities with extremely low

internet penetration were excluded from our sample to avoid biases arising from non-exposure.

4 Reduced-Form Estimation

In this section, we present results based on the RCT design outlined in Section 3.2. The reduced-

form analysis performed in this section does not rely on the structure of Section 2, but it serves

the purpose of highlighting elements of our empirical model that cannot be recovered from

pure reduced-form analysis. To estimate the effects of the experiment, we analyze variants of
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the following linear regression model:

vm = β0 + β1VG,1
m + β2VG,0

m + β3VA
m + β4TA

m + β5VP
m + β6TP

m + X’
mγ + δs(m) + ϵm. (4)

Our main dependent variable, vm, measures the percentage of votes received by female can-

didates for local council. The treatment indicators are defined as follows: VG,1
m = 1 if females in

the municipality received the gender message, VG,0
m = 1 if males in the municipality received the

gender message, VA
m = 1 if the municipality received the uninformative ability message, TA

m = 1
if the municipality received the informative ability message, VP

m = 1 if the municipality received

the uninformative policy message, and TP
m = 1 if the municipality received the informative pol-

icy message. Since treatment assignment was stratified, our regression always includes strata

fixed effects (δs). In some specifications, we also include a vector Xm of municipal controls. The

reduced-form error term ϵm is robust to heteroskedasticity.

Table 4 presents the results of our experiment on female candidates’ vote share. Column

(1) reports results without controls, but includes strata fixed effects. In column (2), we add the

share of votes female candidates received in the most recent past election (i.e., 2022). In column

(3), we further include the baseline controls that were statistically significant across treatment

arms in the balance tables. Finally, in column (4), we incorporate region fixed effects. Unsur-

prisingly given our experimental design, the results remain consistent across these different

specifications.

Focusing on column (1), we find that gender messages increased the vote share for female

candidates, primarily when targeted at male voters. A coefficient of 1.8 (robust standard error

= 0.9) represents a substantial increase of 7.6% relative to the control group mean of 23.0%.

Moreover, this estimate likely represents an intention-to-treat effect. Given that our ads reached

only 90% of voters, assuming no spillovers, full exposure (100% of voters) would have led to an

estimated 8.6% increase in female candidates’ vote shares. In terms of our model, this result

suggests that reminding men about the lack of female political representation reduced their

disutility from voting for female candidates. Among women, the messaging slightly increased

disutility for voting for male candidates, though with less statistical confidence.

The results for ability messaging are less clear-cut. The coefficient on the uninformative

ability message, while sizable in magnitude, is statistically insignificant. However, as our model

highlights, the effect of λA –the parameter this treatment targets– depends on individuals’ sub-

jective prior beliefs about female candidates’ ability relative to male candidates. For individuals

who believe female candidates are less capable, an uninformative message may reduce the like-
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lihood of voting for a female candidate by increasing the salience of a negative attribute, while

the opposite holds for those who believe female candidates are more capable. These opposing

effects could explain the lack of a clear overall treatment effect in the aggregate. When we struc-

turally estimate our empirical model, we will be able to account for these differences in voter’s

beliefs.

For the informative ability message, we also find an insignificant effect (coefficient = 0.3, ro-

bust standard error = 0.9). Note that this coefficient captures both the salience effect and any

learning about the expected ability of female candidates induced by the message. Removing

salience effects using our estimated impact from the uninformative ability message, we esti-

mate a small learning effect (coefficient = -0.7, p-value = 0.40), suggesting that voters either did

not update their beliefs in response to the message or that any updating was too minor to af-

fect aggregate vote shares meaningfully. A more subtle reason for the insignificant result may

also stem from the unobserved heterogeneity in the salience weights of the three preference

dimensions. If voters assign greater weight to gender than to ability, then, even if our infor-

mative treatment alters beliefs about female candidates’ ability, this may not manifest in vote

choices, as voters’ decisions are primarily driven by gender identity. Therefore, the configura-

tion of salience weights plays a crucial role in determining whether the informative treatment

will lead to significant changes in vote choices. Our empirical model accounts for these effects

by recovering the salience weight distribution.

The effects of the uninformative policy message are small and statistically insignificant. How-

ever, similarly to the uninformative ability message, this result may reflect an underlying het-

erogeneity in beliefs. As our model emphasizes, the impact ofλp on vote choice depends on the

beliefs about candidates’ policy position relative to the voter’s ideal point. Consequently, the

uninformative policy messages may have different effects depending on whether voters per-

ceive female candidates as more liberal or conservative than male candidates and on where

voters’ own policy preferences are located.

Our informative policy messages focus on social spending of female candidates and gen-

erally point to a more progressive stance of female candidates (in addition to increasing the

salience of policy in vote choice). When we remove salience effects, we find that the informa-

tive policy message had a substantial impact on female candidates’ vote shares. With a coeffi-

cient of 1.7 (p-value = 0.08), the effect size is comparable to that of gender messages targeted at

men. Within the context of our model, this finding suggests that the message shifted voters’ be-

liefs about female candidates’ policy positions closer to their ideal points and therefore boosted

female vote share.

18



Overall, our reduced-form evidence indicates that a subset of micro-targeted ads increased

the vote share for female candidates within our sample of municipalities. Crucially, however,

our findings highlight the necessity of incorporating the heterogeneity of voters’ beliefs about

candidates’ abilities and policy positions to accurately assess the overall impact of these mes-

sages.

4.1 Other electoral outcomes

For completeness, Table 5 examines the effects of our campaign messages on other electoral

outcomes. In column (1) - (3), we investigate the effects on voter turnout and campaign expen-

ditures. Although, in principle, our treatments could have influenced these outcomes, ex ante

such effects were highly unlikely. In Brazil, voting is mandatory, and abstention typically occurs

when individuals no longer reside in the municipality where they are registered. Additionally,

our campaign began only eight days before the election, making it difficult for candidates to

increase their spending. Nevertheless, we estimate the impact of our treatments on these out-

comes, disaggregating campaign expenditures by candidate gender. As shown in the table, we

find no evidence that our treatments affected these different electoral outcomes.

In column (4), we examine how our campaign messages affect the share of women elected to

municipal councils. As discussed in Section 3.1, local councilors are elected using an open-list

proportional representation system based on the D’Hondt method. Consequently, the relation-

ship between vote share and election outcomes may not be strictly linear. Nevertheless, we find

evidence that our campaign messages increased the share of women elected to the councils, es-

pecially in the case of the uninformative ability messages and informative policy messages. For

instance, the uninformative policy message increased the share of elected women by 0.028 (s.e.

= 0.014), representing an approximately 23.3% increase relative to the control group mean of 12

percentage points. Moreover, aside from the informative ability message, the treatment coeffi-

cients are generally large in magnitude, although some are estimated with less statistical preci-

sion. When we pool all treatment groups and estimate a single regression of the share of elected

females on receiving any campaign message, the estimated treatment coefficient is 0.019 (s.e. =

0.012), significant at the 10 percent level. A treatment effect of this magnitude implies a 15.6%

increase in the share of women elected to local councils in 2024.
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5 Structural Estimation

In this section, we begin by presenting the empirical model’s estimates. We then assess its quan-

titative implications and out-of-sample predictive performance and validate our approach. In

the next section, we utilize the estimated model to evaluate several counterfactual scenarios,

including message campaigns optimized specifically for each municipality with the goal of in-

creasing female vote shares.

5.1 Parameter Estimates

Panel A of Table 6 reports GMM estimates for the main parameters of our model.9 To illustrate

the magnitudes of these estimates in explaining voting decisions, we also present their average

marginal effects in Panel B of Table 6. The average marginal effects are computed by individu-

ally setting each parameter to zero, simulating the resulting vote choices, and comparing these

simulated choices with the baseline scenario (with parameters at their estimated values). The

average differences across simulations yield the corresponding marginal effects, expressed in

percentage points (p.p.).10

Column (1) represents our preferred specification. It includes region fixed effects for ability

and policy weights, it accounts for candidate- and municipality-level observable characteris-

tics, and it employs exponential weights. The exponential function is utilized to constrain the

weights to be non-negative. Column (2) differs by excluding region fixed effects. Column (3)

differs by excluding candidate-level controls. Columns (4) and (5) use quadratic and absolute

functions respectively, instead of the exponential function, for defining salience weights.

Several notable findings emerge from this analysis.

Baseline Preference Parameters. Gender identity parameters are precisely estimated and

underscore gender’s significant role in shaping voter behavior. The estimated parameter re-

flecting female voters’ baseline distaste for voting against their gender is ωGF = 4.088 (s.e. =

0.010). For male voters, the corresponding parameter isωGM = 6.233 (s.e. = 0.012). This implies

that, holding all other candidate’s characteristics (ability, policy platforms) fixed, female and

male voters are both more willing to vote for candidates of their own gender compared to can-

didates of the opposite gender. Estimates are both positive and statistically different from zero

9See Appendix Tables E1 and E2 for the remaining parameter estimates of the control variables and region fixed
effects.

10Formally, the average marginal effect of parameter θk is evaluated by computing 1
M

∑
m

(
s
(
θ̂; Xm

)
− s

(
θ̃; Xm

))
where θ̃ is defined as for all l , k we have θ̃l = θ̂l and θ̃k = 0.
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at standard significance levels, so that we can strongly reject the null hypothesis that no weight

is given on the gender of the candidate relative to the gender of voter. Overall, the estimated

ωGF andωGM represent prima facie evidence of taste-based discrimination in our context.

Economic magnitudes of taste-based discrimination based on gender appear substantial for

both groups. Setting the baseline female distaste parameter to zero (ωGF = 0) would decrease

female candidates’ vote share by 19.5 p.p., a substantial drop, as reported in Panel B of Table 6.

Conversely, setting male voters’ ωGM to zero would increase vote shares for female candidates

by approximately 8 p.p. (s.e. = 4.130).11

The baseline salience parameter estimates for candidate ability (ωA0 = 2.15, s.e. = 0.519) and

policy (ωP0 = 1.343, s.e. = 0.564) are both positive and statistically significant in Panel A of Table

6. Although the baseline ability parameter is numerically larger, it plays a less critical role than

policy salience in determining vote choices for female candidates. Specifically, setting either

the ability or policy salience to zero effectively removes these dimensions from influencing vote

choices. As reported in panel B doing so increases female candidates’ vote shares modestly by

1.19 p.p. (s.e. = 0.611) for ability salience, but substantially by 13.69 p.p. (s.e. = 6.785) for policy

salience. The fact that removing either dimension boosts vote shares for female candidates

highlights that female underrepresentation in politics arises not only from gender identity, but

also from voters’ subjective beliefs about relative candidate ability and policy positions. This is,

indeed, a key marker of statistical discrimination in this context.

Baseline Belief Parameters. The baseline parameter estimate for voter beliefs about female

candidates’ relative ability, ξA = 0.120 (s.e. = 0.059), suggests voters, on average, perceive female

candidates as having higher ability compared to male candidates. This estimate, however, is

sensitive to the inclusion of candidate-level controls and the functional form used to model

salience across columns (1)-(5).12

11The mismatch between the estimated coefficients (ωGF, ωGM) and their associated average marginal effects
arises because the mapping from parameters to vote shares is nonlinear. Specifically, even if ωGF is smaller in
magnitude than ωGM, the impact of changing ωGF on vote shares may be larger depending on where the average
voter’s utility lies on the logistic curve. This curve is S-shaped, so the marginal effect of a parameter depends not
just on its size but also on whether it falls near the steep or flat part of the curve. For example, a moderate change
in ωGF near the steep part can have a large effect on vote shares, while even a large change in ωGM near the flat
part might yield little impact. This suggests that the average utility for female voters lies near the steeper part of
the logistic curve, while that for male voters is closer to the flatter region. As a result, the marginal effect of ωGF
can exceed that of ωGM, despite its smaller magnitude. This is evident by the estimated gradients of vote share
with respect to each parameter: 0.13 forωGF and -0.0052 forωGM, indicating much greater local sensitivity to the
former.

12Omitting candidate controls obscures baseline beliefs regarding female candidates’ ability relative to males.
Additionally, quadratic and absolute functional forms are sub-optimal choices for modeling salience weights be-
cause their symmetry around zero interferes with accurate parameter estimation.
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The baseline parameter for voter beliefs about female candidates’ policy positions relative to

male candidates is ξP = -2.157 (s.e. = 0.624), and the relative policy preference (bliss point) for

female voters compared to male voters is µ = 3.193 (s.e. = 0.876). The opposite signs of these

parameters indicate a mismatch between beliefs about female candidates’ policy positions and

female voters’ policy preferences. Specifically, female candidates are perceived as more pro-

gressive than female voters themselves.

This is illustrated graphically in Figure 1, which displays the three observed configurations

of candidate platform positions relative to voter bliss points. We find that in 85.8% of munic-

ipalities, the male candidate’s platform is closer to voters’ ideal points than that of the female

candidate. In 14.1% of municipalities, the female candidate’s platform is closer to male voters’

bliss points but further from female voters’ bliss points. Only in 0.1% of municipalities is the

female candidate’s platform closer to the overall distribution of voter bliss points.13 This sub-

stantial mismatch helps explain a significant gap in vote shares for female candidates. Setting

the perceived policy position parameter (ξP) to zero would increase female candidates’ vote

shares by 20.13 p.p. (s.e. = 0.968). Similarly, setting female voters’ relative policy position pa-

rameter (µ) to zero would increase female candidates’ vote shares by 13.29 p.p. (s.e. = 0.655).

Treatment Parameters. We now focus on how our experimental treatments affected both

taste-based and statistical discrimination in this election. We find that female voters experi-

ence no significant change in their distaste for voting against their gender (λGF = -0.018, s.e.

= 0.034) after receiving our gender message. At baseline, female voters already show a strong

tendency to vote for female candidates (recall that removing this distaste entirely would de-

crease female candidate vote shares by 19.5 p.p.). Given this strong baseline preference, our

intervention does not further enhance female voters’ inclination toward female candidates. In

contrast, male voters show a significant reduction in their distaste for voting against their gen-

der following our intervention (λGM = -0.533, s.e. = 0.015). This reduction makes male voters

more receptive to female candidates, resulting in an increased female candidate vote share of

0.356 p.p. (s.e. = 0.097), which corresponds to a 1.5% increase relative to the average munici-

pality female vote share. In synthesis, our estimates show that the gender treatment reduced

taste-based discrimination in male voters.

Both ability message did not produce strong effects. Our uninformative ability message ap-

peared to reduce the salience of candidate ability (λA = -0.162, s.e. = 0.022), yet translated into a

marginal effect that is positive and insignificant (0.049, s.e. 0.05). While apparently counterin-

13Confirming this, Appendix Figures E2 and E3 report the distribution of beliefs about the policy position of
female candidates for male and female voters. We elaborate further on these implications in the counterfactual
exercises section.
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tuitive, this result is due toλA’s estimate being a precise zero in driving vote choice. In Appendix

Table E3 we perform an analysis of economic magnitudes for all treatments looking at the con-

tribution of the parameter in terms of changes in total utility. For the case of λA, the change is

only -0.09 p.p., indicating that total voter utility virtually does not change.14 In a similar vein,

the informative ability message did not alter voters’ beliefs about female candidates’ ability (ρA

= -0.092, s.e. = 0.064). As the informative ability message was designed to reduce this specific

dimension of statistical discrimination, here we must report a null result.

Our uninformative policy message increased the salience of the policy dimension (λP= 0.083,

s.e. = 0.012) and with credible economic magnitudes per Appendix Table E3. The effect of this

message on voters varies depending on the alignment of their policy bliss points relative to

male and female candidate policy positions. Specifically, voters whose bliss points are closer to

male candidates’ positions than female candidates’ positions show a decrease in support for fe-

male candidates after receiving our uninformative message. Conversely, voters with bliss points

closer to female candidates’ positions increase their support for female candidates. However,

since voter bliss points are, on average, closer to male candidates’ positions, the overall effect

of our uninformative policy message is a decrease in average support for female candidates, as

we illustrated in Figure 1.

Encouragingly, statistical discrimination arising from voters’ beliefs about candidate policy

positions appears more amenable to reduction than along the ability dimension, at least in

our context. The informative policy message reduced the perceived distance between female

voters’ bliss points and female candidates’ positions. At baseline, we have ξP = −2.157 and

µ = 3.193, with a treatment parameter of ρP = 0.192 (s.e. = 0.067). Since ξP < 0 and µ >

ξP, initially female candidates are perceived as being further away from female voters’ bliss

points compared to male candidates. After exposure to our informative message, this distance

decreases (since ρP > 0), bringing the new perceived policy position (ξ̃P = ξP + ρP < ξP)

closer to µ and the median female voter. The same logic applies to comparisons with male

voters, whose average bliss point is at 0. We illustrate this finding in Figure 2, which shows

the rightward shift in the density of perceived female candidate platform positions in treated

municipalities compared to control, consistent with voters updating their beliefs in response

to the informative policy message. Consequently, as perceived female candidate positions shift

closer to median voter bliss points, the average marginal effects are positive in Panel B of Table

14In addition, the underlying heterogeneity in ability beliefs is substantial in the data, as evident in Appendix
Figure E1. The figure shows an even distribution between municipalities where voters believe female candidates
are on average less able than male candidates and ones where voters believe the opposite. It is intuitive, then,
that the average effect of any change in the salience of the ability dimension, absent a change in beliefs, may be
ambiguous in terms of the support for female candidates.
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6. Note that, our results remain robust as long as the relative ordering (either ξP < ξP + ρp < µ)

holds true. This robustness is consistent across all five columns of Table 6.

Survey Evidence. External information from voter and candidate ideological placement sur-

veys aligns closely with Case 1 of Figure 1, providing additional support for our estimates. It is

important to note that such information is not used by our estimator, and these moments are

not targeted by the model. Thus, this exercise also serves as a form of out-of-sample validation

of our policy results.

We first use data from Latinobarómetro (LB, for voters) and the Brazilian Legislative Surveys

(BLS, for candidates) to compare ideological positions in roughly overlapping years.15 The BLS

uses a 1–10 left–right ideological scale, while LB uses a 0–10 scale—making them practically

identical. As shown in Appendix Table E5, female candidates are the most progressive (3.75

from BLS), followed by male candidates (4.68, also from BLS), then female voters (5.25 from

LB), and finally male voters (5.33 from LB). Female candidates are the most progressive, whereas

both male and female voters are the most conservative. The small difference between male and

female voters in LB is not statistically significant.

To extend the analysis, we use a more recent 2024 survey from Ipec, which provides ideologi-

cal self-placements for male and female voters.16 As also reported in Appendix Table E5, female

voters are slightly more conservative than male voters, but again the difference is insignificant.

Both surveys point to the same conclusion: female politicians are less representative of female

voters’ policy preferences than male politicians are of male voters’ preferences.

These results raise the question of why the representation gap between politicians and vot-

ers is larger for women than for men. While a full exploration is beyond the scope of this anal-

ysis, one likely explanation lies in the supply and selection of female candidates at the local

level, where persistent structural frictions are well documented. Gatto and Wylie (2022) shows

that parties often nominate “phantom” or non-viable female candidates to meet formal gender

quota requirements without providing meaningful campaign support. This practice reflects

broader underinvestment in women’s candidacies: parties give them less visibility, fewer re-

sources, and reduced access to networks. Data from the 2024 election reinforce this pattern.

When we compare total electoral donations across all sources, male candidates received sub-

15BLS is available only for the years 1997, 2001, 2005, 2009, 2013, 2017, and 2021. To ensure consistency, we focus
on the same years and also add the years 2023 and 2024 to include more recent observations. The year 2021 is not
available in LB; therefore, we use 2020 instead.

16Ipec is nationally representative, with 2,000 respondents in 2024 and broad geographic coverage (127 munic-
ipalities), whereas Latinobarómetro has roughly 941 respondents on average in a given year. Therefore, Ipec is
superior in terms of covering a larger population base than Latinobarómetro within Brazil for 2024.
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stantially more campaign funding than female candidates (see Appendix Table E6). Such un-

derinvestment distorts not only the number of female candidates, but also their ideological

diversity and viability. The resulting candidate pool reflects quota compliance more than rep-

resentativeness, helping explain the observed wider disconnect between female voters and fe-

male candidates.

5.2 Quantitative Implications

To give a clearer sense of the relative importance across the dimensions of gender identity, pol-

icy, and ability in voter preferences, Figure 3 illustrates the shares and distributions of munic-

ipalities for which each candidate dimension dominates across voters. Specifically, we first

compute the product of weights and the relative utility voters receive from voting for female

candidates for each dimension. For gender, this utility is given by ∆UG = −ωG,i × 1 {Gi , 1} +
ωG,i × 1 {Gi , 0}; for ability, it is ∆UA = ωAi × (Ai1 − Ai0); and for policy, it is ∆UP = ωPi ×(
(Pi1 − Pi)2

− (Pi0 − Pi)2). On the y-axis, we plot |∆UA| − |∆UG|, and on the x-axis, we plot

|∆UP| − |∆UG|. We find that 69.5% of vote choices were dominated by the gender dimension,

7.7% by the ability dimension, and the remaining 22.8% by the policy dimension. It is therefore

unsurprising that it is especially along the gender identity and policy dimensions that we see

economically significant treatment effects.

The model further allows to quantitatively assess the relative importance of statistical versus

taste-based discrimination. This is presented visually in Figure 4.

The figure decomposes voter discrimination into its sources: taste-based discrimination and

statistical discrimination. To do this, we ensure that our decomposition is not sensitive to the

order in which each source is shut down. Because vote choices are non-linear functions of

the degree of taste-based and statistical discrimination, the order in which each source is shut

down matters in calculating how much discrimination is due to each source. To avoid this issue,

we consider first the effect of shutting down a source of discrimination relative to when both

sources are active. Then, we compute the effect of shutting down that source of discrimination

relative to when the other source has already been shut down. Finally, we compute the marginal

change in underrepresentation attributable to that source of discrimination averaging the two.

To see this, define the base level of underrepresentation as ∆base = Fem Pop Share − s(θ̂),

where s(θ̂) is the model predicted female vote share. Consider the sequence ST, where statis-

tical discrimination is shut down first, followed by taste-based discrimination. The marginal

contribution of statistical discrimination is given by: ∆ST,stat = s(θ̂) − s(θ̂; no-stat), and for

taste-based discrimination, this is given by: ∆ST,Taste = s(θ̂; no-stat) − s(θ̂; no-taste,no-stat).
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Similarly, calculate ∆TS,stat and ∆TS,taste. Then, our two decomposition measures are given by:

Decompstat =
∆ST,stat+∆TS,stat

2·∆base
and Decomptaste =

∆ST,taste+∆TS,taste

2·∆base
. Note that the measures satisfy

Decomptaste + Decompstat = −100% by construction, which is a desirable property for a de-

composition measure.

We compute the above measure for each municipality and plot the densities in Figure 4.

Shutting down statistical discrimination is shown to unambiguously reduce female underrep-

resentation, with an average reduction of 118% of the status quo ante. Effectively female rep-

resentation increases to more than its proportional level given the correction. Appendix Figure

E4 further decomposes statistical discrimination in its components coming from ability and

policy, showing the stronger role of policy for this exercise.

The effect of shutting down taste-based discrimination is more dispersed around zero and

the presence of mass above zero may appear counterintuitive. About half of the municipalities

would appear to experience an increase in underrepresentation of women absent taste-based

discrimination. The rationale for this result is intuitive, however. Recall that both male and

female voters are characterized by preferences for same-gender candidates. As a consequences,

while shutting down discrimination against female candidates for male voters increases female

vote shares, shutting down preference for female candidates by female voters decreases female

vote shares. Depending on voter and candidate characteristics in a municipality (for example,

a city where highly qualified male candidates compete with less qualified female candidates),

this second component may dominate, increasing female underrepresentation. The average in

the Figure 4 is 18% of the status quo ante.

5.3 Out-of-Sample Fit and Validation

This subsection presents our assessment of the out-of-sample goodness of fit for the model and

performs model validation. We consider three exercises designed to assuage concerns of sub-

stantial mis-specifications in our framework and to lend additional credibility to the structural

estimates presented in the previous subsection.

To assess the out-of-sample goodness of fit for the exponential salience weight model, we

evaluate its performance in all Brazilian municipalities not included in our RCT sample. The

mean squared error (MSE) between model predictions and observed vote shares is 0.0049, com-

pared to an in-sample MSE of 0.004. In panel (a) of Figure 5, we plot predicted versus observed

vote shares. The fitted line (slope coefficient = 0.84, s.e. = 0.02) closely follows the 45-degree

line, indicating a strong alignment. Panel (b) displays region-specific averages of predicted and
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observed vote shares, which also show a close correspondence to the real data, further support-

ing the model’s out-of-sample validity.

Second, we examine all municipalities in Brazil that border those included in our RCT sam-

ple. For this subsample, the mean squared error is 0.0047. Panel (c) of Figure 5 presents a scat-

ter plot of observed versus predicted vote shares. The fitted line (slope coefficient = 0.87, s.e. =

0.03) lies close to the 45-degree line, again indicating strong alignment. Panel (d) plots region-

specific averages of predicted and observed vote shares, which again reassuringly shows a close

correspondence, suggesting that the model performs well even in municipalities adjacent to the

original RCT sample. These two model-fit exercises allow one to assess the predictive accuracy

of the baseline parameters in municipalities outside the RCT sample. Together, they provide

encouraging evidence that our model generalizes beyond the experimental context, support-

ing both an external validity argument for our analysis and that the model does not suffer from

in-sample overfitting.

As a third exercise, we perform a standard two-fold validation analysis. To assess whether the

treatment parameters consistently predict voting behavior, we split our RCT sample into two

parts: (a) a training set comprising 80% of the observations, and (b) a validation set containing

the remaining 20% of the observations. We estimate the model using the training sample and

evaluate its fit on the validation sample. Importantly, the validation set includes municipali-

ties that received experimental treatment assignments, allowing us to directly test the model’s

predictive performance in treated contexts.

In this exercise, we find that the mean squared error is 0.0041, closely matching the in-

sample MSE of 0.004. Panel (e) of Figure 5 plots predicted versus observed vote shares, where

the fitted line (slope coefficient = 0.88, s.e. = 0.099) lies close to the 45-degree line. In panel

(f), we plot region-specific averages of predicted and observed vote shares and again observe a

close correspondence, in line with the model’s predictive power for treatment parameters.

Finally, we assess the predictive performance of the three different salience weight models

–absolute, quadratic, and exponential– using the RCT sample, full Brazil sample, and a 80/20

split validation exercise. Within the full RCT sample and the full Brazil sample, differences in

mean squared error (MSE) across models are statistically insignificant. However, in the 80/20

validation design, which better accounts for potential overfitting and more credibly assesses

the external validity of treatment effects, the exponential salience weight model shows superior

performance. We modify the bootstrap procedures in Kline and Santos (2012) and Davidson

and MacKinnon (1999) for our context to test whether these MSE differences are statistically

significant. The bootstrap-based one-tail p-value for absolute vs. exponential is 0.013 (0.014
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for the non-standardized version), and 0.095 (0.098 non-standardized) for quadratic vs. expo-

nential, confirming that the exponential specification outperforms both models at 10% level

of significance. The similarity between standardized and non-standardized p-values suggests

that the inference is not sensitive to near-singular standard error estimates of the MSE differ-

ence across bootstrap draws.

6 Counterfactual Campaigns

An advantage of the structural methodology employed in this paper is its ability to quantita-

tively assess the value of alternative campaigns in reducing taste-based and statistical discrimi-

nation. We investigate a portfolio of counterfactual electoral campaigns and present the results

of these exercises in Panel A of Table 7 for the set of municipalities in our RCT sample and in

Panel B for the entire country. Geographic visualization of the counterfactuals is in Figures 6

and 7. For completeness, Appendix Table E4 also reports persuasion rates for each counterfac-

tual, computed following DellaVigna and Gentzkow (2010).

We begin by focusing on targeted gender campaigns directed at female and male voters. As

observed in the reduced-form analysis (first and second rows of Table 4), only gender identity

messages targeted at male voters appear successful in increasing female vote shares, whereas

the reduced-form slope is indistinguishable from zero for female voters. In Table 7, we report

a counterfactual effect of 0.36 percentage points (s.e.=0.1) increase in female vote shares as a

result of the gender campaign targeting male voters. This is a highly statistically significant

result, but smaller in magnitude when compared to reduced-form estimate reported in column

(1) of Table 4, which shows a 1.8 percentage points increase (s.e. =0.9). The difference between

reduced-form OLS slopes and the structural-form counterfactual effects arises from treatment

heterogeneity that the OLS estimator does not capture. While our model is characterized by

effect sizes that have distributions dictated by heterogeneity in beliefs along both the ability

and policy dimensions, OLS in Table 4 forces its slopes to an average that may underweight or

overweight certain municipalities, depending on the specifics of the distribution of the effects.17

Next, we consider three blanket campaign counterfactuals that employ gender, informative

ability, or uninformative ability messages. In these scenarios, we simulate vote choices under

three distinct, un-targeted campaigns in which the respective messages are sent to all voters

across all municipalities. We find that none of these three campaigns increases female vote

17A quantitative exploration of the difference between fitting OLS versus our structural model to simulated data
is reported in Appendix Table E7. As it can be seen from the table, OLS bias due to mispectication of voter hetero-
geneity can be quantitative large.
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shares significantly, either in the RCT sample (Panel A Table 7) or in the broader sample of Brazil

(Panel B Table 7). In particular, the counterfactual effects of the ability messages mirror the

estimates in Table 4, where we also observe imprecise null effects.

In contrast to the findings in Table 4, accounting for heterogeneity across voters and the ide-

ological distance between voter and candidate positions reveals that some electoral messages

can substantially backfire. To illustrate this, we conduct a counterfactual analysis focused on

the Uninformative Policy message. Vote choices are simulated under a blanket campaign in

which only this uninformative policy message is shown to all voters across all municipalities.

We find that such a campaign leads to a decrease in female vote shares, both in the RCT sam-

ple (Panel A Table 7) and in the full Brazil sample (Panel B Table 7). Intuitively, this decline in

support arises because, in a substantial subset of municipalities, though not all, voters believe

the female candidate’s platform positions to be further from their own policy bliss points than

those of the male candidate (see Figure 1). As a result, increasing the salience of policy pref-

erences amplifies the impact of these ideological distances on vote choice, ultimately reducing

support for female candidates. While the structural model accommodates this heterogeneity,

the reduced-form model in Equation (4) does not. Consequently, the reduced-form analysis

fails to detect the negative effect of this treatment.

We can further contrast the previous results with a counterfactual that also operates along

the policy dimension but incorporates information. In the Informative Policy counterfactual,

vote choices are simulated under a blanket campaign in which only an informative policy mes-

sage is shown to all voters across all municipalities. In this case, we find that such a campaign

increases female candidates’ vote shares by 0.54 percentage points (or 2.24 percent). Again,

the intuition is straightforward: when voter beliefs are corrected by showing voters that female

candidates are closer to a substantial share of the electorate in terms of policy positions, mak-

ing policy considerations more salient leads to electoral gains for female politicians. In effect,

the treatment reduces statistical discrimination.18

18In Table 7, we also demonstrate the usefulness of counterfactual analysis for message bundling and micro-
targeting. Bundling informative messages on policy and ability (the Beliefs counterfactual) yields a small, statisti-
cally insignificant increase in female vote shares, as the ability message dilutes the impact of the policy message.
In contrast, bundling uninformative messages (the Salience counterfactual) leads to a significant decline in female
vote shares, underscoring how bundling can weaken or even reverse the effects of individual messages. Micro-
targeting also matters: when all five messages are shown only to male voters, female candidates gain significant
electoral support. However, targeting only female voters or all voters produces no significant effect, suggesting
male voters are more responsive to these messages (see Panels (c) and (d) of Figure 7).
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6.1 Optimal Campaigns

The previous set of counterfactual experiments shows that not all messages succeed in increas-

ing electoral support for female candidates. Moreover, voter-level heterogeneity appears to play

an important role in mediating the effects of some of the campaign messages we employ. In the

next set of counterfactual experiments, we analyze the potential of an optimal campaign to in-

crease female vote shares. To do so, we first introduce notation to define two notions of optimal

campaigns.

We define an ad campaign as a binary vector

D = (VG,0,VA,0,TA,0,VP,0,TP,0,VG,1,VA,1,TA,1,VP,1,TP,1) ∈ {0, 1}10, (5)

where VG,g indicates whether the gender message is shown to gender g; VA,g indicates whether

the uninformative ability message is shown to gender g; TA,g indicates whether the informative

ability message is shown to gender g; VP,g indicates whether the uninformative policy message

is shown to gender g; and TP,0 indicates whether the informative policy message is shown to

gender g. We define g = 0 for male voters and g = 1 for female voters. The set of all feasible

campaigns is therefore {0, 1}10, comprising 1024 possible message combinations.

Let Xm denote the observable characteristics of municipality m, and let sm(D,Xm; θ̂) be the

simulated vote share for female candidates in municipality m under campaign D, based on es-

timated model parameters θ̂. We assume that all voters are treated in a municipality whenever

a treatment is assigned to the municipality.

First, we examine the Aggregate Optimal Campaign, which is defined as the campaign Dagg-optimal

that maximizes the average predicted vote share across all municipalities:

Dagg-optimal = arg max
D∈{0,1}10

1
M

M∑
m=1

sm(D,Xm; θ̂).

This optimization focuses on a single, uniform campaign that is optimal at the national level.

In this counterfactual scenario, the optimal female vote share is calculated as:

Sagg-optimal = max
D∈{0,1}10

1
M

M∑
m=1

sm(D,Xm; θ̂)
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For both the RCT sample and the full Brazil sample, the optimal message combination under

this counterfactual is the same: for males, the optimal campaign includes the gender message

and the informative policy message, that is VG,0 = 1,VA,0 = 0,TA,0 = 0,VP,0 = 0,TP,0 = 1;

for females, the optimal combination consists of the uninformative ability message and the

informative policy message, corresponding to VG,1 = 0,VA,1 = 1,TA,1 = 0,VP,1 = 0,TP,1 = 1.

We find that this campaign increases the vote share for female candidates by 1.05 percent-

age points (s.e. = 0.281) within the RCT sample, and by 1.01 percentage points (s.e. = 0.304) in

the full Brazil sample. In absolute terms, this translates to an increase of approximately 72,000

votes for female candidates across all municipalities in the RCT sample, and about 975,000 ad-

ditional votes nationwide. To assess the cost-effectiveness of this intervention, we perform a

back-of-the-envelope calculation. Within the RCT sample, the campaign persuades approxi-

mately 1.6 voters to support a female candidate per dollar spent; in the full Brazil sample, the

corresponding figure is 0.96 voters per dollar.19

The effects of this optimal campaign counterfactual can be further enhanced by tailoring

the message campaign to each municipality. We refer to this as the Municipality Optimal Cam-

paign. This counterfactual allows the campaign to vary across municipalities, optimally adjust-

ing the mix of messages to the local context. For each municipality m, we select the campaign

D∗m that maximizes the predicted vote share locally:

Dmunicipality-optimal
m = arg max

D∈{0,1}10
sm(D,Xm; θ̂).

This approach customizes the message combination based on each municipality’s specific

characteristics and baseline beliefs, yielding greater gains by leveraging local heterogeneity,

while also minimizing potential losses. Simulated vote shares under the municipal-level op-

timum are calculated as:
19Obtaining these costs figures requires a series of steps. First, we calculate the total costs for both samples (RCT

municipalities only and whole Brazil). For the RCT sample the cost of running one ad across 859 municipalities
is $9,300. This implies a per-message cost per municipality in the RCT sample of $10.95, calculated as total cost
divided by the number of municipalities ($9,300 / 859). The cost of running four ads, two for males and two for
females, is approximately given by $10.95×1000×4 = $43, 306.17. Given the total number of additional votes these
ads is obtain is 72,000, the ratio is 1.66 votes per dollar. For the whole Brazil we need to take account of the fact
that we focused on smaller municipalities where the average population was 8,026 while the average municipality
population for the whole Brazil is 35,988. Therefore an estimate that accounts for the fact that one has to treat
larger populations yields that the total cost of the campaign is approximately given by $9300/(859 · 8026.21) ×
(5507 · 35988.19) × 4 = $1, 069, 336. Given that the total additional votes this campaign will obtain is given by
975,000, the ratio is 0.96 additional votes per dollar.
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Smunicipality-optimal =
1
M

M∑
m=1

(
max

Dm∈{0,1}10
sm(Dm,Xm; θ̂)

)

The Municipality Optimal Campaign increases vote shares for female candidates by 1.463

percentage points (s.e. = 0.281) within the RCT sample and by 1.408 percentage points (s.e. =

0.293) across the full Brazil sample. These effects represent an improvement of approximately

0.4 percentage points (s.e. = 0.12) over the aggregate optimal campaign in both samples. No-

tably, around 24% of municipalities across Brazil experience a vote share increase of at least 2

percentage points under the Municipality Optimal Campaign (see Figure 8). In terms of total

votes, this counterfactual increases support for female candidates by 99,727 votes within the

RCT sample and by 1,598,754 votes nationwide.

The Municipality Optimal Campaign persuasion rate is estimated at 1.92 percentage points

(see Appendix Table E4), a result quantitatively lower than the literature. Gerber and Green

(2000); Green and Gerber (2019) focusing on get-out-the-vote campaigns find 11.5-15.6 per-

centage points. Enikolopov et al. (2011), studying the role of independent media in Russia,

reports rates of 7.7 percentage points. Gentzkow (2006) focuses on the introduction of the TV

and reports rates of 4.4 percentage points. DellaVigna and Kaplan (2007), based on the entry

of Fox News, reports persuasion rates of 11.6 percentage points. The reason for the lower per-

suasion rates in our setting is intuitively due to the lighter intensity and shorter exposure of our

treatments.

For each message type, we can also calculate the proportion of municipalities in which it

appears as part of the optimal message mix in the Municipality Optimal Campaign. For the

RCT sample (Brazil sample, respectively), the proportions are as follows: gender–male: 73.9%

(75.5%), informative ability–male: 0% (0%), uninformative ability–male: 25.8% (27.8%), infor-

mative policy–male: 69.6% (71.9%), uninformative policy–male: 0% (0%), gender–female: 0%

(0%), informative ability–female: 0% (0%), uninformative ability–female: 52.5% (52.7%), infor-

mative policy–female: 85.1% (85.7%), and uninformative policy–female: 0% (0%).

Given the proportion of municipalities in which each message appears in the optimal mix,

we can estimate the monetary cost of implementing the Municipality Optimal Campaign. Us-

ing the average optimal message combination – calculated as the sum of all message inclusion

proportions – we find that each municipality, on average, receives 3.07 messages. In compar-

ison, the Aggregate Optimal Campaign delivers 4 messages per municipality. This indicates

that the Municipality Optimal Campaign not only enhances effectiveness, but also improves

cost efficiency. Based on our estimates, the votes-per-dollar ratio for the Municipality Optimal
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Campaign is 2.97 in the RCT sample. For Brazil as a whole, back-of-the-envelope calculations

yield a ratio of 1.91 votes per dollar. These higher ratios reflect both increased vote shares and a

more efficient allocation of campaign resources.

7 Conclusions

This paper develops an empirical model of political behavior that incorporates multidimen-

sional candidate characteristics. Candidates are horizontally differentiated along policy and

gender identity dimensions, and vertically differentiated by perceived ability. The model is de-

signed to quantitatively assess sources of discrimination in elections by incorporating psycho-

logical factors –captured through salience weights in voter preferences– and belief updating

mechanisms. Applying the model to local municipal elections in Brazil, we uncover evidence of

both taste-based and statistical discrimination against female candidates.

The paper’s structural analysis of a multi-arm electoral experiment, implemented through

a large-scale, micro-targeted social media campaign, demonstrates the potential for reducing

both taste-based discrimination (by shifting male voters’ preferences regarding candidate gen-

der) and statistical discrimination (by updating beliefs about the policy positions of female can-

didates). In the context of Brazil, our counterfactual analysis reveals that substantial improve-

ments in gender representation are achievable through an optimally tailored mix of electoral

messages across municipalities, with some configurations increasing female candidates’ vote

shares by more than 2 percentage points. The analysis also identifies which specific messages

may backfire, and explains the mechanisms behind their counterproductive effects.

Future research in Political Economy and Political Science can build on the flexibility of our

empirical framework by incorporating alternative dimensions of candidate identity, policy po-

sitions, and perceived ability. Our model is portable to elections in different contexts and po-

litical systems, making it well-suited for application beyond the Brazilian setting. Our quan-

titative methodology can also be applied to other large-scale interventions, particularly those

aimed at correcting voter misperceptions or addressing various forms of discrimination. No-

tably, contemporary challenges such as mass polarization and voter backlash appear especially

well-suited for analysis within the framework developed in this paper.
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(a) Arrangement 1

(b) Arrangement 2

(c) Arrangement 3

Figure 1: These figures illustrate three distinct configurations of male and female voter bliss points alongside the
estimated platform positions of male and female candidates, as recovered from our structural model.
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Figure 2: This figure plots voters’ beliefs about the female candidate’s policy position in control municipalities
versus those in municipalities treated with the informative policy message.
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Figure 3: This figure illustrates which dimensions dominate vote choice for voters. To demonstrate this, we show
the relative magnitudes of the Ability dimension versus the Gender dimension against the Policy dimension versus
the Gender dimension. The regions where each dimension dominates vote choice are highlighted. To be precise,
we first compute the product of weights and the relative utility voters receive from voting for female candidates
for each dimension. For Gender, this utility is given by ∆UG = −ωG,i × 1 {Gi , 1} + ωG,i × 1 {Gi , 0}; for Ability,

it is ∆UA = ωAi × (Ai1 − Ai0); and for Policy, it is ∆UP = ωPi ×
(
(Pi1 − Pi)2

− (Pi0 − Pi)2
)
. On the y-axis, we plot

|∆UA| − |∆UG|, and on the x-axis, we plot |∆UP| − |∆UG|. We find that 69.5% of vote choices were dominated by the
Gender dimension, 7.7% by the Ability dimension, and the remaining 22.8% by the Policy dimension.
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Figure 4: We decompose voter discrimination into its sources: taste-based discrimination vs. statistical dis-
crimination. To do this, we ensure that our decomposition is not sensitive to the order in which each source
is shut down. Note that, since vote choices are non-linear functions of the degree of taste-based and statis-
tical discrimination, the order in which each source is shut down matters in determining how much discrim-
ination is due to each source. To avoid this issue, we consider both possible orders and then compute the
marginal changes in underrepresentation attributable to each source of discrimination. Define the base level
of discrimination as ∆base = Fem Pop Share − s(θ̂). Consider the sequence ST, where statistical discrimina-
tion is shut down first, followed by taste-based discrimination. The marginal contribution of statistical dis-
crimination is given by: ∆ST,stat = s(θ̂) − s(θ̂; no-stat), and for taste-based discrimination, this is given by:
∆ST,Taste = s(θ̂; no-stat) − s(θ̂; no-taste,no-stat). Similarly, calculate ∆TS,stat and ∆TS,taste. Then, our decomposi-

tion measures are given by: Decompstat =
∆ST,stat+∆TS,stat

2·∆base
and Decomptaste =

∆ST,taste+∆TS,taste

2·∆base
. Note that the measures

satisfy Decomptaste + Decompstat = −1 by construction, which is a desirable property for a decomposition mea-
sure. We compute the above measure for each municipality and plot the densities.
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Figure 5: Out-of-Sample Fit: Panels (a) and (b) display model fit for all Brazilian municipalities not
included in the RCT sample. Panels (c) and (d) show fit for municipalities neighboring those in the RCT.
Panels (e) and (f) report fit for a hold-out validation set. For these last two panels, the RCT sample is
randomly split into a training set (80% of RCT municipalities) and a validation set (20%). The model is
re-estimated using only the training set, and predictive accuracy is evaluated on the validation set. While
Panels (a) through (d) assess the predictive power of baseline parameters, Panels (e) and (f) provide
insight into the model’s ability to generalize treatment parameter effects.
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(a) (b)

(c) (d)

(e) (f)

Figure 6: Choropleth plots at the municipality level depicting responses to ad campaigns. Panel (a) shows
changes in vote shares when all voters are targeted with the Gender-Identity message. Panel (b) displays changes in
vote shares when all voters are targeted with the Informative Ability message. Panel (c) illustrates changes in vote
shares when all voters are targeted with the Uninformative Ability message. Panel (d) presents changes in vote
shares when all voters are targeted with the Informative Policy message. Panel (e) shows changes in vote shares
when all voters are targeted with the Uninformative Policy message. Finally, Panel (f) highlights changes in vote
shares when all voters are targeted with all messages simultaneously.
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(a) (b)

(c) (d)

(e) (f)

Figure 7: Choropleth plots at the municipality level illustrating responses to ad campaigns. Panel (a) shows
changes in vote shares when all voters are targeted with the Uninformative Ability and Policy messages, highlight-
ing the impact of targeting the salience of these two dimensions simultaneously. Panel (b) displays changes in vote
shares when all voters are targeted with the Informative Ability and Policy messages, focusing on the effects of tar-
geting beliefs about these dimensions simultaneously. Panel (c) illustrates changes in vote shares when only male
voters are targeted with all messages simultaneously. Panel (d) presents changes in vote shares when only female
voters are targeted with all messages simultaneously. Panel (e) depicts changes in vote shares when all voters are
targeted with the national-level optimal ad campaign. Finally, Panel (f) highlights changes in vote shares when all
voters are targeted with the municipality-specific optimal ad campaign.
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Table 1: First Stage

(1) (2) (3) (4) (5) (6) (7)
C AI AU GI_F GI_M PI PU

Variable Mean/(SE) Mean/(SE) Mean/(SE) Mean/(SE) Mean/(SE) Mean/(SE) Mean/(SE)

Total Ad Impressions 0.000 12933.586 12828.257 8613.394 8162.650 13164.972 13094.028
(0.000) (274.168) (238.235) (209.645) (200.835) (268.357) (298.303)

Ad Impressions (Female) 0.000 7386.407 7330.382 8613.394 0.000 7536.732 7473.458
(0.000) (174.559) (152.796) (209.645) (0.000) (169.700) (188.240)

Ad Impressions (Male) 0.000 5505.041 5455.535 0.000 8162.650 5584.634 5579.718
(0.000) (107.286) (92.051) (0.000) (200.835) (105.374) (114.562)

Total Ad Reach 0.000 7025.497 6832.861 4469.585 4360.811 7031.120 6883.000
(0.000) (164.059) (140.312) (121.631) (123.260) (163.401) (176.126)

Ad Reach (Female) 0.000 3888.400 3781.500 4469.585 0.000 3899.401 3813.092
(0.000) (99.904) (85.935) (121.631) (0.000) (98.000) (106.146)

Ad Reach (Male) 0.000 3114.000 3029.576 0.000 4360.811 3108.155 3049.289
(0.000) (67.669) (57.408) (0.000) (123.260) (68.265) (72.157)

Ad Reach per Voter 0.000 1.059 1.044 0.675 0.656 1.055 1.035
(0.000) (0.022) (0.018) (0.016) (0.017) (0.023) (0.021)

Number of observations 140 145 144 142 143 142 142

Notes: Robust standard errors in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively.

46



Table 2: How representative is the RCT Sample

Variable RCT-Sample All Municipalities

Population 8026.21 35988.19
(84.63) (2725.11)

% of Literate Population 84.13 84.01
(0.3) (0.13)

Congressional female vote share in 2022 (p.p.) 15.14 15.9
(0.43) (0.18)

% of Brown 43.34 47.45
(0.63) (0.26)

% of Black 7.2 8.54
(0.17) (0.08)

% of Indegenous 1.35 0.97
(0.22) (0.07)

% covered with internet 82.82 84.59
(0.54) (0.22)

GDP per capita 33702.95 33837.15
(1060.4) (561.41)

% completed secondary school 88.28 88.19
(0.24) (0.1)

% of Urban population 60.32 63.82
(0.65) (0.3)

% of population b/w 20 to 44 35.6 36.15
(0.09) (0.04)

% of population b/w 45 to 64 24.56 24.07
(0.11) (0.05)

% of 65 plus population 12.65 12.23
(0.1) (0.05)

Notes: This table compares socioeconomic characteristics between the RCT sam-
ple and all Brazilian municipalities. Variables include population size, literacy rate,
racial composition, internet coverage, urbanization, GDP per capita, and age distri-
bution. Standard errors are reported in parentheses. All values are calculated using
the most recent available data from the Brazilian Institute of Geography and Statis-
tics (IBGE) and the National Telecommunications Agency (Anatel).
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Table 3: Balance

(1) (2) (3) (4) (5) (6) (7) (2)-(1) (3)-(1) (4)-(1) (5)-(1) (6)-(1) (7)-(1)
C AI AU GI_F GI_M PI PU Pairwise t-test

Variable Mean/(SE) Mean/(SE) Mean/(SE) Mean/(SE) Mean/(SE) Mean/(SE) Mean/(SE) Mean difference Mean difference Mean difference Mean difference Mean difference Mean difference

Log Population 8.972 8.938 8.926 8.938 8.946 8.959 8.954 -0.034 -0.046* -0.034 -0.026 -0.013 -0.018
(0.025) (0.023) (0.021) (0.026) (0.023) (0.023) (0.024)

Log GDP per Capita 10.128 10.173 10.051 10.174 10.118 10.200 10.065 0.045 -0.078 0.045 -0.011 0.072 -0.063
(0.063) (0.058) (0.059) (0.062) (0.059) (0.063) (0.067)

Internet Penetration Rate 81.717 84.926 83.344 83.212 84.108 82.382 79.999 3.209* 1.627 1.495 2.391 0.665 -1.718
(1.460) (1.284) (1.312) (1.435) (1.438) (1.564) (1.557)

Black Population (%) 50.660 50.910 51.106 50.863 50.410 48.145 51.636 0.251 0.446 0.203 -0.250 -2.515 0.977
(1.941) (1.809) (1.893) (1.923) (1.924) (1.990) (1.926)

Urban Population (%) 0.592 0.627 0.602 0.624 0.591 0.603 0.583 0.035* 0.010 0.033 -0.001 0.011 -0.009
(0.016) (0.016) (0.016) (0.018) (0.018) (0.017) (0.018)

Literacy Rate 87.983 88.551 88.101 88.789 88.557 88.652 87.332 0.568 0.118 0.806 0.575 0.670 -0.651
(0.656) (0.622) (0.631) (0.643) (0.658) (0.628) (0.641)

Population Aged 15-24 (%) 14.221 14.410 14.472 14.030 14.016 14.082 14.495 0.189 0.250 -0.191 -0.205 -0.139 0.274
(0.157) (0.170) (0.173) (0.165) (0.155) (0.187) (0.175)

Population Aged 60+ (%) 17.877 17.736 17.893 17.994 18.517 18.123 17.956 -0.141 0.015 0.116 0.639** 0.245 0.079
(0.356) (0.355) (0.360) (0.364) (0.358) (0.388) (0.370)

Female Population (%) 49.702 49.710 49.523 49.620 49.510 49.790 49.689 0.008 -0.179 -0.082 -0.192 0.088 -0.013
(0.096) (0.134) (0.177) (0.159) (0.206) (0.084) (0.098)

Vote Share - Female - State (2022) 15.771 14.330 14.654 16.456 16.092 15.543 15.158 -1.440 -1.117 0.685 0.322 -0.228 -0.612
(1.065) (1.018) (1.024) (1.104) (1.078) (1.028) (1.201)

Vote Share - Female - Congress (2022) 15.359 14.658 15.870 16.795 13.931 15.258 14.109 -0.701 0.511 1.436 -1.428 -0.101 -1.250
(1.180) (1.140) (1.192) (1.283) (1.048) (1.081) (1.056)

Vote Share for Bolsonaro (2022) 0.440 0.456 0.436 0.449 0.443 0.463 0.409 0.016 -0.004 0.008 0.003 0.022 -0.031*
(0.015) (0.015) (0.015) (0.016) (0.015) (0.015) (0.016)

Log Campaign Expenses - Female 6.987 6.807 6.897 6.920 6.815 7.092 7.078 -0.180 -0.090 -0.066 -0.171 0.105 0.092
(0.133) (0.142) (0.134) (0.143) (0.161) (0.120) (0.141)

Log Campaign Expenses - Male 7.017 6.923 6.909 7.031 6.949 6.989 7.077 -0.094 -0.108 0.015 -0.068 -0.028 0.061
(0.086) (0.095) (0.109) (0.087) (0.099) (0.105) (0.107)

College Degree - Female (%) 0.285 0.260 0.314 0.297 0.300 0.307 0.293 -0.025 0.029 0.012 0.015 0.022 0.008
(0.012) (0.011) (0.013) (0.013) (0.014) (0.013) (0.014)

College Degree - Male (%) 0.159 0.162 0.168 0.164 0.164 0.170 0.168 0.003 0.009 0.005 0.005 0.011 0.009
(0.007) (0.008) (0.008) (0.007) (0.008) (0.009) (0.007)

Black - Female (%) 0.459 0.450 0.448 0.450 0.437 0.447 0.459 -0.009 -0.011 -0.009 -0.021 -0.011 0.000
(0.025) (0.021) (0.024) (0.023) (0.024) (0.025) (0.024)

Black - Male (%) 0.459 0.456 0.450 0.455 0.436 0.429 0.463 -0.003 -0.009 -0.004 -0.023 -0.030 0.004
(0.025) (0.023) (0.024) (0.024) (0.024) (0.025) (0.023)

Married - Female (%) 0.534 0.540 0.558 0.539 0.548 0.545 0.531 0.006 0.024 0.005 0.013 0.011 -0.003
(0.011) (0.012) (0.011) (0.012) (0.013) (0.012) (0.013)

Married - Male (%) 0.435 0.415 0.434 0.411 0.452 0.438 0.411 -0.020 -0.001 -0.024 0.017 0.003 -0.024
(0.013) (0.014) (0.014) (0.015) (0.015) (0.015) (0.015)

Log Wealth - Female 11.711 11.622 11.706 11.728 11.853 11.775 11.737 -0.089 -0.006 0.017 0.142 0.064 0.026
(0.065) (0.084) (0.077) (0.085) (0.069) (0.072) (0.073)

Log Wealth - Male 12.175 12.192 12.232 12.154 12.210 12.264 12.142 0.017 0.057 -0.021 0.036 0.089 -0.032
(0.056) (0.058) (0.058) (0.060) (0.064) (0.055) (0.055)

Female Candidate (%) 0.353 0.357 0.355 0.357 0.358 0.354 0.354 0.004 0.002 0.004 0.005 0.001 0.001
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

F-test of joint significance (F-stat) 0.948 1.113 0.657 0.791 0.407 0.647

Number of observations 141 145 145 142 143 142 142 286 286 283 284 283 283

Notes: Robust standard errors in parentheses. *, **, and *** indicate significance at the 10%, 5%, and
1% levels, respectively.
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Table 4: The Effects of Campaign Message on Vote Share for Female Candidates

Vote Share for Female Candidates

(1) (2) (3) (4)

Gender - Female 1.141 0.940 0.948 1.008
(0.918) (0.915) (0.917) (0.908)

Gender - Male 1.790∗ 1.879∗∗ 1.806∗ 1.800∗

(0.933) (0.922) (0.924) (0.928)
Ability Uninformative 1.085 1.045 1.031 1.100

(0.924) (0.915) (0.915) (0.916)
Ability Informative 0.284 0.280 0.285 0.354

(0.923) (0.908) (0.912) (0.919)
Policy Uninformative -0.298 -0.218 -0.216 -0.267

(0.961) (0.967) (0.966) (0.970)
Policy Informative 1.432 1.394 1.385 1.419

(0.959) (0.946) (0.948) (0.946)

DV Control Mean 22.97 22.97 22.97 22.97
R2 0.03 0.05 0.05 0.06
Number of Obs. 1000 1000 1000 1000
Strata FE Y Y Y Y
Lagged DV N Y Y Y
Controls N N Y Y

Notes: The dependent variables is the percentage of votes received by female candidates. Robust
standard errors in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively.
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Table 5: The Effects of Campaign Message on Other Electoral Outcomes

Turnout
Campain Spending

Females
Campain Spending

Males
Share Elected

Females

(1) (2) (3) (4)

Gender - Female -0.002 -10.643 21.877 0.014
(0.003) (174.848) (153.136) (0.013)

Gender - Male -0.001 49.682 19.731 0.018
(0.003) (180.144) (155.374) (0.014)

Ability Uninformative 0.000 31.604 31.722 0.038∗∗

(0.003) (184.925) (156.190) (0.016)
Ability Informative -0.001 -21.038 2.883 -0.003

(0.003) (176.264) (156.901) (0.013)
Policy Uninformative -0.001 298.856 182.369 0.023

(0.003) (221.219) (186.854) (0.016)
Policy Informative 0.003 154.277 77.181 0.028∗∗

(0.003) (183.438) (163.118) (0.014)

DV Control Mean 0.85 1969.23 1680.76 0.12
R2 0.63 0.23 0.22 0.10
Number of Obs. 998 1000 1000 1000
Strata FE Y Y Y Y
Lagged DV Y N N N
Controls Y Y Y Y

Notes: Robust standard errors in parentheses. *, **, and *** indicate significance at the 10%, 5%, and
1% levels, respectively.
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Table 6: Main Parameter Estimates and Their Marginal Effects

Panel A: Main Parameters

Models

Parameter Description (1) (2) (3) (4) (5)

ωGF Baseline weight gender-identity (F) 4.088*** 3.878*** 4.847*** -6.772*** 1498.302***
(0.010) (0.031) (0.015) (0.382) (8.599)

ωGM Baseline weight gender-identity (M) 6.233*** 7.049*** 6.613*** 13.404*** 931.560***
(0.012) (0.028) (0.023) (0.663) (0.000)

ωA0 Baseline weight ability 2.150*** 1.995*** 1.705*** 0.312*** 0.861***
(0.519) (0.412) (0.593) (0.036) (0.003)

ωP0 Baseline weight policy 1.343** -0.077 1.008* 0.663*** 0.526***
(0.564) (0.600) (0.598) (0.028) (0.001)

ξA Baseline relative ability F v. M candidates 0.120** 0.206** -3.050* -16.142*** -397.479***
(0.059) (0.096) (1.847) (2.231) (2.558)

ξP Baseline relative policy positions of F v. M candidates -2.157*** -3.078*** -4.084*** -3.855*** -22.653***
(0.624) (0.857) (1.212) (0.235) (0.071)

µ Relative ideal point of F v. M voters 3.193*** 8.216*** 2.886*** 4.471*** 23.343***
(0.876) (2.952) (0.905) (0.245) (0.121)

λGF Effect of gender message (F) -0.018 -0.000 -0.003 -0.068 48.147***
(0.034) (0.032) (0.009) (0.189) (1.351)

λGM Effect of gender message (M) -0.533*** -1.528*** -0.859*** -1.552*** -931.456***
(0.015) (0.018) (0.014) (0.361) (0.000)

λA Effect of uniformative ability message -0.162*** -0.168*** 0.121*** -0.331*** -0.458***
(0.022) (0.026) (0.012) (0.078) (0.002)

λP Effect of uniformative policy message 0.083*** 0.089*** 0.064*** 0.095*** 0.036***
(0.012) (0.015) (0.013) (0.015) (0.002)

ρA Effect of informative ability message -0.092 -0.052 0.324 -1.562 -46.227***
(0.064) (0.185) (0.218) (2.354) (1.530)

ρP Effect of informative policy message 0.192*** 0.311*** 0.380*** 0.470*** 0.953***
(0.067) (0.092) (0.128) (0.089) (0.056)

Region Fixed Effect ✓ - ✓ ✓ ✓
Candidate controls ✓ ✓ ✓ ✓ ✓
Municipality Characteristics ✓ ✓ - ✓ ✓
Salience-Weight functional Form Exponential Exponential Exponential Quadratic Absolute

N Number of Observations 1000 1000 1000 1000 1000
Obj Fun Objective Function Value (MSE) 0.004 0.0041 0.0042 0.004 0.004

Panel B: Average Marginal Effects

Models

Parameter Description (1) (2) (3) (4) (5)

ωGF Baseline weight gender-identity (F) 19.470* 19.138* 22.030* 19.856** 23.070**
(10.513) (10.149) (11.816) (9.899) (11.535)

ωGM Baseline weight gender-identity (M) -7.978* -10.862** -2.943 -3.841* -0.693**
(4.130) (5.404) (2.602) (1.977) (0.346)

ωA0 Baseline weight ability -1.190* -1.105* -2.927* -0.195 -0.171**
(0.611) (0.600) (1.595) (0.120) (0.087)

ωP0 Baseline weight policy -13.690** 0.930 -10.396* -1.666** 1.541**
(6.785) (4.108) (5.665) (0.829) (0.770)

ξA Baseline relative ability F v. M candidates 0.293* 0.498** -3.158* -4.864** -8.146**
(0.151) (0.248) (1.678) (2.401) (4.072)

ξP Baseline relative policy position of F v. M candidates -20.131** -19.929** -19.049** -15.832** -24.858**
(9.681) (9.626) (9.152) (7.911) (12.429)

µ Relative ideal point of F v. M voters -13.294** -16.018** -8.946** -9.661** -18.157**
(6.550) (7.788) (4.409) (4.840) (9.078)

λGF Effect of gender message (F) -0.227 -0.006 -0.040 0.270 0.845***
(0.434) (0.391) (0.124) (0.726) (0.023)

λGM Effect of gender message (M) 0.356*** 0.763*** 0.186 0.083*** 0.957***
(0.097) (0.155) (0.340) (0.023) (0.007)

λA Effect of uniformative ability message 0.049 0.067 -0.284** 0.363** 0.916***
(0.050) (0.045) (0.142) (0.178) (0.010)

λP Effect of uniformative policy message -1.005*** -1.060*** -0.741*** -0.757*** -0.033***
(0.161) (0.196) (0.169) (0.124) (0.003)

ρA Effect of informative ability message -0.159 -0.050 0.041 -0.053 0.132***
(0.131) (0.579) (0.154) (0.496) (0.026)

ρP Effect of informative policy message 0.536** 0.629** 0.882*** 0.862*** 1.049***
(0.262) (0.302) (0.236) (0.298) (0.058)

*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
Notes: This table presents the estimated structural parameters (Panel A) and average marginal effects (Panel B) from our random utility voting model. Parameters

are estimated using GMM and capture both statistical and taste-based discrimination. Column (1) is the baseline specification, which includes candidate- and
municipality-level controls, region fixed effects, and exponential salience weights. Columns (2)–(5) report estimates from alternative specifications that remove
fixed effects, controls, or modify the functional form of salience. In Panel B, average marginal effects for baseline parameters are computed as the average difference
in predicted vote share when the parameter is set to zero, holding all other parameters fixed at their estimated values. This represents the ceteris paribus impact of
each parameter on female candidate vote share. For treatment parameters, marginal effects are computed through counterfactual simulations that compare the
predicted vote shares when all individuals in the RCT sample are treated versus when none are treated. Standard errors are in parentheses. Results are discussed
in Section 5. Control estimates are in Table E1 and region fixed effect estimates are in Table E2.

51



Table 7: Counterfactual Experiments

Panel A: RCT-Sample

Vote-Share Votes

Counterfactual Name Description Est (p.p.) Diff (p.p.) p-value Est Diff p-value

Baseline No messages sent to voters 23.846 1618.866
(2.266) (154.610)

Gender - female Gender messages sent to all female voters 23.620 -0.227 0.601 1603.431 -15.435 0.602
(2.266) (0.434) (154.683) (29.589)

Gender - male Gender messages sent to all male voters 24.202 0.356*** 0.000 1642.324 23.458*** 0.000
(2.268) (0.097) (154.777) (6.464)

Gender Gender messages sent to all voters 23.976 0.129 0.768 1626.889 8.023 0.788
(2.267) (0.438) (154.768) (29.865)

Informative ability Informative ability message sent to all voters 23.688 -0.159 0.226 1609.258 -9.608 0.275
(2.305) (0.131) (157.247) (8.803)

Uninformative ability Uninformative ability message sent to all voters 23.896 0.049 0.327 1623.423 4.557 0.204
(2.290) (0.050) (156.116) (3.584)

Informative policy Informative policy message sent to all voters 24.383 0.536** 0.041 1655.860 36.994** 0.038
(2.188) (0.262) (149.278) (17.850)

Uninformative policy Uninformative policy message sent to all voters 22.842 -1.005*** 0.000 1550.894 -67.972*** 0.000
(2.328) (0.161) (158.808) (10.933)

Salience message Only ability and policy uninformative messages sent 22.872 -0.975*** 0.000 1554.015 -64.851*** 0.000
(2.351) (0.177) (160.245) (12.005)

Belief messages Only ability and policy informative messages sent 24.238 0.391 0.155 1647.084 28.218 0.131
(2.224) (0.275) (151.693) (18.668)

Only males Only male voters are sent all messages 24.020 0.174*** 0.002 1630.279 11.413*** 0.002
(2.269) (0.056) (154.788) (3.754)

Only females Only female voters are sent all messages 24.106 0.259 0.599 1637.866 19.000 0.571
(2.217) (0.492) (151.320) (33.542)

All treatments All messages sent 24.280 0.433 0.380 1649.279 30.413 0.365
(2.219) (0.493) (151.467) (33.588)

Aggregate optimal Optimal campaign for the RCT-sample 24.898 1.051*** 0.000 1691.042 72.176*** 0.000
(2.253) (0.281) (153.878) (19.090)

Municipality-wise optimal Municipality-wise optimal campaign 25.309 1.463*** 0.000 1718.593 99.727*** 0.000
(2.218) (0.281) (151.452) (19.150)

Municipality-wise v. aggregate Difference b/w municipality-wise and national 0.411*** 0.000 27.551*** 0.000
(0.116) (7.736)

Panel B: Full Brazil Sample

Vote-Share Votes

Counterfactual Name Description Est (p.p.) Diff (p.p.) p-value Est Diff p-value

Baseline No messages sent to voters 24.005 6665.976
(2.266) (703.590)

Gender - female Gender messages sent to all female voters 23.777 -0.228 0.600 6600.542 -65.232 0.600
(2.264) (0.434) (701.237) (124.377)

Gender - male Gender messages sent to all male voters 24.341 0.336*** 0.000 6739.532 73.759*** 0.000
(2.269) (0.091) (705.808) (20.154)

Gender Gender messages sent to all voters 24.114 0.109 0.804 6674.492 8.517 0.946
(2.265) (0.438) (703.158) (124.604)

Informative ability Informative ability message sent to all voters 23.828 -0.177 0.187 6577.587 -88.388* 0.055
(2.305) (0.134) (711.761) (46.097)

Uninformative ability Uninformative ability message sent to all voters 24.038 0.033 0.513 6639.738 -26.237* 0.064
(2.292) (0.050) (712.030) (14.165)

Informative policy Informative policy message sent to all voters 24.533 0.528** 0.045 6775.417 109.442 0.131
(2.190) (0.263) (685.951) (72.499)

Uninformative policy Uninformative policy message sent to all voters 22.993 -1.012*** 0.000 6347.957 -318.019*** 0.000
(2.329) (0.163) (721.330) (50.774)

Salience message Only ability and policy uninformative messages sent 23.021 -0.984*** 0.000 6317.587 -348.389*** 0.000
(2.351) (0.178) (729.358) (57.477)

Belief messages Only ability and policy informative messages sent 24.372 0.366 0.184 6688.414 22.439 0.781
(2.225) (0.275) (693.516) (80.606)

Only males Only male voters are sent all messages 24.173 0.168*** 0.002 6700.110 34.135*** 0.001
(2.268) (0.053) (704.658) (10.556)

Only females Only female voters are sent all messages 24.237 0.232 0.639 6639.888 -26.088 0.856
(2.216) (0.494) (690.051) (143.565)

All treatments All messages sent 24.405 0.400 0.418 6674.022 8.047 0.955
(2.218) (0.494) (691.008) (143.317)

Aggregate optimal Optimal campaign for the full sample 25.015 1.011*** 0.001 6842.793 177.019** 0.038
(2.807) (0.304) (885.929) (85.276)

Municipality-wise optimal Municipality-wise optimal campaign 25.412 1.408*** 0.000 6956.087 290.313*** 0.000
(2.763) (0.293) (877.416) (74.544)

Municipality-wise v. aggregate Difference b/w municipality-wise and national 0.397*** 0.001 113.294*** 0.002
(0.118) (36.178)

*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
Notes: This table reports results from counterfactual simulations evaluating the impact of alternative electoral messaging campaigns on female candidate vote

shares and total votes. Panel A focuses on municipalities in the RCT sample, while Panel B presents results for the full set of Brazilian municipalities. Each
counterfactual simulates voter behavior under a different campaign strategy using the estimated structural model. The “Est.” columns report predicted average
vote share and vote count outcomes under each campaign, while the “Diff.” columns show the change relative to the baseline scenario with no messaging.
Campaigns include gender-targeted, ability-targeted, and policy-targeted messages, as well as bundled salience- or belief-based messages. Standard errors,
reported in parentheses, are computed via model-based simulation using 400 draws for all scenarios, except for the optimal campaigns, which use 200 draws.
All simulations incorporate the model’s estimated heterogeneity in voter preferences and salience weights. Results are discussed in Section 6. Persuasion rate
estimates are in Table E4.
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A Appendix: GMM Estimator

The estimator that we employ is a Generalized Method of Moments estimator defined as fol-

lows. The econometrician observes {vm,Wm}
M
m=1 where Wm =

{
GJ, {Gi,m,Ti,m}

Nm
i=1,Xm

}
, Nm is the

number of voters in municipality m20. Also, xm is the number of votes female candidates re-

ceives and Xm is a vector of observable municipality and ballot characteristics. This is data.

The estimation process has two steps. The first step of the GMM estimator proceeds as fol-

lows. Fix a θ = (ωG
0 , ω

G
1 , σ

G, λG,0, λG,1, ωA, σA, λA, ωP, σP, λP, ξA, ξP, ρA, ρP, ηA, ηP, µ) ∈ Θ and

then for each m ∈ {1, 2, . . . ,M}.

1. Consider the set {(G,T ) : G ∈ {0, 1} andT ∈ {1, 2, . . . , 6}}. This set has 12 elements. De-

fine NG,T ,m, as the numbers of voters that have gender G and received the treatment T ,

i.e.:

NG,T ,m =

Nm∑
i=1

1{Gi,m = G,Ti,m = T }

2. For each (G,T ), construct indicators TG = 1{T = 2}, TA = 1{T = 3}, VA = 1{T = 4},
TP = 1{T = 5}, VP = 1{T = 6}.

3. Do the following if NG,T ,m > 0:

(a) Draw shocks νk
v,G,T ∼ N(0, 1) for each k ∈ {G,A,P} for v = 1, 2, . . . ,V total draws.

(b) Calculate ũv,G,T ,m using:

ũv,G,T , j,m(θ) = − exp
( ∑

g∈{0,1}

ωG
g · 1

{
G = g

}
+ σG · ν

G
v,G,T

+
∑

g∈{0,1}

λG,g · VG
· 1

{
G = g

} )
× 1{G , G j}

+ exp
(
ωA + σAνA

v,G,T + λ
A max{TA,VA

}

)
×

(
ξAG j + ρATAG j + η

AXm

)
− exp

(
ωP + σPνP

v,G,T + λP max{TP,VP
}

)
×

(
ξPG j + ρPTAG j + η

PXm − µG
)2

(c) Let pv,i,m denote the probability voter i that got a draw v votes for a female candidate:

20Please note that VG
i,m,T

A
i,m,V

A
i,m,T

P
i,m,V

P
i,m can be derived fromTi,m in the same fashion as in Section 2.2.
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(note G j = 1 corresponds to the female candidate, G = 1 female voter)

pv,G,T ,m(θ) =
exp

(
ũv,G,T ,1,m(θ) − ũv,G,T ,0,m(θ)

)
1 + exp

(
ũv,G,T ,1,m(θ) − ũv,G,T ,0,m(θ)

)
pG,T ,m(θ) =

1
V

V∑
v=1

exp
(
ũv,G,T ,1,m(θ) − ũv,G,T ,0,m(θ)

)
1 + exp

(
ũv,G,T ,1,m(θ) − ũv,G,T ,0,m(θ)

)
4. If NG,T ,m = 0 then pG,T ,m = 0. The value here does not matter as the product NG,T ,m ×

pG,T ,m = 0.

5. Calculate λm(θ) (calculated for Female candidate only) as follows:

λm(θ) =
1∑

G=0

6∑
T=1

NG,T ,m × pG,T ,m

The second step of the GMM estimator is then to minimize

d(θ) =
1
M
×

M∑
m=1

(
xm − λm(θ)

Nm

)2

B Appendix: Intuition for Identification

Consider the utility specification for a voter in municipality m. For expositional clarity, we ig-

nore treatment effects, as they are identified through experimental variation. We also abstract

away from gender and policy dimensions.

ui jm = (ωA + σAνi) ·
(
ξAG j + ηAXmG j

)
+ ϵi jm, νi ∼ N(0, 1). (6)

Homogeneous Voters (σA = 0). The log-share ratio is linear:

log
sF

sM
= ωA ·

(
ξAG j + ηAXmG j

)
.

It is evident that all parameters are not identified in this case. Thus, identifying restrictions are

required to separately recover ωA, ξA, and ηA. Introducing experimental variation alone does

not resolve this identification problem.
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Heterogeneous Voters (σA , 0). Now consider the case where σA is non-zero. The utility

specification can then be rewritten as:

ui jm = ωA · ξA · G j + σA · ξA · G j · νi + ωA · ηA · Xm · G j + σA · ηA · Xm · G j · νi + ϵi jm. (7)

This expression can be written in canonical form:

ui jm = β0 · G j + σ0 · G j · νi + β1 · Xm · G j + σ1 · Xm · G j · νi + ϵi jm

⇒ ui jm = β0 · G j + β1 · Xm · G j︸                  ︷︷                  ︸
δm

+ σ0 · G j · νi + σ1 · Xm · G j · νi︸                            ︷︷                            ︸
µi,m

+ϵi jm. (8)

In the above formulation, the parameters β0, β1, σ0, and σ1 are identified (see Nevo (2001)).

The composite term δm captures the mean utility that voters in municipality m derive from

voting for a candidate of gender G j, whileµi,m captures voter i’s deviation from this mean utility.

If these four parameters are known, the structural parameters can be recovered using:

β0 = ωAξA, β1 = ωAηA, σ0 = σAξA, σ1 = σAηA. (9)

However, these equations provide only three degrees of freedom, since

β0

β1
=
σ0

σ1
=
ξA

ηA
.

To achieve identification, we have to normalize one parameter. To ensure symmetry across all

dimension (Gender, Ability, and Policy) we chose to normalize dispersion parameters. There-

fore, here we normalize σA = 1. Under this normalization, the remaining parameters are recov-

ered as:

ηA = σ1, ωA =
β1

σ1
, ξA =

β0 · σ1

β1
.

Identification argument through a non-parametric voting function: We follow Fox et al.

(2012) and modify the setup by including a random intercept term along with a parameterized

random coefficient distribution. For expositional purposes, we use a first-order Taylor approx-

imation to provide intuition about the source of identification. Since the econometrician ob-

serves sF,m for municipalities m = 1, 2, . . . ,M and the corresponding observable characteristic

Xm (which is standardized), it is possible to recover a nonparametric function P(Xm)—using

methods such as splines or local polynomials—that predicts female vote shares in a municipal-
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ity with characteristic Xm. Under the modeling assumptions, the recovered function P(Xm) will

be infinitely differentiable with respect to Xm. Moreover, since we standardize Xm, it will take

values in an open neighborhood of 0. Let f be the logistic function. Then the following holds:

P(Xm) =
∫

f (βi,0 + βi,1 · Xm)dH(βi,0, βi,1) (10)

where βi,0 = β0 + σ0 · νi, βi,1 = β1 + σ1 · νi and h(βi,o, βi,1) = h(β0 + σ0 · νi, β1 + σ1 · νi) = ϕ(νi)
where h is the probability density function of H and ϕ is the probability density function of the

standard normal distribution. Then,

P(0) =
∫

f (βi,0)dH(βi,0, βi,1) = E[ f (β0 + σ0 · νi)]

≈ E
[

f (0) + f ′(0) · (β0 + σ0 · νi)
]

= f (0) + f ′(0)β0. (11)

The approximation is obtained by using a first order Taylor approximation around 0. We use

E[νi] = 0, to obtain the last equality. Clearly, the equation above identifies β0.

A second equation that one can obtain is by equating the derivatives of of both sides at Xm =

0. Splines and local polynomials not only recover the function values but they also tend to

recover higher order derivatives of the functions.

∂P(Xm)
∂Xm

∣∣∣∣∣∣
Xm=0

=
∫

f ′(βi,0)βi,1dH(βi,0, βi,1) = E[ f ′(β0 + σ0νi) · (β1 + σ1 · νi)]

≈ E
[

f ′(0) · (β1 + σ1 · νi)
]
= f ′(0)β1 (12)

To obtain the approximation we use first order Taylor approximation of f ′ around 0 and the

fact that f ′′(0) = 0. Finally since E[νi] = 0, we obtain the last equality. Note that this equation

identifies β1.

The third and the final equation to recover σ1 is stated as followed:

∂2P(Xm)
∂X2

m

∣∣∣∣∣∣
Xm=0

=
∫

f ′′(βi,0)β2
i,1dH(βi,0, βi,1) = E[ f ′′(β0 + σ0νi) · (β1 + σ1 · νi)2]

≈ E
[(

f ′′(0) + f ′′′(0) · (β0 + σ0νi)
)
· (β1 + σ1 · νi)2]

= f ′′′(0)
(
β0 · σ2

1 + β0 · β2
1 + 2 · β1σ1σ0

)
= f ′′′(0)

(
3 · β0 · σ2

1 + β0 · β2
1

)
. (13)
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We use a Taylor approximation of f ′′ around 0 to obtain the approximation. The second last

equality holds since f ′′(0) = 0 andE[ν2k−1
i ]=0 for all k ∈N. Finally we substitute σ0 =

β0

β1
· σ1 to

obtain the last equality. Note that β0 =
P(0)− f (0)

f ′(0) and β1 =
∂P(Xm)
∂Xm

∣∣∣∣
Xm=0

f ′(0) . Therefore, the only unknown

in the equation is σ1, which can be recovered.

Even though we use first-order Taylor approximations to demonstrate that the parameters

can be recovered, the full system of equations defined by Equation 11, Equation 12, and Equa-

tion 13 can be solved for β0, β1, and σ1 (since σ0 =
β0

β1
· σ1).

A couple of remarks are necessary here. At the average municipality, where Xm = 0, the

vote share directly reflects the intercept β0, because other covariate-dependent terms drop out.

This anchors the level of the function. Therefore, vote shares at the average municipality (i.e., a

municipality where Xm = 0, since Xm is standardized) identify β0. The first derivative of the vote

share function with respect to Xm, evaluated at Xm = 0, captures how vote shares respond to

changes in observable characteristics. This slope governs the marginal sensitivity of preferences

to Xm, and is therefore informative about β1.

Finally, given that β0 and β1 are known, and the model structure pins down σ0 as a function

of σ1, we can use the curvature (i.e., the second-order derivative) of the observed voting func-

tion with respect to the observable characteristic at the average municipality to recover σ1. The

second derivative of the vote share function (its curvature) at Xm = 0 reflects how spread out in-

dividual tastes are in response to Xm. Given knowledge of β0, β1, and the model structure linking

σ0 to σ1, this curvature allows us to recover σ1, which governs heterogeneity in preferences.
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C Appendix: Monte-Carlo Experiments

C.1 Baseline case

Here, we demonstrate the Monte Carlo performance of our model. To generate the data, we

use the true observable characteristics of municipalities in our RCT sample, ensuring that the

number of treated individuals matches the actual number observed in each municipality. We

estimate the model for three potential sample sizes: N=250, N=500, and N=1,000. The samples

for N=250 and N=500 are constructed by randomly selecting observations. The parameter val-

ues are set to the estimated values obtained from our model, allowing us to assess the bias and

mean squared error (MSE) at these estimated values. For brevity, we report only the estimates

for the main parameters, as the performance for controls and fixed effects closely aligns with

that of the main parameters.

The Monte Carlo results indicate that bias and MSE consistently decrease as the sample size

increases. For instance, the bias of the baseline weight ωGF decreases from 0.0593 at N=250

to just 0.0255 at N=1,000, while the corresponding MSE remains low at 0.0128. Similarly, the

bias for the effect of the G message on males (λGM) reduces from -0.0012 at N=250 to a neg-

ligible -0.0006 at N=1,000, with MSE decreasing from 0.0003 to effectively zero. The effect of

uninformative ability messages (λA) shows nearly no bias across all sample sizes, with MSE

consistently at 0.0000. Additionally, for the relative policy preference of female voters (µ), bias

decreases from -0.0261 at N=250 to just 0.0011 at N=1,000, and MSE stabilizes at 0.0166. Overall,

these results highlight the strong Monte Carlo performance of our model and estimator, with

bias and MSE becoming negligible at N=1,000, demonstrating the robustness and reliability of

our estimation approach.

Table B1: Monte-Carlo Experiments

Avg. Est. Bias MSE

N=250 N=500 N=1000 N=250 N=500 N=1000 N=250 N=500 N=1000

ωGF Baseline weight gender (F) 4.088 4.147 4.140 4.113 0.0593 0.0528 0.0255 0.0153 0.0104 0.0128
ωGM Baseline weight gender (M) 6.233 6.295 6.292 6.259 0.0620 0.0587 0.0263 0.0169 0.0118 0.0134
λGF Effect of gender message (F) -0.018 -0.017 -0.018 -0.018 0.0003 0.0001 -0.0001 0.0000 0.0000 0.0000
λGM Effect of gender message (M) -0.533 -0.535 -0.538 -0.534 -0.0012 -0.0044 -0.0006 0.0003 0.0002 0.0000
ωA0 Baseline weight ability 2.150 2.205 2.205 2.174 0.0554 0.0553 0.0248 0.0155 0.0125 0.0113
λA Effect of uninfo ability message -0.162 -0.162 -0.162 -0.162 0.0004 0.0003 -0.0002 0.0000 0.0000 0.0000
ωP0 Baseline weight policy 1.343 1.386 1.375 1.369 0.0426 0.0316 0.0255 0.0151 0.0113 0.0121
λP Effect of uninfo policy message 0.083 0.083 0.083 0.083 0.0001 0.0001 0.0003 0.0000 0.0000 0.0000
ξA Baseline net ability (F vs M) 0.120 0.122 0.120 0.121 0.0016 0.0005 0.0007 0.0004 0.0001 0.0001
ρA Effect of ability info -0.092 -0.088 -0.090 -0.092 0.0034 0.0017 -0.0005 0.0002 0.0001 0.0001
ξP Baseline net policy (F vs M) 2.157 2.178 2.181 2.160 0.0212 0.0244 0.0031 0.0082 0.0082 0.0077
ρP Effect of policy info -0.192 -0.194 -0.195 -0.192 -0.0023 -0.0027 -0.0006 0.0001 0.0001 0.0001
µ Relative policy (F voters) -3.193 -3.219 -3.231 -3.192 -0.0261 -0.0376 0.0011 0.0186 0.0165 0.0166
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C.2 Robustness to Spillovers

To assess the robustness of our parameter estimates to spillovers, we introduce a modifica-

tion to our data-generating process. We retain the same covariates and "true reach" as in the

baseline scenario. However, during model estimation, we construct the "observed reach" by

incorporating stochastic deviations. Specifically, for each municipality and treatment status,

we generate two random variables: a) A Bernoulli random variable that determines whether

the observed reach is greater or smaller than the true reach. b) A Poisson random variable that

quantifies the magnitude of the deviation between the observed reach and the true reach.

Formally, this approach allows us to systematically introduce spillover-induced measure-

ment error, enabling us to evaluate how well our estimator performs under varying degrees of

mismeasurement. Nobs
m,Treat = Ntrue

m,Treat + (−1)Bm,Treat+1
· Pm,Treat such that Bm,Treat ∼ Bern(0.5) and

Pm,Treat ∼ Poisson(p · Ntrue
m,Treat). Here p controls the mean absolute deviation of observed reach

from true reach.

Note that spillovers ultimately introduce measurement error in our reach variable, which

defines the number of individuals treated by our message. When voters move from one munic-

ipality (likely outside our sample, given the spatially scattered nature of our dataset) to a mu-

nicipality within our sample, they may receive a treatment message that was not intended for

them. However, our data would still record that someone in the municipality was treated, even

though the individual is not a registered voter there. This discrepancy introduces measurement

error, which we explicitly model in our analysis.

We assess the Monte Carlo performance of our estimator at the estimated parameters un-

der varying spillover rates: p = 0.05, 0.10, 0.15, 0.20. Overall, the estimates remain robust for

spillover rates up to 15%, with minimal impact on bias and MSE. For instance, the bias in the

baseline weight for female voters (ωGF) remains stable at 0.0255 for spillover rates up to 15%,

with a consistently low MSE of 0.0128. Similarly, the effect of the G message on female voters

(λGF) shows an almost negligible bias (-0.0001) across all cases, with MSE remaining at 0.0000.

However, at p = 20%, some parameters exhibit notable deviations. The bias in the baseline

weight for male voters (ωGM) increases substantially to -0.6835, with a sharp rise in MSE to

5.7213. Likewise, the baseline net ability (ξA) experiences a jump in bias (0.2459) and a corre-

sponding increase in MSE (0.8980).

While these higher spillover rates introduce noticeable increases in bias and MSE for some

parameters, overall, the errors remain within acceptable limits. This suggests that our estimator

performs well under moderate levels of spillover. When spillover rates exceed 15%, as they may
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introduce nontrivial distortions in parameter estimates however these distortions still remain

within some degree of acceptable range.

Table B2: Robustness to Spillovers

Avg. Est. Bias MSE

0.05 0.10 0.15 0.20 0.05 0.10 0.15 0.20 0.05 0.10 0.15 0.20

ωGF Baseline weight gender (F) 4.088 4.113 4.113 4.113 4.335 0.0255 0.0255 0.0255 0.2479 0.0128 0.0128 0.0128 0.0908
ωGM Baseline weight gender (M) 6.233 6.259 6.259 6.259 5.549 0.0263 0.0263 0.0263 -0.6835 0.0134 0.0134 0.0134 5.7213
λGF Effect of gender message (F) -0.018 -0.018 -0.018 -0.018 -0.022 -0.0001 -0.0001 -0.0001 -0.0042 0.0000 0.0000 0.0000 0.0001
λGM Effect of gender message (M) -0.533 -0.534 -0.534 -0.534 -0.492 -0.0006 -0.0006 -0.0006 0.0415 0.0000 0.0000 0.0000 1.3885
ωA0 Baseline weight ability 2.150 2.174 2.174 2.174 2.201 0.0248 0.0248 0.0248 0.0515 0.0113 0.0113 0.0113 0.4163
λA Effect of uninfo ability message -0.162 -0.162 -0.162 -0.162 -0.136 -0.0002 -0.0002 -0.0002 0.0257 0.0000 0.0000 0.0000 0.0012
ωP0 Baseline weight policy 1.343 1.369 1.369 1.369 1.604 0.0255 0.0255 0.0255 0.2604 0.0121 0.0121 0.0121 0.3486
λP Effect of uninfo policy message 0.083 0.083 0.083 0.083 0.087 0.0003 0.0003 0.0003 0.0042 0.0000 0.0000 0.0000 0.0001
ξA Baseline net ability (F vs M) 0.120 0.121 0.121 0.121 0.366 0.0007 0.0007 0.0007 0.2459 0.0001 0.0001 0.0001 0.8980
ρA Effect of ability info -0.092 -0.092 -0.092 -0.092 -0.173 -0.0005 -0.0005 -0.0005 -0.0810 0.0001 0.0001 0.0001 0.0176
ξP Baseline net policy (F vs M) 2.157 2.160 2.160 2.160 2.431 0.0031 0.0031 0.0031 0.2740 0.0077 0.0077 0.0077 0.3112
ρP Effect of policy info -0.192 -0.192 -0.192 -0.192 -0.179 -0.0006 -0.0006 -0.0006 0.0132 0.0001 0.0001 0.0001 0.0015
µ Relative policy (F voters) -3.193 -3.192 -3.192 -3.192 -3.124 0.0011 0.0011 0.0011 0.0694 0.0166 0.0166 0.0166 1.6343
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D Appendix: Digital Campaign Execution Details

This appendix provides supplementary details regarding the implementation, execution, and

monitoring of the digital intervention, complementing the description in Section 3.2.1. The

campaign was executed through Meta Ads, primarily on Instagram, with a focus on maximizing

reach among voters in targeted municipalities. A specialized advertising firm was contracted

to manage the technical execution of the campaign, ensuring proper implementation of ad

targeting, budget allocation, and performance monitoring. The intervention was conducted

between September 28 and October 3, 2024, ensuring compliance with electoral regulations

that prohibit political ads within 48 hours of election day (October 6).

The campaign targeted users based on municipality, gender, and age group, using Meta Ads’

geolocation tools to ensure that advertisements were displayed exclusively within designated

treatment municipalities. The segmentation strategy employed municipality-level geofencing

within the Meta Ads platform, relying on the first five digits of each postal code to define geo-

graphic boundaries. Age-based segmentation covered voters aged 18 to 65 years or older. The

advertisements were delivered automatically across multiple placements within the Instagram

platform, including feed, stories, and reels.

Ads were implemented using Meta Ads’ algorithm designed to maximize exposure within the

defined geolocation parameters. The total budget for the campaign was R$52,000 (around USD

9,300), distributed across 859 treated municipalities, with daily spending limits varying accord-

ing to population size and digital penetration levels in each municipality. The campaign cre-

ative strategy relied on five distinct video advertisements, which visual elements were designed

to maintain consistency across different treatment groups while ensuring clarity and salience

in message delivery.

Ethical and regulatory compliance was a central component of the intervention. The cam-

paign adhered to Meta’s policies regarding political advertising, ensuring transparency in mes-

sage dissemination. To mitigate the risk of ad delivery disruptions or account restrictions, a

contingency structure was implemented prior to campaign launch. This included obtaining

the required political ad authorization from Meta, creating redundant advertising accounts and

social media pages, and executing a pre-warming phase in which the newly created pages were

actively maintained for 30 days before the campaign commenced. These measures minimized

the likelihood of algorithmic flagging or restrictions due to unusual activity patterns.

The campaign setup followed a structured process, with ad configurations uploaded via

spreadsheet integration into Meta Ads Manager. A subsequent quality control review was con-
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ducted to verify the accuracy of ad placements, budget allocations, and geolocation targeting.

This verification process was handled independently by a separate analyst to reduce the prob-

ability of configuration errors. Performance monitoring was conducted daily using a compre-

hensive set of metrics, with the primary indicator being the reach within each municipality. Ad-

ditional metrics included total impressions, unique reach, and cost per thousand impressions,

allowing for an evaluation of ad efficiency and engagement levels. Interaction data, including

video views, reactions, shares, and comments, were also tracked to assess audience responsive-

ness.

D.1 Messages

Portuguese original:

- Gender identity: Sabia que mulheres são mais de 50% da população, mas são só 16%

do Congresso Nacional? Ao redor do mundo, apenas 27% dos parlamentares são mulheres.21

Quem merece seu voto nestas eleições? Uma candidata mulher ou um candidato homem?

Pense bem nisso.

- Policy uninformative: O que é importante para você nesta eleição? Educação, saúde, quali-

dade de vida para as crianças? Vote em candidatos que realmente defendem o que é importante

para você todos os dias.

- Policy informative: O que é importante para você nesta eleição? Educação, saúde, quali-

dade de vida para as crianças? Você sabia que estudos mostram que parlamentares mulheres

investem 77% mais em cuidados infantis,22 educação e saúde23 do que políticos homens? Vote

em candidatos que realmente defendem o que é importante para você todos os dias.

- Ability uninformative: O que é importante para você nesta eleição? Políticos competentes

e capacitados que trabalham duro para melhorar seu governo local e sua comunidade. Vote em

candidatos que têm a qualidade que você exige.

- Ability informative: O que é importante para você nesta eleição? Políticos competentes

e capacitados que trabalham duro para melhorar seu governo local e sua comunidade. Você

21Inter-Parliamentary Union. Women in national parliaments, as of 1st January 2024
22K. A. Bratton and L. P. Ray. 2002. “Descriptive representation: Policy outcomes and municipal day-care cover-

age in Norway,” American Journal of Political Science, 46(2), pp. 428–437.
23R. Chattopadhyay and E. Duflo (2004). “Women as policy makers: Evidence from a randomized policy experi-

ment in India,” Econometrica 72(5), pp. 1409–1443;
Gerrity JC, Osborn T, Mendez JM. 2007. Women and representation: a different view of the district? Polit. Gender

3:2179–200
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sabia que estudos mostram que, em média, políticas mulheres têm maior qualidade,24 são mais

competentes e trabalham mais25 do que os políticos homens? Vote em candidatos que têm a

qualidade que você exige.

______________________________________________________________

English translation:

- Gender identity: Did you know that women make up more than 50% the population, but

they represent only 16% of the National Congress? Around the world only 27% of parliamen-

tarians are women. Who deserves your vote in these elections? A female candidate or a male

candidate? Think carefully about this.

- Policy uninformative: What is important to you in this election? Education, health care,

child welfare? Vote for candidates who truly defend what is important for you every day.

- Policy informative: What is important to you in this election? Education, health care, child

welfare? Did you know that studies show that female parliamentarians invest 77% more on

childcare, education, and health care than male politicians? Vote for candidates who truly de-

fend what is important for you every day.

- Ability uninformative: What is important to you in this election? Competent and qualified

politicians who work hard to improve your local government and community. Vote for candi-

dates who meet the quality you demand.

- Ability informative: What is important to you in this election? Competent and qualified

politicians who work hard to improve your local government and community. Did you know

that studies show that, on average, female politicians are of higher quality, more competent,

and work harder than their male counterparts? Vote for candidates who meet the quality you

demand.
24Baltrunaite, Audinga, Piera Bello, Alessandra Casarico, and Paola Profeta. "Gender quotas and the quality of

politicians." Journal of Public Economics 118 (2014): 62-74.
25Anzia, Sarah F., and Christopher R. Berry. "The Jackie (and Jill) Robinson effect: Why do congresswomen out-

perform congressmen?" American Journal of Political Science 55, no. 3 (2011): 478-493.
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(a) (b)

(c) (d)

(e)

Figure C1: Screenshots of the Instagram treatment ads: Panel (a) shows the gender message. Panels (b)
and (c) show the uninformative message and informative ability component respectively. Panels (d) and
(e) show the uninformative message and informative policy component respectively.
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E Supplemental Figures and Tables

This Appendix reports additional figures and tables supplementary to the main text.

(a) Change in vote-shares due to uninformative ability message v. perceived ability of female candidates

(b) Perceived relative ability of female candidates

Figure E1: This figures illustrate perceived relative ability of female candidates and the change in vote-shares
due to uninformative ability message.
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Figure E2: This figures illustrate difference in (a) distance between male voter blisspoint & female candidate
platform positions and (b) distance between male voter blisspoint & male candidate platform positions.

Figure E3: This figures illustrate difference in (a) distance between female voter blisspoint & female candidate
platform positions and (b) distance between female voter blisspoint & male candidate platform positions.
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Figure E4: Here, we further decompose statistical discrimination into ability-based and policy-based statistical
discrimination by following a similar set of steps as in Figure 4.
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Table E1: Parameter Estimates for Controls

Models

Parameter Description (1) (2) (3) (4) (5)

ηA1 Ability coeff: relative wealth (Cand) 0.530* 1.102** 0.865 1.590** -53.098***
(0.276) (0.466) (0.535) (0.620) (0.286)

ηA2 Ability coeff: prop of F politicians (Cand) 1.669* 1.195** 4.294* 12.413*** -178.171***
(0.864) (0.483) (2.596) (1.027) (1.533)

ηA3 Ability coeff: F vs M college degree (Cand) -0.374* -1.000** 1.949* 5.451*** -127.577***
(0.198) (0.428) (1.179) (1.933) (0.643)

ηA4 Ability coeff: F vs M black (Cand) -0.276* -0.291** -3.472* -2.485 141.948***
(0.147) (0.113) (2.101) (1.922) (0.717)

ηA5 Ability coeff: F vs M married (Cand) -0.343* -0.337** 3.574* 8.454*** -220.818***
(0.184) (0.146) (2.162) (0.936) (1.023)

ηA6 Ability coeff: urban pop (Voters) -1.020* -0.437** - -6.564*** 94.557***
(0.532) (0.170) - (1.028) (1.017)

ηA7 Ability coeff: lagged F vote share (Voters) -0.195* -0.178* - 3.237*** 18.146***
(0.110) (0.100) - (0.616) (0.342)

ηA8 Ability coeff: pop 15-25 yrs (Voters) -3.886* -5.180** - -9.028*** 221.220***
(2.037) (2.162) - (1.773) (0.768)

ηA9 Ability coeff: pop >60 yrs (Voters) -4.733* -6.308** - -0.236 141.972***
(2.477) (2.626) - (1.391) (0.758)

ηA10 Ability coeff: GDP per capita (Voters) 0.060 -0.541*** - 0.689 -151.718***
(0.038) (0.207) - (1.194) (1.063)

ηA11 Ability coeff: black voters (Voters) -2.965* -2.829** - -12.099*** -288.190***
(1.538) (1.167) - (1.161) (1.910)

ηP1 Policy coeff: relative wealth (Cand) -0.050 -0.381*** -0.035*** 0.149*** 1.583***
(0.038) (0.108) (0.013) (0.043) (0.008)

ηP2 Policy coeff: prop of F politicians (Cand) -0.124*** 0.048** -0.264*** -0.098*** 5.700***
(0.043) (0.023) (0.079) (0.037) (0.022)

ηP3 Policy coeff: F vs M college degree (Cand) 0.077*** 0.419*** -0.553*** -0.541*** 1.752***
(0.028) (0.120) (0.170) (0.087) (0.007)

ηP4 Policy coeff: F vs M black (Cand) 0.266*** 0.424*** 1.237*** 0.658*** -0.823***
(0.091) (0.118) (0.368) (0.048) (0.006)

ηP5 Policy coeff: F vs M married (Cand) 0.253*** 0.360*** -0.530*** -0.348*** 4.710***
(0.074) (0.106) (0.156) (0.030) (0.016)

ηP6 Policy coeff: urban pop (Voters) 0.314*** 0.187*** - 0.501*** -1.577***
(0.097) (0.053) - (0.082) (0.018)

ηP7 Policy coeff: lagged F vote share (Voters) 0.098*** 0.112*** - -0.184** 0.073***
(0.037) (0.027) - (0.076) (0.005)

ηP8 Policy coeff: pop 15-25 yrs (Voters) 1.172*** 2.328*** - 0.656*** -4.140***
(0.348) (0.641) - (0.088) (0.034)

ηP9 Policy coeff: pop >60 yrs (Voters) 1.430*** 2.823*** - -0.078 -2.809***
(0.438) (0.775) - (0.134) (0.033)

ηP10 Policy coeff: GDP per capita (Voters) -0.045** 0.212*** - -0.019 2.506***
(0.022) (0.060) - (0.166) (0.010)

ηP11 Policy coeff: black voters (Voters) 0.779*** 1.211*** - 0.726*** 4.237***
(0.216) (0.343) - (0.047) (0.023)

Region Fixed Effect ✓ - ✓ ✓ ✓
Candidate controls ✓ ✓ ✓ ✓ ✓

Municipality Characteristics ✓ ✓ - ✓ ✓
Salience-Weight functional Form Exponential Exponential Exponential Quadratic Absolute

N Number of Observations 1000 1000 1000 1000 1000
Obj Fun Objective Function Value (MSE) 0.004 0.0041 0.0042 0.004 0.004

Notes: This table presents the estimated parameters of controls used in our random utility voting model. Parameters are estimated using GMM and
capture both statistical and taste-based discrimination. Column (1) is the baseline specification, which includes candidate- and municipality-level
controls, region fixed effects, and exponential salience weights. Columns (2)–(5) report estimates from alternative specifications that remove fixed
effects, controls, or modify the functional form of salience. Results are discussed in Section 5. Main parameter estimates are in Table 6 and region fixed
effect estimates are in Table E2.
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Table E2: Parameter Estimates for Fixed-Effects

Models

Parameter Description (1) (2) (3) (4) (5)

ωA1 Ability Wgt FE (Norte) -0.419*** - -0.484*** -0.241*** -1.586***
(0.041) - (0.036) (0.032) (0.003)

ωA2 Ability Wgt FE (Nordeste) 0.041** - 0.254*** 0.465*** -0.265***
(0.021) - (0.024) (0.061) (0.003)

ωA3 Ability Wgt FE (Sudeste) -0.010 - -0.038 -0.051 0.244***
(0.019) - (0.025) (0.032) (0.014)

ωA4 Ability Wgt FE (Centro-Oeste) 0.183*** - 0.316*** -0.873*** -1.235***
(0.027) - (0.026) (0.028) (0.003)

ωP1 Policy Wgt FE (Norte) -0.017 - 0.057*** 0.027 -0.324***
(0.041) - (0.011) (0.038) (0.001)

ωP2 Policy Wgt FE (Nordeste) -0.176*** - -0.024** -0.607*** -1.108***
(0.038) - (0.009) (0.039) (0.001)

ωP3 Policy Wgt FE (Sudeste) -0.080*** - -0.013 -0.083** -0.757***
(0.029) - (0.012) (0.035) (0.002)

ωP4 Policy Wgt FE (Centro-Oeste) -0.096** - -0.058*** -0.480*** 0.097***
(0.046) - (0.011) (0.018) (0.002)

Region Fixed Effect ✓ - ✓ ✓ ✓
Candidate controls ✓ ✓ ✓ ✓ ✓

Municipality Characteristics ✓ ✓ - ✓ ✓
Salience-Weight functional Form Exponential Exponential Exponential Quadratic Absolute

N Number of Observations 1000 1000 1000 1000 1000
Obj Fun Objective Function Value (MSE) 0.004 0.0041 0.0042 0.004 0.004

Notes: This table presents the estimated region fixed effects used in our random utility voting model. Parameters are estimated using
GMM and capture both statistical and taste-based discrimination. Column (1) is the baseline specification, which includes candidate-
and municipality-level controls, region fixed effects, and exponential salience weights. Columns (2)–(5) report estimates from alternative
specifications that remove fixed effects, controls, or modify the functional form of salience. Results are discussed in Section 5. Main
parameter estimates are in Table 6 and control parameter estimates are in Table E1.
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Table E3: Changes in Weights and Utility

Change in Weights Change in Utility

Treatment Est Diff p value Est Diff p value Diff
Dimension Utility (p.p.) Diff

Utility (p.p.)

Gender - female 95.017 -1.667 0.601 95.017 -1.667 0.601 -1.724 -0.5307
(3.545) (3.190) (3.545) (3.190)

Gender - male -409.307 174.625*** 0.000 -409.307 174.625*** 0.000 29.905 35.6093
(3.376) (4.880) (3.376) (4.880)

Informative ability 12.325 -2.168 0.159 0.664 -1.444* 0.058 -68.512 -0.4593
(7.748) (1.540) (0.563) (0.762)

Uninformative ability 12.325 -2.168 0.159 1.792 -0.315*** 0.001 -14.959 -0.0999
(7.748) (1.540) (0.497) (0.098)

Informative policy -6.310 -0.501 0.174 -72.090 2.493* 0.053 3.343 0.7834
(4.940) (0.369) (9.110) (1.290)

Uninformative policy -6.310 -0.501 0.174 -81.022 -6.438*** 0.000 -8.632 -2.0814
(4.940) (0.369) (10.390) (1.239)

Notes: The table shows how model objects change in response to treatments. First, we examine whether significant parameter estimates
of λGF, λGM, λA, and λP lead to significant changes in actual salience weights (recall that the weights are given by an exponential func-
tional form). Only the gender treatment for males results in significant changes in weights. We also examine whether the treatments
induce significant changes in voter utility. Except for the gender treatment for females, all treatments lead to significant changes in utility.
However, not all changes are economically significant. In particular, for the uninformative ability treatment, although it induces a 15%
change in utility from ability, this translates to only a 0.1% change in overall utility. The informative policy treatment has an effect roughly
eight times larger, while the uninformative policy treatment induces a change approximately twenty times greater.

71



-25 -20 -15 -10 -5 0 5 10
0

0.01

0.02

0.03

0.04

0.05

0.06

0.07

0.08

D
en

si
ty

 E
st

im
at

e

Bootstrap Distribution of Test Statistic with Observed Value

p = 0.013

T
obs

Bootstrap Test Statistic (KDE)
Observed Test Statistic
Rejection Region at 10% level of significance

(a) Absolute vs. Exponential Salience Weight Functions
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(b) Quadratic vs. Exponential Salience Weight Functions

Figure E5: We report the bootstrap distributions of test statistics comparing the out-of-sample mean squared

errors (MSEs) of the absolute and quadratic salience weight models with that of the exponential salience weight

model. To estimate the test statistics and their distributions, the RCT sample is randomly split (without replace-

ment) into training (80%) and validation (20%) subsets. All three salience weight models are estimated on the

training set, and the bootstrapped distribution of parameter estimates is generated following Kline and Santos

(2012). We evaluate the test statistic T =
√

M·
MSEout

model−MSEout
exp

se(MSEmodel−MSEexp) , using both the original and bootstrapped estimates

to construct the sampling distribution of T. Kernel density estimates and p-values are based on 2,000 bootstrap

replications. We reject the null hypothesis that the out-of-sample MSE of either the absolute or quadratic salience

weight model is equal to that of the exponential specification, in favor of the alternative that the exponential model

performs better (i.e., achieves lower MSE). These plots visually represent the bootstrap distributions; due to kernel

smoothing, the shaded rejection regions may not align precisely with the 10% proportion, though the p-values are

accurately computed from the empirical distribution.
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Table E4: Persuasion Rates

Vote-Share Persuasion Rates

Counterfactual Name Description Est (p.p.) Diff (p.p.) p-value Est Diff p-value

Baseline No messages sent to voters 23.846 23.846
(2.266) (2.266)

Gender - female Gender messages sent to all female voters 23.620 -0.227 0.601 23.620 -0.298 0.610
(2.266) (0.434) (2.266) (0.583)

Gender - male Gender messages sent to all male voters 24.202 0.356*** 0.000 24.202 0.467*** 0.000
(2.268) (0.097) (2.268) (0.133)

Gender Gender messages sent to all voters 23.976 0.129 0.768 23.976 0.169 0.773
(2.267) (0.438) (2.267) (0.587)

Info ability Informative ability message sent to all voters 23.688 -0.159 0.226 23.688 -0.209 0.243
(2.305) (0.131) (2.305) (0.179)

Uninformative ability Uninformative ability message sent to all voters 23.896 0.049 0.327 23.896 0.065 0.392
(2.290) (0.050) (2.290) (0.076)

Informative policy Informative policy message sent to all voters 24.383 0.536** 0.041 24.383 0.704** 0.049
(2.188) (0.262) (2.188) (0.358)

Uninformative policy Uninformative policy message sent to all voters 22.842 -1.005*** 0.000 22.842 -1.319*** 0.000
(2.328) (0.161) (2.328) (0.209)

Salience message Only ability and policy uninformative messages sent 22.872 -0.975*** 0.000 22.872 -1.280*** 0.000
(2.351) (0.177) (2.351) (0.232)

Belief messages Only ability and policy informative messages sent 24.238 0.391 0.155 24.238 0.514 0.170
(2.224) (0.275) (2.224) (0.374)

Only males Only male voters are sent all messages 24.020 0.174*** 0.002 24.020 0.228*** 0.003
(2.269) (0.056) (2.269) (0.077)

Only females Only female voters are sent all messages 24.106 0.259 0.599 24.106 0.340 0.609
(2.217) (0.492) (2.217) (0.665)

All treatments All messages sent 24.280 0.433 0.380 24.280 0.569 0.392
(2.219) (0.493) (2.219) (0.665)

Aggregate optimal Optimal campaign at the RCT-sample level 24.898 1.051*** 0.000 24.898 1.381*** 0.000
(2.253) (0.281) (2.253) (0.374)

Municipality-wise optimal Municipality-wise optimal campaign 25.309 1.463*** 0.000 25.309 1.921*** 0.000
(2.218) (0.281) (2.218) (0.369)

*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
Notes: The table reports persuasion rates for counterfactual ad campaigns. The persuasion rate in this setting is calculated by allowing for full expo-

sure/penetration and turnout since voting is mandatory. In our setting the persuasion rate takes the form : "CF Female Vote Share"−"Baseline Female Vote Share"
1−"Baseline Female Vote Share" . Standard

errors are calculated by simulating vote shares across 400 simulations for all counterfactuals except for the optimal campaign ones. For the optimal campaigns we
rely on 200 simulations due to computational constraints.
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Table E5: Candidate and Voter Ideological Positions via Surveys

Candidates Voters Voters - Candidates
BLS LB IPEC LB IPEC

Female 3.75∗∗∗ 5.25∗∗∗ 6.8∗∗∗ 1.51∗∗∗ 3.05∗∗∗

(0.25) (0.045) (0.11) (0.252) (0.27)
Male 4.68∗∗∗ 5.33∗∗∗ 6.64∗∗∗ 0.654∗∗∗ 1.96∗∗∗

(0.07) (0.045) (0.11) (0.083) (0.13)
Female - Male -0.932∗∗∗ -0.0791 0.158 0.853∗∗∗ 1.09∗∗∗

(0.26) (0.063) (0.16) (0.265) (0.30)

*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Notes: The table reports average policy positions and preferences of candidates and

voters, as well as gender differences, across four surveys: Brazilian Legislative Survey

(1997, 2001, 2005, 2009, 2013, 2017, 2021), Latinobarómetro (1997, 2001, 2005, 2009,

2013, 2017, 2020, 2023, 2024), and IPEC (2024). The scale of ideological positions for

BLS is 1-10, while Latinobarómetro and IPEC use a 0-10 scale. Female politicians are

on average more left-leaning than male politicians (as recovered from our model).

We find no significant differences between male and female voters. Comparing rel-

ative distances, male voters are consistently closer to male candidates than female

voters are to female candidates. This pattern, aligns with our structural estimation

finding that female politicians are weaker representatives of voter policy preferences

than male politicians.
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Table E6: Gender Difference in Campaign Donations

Total Donations (Logs)

(1) (2) (3) (4)

Female -0.113∗∗∗ -0.115∗∗∗ -0.124∗∗∗ -0.239∗∗∗

(0.010) (0.009) (0.009) (0.009)

DV Control Mean 6.53 6.53 6.53 6.53
R2 0.00 0.25 0.29 0.30
Number of Obs. 428931 428931 428931 428930
Municipal Fixed Effects N Y Y Y
Party Fixed Effects N N Y Y
Individual Controls N N N Y

Notes: Robust standard errors in parentheses. *, **, and *** indicate significance at
the 10%, 5%, and 1% levels, respectively.
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Table E7: Structural Model v. OLS Simulations

Data Simulated Simulated v. Data

Treatment OLS Structural Model OLS Logit Structural OLS v. OLS OLS v. Logit

Gender-F 0.011 -0.0023 0.0032 0.0038 -0.0022 -0.0078 -0.0072
(0.009) (0.004) (0.009) (0.009)

Gender-M 0.018 0.0036 0.0114 0.0138 0.0030 -0.0066 -0.0042
(0.009) (0.001) (0.009) (0.009)

Info-Ability 0.011 -0.0016 0.0049 0.0065 0.0006 -0.0061 -0.0045
(0.009) (0.001) (0.009) (0.009)

Uninfo-Ability 0.003 0.0005 -0.0009 -0.0011 -0.0012 -0.0039 -0.0041
(0.009) (0.001) (0.009) (0.009)

Info-Policy -0.003 0.0054 -0.0093 -0.0132 -0.0101 -0.0063 -0.0102
(0.010) (0.003) (0.010) (0.010)

Uninfo-Policy 0.014 -0.0100 0.0078 0.0093 0.0046 -0.0062 -0.0047
(0.010) (0.002) (0.010) (0.010)

Notes: Standard errors are reported in parentheses. Column (1) reproduces estimates from Column (1) of Table 4. Column
(2) presents average marginal effects from the structural model. Columns (3)–(5) show average estimates across 200 simu-
lations where data are generated from the estimated model. Column (6) compares the OLS estimate in the real data to its
simulated counterpart. Column (7) compares the real-data OLS estimate to the average marginal effect from a logit model
estimated on simulated data.
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