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Abstract

This dissertation explores the political and economic determinants of why households

in developing countries have different economic outcomes. The first chapter documents

how different electoral rules can lead to different patterns of voting and public goods

provision. This chapter uses data from Brazilian municipal elections between 1996−2016

to show that two-round systems, compared to single-round systems, lead politicians

to appeal more broadly to the electorate and to provide public goods more broadly.

The second chapter quantifies the effect of the anti-sweatshop movement in the 1990s

on female workers in textile factories in Indonesia. The third chapter studies the

implementation of a proxy-means testing system in Colombia. This chapter uses

machine learning techniques to evaluate the performance of the government’s targeting

system and documents why households may manipulate their eligibility for social

programs.
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Introduction

This dissertation explores the political and economic determinants of why households in

developing countries have different economic outcomes. The first chapter documents how

different electoral rules can lead to different patterns of voting and public goods provision.

Electoral rules determine how voters’ preferences are aggregated and translated into political

representation, and their design can lead to the election of representatives who represent

broader or narrower constituencies. This chapter examines how single- and two-round

elections in Brazil affect municipal mayoral races using a regression discontinuity design.

Two-round elections use two rounds of voting to elect a winner, ensuring that the eventual

winner must obtain at least 50% of the vote. Theoretically, this may provide incentives

for candidates to secure a broader base of support. Consistent with this, I show that in

two-round systems, candidates represent a more geographically diverse group of voters, more

resources are allocated to public schools, and there is less variance in resources allocated to

public schools across the municipality. I find evidence suggesting that these effects are driven

by strategic responses of candidates, rather than differential entry of candidates into races.

The findings suggest that two-round systems can lead candidates to secure broader voter

bases and subsequently exhibit less political favoritism when implementing policy.

The second chapter quantifies the effect of the anti-sweatshop movement on the textile,

footwear, and apparel industry in Indonesia and the gendered impacts on female workers. In

the 1990s, companies such as Nike, Adidas, and Reebok became targets of anti-sweatshop

activism and implemented reforms to improve labor standards in their overseas factories. I

use a difference-in-differences strategy, by comparing differences among workers before and

after the anti-sweatshop movement in either targeted sectors or in locations with targeted

firms. I show that the movement succeeded in improving labor standards and shifted the

educational composition of workers, suggesting that the movement affected the entry and exit

of workers into the sector. I find some, but limited effects on marriage and fertility outcomes

1



for female workers. Female workers are less likely to be married and to have had children,

but I do not find effects on contraception use nor school attendance rates of their children.

These results suggest that labor reforms in industries with predominantly female labor forces

can generate better work environments but that these improvements lead to modest gains in

female autonomy and empowerment.

The third chapter studies the implementation of a proxy-means testing system in Colombia.

I investigate the extent to which households manipulate their eligibility for a social program.

Eligibility is determined by a poverty score that is calculated from answers to a household

survey, the algorithm for which was released four years after the start of the program. Because

proxy-means testing systems can potentially predict household poverty poorly, households

have incentives to manipulate their eligibility. I document a significant discontinuity at the

eligibility threshold and that one method households use to manipulate their eligibility is by

having their poverty score overwritten. I then use machine-learning techniques to predict

households’ actual poverty level. First, I find that the government poverty score predicts

household poverty poorly and performs particularly poorly for households far below the

poverty line. Second, I find that before the public release of the algorithm, households who

manipulate their score are richer than households with the same score, but that after the

public release of the algorithm, households who manipulate their scores are poorer. These

findings suggest that not all proxy-means testing systems predict household poverty well and

when they do not, households can self-target by manipulating their eligibility.
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Chapter 1

When Do Politicians Appeal Broadly? The
Economic Consequences of Electoral Rules in
Brazil

1.1 Introduction

Electoral rules determine how voters’ preferences are aggregated and translated into

political representation, and their design can lead to the election of representatives who

represent broader or narrower constituencies. This is particularly important given the evidence

that more inclusive political institutions are beneficial for long-term growth (Acemoglu and

Robinson, 2008; Acemoglu et al., 2014; Bardhan and Mookherjee, 2006). This paper studies

how one difference in electoral rules – namely, if elections feature a single or two rounds –

affects the extent to which elected representatives appeal to a broader constituency and how

this, in turn, affects the overall level and distribution of public goods.

I take advantage of a unique policy in Brazil that assigns a municipality’s electoral rule

based on a threshold of 200,000 registered voters. Municipalities below this threshold elect

their mayor in a single-round election, and municipalities above this threshold elect their

mayor in a two-round election. Using a regression discontinuity framework that compares

municipalities close to the threshold, this paper provides causal empirical evidence that

politicians elected under two-round systems secure geographically broader bases of support,

provide more resources to public schools, and allocate these resources more equitably.

Two-round systems are the most widely used rule in democratic presidential elections:

64.0% of elections under presidential systems used the two-round system between 2000 and

2010 (Bormann and Golder, 2013 and Figure 1.1). Together, single- and two-round systems
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account for 86.7% of elections in this period. In a single-round system, voters vote once and

the candidate with the most votes wins. In a two-round system, voters first vote and, if no

candidate receives a majority, vote a second time between the top two candidates.1 This

difference generates two important distinctions. First, two-round systems require winners

to attain a vote share above 50%. Second, the existence of a second round effectively limits

the number of candidates (Lizzeri and Persico, 2005). Even in the first round, the top

candidate effectively only needs to be concerned with the runner-up, who poses the threat of

either victory in the first round or opposition in the second. Because of these distinctions, it

has been argued that two-round systems incentivize candidates to secure a broader base of

support and legitimize the winner’s position once elected (Bouton, 2013; Bouton and Gratton,

2015).2 The intuition behind this is that the rules imposed in a two-round system make it

more difficult for politicians to win with policies that appeal to a narrow group of voters.

To the extent that politicians commit to their campaign promises, the policies they offer

in order to win the election may translate into economic consequences. This paper tests the

hypothesis that electoral rules affect the level of public goods provided and the manner in

which they are allocated across the electorate. When electoral rules make it more difficult for

politicians to win with a narrow constituency, this reduces their incentive to provide public

goods supported by a narrow constituency once in office.

To guide the empirical analysis and explain this intuition, I propose a model of electoral

competition to illustrate how two-round systems create incentivizes for politicians to appeal

to broader groups of voters, provide more public goods, and allocate public goods differently.

I adapt a standard probabilistic voting model where candidates offer policy proposals that

(i) specify the overall size of the government budget and (ii) target government resources to

specific localities within a municipality, as in Genicot et al. (2018). These policy proposals

1This is the case in Brazil and most countries with two-round systems. Outside of single- and two-round
systems, a small number of countries use qualified two-round, electoral college, and alternative vote.

2While not a focus of this paper, there is also a large literature arguing that two-round systems allow voters
to vote more sincerely in the first round (see Bouton et al., 2019 for a review) and to better communicate
their policy preferences to candidates (Piketty, 2000).
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Figure 1.1 Electoral rules in presidential systems around the world
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Single-round plurality (light red) and Two-round majority (dark red) correspond to the single- and two-round
system in Brazil. Vertical axis corresponds to the number of countries which held an election within the
specified time period under the specified electoral rule. Data encompasses 497 presidential elections across
71 countries with democratic regimes and presidential systems, between 1946-2016. Source: Bormann and
Golder (2013).

are announced prior to the election and, in a two-round system, are binding between rounds.

In these elections, the top two candidates must contend with a small, third candidate who is

non-strategic and commits to allocating all resources to a single locality.

In the model, two-round elections lead to different outcomes, because the second round

raises the marginal return for the top two candidates to allocate resources to all localities.

First, in a two-round election, to win in the first round, candidates must attain not only

the most votes, but must attain at least 50% of the vote. If they do not, candidates must

compete in a second round. This conditionality raises the value of each vote. As a result,

candidates promise a higher overall budget. Second, candidates in a single-round election

face low incentives to allocate resources to the locality dominated by the third candidate. In
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contrast, in a two-round election, the top two candidates in the first round must look ahead

to the possibility of a second round in which the third candidate will not be present. As a

result, candidates promise more resources to the locality that the third candidate appeals to,

even if they are unlikely to attract those votes in the first round. This increased allocation

generates a force to reduce inequality in the allocation of government resources.

I test these predictions empirically across six municipal elections, between 1996 and 2016,

in Brazil. I exploit the fact that Brazil’s electoral authority assigns the electoral rule for

mayor in each election based on the number of registered voters in the municipality and

whether this lies above or below an arbitrary threshold. To estimate the causal impact on

electoral and economic outcomes after each election, I compare municipalities just above the

registered voter threshold with those just below, in a regression discontinuity design. I obtain

three main empirical results.

First, candidates in two-round elections receive broader geographical support. Using each

candidate’s vote count at each polling station, I measure the geographic distribution of voters

for specific candidates in the first round in two ways: (i) indices of voter concentration to

quantify the overall level at which voters are geographically concentrated, and (ii) the standard

deviation of candidates’ vote shares to quantify a candidate-level measure of geographic

concentration. In two-round municipalities, voters are less geographically concentrated,

corresponding to a reduction that is 27.4–45.6% of the average level of concentration in

single-round municipalities. The decrease in concentration only occurs among the top two

candidates, indicating that the electoral rule mainly affects the candidates with a chance of

winning. I show that this is not driven by the increased number of candidates in two-round

elections.3 These results suggest that two-round elections lead to greater inclusiveness: Elected

candidates represent a geographically broader constituency. In turn, I find inclusiveness

along another dimension: Voters are more engaged in the political process. While turnout is
3The effect of the electoral rule on the number of candidates is known as Duverger’s Law, which states that

single-round elections will lead to a two-party system, while two-round elections will lead to a multi-party
system. This has been formalized, and sometimes challenged, in recent literature (Bouton, 2013; Bouton and
Gratton, 2015; Callander, 2005; Cox, 1997; Fujiwara, 2011; Osborne and Slivinski, 1996).
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unaffected, as turning out to vote is mandatory in Brazil, I find that the number of blank

and invalid ballots is significantly lower in two-round elections.

Second, once in office, politicians elected under two-round systems provide and allocate

public goods differently. I find effects on both the level and distribution of municipal resources.

I look at the provision of a local public good that can be geographically targeted and is the

main public good completely under the jurisdiction of the municipality: municipal education.

To quantify provision, I measure the level of resources present in public schools in the

municipality. I find that (i) public schools in two-round municipalities measure 0.057–0.081

percentiles higher in the national distribution of resources, and (ii) the standard deviation

of resources across schools is lower. Schools with the fewest resources in the municipality

benefit the most from these additional resources. When politicians secure broader bases of

support, they provide more public goods and distribute these resources more evenly across

the municipality.

Third, I find evidence that educational outcomes are improved in two-round municipalities.

Specifically, drop-out rates are lower and literacy rates higher among cohorts of school age

during the electoral term. I find limited improvements along more downstream economic

indicators. Two-round municipalities have fewer low-income households, but there are no

significant improvements in average income, employment, or night lights. These results

suggest that electoral rules impact direct policy outcomes, but have limited effects on more

downstream economic outcomes.

Turning to mechanisms, I do not find that two-round elections cause differential selection

of candidates. More specifically, I do not find that different types of candidates enter the

races, nor do different types of candidates win the elections. Candidates in two-round

elections are not observably different in terms of demographic characteristics, place of birth,

educational attainment, or previous occupation. Winners also do not differ along these

observable characteristics. More candidates enter the race in two-round elections – many

of these additional candidates are represented by smaller parties and have run in previous
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elections. However, these candidates are not more likely to win the election.

I find suggestive evidence that the effects I find are driven by the different strategic

incentives candidates face in two-round elections. These strategic incentives may affect

politicians’ behavior once in office through two mechanisms. First, candidates may adopt

different strategies during the campaign, which, to the extent that politicians fulfill campaign

promises, lead to different behaviors in office. This is in line with the model’s predictions.

Second, politicians may behave differently in office in anticipation of the forthcoming election

and what electoral rule it will follow. If the second mechanism is present, candidates facing

different reelection incentives should behave differently. I rule out the second mechanism, as

I do not find different treatment effects among mayors facing different reelection incentives.

Instead, I find that different outcomes are due to candidates adopting different strategies

during the campaign. First, in two-round elections, geographic concentration decreases

between the first and second round, suggesting that candidates adopt strategies between

rounds to consolidate their voter bases.4 Second, candidates in two-round elections finance

their campaigns differently: They rely less on donations from corporations. To the extent

that corporations represent narrower swaths of the electorate, this suggests that candidates

in two-round elections adopt strategies that appeal more broadly to individuals rather than

corporations. These findings suggest that candidates in two-round elections offer different

policy platforms and build more geographically diverse constituencies. When their supporters

are less geographically concentrated, mayors allocate public goods in a less geographically

concentrated manner.

This study builds on a large, mostly theoretical literature studying the role of electoral

rules on political incentives. These studies document how different rules impact electoral

accountability (Persson et al., 2003) and personal vote-seeking (Carey and Shugart, 1993).5

4There is empirical evidence that candidates qualifying for the second round rally votes from supporters of
the candidates eliminated after the first round. Pons and Tricaud (2018) find that in France, the qualification
of a third candidate in the second round reduces the top two candidates’ vote share, indicating that when the
third candidate is not present in the second round (as is always the case in Brazil), the top two candidates
capture votes from the third placed candidate’s supporters.

5See Persson and Tabellini (2004) and Persson et al. (2004) for a review of other consequences of electoral
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Importantly, these studies highlight how electoral rules incentivize politicians to appeal to

broader groups of voters (Myerson, 1993), provide public goods with broader benefits (Lizzeri

and Persico, 2001, 2005; Persson and Tabellini, 1999), and target public spending to specific

groups of voters (Genicot et al., 2018; Milesi-Ferretti et al., 2002). With the exception of

Lizzeri and Persico (2005), these studies do not compare single- to two-round systems. In

Lizzeri and Persico (2005), politicians in proportional systems provide broad public goods at

a higher rate than targetable goods when there is less political competition. They extend

their model to argue that two-round elections should lead to higher provision of broad public

goods, because the second round effectively limits the number of candidates. This paper

provides a theoretical framework that models public goods provision in single- and two-round

systems, generates predictions on both the overall level and the exact allocation, and tests

these predictions empirically.

This paper adds to a growing empirical literature providing causal evidence on the impacts

of local electoral rules. These studies, which compare proportional and single-round systems

in addition to single- and two-round systems, have measured the impact on electoral outcomes

and fiscal expenditures (Chamon et al., 2018; Cipullo, 2019; Eggers, 2013; Fujiwara, 2011;

Pellicer and Wegner, 2013). Chamon et al. (2018) and Fujiwara (2011) also study the

Brazilian context. Of particular interest are Bordignon et al. (2016), who compare single-

and two-round systems in Italian municipalities and find that municipalities under two-round

systems exhibit more policy moderation, as measured by the volatility of a municipal tax

rate across elections. In contrast to Bordignon et al. (2016), I study not only an aggregate

policy outcome – the overall level of public goods provision – but also the allocation of this

policy across the electorate. This paper’s contribution is to provide evidence that electoral

rules have economic consequences, both on the level of public goods provision and how these

public goods are distributed.

More broadly, this paper connects to a literature examining inequalities in the allocation

rules.
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of state resources. A large literature documents the role of political factors in creating these

inequalities – in particular, how politicians politically favor certain subgroups, such as those

of the same ethnicity or partisanship. A key insight that emerges is that the extent to which

politicians practice political favoritism is reduced when political institutions are stronger,

elections are more competitive, and citizens are more broadly engaged in the electoral process

(Burgess et al., 2015; Fujiwara and Wantchekon, 2013; Hodler and Raschky, 2014). Notably,

Golden and Min (2013) emphasize the importance of policy responsiveness to voter preferences.

Electoral rules serve as a key channel through which voter preferences are translated into

policy outcomes. The final contribution of this paper is to demonstrate the role of another

factor in political favoritism, the electoral rule, and the incentives it creates for politicians to

broaden their appeal.

The remainder of this paper is organized as follows. Section 1.2 presents a theoretical

framework for single- and two-round systems. Section 1.3 describes the context, and Section

1.4 describes the empirical strategy. Section 1.5 presents the results on electoral and economic

outcomes. Section 1.6 discusses the results and mechanisms. Section 1.7 concludes.

1.2 Theoretical framework

I present a stylized model to illustrate how two-round elections create incentives for

politicians to secure a broader base of support and provide public goods differently. My

model of electoral competition adapts a standard probabilistic voting model (Burden, 1997;

Lindbeck and Weibull, 1987; Persson and Tabellini, 2000) and follows the setup in Genicot

et al. (2018) by allowing for targeting of government interventions to specific localities within

a municipality. I extend this model by (i) introducing a third non-strategic candidate who

appeals to a single locality, (ii) allowing candidates to exert effort to increase the municipal

budget, and (iii) adapting it to the context of single- and two-round elections.

The intuition is that two-round elections perform two functions. First, the winner must
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attain a vote share above 50%. This makes it difficult for politicians who appeal to a minority

of the electorate to gain enough votes to win the election. It also raises the marginal value of

every vote and results in candidates exerting more effort to increase the overall government

budget. Second, the existence of a second round effectively limits the number of candidates.

Candidates who expect to gather enough first round votes to qualify for the second round but

less than the 50% required to win in the first round must behave as though a second round

will occur where only one other candidate will stand. This incentivizes candidates to offer

policy proposals that appeal to all localities, even those that are likely to vote for another

candidate in the first round. While this effect runs counter to a literature documenting

the positive impacts of political competition, in a single-round election, higher electoral

competition incentivizes candidates to appeal to narrower groups and ignore other voters.6

1.2.1 The environment

Consider an election with three politicians and J localities within a municipality. Politi-

cians are indexed by c ∈ {A,B,C}, and localities are indexed by j ∈ {1, 2, · · · , J} where

J ≥ 3. Each locality has a continuum of voters of mass 1/J .

Prior to election day, politicians simultaneously announce a platform that describes (i) the

total government budget, Gc, and (ii) the amount of the government budget to be allocated

to each locality, qc = (qc1, qc2, . . . , qcJ), where qcj ≥ 0. The politician’s budget constraint is:

J∑
j=1

qcj ≤ Gc

Since each locality has the same number of voters, each voter receives the same fraction of

the government budget allocated to their locality. I assume without loss of generality that
6A theoretical literature argues that higher electoral competition has the negative effect of incentivizing

candidates to focus on narrower groups. Myerson (1993) shows that candidates offer more unequal campaign
promises when electoral competition increases in elections using rank-scoring rules. Lizzeri and Persico (2005)
extend this model to other electoral rules and introduce a public good, finding a negative effect of political
competition on the equality of campaign promises and public good provision.
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voters care about the total amount allocated to their locality, qcj . In promising a certain

budget, politicians face a cost that is quadratic in the size of the budget:

1
2κ (Gc)2

for a constant κ. Platforms are binding for politicians between rounds and after the election.7

To make solving a three-candidate model more tractable, I assume that the third candidate

C is a non-strategic candidate with the following platform:8

qC =
(
0, 0, . . . , 0, GC

)

There are several ways to interpret candidate C. In my model, because voters are partitioned

into geographic localities, C is a candidate whose supporters are all located in the same

geographic area. However, my model easily translates into other interpretations of candidate

C. For example, C may be a candidate whose supporters share a common trait and vote for

her due to descriptive representation. These traits could include geography, but also other

dimensions such as age or race. Another possibility is that C is a single-issue candidate who

attracts voters who only care about that issue. In any of these cases, C should be viewed

as a small candidate and A and B as front-runners in relation to C. This also empirically

matches elections in Brazil. Third placed candidates receive on average 11.9% of the vote,

and the vote spread between the second and third placed candidate is on average 23.8%.

Following Genicot et al. (2018), voters in locality j have preferences over government

spending. They obtain utility uj(qj) from government spending qj, where uj(qj) is strictly

increasing and concave in qj. In addition to the policy component of voters’ preferences,

7This is not unrealistic, as the time between rounds is often short compared to the length of the campaign.
In Brazil, the second round is three weeks after the first. Intuitively, my model translates into contexts where
this assumption is relaxed as long as there is some continuity between the two rounds – first, if voters’ second
round vote depends on a candidate’s policy proposal in both rounds; and second, if candidates can change
their policy proposals between rounds but are constrained in the extent to which their proposals can change.

8I assume that GC is the highest offer in locality J , ie. that candidate A and B’s equilibrium allocations
to J are smaller than GC . See Appendix A.1.9.
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there is an individual shock vi and a municipality shock δ toward candidate A, which are

independently and uniformly distributed:

vi ∼ U

[
− 1

2ψ,
1

2ψ

]
δ ∼ U

[
− 1

2γ ,
1

2γ

]

The individual shock, vi, captures idiosyncratic voter preferences towards candidate A. The

municipality shock, δ, captures any political dimensions that swing voters in the municipality

as a whole toward candidate A, such as economic shocks, and is independent across rounds.

Voters cast a ballot for the politician who offers them the highest payoff. In localities

j ∈ {1, . . . , J − 1}, ie. where candidate C has not allocated resources, this amounts to voting

for either A or B.9 In locality J , ie. where candidate C is dominant, voters randomize between

voting for C with probability 1− α and for either A or B with probability α, depending on

whether A or B offers the higher payoff, where 0 < α < 1.10

Thus, in general, voters will vote for A if and only if:

uj(qBj ) ≤ uj(qAj ) + vi + δ (1.1)

In localities j ∈ {1, . . . , J − 1}, all voters for whom this is true vote for A.11 In locality J , a

fraction α of voters for whom this is true vote for A. I assume that the marginal utility of

locality J relative to that of the other localities, u′J(q)/u′j(q), is not too large.12

The electoral rules follow those in Brazil. In a single-round system, the candidate with
9Since uj(·) is strictly increasing, candidates A and B will invest a non-zero amount in these localities,

and voters will always vote for either A or B.
10Assuming that α > 0 performs two functions. First, it guarantees that candidate C gains strictly less

than 1/3 in vote share and so never has the most votes. Candidate C will also never have the most votes if
J > 3. Second, it guarantees a non-zero first order condition for locality J in the single-round election, which
allows a direct comparison between single- and two-round elections. This assumption can be relaxed and will
yield the same predictions; see Appendix A.1.10.

11For localities j ∈ {1, . . . , J − 1}, it is also a requirement that uj(qA
j ) + vi + δ ≥ uj(qC

j ). Because
uj(qB

j ) ≥ uj(0) = uj(qC
j ), condition (1.1) is sufficient for voters to vote for A in these localities.

12In other words, for all j ∈ {1, . . . , J −1}, I assume that u′J (q)/u′j(q) < ψJ + (1− α)γ
αψJ + (1− α)γ , for all positive q.
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the most votes wins. In a two-round system, if no candidate attains more than 50% of the

vote in the first round, a second round occurs with the top two candidates.

1.2.2 Preliminaries

Let πct be candidate c’s total vote share in the municipality in round t ∈ {1, 2}. Let

∆ucdj ≡ uj(qcj)− uj(qdj ) be the difference in utility in locality j between candidate c and d’s

offers.

Vote shares with three candidates.– This section applies to single-round elections and the

first round of two-round elections.

As in Genicot et al. (2018), I assume that (i) there are voters to be swung in every locality

and (ii) all localities are contestable.13 The probability that candidate A attains a vote share

above θ is given by:

Pr
(
πA1 ≥ θ

)
= 1

2 + γ

ψ

1
2 −

(
J

J − 1 + α

)
θ +

(
ψ

J − 1 + α

)J−1∑
j=1

∆uABj + α∆uABJ

 (1.2)

For a detailed derivation and expressions for other candidates, see Appendix A.1.2.

With three candidates, I assume that candidate C always receives the lowest vote share:

candidate C never wins a single-round election nor makes it to the second round in a two-

round election (see Appendix A.1.5). This simplifies candidate A and B’s maximization

problem, and shuts down the channel where candidate C poses a different threat to electoral

defeat.

Vote shares with two candidates.– This section applies to the second round of two-round

elections (as mentioned, candidate C never makes it to the second round).

13(i) states that 0 < πA
j1 < 1. See Appendix A.1.1. (ii) states that 0 < Pr

(
πA

1 ≥ θ
)
< 1 and 0 <

Pr
(
πB

1 ≥ θ
)
< 1. See Appendix A.1.4.
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The probability that candidate A attains a vote share above θ is given by:

Pr
(
πA1 ≥ θ

)
= 1

2 + γ

ψ

1
2 − θ + ψ

J

J∑
j=1

∆uABj

 (1.3)

For a detailed derivation and expressions for candidate B, see Appendix A.1.3.

Candidates’ maximization problem.– For both candidate A and B, her payoff is 1 if she wins

the election and 0 otherwise, minus the effort cost incurred during the campaign. Candidates

maximize their expected payoff, so this amounts to maximizing the probability of winning

minus the effort cost.

1.2.3 Equilibrium strategies in a single-round election

In a single-round election, candidate C attains a vote share of 1−α
J

, so the probability of

winning is the probability of attaining a vote share above 1
2

(
1− 1−α

J

)
. Using equation (1.2),

for candidate A, this is equivalent to solving the following maximization problem:

max
GA,qA=(qA

1 ,...,q
A
J )

1
2 +

(
γ

J − 1 + α

)J−1∑
j=1

∆uABj + α∆uABJ

− 1
2κ

(
GA

)2
s.t.

∑
j

qAj ≤ GA

In a single-round system, in equilibrium, candidates will promise less resources to locality

J in comparison to the other localities (see Appendix A.1.6):

Prediction 1.1. In a single-round election, for all j ∈ {1, . . . , J − 1}, we have that qAj > qAJ .

Prediction 1.1 results from the fact that, for a given level of government spending,

candidates’ marginal return to allocating resources to locality J is lower than in other

localities, leading to less resources promised to locality J in equilibrium.
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1.2.4 Equilibrium strategies in a two-round election

In a two-round election, the probability of winning is the probability of attaining a vote

share above 1
2 in the first round or, if a second round occurs, of attaining a vote share above

1
2 in the second round:

Pr(A wins in 1st round) + Pr(second round occurs) · Pr(A wins 2nd round)

= Pr
(
πA1 ≥

1
2

)
+
(

1− Pr
(
πA1 ≥

1
2

)
− Pr

(
πB1 ≥

1
2

))
Pr

(
πA2 ≥

1
2

)

Using equations (1.2) and (1.3), this corresponds to the following maximization:

max
GA,qA=(qA

1 ,...,q
A
J )

1
2 + γ

ψ

1
2

(
α− 1

J − 1 + α

)
+
(

ψ

J − 1 + α

)J−1∑
j=1

∆uABj + α∆uABJ


+ γ

ψ

( 1− α
J − 1 + α

)1
2 + γ

J

J∑
j=1

∆uABj

− 1
2κ

(
GA

)2

s.t.
∑
j

qAj ≤ GA

In a two-round system, in equilibrium, candidates will promise less resources to locality J

in comparison to the other localities (see Appendix A.1.7):

Prediction 1.2. In a two-round election, for all j ∈ {1, . . . , J − 1}, we have that qAj > qAJ .

As in the single-round system, for a given level of government spending, candidates’

marginal return to allocating resources to locality J is lower than in other localities, leading

to less resources promised to locality J in equilibrium.

1.2.5 Comparing single- to two-round systems

In this section, I compare three outcomes under the single- and the two-round systems:

(i) politician’s allocations to localities, (ii) politician’s choice of the overall budget, and (iii)

overall inequality in the allocation of resources. To simplify notation, denote the equilibrium
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allocations and overall budget for candidate A as q1R
j and G1R (for single-round systems) and

q2R
j and G2R (for two-round systems).

Prediction 1.3 states that (i) candidates promise more to locality J in a two-round system

than in a single-round system and (ii) the measure of candidates’ promises to the other

localities in a two-round system compared to a single-round system is ambiguous.

Prediction 1.3. q1R
J < q2R

J and q1R
j ≶ q2R

j for all j ∈ {1, . . . , J − 1}.

For locality J – where candidate C has promised the entire government budget – in a

single-round system, the fact that voters there will strongly favor candidate C leads candidates

A and B to ignore those voters, as the marginal return to allocating resources there is low.

In contrast, the two-round system, while not producing a completely equitable distribution,

incentivizes candidates to allocate more resources to that locality. The presence of a second

round where the third candidate is not present raises the marginal return to allocating

resources to that locality. As a result, candidates A and B solicit more votes from locality J

in a two-round election.

For the other localities – where candidate C has promised 0 – the change in allocations is

ambiguous. If the increase in the overall budget G is small (large) and/or the increase in

allocation to locality J is large (small), then allocations to the other localities may decrease

(increase). The magnitude of these changes will depend on the parameters of the model, such

as the cost of effort, and the functional form of uj(·).

Prediction 1.4 states that the overall government budget promised is higher in two-round

systems than in single-round systems:

Prediction 1.4. G1R < G2R.

In a single-round system, candidates face lower incentives to invest in all localities. The

marginal return to investing in any locality is higher in two-round elections. These incentives

come from the fact that, in two-round elections, there is a conditionality to winning: To
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win in the first round, candidates must not only attain the most votes, but must attain a

majority of votes, otherwise candidates must compete again in a second round. With higher

incentives to invest in all localities, candidates in two-round elections exert more effort to

increase the government budget.

The proofs for predictions 1.3 and 1.4 are in Appendix A.1.8.

When comparing inequality in allocations between the two electoral rules, the outcome of

interest is how the allocation of resources to locality J – where candidate C has offered the

entire government budget – compares to the allocation to the other localities.14 Prediction 1.5

states that when comparing two-round systems to single-round systems, the level of inequality

in government resources promised is ambiguous:

Prediction 1.5. If q1R
j > q2R

j for all j ∈ {1, . . . , J − 1}, then the level of inequality is lower

in two-round systems compared to single-round systems. If q1R
j < q2R

j for all j ∈ {1, . . . , J−1},

then the change in the level of inequality is ambiguous.

The increased allocation in two-round elections to locality J is a force to reduce inequality

in allocations between J and the other localities. However, if candidates also offer more to

the other localities in two-round elections, the change in the level of inequality will depend

on whether the increase in resources to the other localities is greater or less than the increase

in resources to locality J .

Discussion.– While my model partitions the electorate into geographic localities, voters

can be partitioned along other dimensions, such as income, race, or ideology. My model

easily translates into these other settings, and the predictions yield the same interpretation.

First, two-round systems raise the marginal return to allocating resources to groups of voters
14I focus on the difference in allocations between locality J and the other localities. However, depending on

the functional form of uj(·), it is possible that relative allocations between the other {1, . . . , J − 1} localities
become more or less unequal in two-round elections. If differences in uj(·) across the localities are sufficiently
small, any changes in inequality between the {1, . . . , J − 1} localities will be small relative to changes in
inequality caused by changes in locality J . In the case that uj(·) = u(·), then all {1, . . . , J − 1} localities
receive the same allocation, and the only disparity that matters is between J and the other localities.
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that are heavily targeted by other candidates. This results in candidates offering campaign

promises that also appeal to these voters. Second, candidates face higher incentives to appeal

to all voters, leading them to increase the overall government budget.

My model predicts that two-round elections lead to different outcomes because candidates

adapt different campaign strategies by offering policy proposals that appeal to a broader group

of voters. However, two-round elections may also lead to different outcomes by (i) causing

different types of candidates to enter the race or (ii) causing different types of candidates to

win the election. While I do not model candidates’ entry decisions, I test for these alternative

mechanisms in the empirical analysis. I find evidence suggesting that different outcomes in

two-round elections are mostly driven by candidates’ strategic responses.

1.3 Institutional context

Municipalities in Brazil are autonomous governmental entities with an elected executive

(a mayor, or prefeito) and legislative body (a council of legislators, or camara de vereadores).

Elections for municipal positions are at large and held for all positions simultaneously every

four years. Mayors in municipalities with less than 200,000 voters are elected through a

single-round system, while in larger municipalities they are elected in a two-round system. In

the two-round system in Brazil, if no candidate receives at least 50% of the votes in the first

round, then a second round is held 3 weeks later with the top two candidates.15 Legislators are

elected through an open-list proportional system. Voters cast votes for a mayoral candidate,

and either for a legislative candidate or a generic vote for the party. Mayors are limited to

serving two consecutive terms, while there is no term limit for legislators.

State electoral authorities, the Tribunais Electorais Regionais, register citizens and main-

tain electoral rolls. Several features of Brazilian elections, mandated either in the federal

constitution or by law, facilitate voter turnout on election day. First, voter registration is
15In my sample, a second round occurs 57% of the time.
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compulsory and must be completed at least 151 days prior to the election. Second, voting

is compulsory for all literate Brazilian citizens between 18 and 69 years of age.16 Third,

elections are held on the first Sunday in October, a day when few voters are at work.

The timing of the announcement of the electoral rule for mayor has varied. In earlier

elections, the electoral rule was announced 3–4 months prior to the election. In more recent

elections, the number of registered voters has been regularly published, allowing the electoral

rule to be known much earlier.

Brazilian elections are a multi-party system, with over 30 political parties registered in the

2016 municipal elections. Mayoral candidates are associated with a party and often a coalition

of parties, which are formed prior to the election.17 Party and coalition affiliations serve as

important linkages to the state and federal levels of government (Brollo and Nannicini, 2012).

Once elected, mayors have a broad mandate to provide public goods, particularly in

education, health, and local infrastructure. Municipal revenue is a combination of inter-

government transfers and local revenues. The majority of the municipal budget is represented

by inter-government transfers (the average within my sample is 65.6% of the budget). The

bulk of these transfers come from the state or federal level (on average, 78.0%), and are either

constitutional automatic transfers (Fundo de Participação do Municipios) or discretionary

transfers (convênios). Municipalities face considerable flexibility in spending these transfers.

Among the automatic transfers, 70% of the funds are unrestricted. While 30% are earmarked,

municipalities are only restricted to spending this percentage on health and education.

The allocation of spending on public goods occurs through two main channels. First,

the majority of public goods are allocated through the annual budgetary process. Second,

mayors and legislators can submit bills requesting specific public works or services. While

these actions require joint approval by the mayor and legislature, mayors retain veto power
16Voters may provide justification to a local electoral judiciary office. Absent this justification, voters who

fail to vote must pay a small fine and those who fail to vote for three consecutive elections are prevented
from accessing public services, such as obtaining a passport or government loans.

17Seats for the legislative council are allocated based on the number of votes received by candidates or
parties in the coalition.
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and wield significant influence over the process.

As a result, mayors are important for decisions around both the size of the municipal

budget and how municipal funds are allocated. This study focuses on public goods provision

in municipal education for several reasons. First, a large fraction of the municipal budget is

allocated toward education spending: In 2012, it represented 30.5% of municipal budgets.

Second, municipal education is a fairly geographically localized public good. Third, unlike

other public goods, for which municipalities share joint responsibility with the state or federal

government, the provision of elementary education (Ensino Fundamental) is one of the few

public goods almost entirely under the jurisdiction of the municipality.

1.4 Empirical strategy

1.4.1 Econometric framework

The threshold rule for mayoral elections provides a natural candidate for a regression

discontinuity design (RDD). I exploit the 200,000 registered voter threshold, which determines

a municipality’s electoral rule, to estimate the impact of the electoral rule.

Denote Yi(0) and Yi(1) as the potential outcome in municipality i if assigned a single-round

and two-round system, respectively. Assignment of the electoral rule is determined by the

running variable, the number of registered voters Xi. The assignment variable Di takes on

the value of Di = 0 if Xi < 200, 000 and Di = 1 if Xi ≥ 200, 000.

Following Imbens and Lemieux (2008) and Calonico et al. (2014), to estimate the treatment

effect at the discontinuity, I use a local linear regression specification:

Yit = β1Dit + β2Xit + β3Xit ·Dit + γt + εit (1.4)

where for municipality i in election year t, Xit is the running variable, Dit is the assignment

variable, γt is an election-year fixed effect, and Yit is the outcome of interest. Each observation
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in equation (1.4) represents a municipality and election year, or municipality-year. Equation

(1.4) amounts to fitting two linear regressions using municipality-years close to the left and

to the right of the threshold. β1 represents the estimate of the local average treatment effect.

Standard errors are clustered at the municipality level.

Because the treatment effect is identified only at the threshold, equation (1.4) is estimated

using municipality-years close to the threshold. The main analysis uses a 50,000 registered

voter window, but robustness is provided for other bandwidths as well as bandwidths selected

using data-driven methods (Calonico et al., 2014 and Imbens and Kalyanaraman, 2012).18

1.4.2 Identification

In order for β1 to represent the causal effect of the electoral rule, the conditional expectation

of the potential outcomes must be continuous at the threshold. In the following section, I

discuss identification and interpretation of the RDD estimates.

Violations of smoothness.– The first way the smoothness assumption can be violated is if

the threshold choice is motivated by political or economic factors. There appears to be little

evidence for this. The choice of 200,000 registered voters as the threshold was somewhat

arbitrary and mainly reflected practical concerns regarding the cost of holding a second round

(Chamon et al., 2018; Fujiwara, 2011). In addition, the 200,000 registered voter threshold

was set in the 1988 Federal Constitution and has not changed since then. It is unlikely that

politicians chose the threshold anticipating which municipalities would be above or below

this threshold in 1996 and later.

A second possibility is if municipalities sort across the threshold. Practically, it is difficult

for municipalities to selectively sort, since voter registration is mandatory and handled

by state electoral authorities. Visually, there are no discontinuities in the distribution of
18Because there is a skewed right tail of municipality sizes due to a few extremely large municipalities

such as Rio de Janeiro and São Paulo, the data-driven methods would sometimes select bandwidths larger
than the support – ie. larger than 200,000. As a result, the optimal bandwidth is calculated on a subset of
elections that lies within the support and is symmetrical around the threshold: 0-400,000 voters.
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registered voters at the threshold (Figure 1.2). To test this formally, I estimate the size of the

discontinuity in the density of the running variable at the threshold (McCrary, 2008). The

size of the discontinuity is both small in magnitude (0.169) and insignificant (p = 0.389).19

Figure 1.2 Density of elections around the 200,000 registered voter threshold

Size: 0.168 (p−value = 0.392)
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Plot includes only elections with between 50,000 and 400,000 registered voters (6.0% of the universe of
elections). Size of the discontinuity in the density of elections uses the McCrary test and is estimated off all
elections below the 99.9 percentile in size. An “election” is defined as a municipality-election year. Bin sizes
are 10,000 voters.

A third violation is if other policies also change discretely at the threshold. While a

number of policies in Brazil are implemented using thresholds, these are based off population

counts and not the number of registered voters. Population and the number of registered

voters are highly correlated but do not vary one-to-one (Figure A.3). To the best of my

knowledge, there are no other policies at the 200,000 registered voter threshold, and most other

policy thresholds are far from 200,000 registered voters. Two exceptions are a constitutional
19Due to the skewed right tail of municipality sizes, the size of the discontinuity was estimated off a sample

of municipality-years excluding those above the 99.9 percentile of registered voters.
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amendment in 2000 that places a salary cap for local legislators at 300,000 inhabitants

and a constitutional amendment in 2004 that changes the size of the local legislature at

285,714 inhabitants. I address this in two ways. First, I estimate a placebo regression

where the electoral rule is assigned at these population thresholds. I show that there are no

discontinuities of a similar size in the mayoral electoral outcomes I examine (Tables A.20 and

A.21). However, legislator salaries and legislature size can affect economic outcomes, so I do

not estimate placebo regressions for my public goods outcomes. Second, I test whether the

probability of being above or below these thresholds changes discontinuously at the 200,000

voter threshold. I do not find evidence of a discontinuity (Figure A.4), indicating that any

effect of these policies is balanced across the threshold.20

The last possibility is that potential confounds change discretely at the threshold. I test

this by estimating equation (1.4) on pre-treatment characteristics of municipalities. I discuss

this in detail in the following section.

Balance on pre-treatment characteristics.– Since the treatment (here, the two-round election)

is determined by the number of registered voters, municipalities can move into the treatment

group or be treated multiple times.21 As a result, I define “pre-treatment” in two ways: 1)

prior to the introduction of the electoral system in the 1988 Constitution, and 2) prior to

the most recent election in which the municipality was untreated or prior to 1996 if the

municipality was never untreated.22 To measure outcomes for (1), I use the 5% population

sample of the 1980 census, the most recent census prior to 1988. To measure outcomes for

(2), I use outcomes either from the census prior to the most recent year in a single-round

20The regression discontinuity estimate on the probability of being above the 300,000 resident threshold is
−0.0350 (p = 0.735). The regression discontinuity estimate on the probability of being above the 295,714
resident threshold is 0.0516 (p = 0.667).

21Municipalities can also move out of treatment. However, while municipalities do experience population
decline, none moves below the 200,000 voter threshold.

22The earliest electoral data available is 1996, so I cannot observe whether municipalities are treated or
untreated prior to 1996. Since there is only one unobserved municipal election after the 1988 Constitution (in
1992) and only 45 municipalities have moved across the 200,000 voter threshold between 1996 and 2016, it is
unlikely that many municipalities had their electoral rule change between 1992 and 1996.
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system (the 1991, 2000, or 2010 census) or outcomes from the 1991 census, for municipalities

that were in a two-round system in 1996.

There is no significant treatment effect on nearly all outcomes measured prior to the

1988 Constitution (Panel A of Table 1.3) or prior to the most recent election in a single-

round system (Panel B of Table 1.3). The treatment effect is estimated on economic

characteristics (unemployment rate, literacy, and income), segregation levels23 (along income

and demographics), and income inequality. To rule out the concern that there are factors

that change discontinuously at the threshold and affect which municipalities move into

treatment and the length of treatment, I test whether population growth is discontinuous

at the threshold. If municipalities that grow at slower rates are more likely to be under the

threshold and remain there longer, it would pose an issue for causal identification. However,

I do not find that population growth is discontinuous at the threshold.

One exception is a large and significant effect on population density. However, there are

several reasons to believe that this is a false positive. First, dropping one outlier municipality

reduces the coefficient by 38.2%, suggesting that a few municipalities are driving this effect

(although the estimate is still significant at the 10% level). My main results are robust to

dropping this outlier municipality. In addition, there is no visible discontinuity and the effect

disappears at larger bandwidths (Figures A.5 and A.6). Second, the estimate (p = 0.047)

is not significant after Bonferroni adjusting the significance threshold for the number of

hypotheses tested. Third, the regression discontinuity coefficients across the ten outcomes

(from the most recent single-round election) are not jointly significant (p = 0.339).

While it is not clear how an imbalance in population density impacts the economic

and political outcomes of interest, this poses an issue if politicians are manipulating the

composition and size of the electorate by, say, moving citizens or manipulating municipality

borders. This does not appear to be the case for two reasons. First, I find no differences
23This is calculated using the entropy index (see Section 1.4.4 for a detailed calculation), which measures

how far each census sector is from equal representation of all groups. This was calculated separately for
income and demographics. For income, the groups are defined by bins of income relative to the minimum
wage. For demographics, the groups are defined by sex, age, and literacy.
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in the urbanization rate (a difference of 0.065%, where the single-round mean is 95.191%,

p = 0.943). Second, this effect is seen in 1980, prior to the introduction of the threshold

rule (Panel A of Table 1.3). Third, there is no evidence that changes in municipality area

or population growth change discontinuously across the threshold (Panel B of Table 1.3).

Nevertheless, I include population density as a control in all specifications:

Yit = β1Dit + β2Xit + β3Xit ·Dit + β4Zit + β5Zit ·Dit + γt + εit

where Zit is the municipality’s population density in the most recent census prior to the

election.

Testing smoothness .– I test whether my outcomes of interest vary smoothly around the

discontinuity. To do this, I estimate placebo regressions where the electoral rule is assigned

at other registered voter thresholds between 170,000 and 230,000 voters. This tests whether

the effects I estimate are concentrated at the actual threshold of 200,000 voters. I show that

there is no discontinuity in my outcomes at thresholds where the treatment does not change

(Figures A.22, A.23, A.24, A.25, and A.26).

Registered voters as a running variable.– Since treatment (moving into a two-round election)

is determined by the number of registered voters, there are interesting implications for the

interpretation of the regression discontinuity estimate.

As discussed above, municipalities can move into treatment or be treated multiple times.

While this does not invalidate causal identification, it affects whether the treatment effects I

estimate are the result of single or multiple treatments.

To investigate this, I test whether the probability that a municipality’s previous election

was a two-round system changes discontinuously at the threshold (Figure A.8). Because the

regression discontinuity framework identifies the treatment effect at the threshold, treatment

effects should be interpreted as the result of the change in this probability at the threshold.

I find that at the 200,000 registered voter threshold, the probability of having previously
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been treated is zero and there is no discontinuous jump.24 As a result, the treatment effects

identify the effect of moving into a two-round election for the first time.

Compliance.– While not an issue for causal identification, imperfect compliance with treat-

ment can affect the interpretation of the causal estimates (Angrist et al., 1996). In this

context, compliance was perfect (Figure A.7). All municipalities below the threshold or

where the top candidate received at least 50% held one round. All municipalities above the

threshold and where the top candidate did not receive at least 50% held two rounds.

1.4.3 Data sources

Electoral data.– Data on municipality elections come from Brazil’s electoral authority (Tri-

bunal Superior Eleitoral, or TSE). These are available for 6 municipal elections between 1996

and 2016. The electoral data provides information on the candidates running, the party and

coalition each candidate belongs to, and the number of votes received. In total, the data

encompasses 32,767 municipal elections covering 5,568 municipalities.

Electoral results are available for each polling station (seçao eleitoral), allowing me to

observe at a very fine level the number of votes each candidate receives. I use this to measure

the geographic distribution of voters for specific candidates at both an overall and candidate

level (see Section 1.4.4 on the measures used). Baseline results use votes from the first round

of elections. Results from the first round are used in order to have similar measures between

single- and two-round elections, but results are robust to using votes from the final round

(the first round in single-round elections and the second round in two-round elections).

Public goods provision in schools.– To measure public goods provision in municipal public

schools, I use data provided in the 1997-2016 School Census (Censo Escolar). This census is

conducted annually by the research arm of the Ministry of Education, Instituto Nacional de
24Because no municipalities move under the threshold, all municipalities under the threshold have 0

probability that the previous election was two-round. The regression discontinuity estimate on the probability
of being in a two-round system in the previous election is −0.00802 (p = 0.870).
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Estudos e Pesquisas Educacionais.

I use the Census to observe the level of resources present in schools offering elementary

education. I calculate a measure of resources present in each school across two categories:

equipment and infrastructure. Equipment includes movable elements, such as the number of

computers and availability of air conditioning (see Table A.1 for the full list). Infrastructure

includes immovable elements, such as the number of classrooms, type of sanitation, and

availability of a library (see Table A.2 for the full list). I construct indices of these resources,

separately for equipment and infrastructure, by taking the principal component of these

variables and computing the school’s percentile rank within the country for each year.25

1.4.4 Measuring concentration of voters

In this section, I use the following notation. In municipality m, there are Km candidates

and Im polling stations. pmk is the fraction of voters for candidate k in municipality m, pimk

is the fraction of voters for candidate k in polling station i, nim is the number of voters in

polling station i, and Nm is the number of voters in municipality m.

Overall geographic concentration of voters.– To measure the overall geographic concentration

of voters, I use three indices that are commonly used in the racial segregation literature to

measure multigroup spatial segregation: the coefficient of variation, the fractionalization

index, and the entropy index. These indices and their properties are described in more detail

in White (1986) and Reardon and O’Sullivan (2004). The indices assume a value of 1 if there

is full geographic concentration of voters: Each polling station contains voters for only one

candidate. The indices assume a value of 0 if there is full geographic dispersion of voters:

Each polling station contains the same composition of voters as the municipality as a whole.
25The variables collected in the School Census under each category varied from year to year. This makes it

difficult to compare the raw PCA index across years. Calculating a school’s percentile rank across all schools
for that year allows for valid comparisons across years.
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The coefficient of variation, sm, is defined as:

sm = 1
Km − 1

Km∑
k=1

Im∑
i=1

nim
Nm

(pimk − pmk)2

pmk

This index is interpreted as the square deviation of voter composition in polling stations from

voter composition in the municipality. Dividing by Km − 1 keeps the index between 0 and 1.

When each polling station has the same composition as the municipality (pimk = pmk), the

index takes a value of 0.

The fractionalization index, fm, is calculated in two steps. The average fractionalization

within each polling station, f̄m, is defined as:

f̄m =
Km∑
k=1

Im∑
i=1

nim
Nm

pimk (1− pimk)

The overall fractionalization within the municipality, f̂m, is defined as:

f̂m =
Km∑
k=1

pmk (1− pmk)

The final measure, the fractionalization index, fm, is defined as:

fm = f̂m − f̄m
f̂m

Fractionalization, also known as the interaction index, measures the probability that two

members within a population chosen at random are from different groups. There are two ways

to interpret fm. One, fm is the average concentration within polling stations, normalized

by the level in the municipality to keep the index between 0 and 1. Two, fm is the fraction

of concentration in the municipality that is due to differences in voter composition between

polling stations. When each polling station has the same concentration as the municipality –

or when there are no differences between polling stations and f̂m = f̄m – the index takes a
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value of 0. When each polling station contains only one type of voter – or when there are

large differences between polling stations and f̄m = 0 – the index takes a value of 1.

The entropy index, hm, is also calculated in two steps. The average entropy within each

polling station, h̄m, is defined as:

h̄m = −
Km∑
k=1

Im∑
i=1

nim
Nm

pimk ln pimk

The overall entropy within the municipality, ĥm, is defined as:

ĥm = −
Km∑
k=1

pmk ln pmk

The final measure, the entropy index, hm, is defined as:

hm = ĥm − h̄m
ĥm

Entropy measures how far the population is from equal representation of all groups. The

interpretation and range of values of the entropy index hm are the same as that of the

fractionalization index fm.

In my sample, the correlation between these indices is between 0.89 and 0.96.26 Con-

ceptually, the three indices can be thought of as measures of the average deviation of the

composition of polling stations from that of the municipality.

Sensitivity of overall concentration to the number of candidates.– The indices may mechani-

cally change due to the number of candidates. I discuss this briefly below; the majority of

this discussion derives from Reardon and O’Sullivan (2004).

For the coefficient of variation, before dividing by Km − 1, the index attains a maximum

value of Km − 1 and as a result would depend mechanically on the number of candidates.
26The correlation coefficient between the coefficient of variation and fractionalization is 0.956; between the

coefficient of variation and entropy is 0.892; and between fractionalization and entropy is 0.929.
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Dividing by Km − 1 nets out this mechanical effect.

For the fractionalization index, ∑Im
i=1pimk(1− pimk) ranges from 1/Km to 1. As a result,

the polling station average, f̄m, and municipality measure, f̂m, depend mechanically on the

number of candidates. Normalizing f̄m by f̂m removes part of this mechanical effect.

For the entropy index, ∑Im
i=1pimk ln pimk ranges from 0 to lnKm. As a result, the polling

station average, h̄m, and municipality measure, ĥm, depend mechanically on the number of

candidates. Normalizing h̄m by ĥm removes part of this mechanical effect.

While these indices no longer monotonically depend on the number of candidates, these

indices may still be affected by the number of candidates. I address this concern with several

robustness exercises in Section 1.5.4.

Candidate-level geographic concentration of voters.– To capture a candidate-level measure of

the spatial distribution of voters, I use the standard deviation in vote shares across polling

stations. This measure describes whether a candidate’s supporters are spread across many or

concentrated within a few polling stations. For candidates who receive votes from many areas

in the municipality, we should expect to observe the vote share varying less across polling

stations. The standard deviation in a candidate’s vote share, σmk, is defined as:

σmk =
 1
Im − 1

Im∑
i=1

(
pimk −

1
Im

Im∑
i=1

pimk

)21/2

Using only the top two candidates.– In some cases, I calculate the indices using only vote

shares from the top two candidates. To do this, I assume that only the top two candidates are

in the race and use each candidate’s vote share out of the top two. These indices should be

interpreted as the geographic distribution of voters for the top two candidates. The advantage

of doing this is that it allows me to keep keep the number of candidates fixed and ignore the

potential dilution of votes from lower-placed candidates. This is done when comparing to

the second round of two-round elections or to show robustness of my results to the number

of candidates. Note that, by construction, the standard deviation of votes for the 1st place
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candidate σm1 is the same as that of the 2nd place candidate σm2.

1.5 The effect of the two-round system

I present three main results. First, candidates in two-round elections receive broader

geographical support. Second, once in office, politicians elected under two-round systems

provide more resources to schools and distribute these resources more equitably. These results

suggest that politicians in two-round systems are represented by a broader group of voters

and that this affects how public goods are provided in the municipality. Third, I find that

educational outcomes are improved in two-round municipalities.

1.5.1 The geography of votes

Do candidates in two-round elections secure broader bases of support? I provide evidence

that voters are overall less geographically concentrated, and that it is the top two candidates

who receive support from a geographically broader group of voters.

Geographic concentration of voters.– The coefficients on the coefficient of variation, fraction-

alization index, and entropy index are negative, indicating that voters for specific candidates

are overall less geographically concentrated in two-round elections (Figure 1.4 and Panel A of

Table 1.5). The composition of voters in polling stations is closer to the composition of voters

in the municipality as a whole, indicated by the coefficient of variation, and the composition

of voters in polling stations is on average less concentrated, indicated by the fractionalization

and entropy indices. Municipalities in two-round systems experience a reduction of 0.0087,

0.0118, and 0.0082 in the coefficient of variation, fractionalization, and entropy of voters,

respectively. These coefficients correspond to 45.6%, 43.9%, and 27.4%, respectively, of the

average level in single-round municipalities within the bandwidth.

Next, I test whether all or only some candidates obtain support from geographically

broader constituencies. I find that voters for the top two candidates are less concentrated in
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Figure 1.4 Regression discontinuity plots of overall concentration of voters for specific candidates
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(a) Coefficient of variation
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(b) Fractionalization
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(c) Entropy

Overall concentration of voters for specific candidates, as measured by (a) Coefficient of variation, (b)
Fractionalization, and (c) Entropy, using vote counts in polling stations. Vote shares are from the first round.
In each panel, each point plots an average value within a 7,500 voter bin. Variables on the vertical axis are
residualized by population density and election-year fixed effects. Diameter of the points is proportional to
the number of observations. Confidence intervals (dashed lines) represent the 95% confidence intervals of a
local linear regression (solid red line) with standard errors clustered at the municipality level.

two-round systems, but that voters for the third and fourth placed candidates in two-round

systems are concentrated similarly to voters of the same-placed candidates in single-round
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Table 1.5 Regression discontinuity estimates on the geographic concentration of voters

Panel A: Concentration indices of voters for specific candidates
Coefficient of
variation

Fractionaliza-
tion Entropy

TwoRound −0.009∗∗∗ −0.012∗∗ −0.008∗
(0.003) (0.005) (0.005)

Potential bias 0.0008 –0.0002 –0.0923
Single-round mean 0.019 0.027 0.030
Observations 264 264 264

Panel B: Standard deviation in vote shares for each candidate
1st place
candidate

2nd place
candidate

3rd place
candidate

4th place
candidate

TwoRound −0.017∗∗ −0.014∗ −0.005 0.004
(0.007) (0.008) (0.007) (0.004)

Potential bias –0.0011 –0.0010 –0.0004 –0.0002
Single-round mean 0.080 0.075 0.042 0.023
Observations 264 264 251 216

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Panel A: overall concentration of voters for specific candidates, as measured by coefficient of variation,
fractionalization, and entropy of vote counts in polling stations. Panel B: candidate-level concentration of
voters, measured by standard deviation in a candidate’s vote shares (for the 1st-4th place candidate) across
polling stations. Potential bias is the simulated effect on the outcome from having an additional candidate in
every single-round election. Vote shares are from the first round. Estimation method: Local linear regression
with election-year fixed effects and a 50,000 voter bandwidth. Population density included as a control
separately across the cutoff. Standard errors clustered at the municipality level.

systems (Figure 1.6 and Panel B of Table 1.5). The estimates for the top two candidates are

similar in magnitude: The first placed candidate experiences a 0.0167 reduction in variance

(20.9% of the single-round mean), and the second placed candidate experiences a 0.0142

reduction (18.9% of the single-round mean). The estimates for the third and fourth placed

candidates are close to zero and insignificant.

The effects on overall concentration are significantly stronger when using vote shares from

the top two candidates only (Table 1.7).27 This further indicates that the bases of support of

27I compare the coefficients in Table 1.5 with Table 1.7. The p-values for the difference between the
estimates are 0.024 (for the coefficient of variation), 0.052 (for fractionalization), and 0.147 (for entropy).
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Figure 1.6 Regression discontinuity plots of the candidate-level concentration in voters

●

●

●

●
●●

● ●

●

●

●

●

●

●
−0.01

0.00

0.01

0.02

150,000 175,000 200,000 225,000 250,000
Number of registered voters

S
td

ev
 in

 v
ot

es
, 1

st
 p

la
ce

, 
re

si
du

al
iz

ed

(a) Standard deviation in votes for the 1st place candidate
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(b) Standard deviation in votes for the 2nd place candidate

Standard deviation in a candidate’s vote counts across polling stations, for the (a) 1st place and (b) 2nd
place candidate. Vote shares are from the first round. In each panel, each point plots an average value within
a 7,500 voter bin. Variables on the vertical axis are residualized by population density and election-year fixed
effects. Diameter of the points is proportional to the number of observations. Confidence intervals (dashed
lines) represent the 95% confidence intervals of a local linear regression (solid red line) with standard errors
clustered at the municipality level.

the top two candidates drive the reduced concentration of voters in two-round elections.

These effects are not limited to vote shares in the first round. Using only vote shares from

the top two candidates, I compare concentration in single-round elections with concentration in

the second round of two-round elections. Voters in the second round are also less geographically

concentrated (Panel A of Table 1.8). Additionally, I compare concentration between the first

and second round in two-round municipalities. While these estimates are correlational and

not causal, concentration in the second round is lower than in the first round, indicating that

candidates consolidate their voter bases between rounds (Panel B of Table 1.8).
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Table 1.7 Regression discontinuity estimates on the geographic concentration of voters, using
vote shares from the top two candidates only

Coefficient of
variation

Fractionaliza-
tion Entropy Std Dev of 1st

place candidate
TwoRound −0.015∗ −0.018∗∗ −0.013∗∗ −0.015

(0.008) (0.009) (0.007) (0.009)

Single-round mean 0.036 0.038 0.029 0.088
Observations 264 264 264 264

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Coefficient of variation, Fractionalization and Entropy measure the overall concentration of voters for specific
candidates, using vote counts in polling stations. Standard deviation of 1st place candidate is the standard
deviation in the 1st place candidate’s vote counts across polling stations. All outcomes use only vote shares
from the top two candidates. Estimation method: Local linear regression with election-year fixed effects and
a 50,000 voter bandwidth. Population density included as a control separately across the cutoff. Standard
errors clustered at the municipality level.

Voter engagement.– These results suggest that two-round elections lead to greater inclusive-

ness, as voters from more geographical areas are represented. I find inclusiveness along another

dimension: voter behavior. Specifically, I find higher rates of voter engagement in two-round

elections. While turnout is unaffected (which is expected, as turnout is mandatory in Brazil),

the number of blank and invalid ballots is significantly lower in two-round municipalities

(Table 1.9). The number of blank and invalid ballots plausibly corresponds to the number

of dissatisfied or disinterested voters (Gonzales et al., 2019).28 The reduction suggests that

voters in two-round elections engage in the electoral process at higher rates.

1.5.2 The allocation of municipal resources

I next investigate the impact of the two-round system on public goods provision. If

politicians secure broader bases of support in two-round elections, they may also provide
28Ballots can be invalid or blank for a number of reasons. For example, municipalities with higher numbers

of illiterate voters will have more blank and invalid ballots (Fujiwara, 2015). Since the illiteracy rate is not
discontinuous across the threshold and all municipalities used electronic voting by 2000 (which reduced the
number of unintentional errors), I interpret the difference in the number of blank and invalid ballots as voter
engagement. Gonzales et al. (2019) provide empirical evidence for this interpretation, as they find that forced
electoral participation increases the number of blank and invalid ballots cast.
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Table 1.8 Estimates on the geographic concentration of voters across different rounds of elections

Coefficient of
variation

Fractionaliza-
tion Entropy Std Dev of 1st

place candidate

Panel A: single- versus two-round elections: vote shares from final round
(1st round in single-round compared to 2nd round in two-round)

TwoRound −0.020∗∗ −0.023∗∗∗ −0.017∗∗∗ −0.019∗∗
(0.008) (0.008) (0.006) (0.009)

Single-round mean 0.036 0.038 0.029 0.088
Observations 216 216 216 216

Panel B: two-round elections: vote shares in first versus second round
(1st round in two-round compared to 2nd round in two-round)

2ndRound −0.012∗∗∗ −0.012∗∗∗ −0.010∗∗∗ −0.013∗∗∗
(0.002) (0.002) (0.002) (0.002)

First round mean 0.049 0.049 0.037 0.103
Observations 432 432 432 432

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Coefficient of variation, Fractionalization and Entropy measure the overall concentration of voters for specific
candidates, using vote counts in polling stations. Standard deviation of 1st place candidate is the standard
deviation in the 1st place candidate’s vote counts across polling stations. All outcomes use only vote shares
from the top two candidates. Panel A compares the 1st round results (in single-round elections) with the
2nd round results (in two-round elections) and presents the regression discontinuity estimates. Estimation
method: Local linear regression with election-year fixed effects and a 50,000 voter bandwidth. Population
density included as a control separately across the cutoff. Standard errors clustered at the municipality level.
Panel B compares the 1st round results (in two-round elections) with the 2nd round results (in two-round
elections), using the full sample of elections that held two rounds. Estimation method: Standard regression
with 2ndround as the regressor and election fixed effects. Standard errors clustered at the municipality level.

public goods differently once in office. I provide evidence that two-round elections impact

both the level and distribution of municipal resources.

Municipal schools.– Municipal schools in two-round municipalities have, on average, more

resources than those in single-round municipalities (Figure 1.10 and Columns 1 and 2 in Table

1.12). A school in a two-round municipality is, on average, 0.081 percentiles and 0.057 per-

centiles higher in the national distribution of equipment resources and infrastructure resources,

respectively. The coefficient on infrastructure resources is smaller and less significant; this

may be because infrastructure is more difficult to manipulate. Allocating new infrastructure,
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Table 1.9 Regression discontinuity estimates on other electoral outcomes

Turnout Blank/invalid
ballots # candidates

TwoRound 0.006 −3.821∗∗ 1.273∗∗∗
(0.008) (1.670) (0.339)

Single-round mean 0.843 16.524 4.604
Observations 296 296 296

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Turnout is the fraction of eligible voters who cast a ballot in the election. Blank/invalid ballots is the sum
of ballots (in thousands) that were either blank or voided, and is also equal to turnout minus valid ballots.
Estimation method: Local linear regression with election-year fixed effects and a 50,000 voter bandwidth.
Population density included as a control separately across the cutoff. Standard errors clustered at the
municipality level.

such as gymnasiums, requires significantly more time and capital than allocating equipment,

such as computers. This is reflected when looking at the estimates separately by year in the

mayoral term: Infrastructure levels are less responsive to the electoral cycle (Column 1 in

Table A.9).

In addition to differences in the overall levels, there is less variance in the resources

present in schools in two-round municipalities (Figure 1.11 and Columns 1 and 2 in Table

1.12). The standard deviation in equipment resources is 0.018 percentiles lower in two-round

municipalities (15.9% of the single-round mean). Although the estimate on the standard

deviation in infrastructure resources is of a similar magnitude (−0.021 percentiles), the

difference is not significant.

It is instructive to estimate effects for schools at different parts of the distribution in the

municipality. Intuitively, if the variance in resources is lower in two-round municipalities, we

should expect to see that schools with the least (most) resources in the municipality have

more (less) resources.

I group schools into quartiles, which are defined by first calculating each school’s percentile

in the municipality distribution prior to the election, and then assigning the school to one of
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Figure 1.10 Regression discontinuity plots of the overall level of resources in municipal schools
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(a) Equipment, mean level of resources
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(b) Infrastructure, mean level of resources

Equipment and Infrastructure are indices constructed by taking the first principal component of a school’s
equipment and infrastructure elements, then calculating the school’s percentile in the national distribution.
Mean level of resources is the mean index level across schools in the municipality for (a) equipment and (b)
infrastructure. In each panel, each point plots an average value within a 7,500 voter bin. Variables on the
vertical axis are residualized by population density and election-year fixed effects. Diameter of the points is
proportional to the number of observations. Confidence intervals (dashed lines) represent the 95% confidence
intervals of a local linear regression (solid red line) with standard errors clustered at the municipality level.

four quartiles. The increased level of resources is concentrated in schools located at the lower

end of the distribution (Table 1.13).29 Schools at the bottom 25% of the distribution are

0.082 percentiles higher in equipment resources and 0.116 percentiles higher in infrastructure

resources. Schools in the second quartile experience positive, but smaller, gains – 0.066

percentiles in equipment resources and 0.102 percentiles in infrastructure resources. There is

no significant difference in resources at the top of the distribution.
29The p-values for the difference in the regression discontinuity estimates between schools at the 1st quartile

compared to the 4th quartile is 0.057 (for equipment) and 0.038 (for infrastructure).

40



Figure 1.11 Regression discontinuity plots of the distribution of resources in municipal schools
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(a) Equipment, standard deviation in resources
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(b) Infrastructure, standard deviation in resources

Equipment and Infrastructure are indices constructed by taking the first principal component of a school’s
equipment and infrastructure elements, then calculating the school’s percentile in the national distribution.
Standard deviation in resources is the standard deviation in the index across schools in the municipality for (a)
equipment and (b) infrastructure. In each panel, each point plots an average value within a 7,500 voter bin.
Variables on the vertical axis are residualized by population density and election-year fixed effects. Diameter
of the points is proportional to the number of observations. Confidence intervals (dashed lines) represent
the 95% confidence intervals of a local linear regression (solid red line) with standard errors clustered at the
municipality level.

1.5.3 Downstream outcomes

If mayors provide more public goods and distribute them more equitably, does this translate

into downstream economic outcomes? I find, in two-round municipalities, improvements in

education outcomes but limited effects on economic outcomes.

Education outcomes.– I measure education outcomes in four ways. Using the School Census,

I measure the drop-out, failing, and passing rate in schools across the municipality. Using the
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Table 1.12 Regression discontinuity estimates on resources in municipal schools

Mean level of resources Standard deviation in resources
Equipment Infrastructure Equipment Infrastructure

TwoRound 0.081∗∗ 0.057∗ −0.018∗ −0.021
(0.035) (0.033) (0.009) (0.016)

Single-round mean 0.738 0.731 0.121 0.157
Observations 820 912 820 912

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Equipment and Infrastructure are indices constructed by taking the first principal component of a school’s
equipment and infrastructure elements, then calculating the school’s percentile in the national distribution.
The first two columns (Mean level of resources) have as the dependent variable the mean index level across
schools in the municipality. The last two columns (Standard deviation in resources) have as the dependent
variable the standard deviation in the index across schools in the municipality. Estimation method: Local
linear regression with election-year fixed effects and a 50,000 voter bandwidth. Population density included
as a control separately across the cutoff. Standard errors clustered at the municipality level.

2000 and 2010 Demographic Censuses, I measure the literacy rate among cohorts who were

of elementary school age during the electoral term. I find that in two-round municipalities,

drop-out rates are significantly lower, 1.65 percentage points off a baseline of 3.21 percentage

points; literacy rates are also significantly higher among elementary cohorts, 1.20 percentage

points off a baseline of 91.45 percentage points (Figure 1.14 and Panel A of Table 1.15).

While the drop-out rates are lower, this does not necessarily lead to improved passing rates

or worsened failing rates. These results suggest that differential public goods provision in

two-round municipalities lead to some improvements in education outcomes.

Economic outcomes.– If two-round municipalities lead to improved education outcomes, this

may result in improved economic outcomes. I find some – though limited– improvements

on broader economic outcomes (Panel B of Table 1.15). Using the 2000 and 2010 Demo-

graphic Census, I measure the fraction of low-income households, income per capita, and

the unemployment rate. These outcomes are measured between 2 and 10 years after the

election.30 Using the 1997-2013 NOAA night lights series, I measure the mean night lights
30For the 1996 elections, outcomes are observed 4 years later in the 2000 Demographic Census. For the

2000, 2004, and 2008 elections, outcomes are observed 10, 6, and 2 years later in the 2010 Demographic
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Table 1.13 Regression discontinuity estimates on resources in municipal schools, for schools at
different quartiles in the municipal distribution

Mean level of resources in schools at different quartiles
1st quartile 2nd quartile 3rd quartile 4th quartile

(Bottom 25%) (Top 25%)
Panel A: Equipment
TwoRound 0.082∗∗ 0.066∗ 0.069∗ 0.038

(0.035) (0.037) (0.042) (0.029)

Single-round mean 0.652 0.733 0.781 0.856
Observations 700 728 760 748

Panel B: Infrastructure
TwoRound 0.116∗∗ 0.102∗∗ 0.056 0.013

(0.046) (0.047) (0.035) (0.021)

Single-round mean 0.540 0.689 0.814 0.914
Observations 776 764 784 780

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Equipment and Infrastructure are indices constructed by taking the first principal component of a school’s
equipment and infrastructure elements, then calculating the school’s percentile in the national distribution.
Dependent variables are the mean index level of equipment (Panel A) and infrastructure (Panel B) elements,
separately by quartiles. Quartiles are defined by the school’s percentile in the municipal distribution in the
year prior to the election. Estimation method: Local linear regression with election-year fixed effects and
a 50,000 voter bandwidth. Population density included as a control separately across the cutoff. Standard
errors clustered at the municipality level.

level in the municipality. I find that the fraction of low-income households is significantly

lower. This may be a false positive, as the coefficient is large relative to the mean; controlling

for the pre-election level reduces the coefficient to −1.477 percentage points (p = 0.0872).

Coefficients on the other outcomes suggest that two-round municipalities lead to improved

economic outcomes (income per capita is higher, unemployment is lower, and night lights is

higher), but that this effect is not significant.

While two-round elections may simply not lead to improved economic outcomes, there

may be several reasons that this is a false negative. First, the public goods and policies

Census.
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Figure 1.14 Regression discontinuity plots of municipal education outcomes
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(a) Drop-out rate
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(b) Elementary literacy rate

Drop-out rate is from the School Census. It is the mean rate across schools in the municipality. Elementary
literacy rate is from the 2000 and 2010 Demographic Census. It is the literacy rate of cohorts who are of
elementary school age during the mayoral term. In each panel, each point plots an average value within a
7,500 voter bin. Variables on the vertical axis are residualized by population density and election-year fixed
effects. Diameter of the points is proportional to the number of observations. Confidence intervals (dashed
lines) represent the 95% confidence intervals of a local linear regression (solid red line) with standard errors
clustered at the municipality level.

that Brazilian mayors implement may have limited or no influence on economic outcomes.

Outside of health and education, mayors are also responsible for local infrastructure, such as

public transportation; urban planning; and public health, such as sanitation. It is possible

but unlikely that these policies do not influence outcomes such as income and employment.

Second, it could be that there are no improvements in economic outcomes in the short term.

Outcomes such as income and night lights may take more than 2 to 10 years to improve. Third,

improvements in economic outcomes may not be experienced in aggregate, but only among

certain populations. For example, I find that increased school resources are concentrated
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Table 1.15 Regression discontinuity estimates on municipal education and economic outcomes

Panel A: Education outcomes

Drop-out rate Failing rate Passing rate Elem. literacy
rate

TwoRound −1.649∗∗ −0.747 2.330 1.199∗
(0.667) (1.115) (1.459) (0.710)

Single-round mean 3.211 8.645 88.283 91.445
Observations 909 908 909 177

Panel B: Economic outcomes

Low income rate Income per
capita

Unemployment
rate Night lights

TwoRound −5.186∗ 64.667 −0.964 2.715
(3.079) (61.782) (0.635) (3.306)

Single-round mean 27.929 762.417 9.815 22.527
Observations 177 177 177 763

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Panel A: Municipal education outcomes. Drop-out rate, Failing rate, and Passing rate are from the School
Census. They are the mean rate across schools in the municipality and should add up to 1 in each school.
Elem. literacy rate is from the 2000 and 2010 Demographic Census. It is the literacy rate of cohorts who are
of elementary school age during the mayoral term. Panel B: Municipal economic outcomes. Low income rate,
Income per capita, and Unemployment rate are from the 2000 and 2010 Demographic Census. Low income
rate is the fraction of households earning between 0 and 50% of the minimum wage. Income per capita is the
average monthly household income per capita, in reais. Night lights is from the 1997-2013 NOAA night lights
series. It is the mean night lights level in the municipality. Estimation method: Local linear regression with
election-year fixed effects and a 50,000 voter bandwidth. Population density included as a control separately
across the cutoff. Standard errors clustered at the municipality level.

in schools at the bottom of the distribution. This may explain the significant effect on the

low-income rate, which reflects improved outcomes for the poorest households, and not on

more aggregate economic outcomes.

1.5.4 Robustness of the main results

Bias in measures of concentration.– I address two potential sources of mechanical bias in

the concentration indices.

One is the size of the parcels (here, polling stations) used to calculate the indices. The
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number of voters assigned to each polling station is regulated by the TSE, so in principle all

polling stations should be of similar size (on average, there are 272 valid votes at each polling

station). Empirically, the difference in the number of valid votes at each polling station is

small in magnitude (3.605 votes) and insignificant (p = 0.764).

A second concern, although potentially a mechanism, is the increased number of candidates

in two-round elections (Table 1.9). While the indices may be affected by the number of

candidates, the direction of bias is not monotonic (see Section 1.4.4). Nevertheless, I perform

three robustness checks.

First, while the number of candidates is a bad control, as it is an endogenous outcome,

controlling for the number of candidates does not affect the qualitative results (Table A.10).

Second, I simulate the effect of adding an additional candidate to all single-round elections.31

For most measures, the estimated bias is small and, for the coefficient of variation, of the

wrong sign (see the row “Potential bias” in Table 1.5). However, the bias is substantial for

the entropy index. Third, I re-calculate all the outcomes using only the vote shares from the

top two candidates, in order to maintain the same number of candidates across single- and

two-round elections. Doing so does not substantially change the results (Table 1.7).

Calculating the resource index.– The resource index is constructed by taking the first

principal component of each school’s resources, then calculating a school’s percentile rank in

the national distribution. Using a resource index constructed by taking the z-scores of each

school’s resources, then calculating a school’s percentile rank in the national distribution,

does not affect the qualitative results (Table A.11).

RDD design.– I investigate the robustness of my results to the regression discontinuity design.

First, these results are not driven by the choice of bandwidth, whether fixed or chosen by a

data-driven method (Figures A.12 and A.13 for voter concentration outcomes; Figures A.14

31I do this by adding in a last-place candidate to each polling station. I assign that candidate the number
of votes the average last-place candidate receives (1.5%). I take away a proportionate number of votes from
the other candidates, to ensure that the total number of voters remains the same. I then calculate the change
between the actual value and the simulated value.
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and A.15 for municipal school outcomes; Figure A.16 for education outcomes). The estimates

maintain similar magnitudes and mostly retain significance for bandwidths out to 150,000

voters, although the estimates for the standard deviation in school resources decline and are

not significant at larger bandwidths. Second, dropping controls from the regression – namely,

population density and election-year fixed effects – does not substantially affect the results,

although the results are noisier (Tables A.17, A.18, and A.19).

Placebo tests.– As discussed in section 1.4.2, I do not find that policy thresholds at 300,000

inhabitants and at 285,714 inhabitants confound my results. First, in placebo regressions,

I do not find similar effects at these thresholds for the mayoral electoral outcomes (Tables

A.20 and A.21).32 Second, I show that any effects of these policies is balanced across both

sides of the threshold (Figure A.4).

I also show that there are no discontinuities at placebo thresholds in registered voters

(170,000; 180,000; 190,000; 210,000; 220,000; 230,000), indicating that the outcomes are

relatively continuous at places where the treatment does not change (Figures A.22 and A.23

for voter concentration outcomes; Figures A.24 and A.25 for municipal school outcomes;

Figure A.26 for education outcomes). The treatment effect is isolated to the actual threshold:

There are no estimates with the same size and significance as at the actual threshold.

1.6 Discussion

In my model, two-round elections lead to different outcomes because candidates adjust

their strategies by offering policies that appeal to a broader group of voters. However, there

may be other explanations. Namely, different types of candidates may enter two-round
32Since the number of inhabitants is not the same as the number of registered voters (nor do they map

1:1), to maintain comparability with the baseline estimates, I use a bandwidth of 125,000 inhabitants. This
bandwidth was determined by taking half of the population range of municipalities in my 50,000 voter
bandwidth (the smallest municipality is 182,082 inhabitants and the largest 434,474 inhabitants). Since the
salary cap was implemented in 2000, I estimate this using elections after 2000. Since the legislature size was
implemented in 2004, I estimate this using elections after 2004.
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elections, or different types of candidates may win two-round elections.33 In the following

section, I explore these explanations and provide suggestive evidence that candidates’ strategic

behavioral responses explain a larger part of the effect of the two-round system.

1.6.1 Selection in candidates

Candidates in two-round elections may have a broader group of supporters because

different types of candidates enter electoral races. For example, two-round elections may

incentivize candidates who are more competent or more relatable to enter. I do not find

that candidates in two-round elections are significantly different from candidates in single-

round elections along observable characteristics: There is no significant difference in age, sex,

educational attainment, or state of birth (Panel A of Table 1.16). Candidates also do not

have different occupational backgrounds (Panel B of Table 1.16).

A second possibility is that different types of candidates win in two-round elections.

However, I also find no evidence that election winners are observably different along the

aforementioned characteristics (Table 1.17).

I do find differences in political affiliation among candidates who enter the elections.

There are more candidates from small parties and who previously ran as mayoral candidates

in two-round elections (Panel A of Table 1.18), but they are not more likely to win (Panel B

of Table 1.18).34 Incumbent candidates are less likely to win two-round elections, but this

result is not robust to other bandwidths. Since smaller parties are more likely to appeal to

narrower electorates, it is unlikely that the identity of the candidate’s party explains the

reduced concentration in vote shares.

Small candidates may enter two-round elections for several reasons. First, they may be
33A third possibility is that voters behave differently in two-round elections, either through turnout or

strategic voting. As mentioned earlier, in Brazil, turnout is mandatory, and so not a major factor. Regarding
strategic voting, Fujiwara (2011) finds that third placed and lower candidates receive higher vote shares in
two-round elections and argues that voters behave less strategically. While this paper is not focused on voter
behavior, I interpret strategic behavioral responses of candidates as an equilibrium outcome that can arise
from the electoral rule directly or indirectly through the electoral rule’s impact on voter behavior.

34I define a “small party” as any party that is not one of the top 5 parties in Brazil by national membership.
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Table 1.16 Regression discontinuity estimates on candidate characteristics

Panel A: Demographic characteristics of candidates

Age Female Univ. degree Born same
state

TwoRound 0.470 −0.065 −0.045 −0.070
(1.514) (0.040) (0.048) (0.049)

Single-round mean 49.955 0.129 0.796 0.784
Observations 264 263 263 263

Panel B: Previous occupation of candidates
Public sector Technical Business

TwoRound −0.008 0.014 0.017
(0.063) (0.059) (0.025)

Single-round mean 0.466 0.388 0.047
Observations 263 263 263

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Outcomes are the average characteristics of candidates in elections. Panel A contains demographic char-
acteristics. Univ. degree is the fraction of candidates whose highest educational attainment is university
or higher. Born same state is the fraction of candidates who were born in the same state as the election.
Panel B contains the industry of candidates’ stated previous occupation. Public sector includes occupations
such as elected positions, judiciary, and workers in public administration. Technical includes occupations
such as scientists, technicians, and artists. Business includes occupations such as administrative positions,
workers in commerce and services, and business owners. Estimation method: Local linear regression with
election-year fixed effects and a 50,000 voter bandwidth. Population density included as a control separately
across the cutoff. Standard errors clustered at the municipality level.

building support for subsequent elections, which is one reason more candidates with previous

campaign experience enter two-round elections. Second, these candidates may seek to gain

positions in the elected administration. Third, and most interestingly, these candidates may

want to influence the top candidates’ platforms. In my model, in the two-round election, the

third candidate indirectly influences the top candidates’ platforms by leading these candidates

to offer policies that appeal to her voters. In reality, the third candidate may influence these

policies more directly, either by strategically shaping her own policy or direct bargaining.
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Table 1.17 Regression discontinuity estimates on characteristics of the winner

Panel A: Demographic characteristics of winners

Age Female Univ. degree Born same
state

TwoRound 0.160 −0.027 0.023 −0.041
(2.763) (0.087) (0.100) (0.071)

Single-round mean 51.608 0.112 0.832 0.789
Observations 264 263 263 263

Panel B: Previous occupation of winners
Public sector Technical Business

TwoRound −0.088 0.069 0.059
(0.137) (0.131) (0.044)

Single-round mean 0.534 0.348 0.043
Observations 263 263 263

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Outcomes are the characteristics of the candidate who won the election. Panel A contains demographic
characteristics. Univ. degree is an indicator for whether the winner’s highest educational attainment is
university or higher. Born same state is an indicator for whether the winner was born in the same state as
the election. Panel B contains the industry of candidates’ stated previous occupation. Public sector includes
occupations such as elected positions, judiciary, and workers in public administration. Technical includes
occupations such as scientists, technicians, and artists. Business includes occupations such as administrative
positions, workers in commerce and services, and business owners. Estimation method: Local linear regression
with election-year fixed effects and a 50,000 voter bandwidth. Population density included as a control
separately across the cutoff. Standard errors clustered at the municipality level.

1.6.2 Strategic behavioral responses by candidates

I find limited evidence that two-round elections cause different types of individuals to

enter or win the elections. Instead, I find evidence that is consistent with candidates adjusting

their strategies during the election.

Reelection incentives.– I rule out that candidates’ different strategic behaviors are caused by

changes in reelection incentives. I do not find a significant difference in the treatment effect

on municipal school resources between mayors in their first term (eligible for reelection) or

their second (Table 1.19).
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Table 1.18 Regression discontinuity estimates on political affiliation of candidates

Previous
candidacy Incumbency Small party PT party Governor’s

party

Panel A: All candidates
TwoRound 0.539∗∗ −0.182 0.721∗∗ 0.038 −0.084

(0.259) (0.155) (0.334) (0.100) (0.136)

Single-round mean 1.652 0.752 2.535 0.636 0.584
Observations 263 263 296 296 263

Panel B: Winner only
TwoRound −0.144 −0.201∗ −0.008 −0.022 −0.012

(0.130) (0.115) (0.127) (0.094) (0.120)

Single-round mean 0.621 0.410 0.369 0.187 0.242
Observations 263 263 296 296 263

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Previous candidacy is whether the candidate ran in a previous mayoral election. Incumbency is whether the
candidate held the position of mayor in a previous term. Small party is any party that is not one of the top 5
parties, by national membership. PT party is whether the candidate is from the Partido dos Trabalhadores.
Governor’s party is whether the candidate is from the party of the incumbent state governor. Dependent
variables are either the number of candidates with that characteristic (Panel A) or an indicator for the winner
having that characteristic (Panel B). Estimation method: Local linear regression with election-year fixed
effects and a 50,000 voter bandwidth. Population density included as a control separately across the cutoff.
Standard errors clustered at the municipality level.

However, it may be the case that term limits are not relevant for mayors in my sample.

In Brazil, mayors face strong incentives to reward their supporters after the election, even

those who are not eligible for reelection. Municipal mayors are viewed as important local

operatives who deliver votes for their parties at the state and federal levels, and it is not

uncommon for mayors to seek office themselves at the state and federal levels.35

This suggests that, in line with the model’s predictions, different outcomes in two-round

elections come instead from candidates adopting different strategies during the campaign,

which I discuss in further detail in the following sections.
35In my sample, 46.2% of mayors stand as candidates in a state or federal election after their term, and

83.7% of mayors have stood at this level either before or after their term. In larger cities, the position of the
municipal mayor is often viewed as a stepping stone to higher office.
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Table 1.19 Regression discontinuity estimates on resources in municipal schools, by possibility
of re-election

Mean level of resources Standard deviation in resources
Equipment Infrastructure Equipment Infrastructure

TwoRound 0.113∗∗ 0.088∗∗ −0.019 −0.044∗∗
(0.047) (0.045) (0.013) (0.018)

TwoRound * FirstTerm −0.034 −0.018 −0.008 0.006
(0.033) (0.029) (0.011) (0.015)

Single-round mean 0.738 0.731 0.121 0.157
Bandwidth size 50,000 50,000 50,000 50,000
Observations 789 789 789 789

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Heterogeneous treatment effects by re-election incentives. FirstTerm is a dummy indicating whether the
mayor is a first-term mayor (eligible for reelection). Equipment and Infrastructure are indices constructed by
taking the first principal component of a school’s equipment and infrastructure elements, then calculating
the school’s percentile in the national distribution. The first two columns (Mean level of resources) have
as the dependent variable the mean index level across schools in the municipality. The last two columns
(Standard deviation in resources) have as the dependent variable the standard deviation in the index across
schools in the municipality. Estimation method: Local linear regression with election-year fixed effects and
a 50,000 voter bandwidth. Population density included as a control separately across the cutoff. Standard
errors clustered at the municipality level.

Concentration between the first and second round.– In Section 1.5.1, I find that the concen-

tration of voters for the top two candidates decreases between the first and second round of

the two-round election. In my model, candidates do not change platforms between rounds.

In reality, it is more likely that candidates adjust their strategies but are constrained in the

extent to which they can do so. There is empirical evidence that candidates qualifying for

the second round rally votes from supporters of the candidates eliminated after the first

round (Pons and Tricaud, 2018). The decrease in concentration between rounds suggests that

candidates adjust their strategies to rally these voters.

Campaign financing.– For the 2004-2012 elections,36 I am able to observe one aspect of

candidates’ strategies: how the campaigns are financed. I find that candidates in two-round
36I exclude the 2016 elections from the sample, as a new campaign finance law was passed in 2016 that

banned donations from corporations.
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elections receive less donations, both on average (Panel A of Table 1.20) and between the

top two candidates (Panel B of Table 1.20). While the outcomes are noisy, the effects are

strongest for donations from corporations: Candidates in two-round elections receive fewer

donations from corporations.37

Table 1.20 Regression discontinuity estimates on campaign donations

Donation amounts received by candidates
Total From individuals From corporations

Panel A: Average donations per candidate
TwoRound −0.225 −0.491 −0.673∗

(0.286) (0.310) (0.404)

Single-round mean 12.844 10.742 11.782
Observations 154 154 154

Panel B: Total donations among top two candidates
TwoRound −0.074 −0.614 −1.023∗

(0.335) (0.492) (0.541)

Single-round mean 14.053 11.717 12.846
Observations 154 154 154

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Panel A: Outcomes are log average donation levels, in reais, received by candidates (total donations in the
election divided by the number of candidates). Panel B: Outcomes are log total donations, in reais, received
by the top two candidates. Donors identified as Individual and Corporation depending on whether the donor
provided a CPF (individual identification number) or CNPJ (corporate identification number). Estimation
method: Local linear regression with election-year fixed effects and a 50,000 voter bandwidth. Population
density included as a control separately across the cutoff. Standard errors clustered at the municipality level.

These results suggest that candidates in two-round elections run their campaigns differently.

For example, candidates may offer policies that appeal to individuals rather than corporations.

To the extent that corporations represent a narrower swath of the electorate, the pattern in

donations suggests that candidates in two-round elections adopt strategies to appeal more

broadly.
37Donors are classified as corporations or individuals, depending on whether a CPF (individual identification

number) or CNPJ (corporate identification number) was filed for the donation.
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1.7 Conclusion

A majority of countries use two-round systems to choose their leaders, and an increasing

number of countries are adopting this system over time. This paper studies how the electoral

rule leads to the election of politicians who represent broader or narrower groups of voters and

distribute state resources differently. To identify the effect of the two-round system, I leverage

a unique rule in Brazilian municipal elections: Municipalities above a threshold of registered

voters hold two rounds, whereas municipalities below this threshold hold a single round. I find

that candidates in two-round municipalities are represented by a geographically broader group

of voters. Once in office, mayors elected under two-round systems provide more resources to

municipal schools and distribute these resources more evenly across schools. I find evidence

that downstream educational outcomes are also improved in two-round municipalities.

I present a model to highlight why two-round elections may lead to these empirical results.

In my model, the second round raises the marginal return to allocating resources. This creates

incentives to (i) increase the government budget and (ii) appeal to voters that candidates in

a single-round system would otherwise ignore. The main intuition is that two-round elections

perform two functions. First, they require a candidate to attain at least 50% of the vote in

order to win. Second, the second round effectively limits the number of candidates to two.

My model proposes that two-round elections lead to different outcomes because candidates

adopt different strategies. I find evidence suggesting that two-round systems cause candidates

to adjust their behavior rather than cause different types of candidates to enter the races.

First, I find evidence indicating that candidates consolidate their bases of support between

rounds. Second, candidates in two-round elections adopt more broadly appealing strategies,

resulting in fewer corporate donors for their campaigns.

If two-round systems lead to positive outcomes, why is the two-round system not more

widely used? The reality is that there are potential trade-offs. First, it may be costly for

voters to vote twice in a short span of time. In Brazil, turnout is lower in the second round
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compared to the first round. Uncovering the reasons for this will help better explain the

costs of two-round systems. Second, I find that in two-round systems, individuals at lower

parts of the distribution benefit. As a result, there may be opposition to implementing

two-round systems by richer households or the elite. Identifying barriers to adopting more

inclusive institutions is crucial to understanding the process of political reform. Finally,

two-round elections may result in better outcomes only when the electorate is composed of

many small groups. Brazil is a multi-party system, and the average single-round election has

4.6 candidates running. Incentivizing candidates to incorporate smaller groups in the coalition

may lead to better outcomes. This may not translate to contexts where the electorate is

composed of two large groups. Providing more empirical evidence of the causal effect of

two-round systems in different contexts would greatly advance our overall understanding of

electoral systems.
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Chapter 2

The Gendered Impact of Anti-Sweatshop
Activism in Indonesia

2.1 Introduction

Is international activism effective at improving the lives of overseas workers? In the 1990s,

companies such as Nike, Adidas, and Reebok became targets of anti-sweatshop activism

and implemented reforms to improve labor standards in their overseas factories. Due to

the gendered workforce of the textile, footwear, and apparel industry, these reforms are

particularly important given the evidence that better economic opportunities for women can

lead to women’s empowerment and better household outcomes (Breierova and Duflo, 2004;

Duflo, 2003; Qian, 2008). This paper studies whether international anti-sweatshop activism

succeeded in generating sustained improvements in labor standards in the textile, footwear,

and apparel industry in Indonesia and whether these reforms improved the well-being of

female workers.

To quantify these effects, I use a difference-in-differences strategy, by comparing differences

among firms and workers before and after the anti-sweatshop movement in either targeted

sectors or locations with targeted firms. I find that the anti-sweatshop movement improved

labor standards in the textile, footwear, and apparel (TFA) sector, and that these improve-

ments affected the educational composition of female workers and had modest impacts on

downstream marriage and fertility outcomes.

This paper focuses on the anti-sweatshop movement and its impact on the TFA sector

in Indonesia. In the 1990s, multinational corporations as well as countries where factories

were located became targets of anti-sweatshop activism due to revelations of labor abuses
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and poor labor standards. Activists pressured companies such as Nike, Adidas, and Reebok

to improve labor standards in their overseas factories. As part of their response, companies

published codes of conduct where they committed to establishing minimum standards,

including improving worker pay, restricting forced overtime, and reducing child employment.

In some cases, these labor standards were specifically aimed at improving female welfare,

such as prohibiting firing of pregnant female workers.

If labor standards improved in factories in Indonesia, the impact of these improvements

can disproportionately affect females, due to the heavily female composition of workers in the

TFA sector. The TFA sector employs a large fraction of women in the manufacturing sector

and has provided an important source of employment for young women. In particular, to the

extent that labor standards specifically aimed at improving female welfare were implemented,

these improvements will solely benefit females. This paper empirically tests whether the

anti-sweatshop movement improved labor standards in TFA factories in Indonesia, and

whether this led to improved outcomes for female TFA workers.

I test these hypotheses by examining both firms and workers in Indonesia between 1980

and 2000. I use a difference-in-differences design with two definitions of treatment. I evaluate

impacts on firms and workers before and after the anti-sweatshop movement. In one strategy,

I compare outcomes across sectors by estimating differences between the TFA sector and

other manufacturing sectors. In a second strategy, I compare outcomes within the TFA sector

and across geographic locations by estimating differences between locations where Nike,

Adidas, and Reebok factories operated and locations where other TFA factories operated. I

obtain four main empirical results.

First, I find higher wage growth in the TFA sector, corroborating the results found

by Harrison and Scorse (2010). I measure real base wages paid to production workers in

manufacturing firms between 1988-2000. I find that wages in the TFA sector grew 3.6 percent

faster relative to the rest of manufacturing and 11.6 percent faster in Nike, Adidas, and

Reebok subdistricts. The estimated effects are significantly stronger when restricting to
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exporting firms. I do not find that these improvements are temporary: these effects remain

sustained throughout the 1990s. I show that these results are not driven by differences in

pre-trends or region-specific shocks. These results indicate that the anti-sweatshop movement

increased wages both at targeted firms and within the broader TFA sector in Indonesia.

Second, labor standards improved for female TFA workers, but only within targeted areas.

Specifically, I examine whether the incidence of child employment and forced overtime were

reduced, by comparing female TFA workers in 1995-2000 relative to 1980 and 1990. I find

that female TFA workers in Nike, Adidas, and Reebok districts were 1.6 percentage points

less likely to be underage, a reduction of 23.2% of the mean rate, and worked 1.45 fewer hours

in the past week, a reduction of 3.3% of the mean weekly hours. On the other hand, I find

the opposite effect within the broader TFA sector: compared to the rest of manufacturing,

female TFA workers were more likely to be underage and worked more hours in the past week.

While the anti-sweatshop movement succeeded in reducing underage employment and forced

overtime in targeted areas, these reforms were not implemented in the broader industry.

Third, the anti-sweatshop movement affected female workers’ decisions to enter and exit

employment in the TFA sector and in the labor force more broadly. Looking at the broader

labor force, between 1992-2000 relative to 1980, female labor force participation increased

among women 15-25 years of age in geographic areas more affected by the anti-sweatshop

movement. Specifically, female labor force participation was 2.6 percentage points higher in

subdistricts with a TFA firm relative to urban areas in other subdistricts and 5.5 percentage

points higher in Nike, Adidas, and Reebok subdistricts. Labor force participation among

broader age groups was unaffected. Looking at the TFA sector, I find that, for TFA workers

compared to the rest of manufacturing in 1998-2000 relative to 1980, educational attainment

increased among all workers but decreased among workers younger than 25 years. I do not

find effects when examining TFA workers in Nike, Adidas, and Reebok subdistricts. Taken

together, these results suggest that the anti-sweatshop movement affected the composition of

the broader TFA workforce and, given the effects on younger cohorts, a portion of this effect
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results from different entry decisions by workers into the sector.

Fourth, I find suggestive evidence of some, but limited, effects on downstream marriage and

fertility outcomes. Female TFA workers, compared to female workers in other manufacturing

sectors in 1998-2000 relative to 1980, were less likely to be married and less likely to have

had children. I find similar, but statistically insignificant effects, when examining TFA

workers in Nike, Adidas, and Reebok subdistricts. However, I do not find effects on other

female empowerment indicators, including the age at marriage, the rate of contraception use,

the age at first child, the number of children born, or children’s school attendance. While

labor standard reforms due to the anti-sweatshop movement had some impacts on women’s

marriage and fertility decisions, overall, these reforms led to modest gains in female autonomy

and empowerment.

This paper is directly related to a literature on the role of manufacturing in developing

countries. Broadly, this literature has examined the development effects of the expansion of

manufacturing (Atkin, 2015; Brambilla et al., 2012; Bustos, 2011; Verhoogen, 2008). A related

literature has focused on labor standards in manufacturing firms. Generally, the literature

has been skeptical regarding the effectiveness of multinationals in enforcing compliance with

labor standards in overseas firms (Amengual and Distelhorst, 2019; Besley and Ghatak, 2007;

Locke et al., 2009; Locke and Romis, 2010; Locke et al., 2007; Short et al., 2015; Toffel

et al., 2015). Even if multinationals are effective, there is a larger question of whether the

implementation of these standards benefits firms and workers (Besley and Burgess, 2004;

Botero et al., 2004; Dragusanu and Nunn, 2018). Both Boudreau (2020) and Harrison and

Scorse (2010) study the implementation of better labor standards in multinational firms and

its subsequent effects. Boudreau (2020) shows that private enforcement of labor standards

can improve compliance with local labor laws in garment factories in Bangladesh and that

enforcement of these standards does not lead to adverse effects on labor productivity, wages,

or employment. Harrison and Scorse (2010) also study the anti-sweatshop movement in

Indonesia. They find that firms increased wages to workers and that the burden of these
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wage increases mostly fell on firms, through reduced investment and profits and increased

probability of closure, and did not lead to reduced employment. This paper builds on these

studies by providing evidence that the anti-sweatshop movement succeeded in both improving

wages and working conditions in TFA factories in Indonesia and examining the effect of these

reforms on workers.

More broadly, this study contributes to a large literature examining the gendered impact

of better economic opportunities for women. These gendered impacts typically take two forms.

One, better economic opportunities for women improve gender equality within households due

to increased returns to investing in female children (Ashraf et al., 2020; Jensen, 2012; Munshi

and Rosenzweig, 2006). Two, better economic opportunities for women lead to changes in

bargaining power within the household and women empowerment, and eventually to better

household outcomes (Breierova and Duflo, 2004; Duflo, 2003; Qian, 2008). Of interest are

Heath and Mobarak (2015), who find that girls remain in school and delay marriage and

childbirth when garment jobs arrive to their villages, and Atkin (2009), who shows that

women who take export manufacturing jobs report stronger bargaining power in the household

and have children who are taller. This paper contributes to this literature by studying how

improving the quality of employment for women can have direct impacts on female workers,

both in the broader labor force as well as those employed in the sector.

The remainder of this paper is organized as follows. Section 2.2 describes the TFA sector

in Indonesia and the anti-sweatshop movement. Section 2.3 presents the empirical strategy

and data sources used. Section 2.4 examines the impact on wages in firms. Section 2.5

presents the results on female workers. Section 2.6 concludes.
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2.2 Context

2.2.1 Female employment in Indonesia

Female labor force participation in Indonesia is considered moderate and was relatively

stagnant between 1990 and 2000, despite robust economic growth and large increases in

female educational attainment. Between 1990 and 2000, the female labor force participation

rate was 50.6% with no sustained growth in the period, while female educational attainment

increased from 5.5 years in 1990 to 6.9 years in 2000 (Figure 2.1a). However, these numbers

have been argued to mask broader trends. Despite decreasing labor force engagement among

women in rural areas, the rise of opportunities in urban wage employment boosted female

labor force participation in urban areas (Schaner and Das, 2016). In particular, these jobs

pay well: in 2000, women employed in the manufacturing sector reported receiving monthly

wages that were 23.0% higher than wages in non-manufacturing sectors in urban areas.

In line with this, TFA emerged as a growing industry in Indonesia during this period. The

number of production workers employed in medium- and large-scale TFA firms increased from

646,545 in 1990 to 1,232,670 in 2000.38 In particular, TFA is a remarkably gendered industry.

First, the TFA sector employs a large fraction of the female labor force in manufacturing.

While firm-level data on female employment is not available before 1995 for the earlier part of

the study period, between 1995-2000, the TFA sector employed 44.9% of female production

workers in manufacturing despite comprising 22.0% of firms in manufacturing (Figure 2.2a).

Second, within TFA firms, the worker composition is heavily female. Between 1995-2000, the

TFA sector employed on average 795,299 female production workers each year, or 66.8% of

production workers in the TFA sector (Figure 2.2b). Among exporters, this fraction is 70.8%.

Within the broader labor market, manufacturing provides an important source of female

employment. Between 1992-2000, female labor force participation rates were on average
38Data on production workers comes from the Statistik Industri, which comprises all manufacturing firms

with over 20 employees.
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Figure 2.1 Trends in female labor force participation
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(a) Female labor force participation and education in Indonesia
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(b) Female labor force participation in subdistricts with textile, footwear,
apparel firms relative to other subdistricts

Figures plot the female labor force participation rate in Indonesia. Panel (a) plots the female labor force
participation rate (solid red line) and educational attainment (dashed black line). Panel (b) plots the female
labor force participation rate in subdistricts with textile, footwear, apparel firms (solid red line) relative to
urban areas in other subdistricts (dashed black line) and rural areas in other subdistricts (dashed gray line).
Fraction in labor force is the number of women whose main activity in the last week was working or looking
for work divided by the number of women aged 15-64. Years of education is the average years of education
among women aged 15-64. Data from the 1990 Population Census and 1992-2000 SUSENAS.

higher in subdistricts where TFA firms operated, at 50.2%, compared to urban areas in

other subdistricts, at 48.9% (Figure 2.1b). Within these subdistricts, TFA firms employ a

large fraction of the female labor force. While data is only available between 1998-2000,
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Figure 2.2 Female employment in textile, footwear, apparel manufacturing
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(a) Female production workers in manufacturing
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(b) Production workers in textile, footwear, apparel firms

Figures plot the total number of paid production workers employed in manufacturing firms. Panel (a) plots
the number of female production workers in textile, footwear, apparel (dark red) vs. all other manufacturing
(light red). Panel (b) plots the number of male (light red) vs. female (dark red) production workers in textile,
footwear, apparel firms. Data from the 1995-2000 Statistik Industri.

in subdistricts where TFA firms operate, 10.4% of the female labor force was employed

in the TFA sector and 21.5% was employed in the manufacturing sector. Employment

in manufacturing is particularly important for women with a moderate level of education.
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Among women with only primary schooling, 15.3% of the female labor force was employed in

the TFA sector and 27.7% was employed in the manufacturing sector.

2.2.2 Anti-sweatshop activism

During the 1990s, the TFA sector in Indonesia came under increasingly critical international

scrutiny. There had been growing concern through the 1970-1980s among academics and

activists regarding labor rights abuses by multinational corporations who had been relocating

production to factories in developing countries. International criticism towards Indonesia

gained traction in 1989, after several articles about wage protests at Nike factories and a

USAID-funded study documenting minimum wage violations in Indonesian factories. Nike in

particular became a prominent target after a 1992 article detailed the low wages received by

workers.39 As the anti-sweatshop movement gained steam, governments and international

agencies also began exerting pressure, both on companies and countries with lower labor

standards. For example, complaints were filed against Indonesia in 1989 under the Generalized

Scheme of Preferences to remove Indonesia’s tariff privileges with the United States. However,

more aggressive action was not carried out until the late 1990s.

The anti-sweatshop movement pushed for the implementation of reforms in multinational

corporations in three ways. One was the adoption by corporations of codes of conduct with

their suppliers. These codes of conduct were meant to establish the expectation of certain

labor standards within factories. Two, the use of external monitors to inspect factories and

ensure compliance with the codes of conduct. This was and remains a source of contention,

as the independence of external monitors was often questioned. This led to the creation of

organizations with purportedly greater independence, such as the Fair Labor Association.

Three, allowing workers to organize. In a few cases, this happened directly, where activists

directly educated and, in some cases, organized workers in factories. For the most part, this

tactic was employed indirectly: activists pushed companies to either sever contracts with
39The article “The New Free Trade Heel: Nike’s Profits Jump on the Backs of Asian Workers” was published

in Harpers Magazine in August 1992.
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suppliers in countries that did not allow workers to organize or to pressure governments to

pass legislation allowing workers to organize.

As the subject of early criticism and pressure, Nike was one of the first movers in response

to anti-sweatshop activism. In 1992, Nike formally published a code of conduct to establish

minimum labor standards in its factories. In 1994, both Nike and Adidas hired Ernest and

Young to conduct factory audits. However, Nike’s code of conduct was not fully implemented

in its factories until 1995-1996 (Murphy and Mathew, 2001).

The main standards which the anti-sweatshop movement advocated for were centered

around wages, work hours, safety standards, and minimum employment ages. Companies

were pushed to provide a minimum living wage, often above the legal minimum wage within

a country. While not every country did so, some countries, including Indonesia, concurrently

increased legal minimum wages due to international pressure.40 Standards on work hours

set out to establish a maximum work week, due to allegations of forced overtime and little

overtime pay. Safety standards addressed concerns of indoor air quality, handling of toxic

chemicals, and workplace injuries. Finally, reports of underage employment led to demands

for minimum employment ages, although companies often set these according to a country’s

minimum age of employment which could be as young as 14 years in some countries.41

In its 1992 code of conduct, Nike established a minimum age of 16 years in its apparel

factories and of 18 years in its footwear factories. Anti-sweatshop activists also pushed for

the implementation of other labor standards, such as prohibiting discrimination and firing

of pregnant workers and education programs for workers, although these were adopted by

companies to varying degrees.
40Minimum wage increases occurred throughout the early 1990s, with the real minimum wage doubling

between 1990 and 1995 (Rama, 2001). Indonesia also passed legislation to standardize minimum wages across
provinces by establishing a consumption bundle which each province would use to set its minimum wage.

41The legal age of employment in Indonesia during the study period was 15 years.
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2.3 Empirical strategy

My identification strategy uses a difference-in-differences estimator to quantify the effects

of the anti-sweatshop movement. As in Harrison and Scorse (2010), I consider two definitions

of treatment: (i) being in the TFA sector, relative to all other manufacturing sectors, and

(ii) being in the TFA sector in a location where a Nike, Adidas, or Reebok factory operates,

relative to the TFA sector in other locations. Treatment (i) compares across sectors within

locations. Treatment (ii) compares within the TFA sector across locations. Locations are

defined as either districts or subdistricts, depending on data availability. I compare outcomes

before and after 1992, the year Nike published a code of conduct establishing worker wages

and labor standards.

I begin with a difference-in-differences regression that compares outcomes before and after

1992 in treated units relative to non-treated units. When estimating the effects on worker

wages, the unit is a firm. When estimating the effects on female TFA workers, the unit is an

individual. Formally, I estimate the following OLS regression:

log yit = α + β1 TREATi · POST92t + β2d t · ωd + δt + γi + εit (2.1)

where for a unit i in year t, yit is the outcome variable; TREATi is an indicator equal to 1

if a unit is considered treated; POST92t is an indicator equal to 1 if the year is after 1992;

t · ωd are district-specific (or province-specific) time trends;42 δt is a time fixed effect; and γi

is a time-invariant fixed effect. Following Abadie et al. (2017), standard errors are clustered

at the level at which treatment is assigned. Sections 2.3.1 and 2.3.2 discuss the fixed effects

and standard errors used for each identification strategy in further detail.

The main coefficient of interest is β1, which indicates the change in outcomes before and

after 1992 in treated units relative to non-treated units. β1 identifies the causal impact of
42District-specific time trends are included in analyses at the subdistrict level. Province-specific time trends

are included in analyses at the district level.
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the adoption of better working standards in TFA factories due to anti-sweatshop activism

under the assumption that, absent anti-sweatshop activism, treated units and non-treated

units would have had parallel trends.

I also estimate an “event-study” specification where I allow the difference-in-differences

estimator to vary by year:

log yit = α +
∑
t6=T0

β1t TREATi · 1[Y EARt = t] + β2d t · ωd + δt + γi + εit (2.2)

for a reference pre-period T0, which I define as the first year available prior to 1992. Equation

2.2 allows me both to examine dynamic effects in the post-treatment period and, when

multiple pre-treatment periods are available, to test for pre-trends by testing β1,t = 0 for

t < 1992.

The inclusion of time-invariant fixed effects allows me to control for unit or location

characteristics that are fixed across time. The inclusion of year fixed effects allows me

to control for common shocks across all units within each year. I include district-specific

(or province-specific) time trends in order to control for long-run trends at the district (or

province) level, such as economic growth or demographic changes.

Subdistricts where Nike, Adidas, and Reebok contractors operated are identified by using

the factory disclosure lists published by Nike, in 2005, and by Adidas, in 2010.43 This is

an important limitation, as this list reports firms operating after my sample period which

may be a biased sample of firms. For example, Nike, Adidas, or Reebok may have canceled

contracts with firms unwilling to comply with the new labor standards. As in Harrison and

Scorse (2010), I compare my list of firms with those named in newspapers from the time

period, and confirm that many of these firms are on my list.
43Adidas acquired Reebok in 2005, so the disclosure list in 2010 contains both company’s factories.
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2.3.1 Effects on wages

To estimate the effect on wages, I define treatment as follows: (i) if a firm is TFA firm,

relative to all other manufacturing firms and (ii) if a TFA firm is in a subdistrict (or district)

where a Nike, Adidas, or Reebok factory operates, relative to all other TFA firms.

Because the firm-level data is a panel, I estimate a panel regression for treatment (i). In

other words, the time-invariant fixed effects are firm fixed effects when estimating equations

2.1 and 2.2. For treatment (ii), the time-invariant fixed effects are subdistrict (or district)

fixed effects. Standard errors are clustered at the level at which treatment is assigned: either

at the firm level, if treatment (i), or at the subdistrict (or district) level, if treatment (ii).

I measure the real base wage paid to production workers using the 1988-2000 Statistik In-

dustri, the annual manufacturing survey conducted by the Indonesian government’s statistical

agency Badan Pusat Statistik. The survey covers all manufacturing firms in Indonesia with

over 20 employees. Between 14,664 (in 1988) and 22,997 (in 1996) firms are represented in the

survey. The survey is a panel, with each firm having on average 6.2 observations during this

period. Real wages are the base wage paid to production workers, deflated by the consumer

price index (CPI), where the CPI is equal to 100 in 2010.44

Prior to 1992, production worker wages were, on average, 1,008.6 thousand rupiahs

(approximately 110 USD) lower in TFA firms compared to the rest of the manufacturing

sector (Figure 2.3a). By 1996, the year after Nike fully implemented its new code of conduct,

this gap narrowed to 825.6 thousand rupiahs (90 USD). Similarly, within TFA firms prior to

1992, production worker wages were 1042.3 thousand rupiahs (110 USD) lower in subdistricts

where Nike, Adidas, and Reebok factories operated (Figure 2.3b). By 1996, firms in these

subdistricts were paying production workers more – on average, 2642.4 thousand rupiahs

(290 USD). Equation 2.1 empirically tests whether these differences narrowed significantly

after 1992.
44Wages are calculated by dividing the firm’s wage/salary expenses for production workers (excluding

overtime, gifts, bonuses, etc.) by the total number of paid production workers.
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Figure 2.3 Trends in production worker wages
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(a) Wages in manufacturing
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(b) Wages in textile, footwear, apparel firms

Figures plot the real wage paid to production workers. Panel (a) plots the wage in textile, footwear, apparel
(dashed line) vs. all other manufacturing (solid line) firms. Panel (b) plots the wage in textile, footwear,
apparel firms in Nike, Adidas, Reebok subdistricts (dashed black line) vs. in all other subdistricts (solid red
line). A firm is considered in textile, footwear, apparel if the firm reported this as its main product for all
years between 1988-1991. Sample comprises firms reporting exporting a positive percentage of output for all
years between 1992-1995. Data from the 1988-2000 Statistik Industri.

I estimate equations 2.1 and 2.2 separately on the full sample of firms and on a subsample

of international firms. To identify international manufacturing firms, I restrict the sample to
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firms reporting exporting a positive percentage of output for all years between 1992, when

Nike established its code of conduct, and 1995, when these reforms were fully implemented.

For treatment (i), I consider a firm to be in textile, footwear, and apparel if this was

the main product reported by the firm for all years in the pre-treatment period between

1988-1991. For treatment (ii), because subdistricts are only available in the 1994-1997 Statistik

Industri, I identify subdistricts where Nike, Adidas, and Reebok factories operated based on

the subdistrict a firm reported operating in in 1994. When expanding treatment (ii) to the

district level, I identify districts where Nike, Adidas, and Reebok factories operated based on

the district a firm reported operating in for that year.

2.3.2 Effects on female textile, footwear, and apparel workers

To estimate effects on female TFA workers, I define treatment as follows: (i) if a woman is

employed in the TFA sector, relative to women employed in all other manufacturing sectors

within the same subdistrict (or district) and (ii) if a woman employed in the TFA sector

resides in a subdistrict (or district) where a Nike, Adidas, or Reebok factory operates, relative

to all other women employed in the TFA sector.

For treatment (i), the time-invariant fixed effects are subdistrict-industry (or district-

industry) fixed effects when estimating equations 2.1 and 2.2. For treatment (ii), the

time-invariant fixed effects are subdistrict (or district) fixed effects. Standard errors are

clustered at the level at which treatment is assigned: either at the subdistrict-industry (or

district-industry) level, if treatment (i), or at the subdistrict (or district) level, if treatment

(ii).

To measure outcomes for female workers, I draw on data from three sources: the 1992-

2000 Survei Sosial Ekonomi Nasional, also known as SUSENAS; the 1980 and 1990 Sensus

Penduduk, the decennial population census; and the 1995 Survei Penduduk Antar Sensus, the

intercensal survey, also known as SUPAS. These are conducted by the Indonesian government’s

statistical agency Badan Pusat Statistik. SUSENAS is a nationally representative household
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survey comprising around 200,000 households. For the censuses, I use the 5% sample of the

1980 census, the 5% sample of the 1990 census, and the 0.5% sample of the 1995 intercensal

survey.

Because each data source contains different variables and different identifiers for geographic

location and industry, various subsets of the data are used for each outcome and specification

based on the data availability. Table B.1 lists the variables and identifiers available for

each data set. The pre-treatment period comprises 1980 for the subdistrict level analysis

and comprises 1980 and 1990 for the district level analysis. The availability of subdistrict

identifiers is a limitation of the data, as 1980 is the most recent pre-treatment period for the

subdistrict level analysis, over 10 years prior to the onset of the anti-sweatshop movement.

In addition to this, for analysis at the subdistrict level, I am unable to test for the presence

of pre-trends.

I restrict the sample to women i) residing in subdistricts (or districts) where TFA firms

operate and ii) employed in the manufacturing sector. Subdistricts (or districts) where TFA

firms operate in are identified from the 1994 Statistik Industri, which is the earliest survey

year with firm subdistrict locations. TFA firms were located across 237 subdistricts in 76

districts, of which 44 subdistricts in 19 districts contained Nike, Adidas, and Reebok factories.

For treatment (i), I consider an individual to be in textile, footwear, and apparel if this

was the industry reported as the individual’s main job. Necessarily, these individuals are

currently working, as an individual’s industry is not collected if she is looking for work. For

treatment (ii), I identify Nike, Adidas, and Reebok subdistricts (or districts) based on the

individual’s subdistrict (or district) of residence, ie. where she was surveyed.

When estimating the effects on female labor force participation, I conduct a slightly

different analysis. I define treatment as follows: (i) if a woman resides in a subdistrict (or

district) where a TFA firm operates, relative to women residing in urban areas in all other

subdistricts (or districts) and (ii) if a woman resides in a subdistrict (or district) where a Nike,

Adidas, or Reebok factory operates, relative to women residing in subdistricts (or districts)
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where a TFA firm operates.

2.3.3 Identification concerns

Each identification strategy identifies a specific treatment effect and has its advantages

and disadvantages. Treatment (i) identifies the effect of being in the TFA sector relative

to other manufacturing sectors. By comparing firms or workers in the same subdistrict (or

district), treatment (i) keeps constant confounding factors that are location-specific, such as

access to markets or migration decisions. However, selection into industries (for both firms

and workers) is non-random and comparing firms and workers in different industries may

not yield the average treatment effect if the sectoral bias leads to differential trends between

sectors. Treatment (ii) identifies the effect of being in a location where a Nike, Adidas, or

Reebok factory operates relative to other locations. By comparing firms or workers in the

TFA sector, treatment (ii) eliminates the sectoral bias. However, treatment (ii) has two

disadvantages. First, firms and workers may choose to locate in one subdistrict (or district)

over another. If this locational bias leads to differential trends between locations, comparing

firms and workers in subdistricts (or districts) where Nike, Adidas, or Reebok operate will

not identify the average treatment effect. Second, if markets are sufficiently integrated across

locations, the effects of the anti-sweatshop movement may spill over into other firms in the

TFA sector, which will bias any estimated effects towards zero.

One concern is that despite including time fixed effects, unit or location fixed effects, and

district-specific (or province-specific) time trends, omitted variable bias remains. Specifically,

there may be time-varying characteristics that are correlated with treatment and that lead

to differential trends between treated and non-treated units. I address this by estimating

an alternative specification where I replace the time fixed effects with province-by-year (or

island-by-year) fixed effects.45 Doing so allows me to control for common regional shocks,

such as weather shocks.
45Province-by-year fixed effects are included in analyses at the subdistrict level. Province-by-island fixed

effects are included in analyses at the district level.
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2.4 The impact of anti-sweatshop activism on firms

Did the anti-sweatshop movement succeed in increasing wages in firms manufacturing

textile, footwear, and apparel? In this section, I present evidence that anti-sweatshop activism

increased wages paid to production workers in the textile, footwear, and apparel sector, and

significantly so in firms located in Nike, Adidas, and Reebok subdistricts.

2.4.1 Effects on wages

I find that wages grew significantly more between 1992-2000 relative to 1988-1991 in

the TFA sector relative to the rest of manufacturing (Table 2.4). Wages in the TFA sector

grew 3.6 percent faster relative to the rest of manufacturing (Column 1). This effect is

particularly pronounced among exporters (Column 2) a.nd firms located in subdistricts where

Nike, Adidas, and Reebok factories operate (Columns 3 and 4). Among exporters, wages

in the TFA sector grew 13.8 percent faster and, in Nike, Adidas, and Reebok subdistricts,

16.8 percent faster. Since anti-sweatshop activism was aimed primarily at firms exporting

products to international markets, it is not surprising that the impacts on wage growth are

concentrated among exporting firms.

Wage increases in the TFA sector were small to zero in 1992 but began taking effect in

1993 and remained sustained throughout the period until 2000 (Figure 2.5). Among exporters,

the treatment effects are lower after 1998, suggesting that while wage increases were sustained

in the TFA sector, the growth became more modest in later years. It is also possible that

more modest growth after 1998 is due to the 1997 Asian financial crisis.

I next turn to estimating wage growth among TFA firms, but focus on comparing TFA

firms in areas more heavily targeted by anti-sweatshop activism with those in other areas. I

find that wage growth was significantly higher in locations with Nike, Adidas, and Reebok

factories (Table 2.6). Wages in TFA firms grew 11.6 percent faster in Nike, Adidas, and

Reebok subdistricts compared to other subdistricts (Column 1). Among exporters, the
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Table 2.4 Estimates on production worker wages: all manufacturing

Treatment variable: Firms producing textile, footwear, apparel

Sample Full sample Exporters
Nike, Adidas,

Reebok
subdistricts

Exporters in
Nike, Adidas,

Reebok
subdistricts

(1) (2) (3) (4)

TREAT × POST92 0.036∗∗∗ 0.138∗∗∗ 0.083∗∗∗ 0.168∗∗
(0.012) (0.052) (0.029) (0.077)

Firms 40,103 2,677 3,029 486
Observations 169,575 13,537 23,259 3,065
Dep. var. mean 8.627 8.923 8.995 9.079

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Dependent variable is the log real base wage paid to production workers. Treatment is firms producing textile,
footwear, apparel for all years between 1988-1991, relative to the rest of manufacturing. Full sample is the
full sample of firms. Exporters is the sample of firms reporting exporting a positive percentage of output for
all years between 1992-1995. Nike, Adidas, Reebok subdistricts is the sample of firms located in subdistricts
where Nike, Adidas, Reebok factories operate. F-stat for coefficient on TREAT × POST92 in (1) = (2) is
9.51 (p = 0.002), in (1) = (3) is 10.90 (p = 0.001), in (2) = (4) is 7.32 (p = 0.007), and in (3) = (4) is 7.34
(p = 0.007). Estimation method: Regression includes year fixed effects, firm fixed effects, and district-specific
time trends. Standard errors clustered at the firm level.

treatment effect is significantly larger: wage growth was 21.1 percent higher in Nike, Adidas

and Reebok subdistricts (Column 2). This mirrors the result in the previous analysis, in that

treatment effects are stronger among firms exporting products to international markets. I

find similar effects when expanding the geographical area to the district level, by comparing

TFA firms in districts where Nike, Adidas, and Reebok operate with TFA firms in other

districts. Wages grew 5.6 percent and 7.2 percent more in Nike, Adidas, and Reebok districts

among all firms and among exporting firms, respectively, although the treatment effects are

not statistically significant at the 10% level among exporters (Columns 3 and 4).

To test the validity of the difference-in-differences estimates, I test for differences in

pre-trends by estimating the difference-in-differences estimate separately by year among the

sample of exporting firms. I do not find evidence of statistically significant differences in

pre-trends prior to 1992 when the treatment is defined as the TFA sector (Figure 2.5) or being
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Figure 2.5 Estimates by year of production worker wages: all manufacturing

●

●
●

●

●

●

●
● ●

● ●

●
●

−0.2

0.0

0.2

0.4

1988 1990 1992 1994 1996 1998 2000

C
oe

ffi
ci

en
ts

 o
n 

T
R

E
AT

 x
 Y

E
A

R

(a) Exporters

●

●

●
●

●

●

●

●

● ●

●

●

●

−0.1

0.0

0.1

0.2

1988 1990 1992 1994 1996 1998 2000

C
oe

ffi
ci

en
ts

 o
n 

T
R

E
AT

 x
 Y

E
A

R

(b) Firms in Nike, Adidas, Reebok subdistricts

Dependent variable is the log real base wage paid to production workers. Treatment is firms producing
textile, footwear, apparel for all years between 1988-1991, relative to the rest of manufacturing. The thicker
vertical lines represent the 90% confidence interval and the thinner vertical lines represent the 95% confidence
interval. Exporters is the sample of firms reporting exporting a positive percentage of output for all years
between 1992-1995. Nike, Adidas, Reebok subdistricts is the sample of firms located in subdistricts where
Nike, Adidas, Reebok factories operate. Estimation method: Regression includes year fixed effects, firm fixed
effects, and district-specific time trends. Standard errors clustered at the firm level.

located in a Nike, Adidas, and Reebok subdistrict (Figure 2.7). Further, the estimated effects

are of similar magnitude and significance after including province-by-year (or island-by-year)

fixed effects to account for regional shocks (Tables B.2 and B.3).
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Table 2.6 Estimates on production worker wages: textile, footwear, apparel

Treatment variable: Firms in
Nike, Adidas, Reebok

subdistricts

Treatment variable: Firms in
Nike, Adidas, Reebok districts

Sample All TFA TFA exporters All TFA TFA exporters
(1) (2) (3) (4)

TREAT × POST92 0.116∗∗∗ 0.211∗∗
(0.032) (0.103)

TREAT × POST92 0.056∗ 0.072
(0.029) (0.081)

Firms 4,966 345 4,966 345
Observations 32,555 2,802 37,898 3,092
Dep. var. mean 8.598 8.824 8.598 8.824

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Dependent variable is the log real base wage paid to production workers. For Columns 1-2, treatment is
textile, footwear, apparel firms operating in Nike, Adidas, Reebok subdistricts, relative to textile, footwear,
apparel firms in other subdistricts. For Columns 3-4, treatment is textile, footwear, apparel firms operating
in Nike, Adidas, Reebok districts, relative to textile, footwear, apparel firms in other districts. All TFA is the
full sample of firms producing textile, footwear, apparel for all years between 1988-1991. TFA exporters is
the sample of textile, footwear, apparel firms reporting exporting a positive percentage of output for all years
between 1992-1995. F-stat for coefficient on TREAT × POST92 in (1) = (2) is 8.71 (p = 0.003) and in (3) =
(4) is 1.94 (p = 0.165). Estimation method: Regression includes year fixed effects, subdistrict fixed effects
(in Columns 1-2), district fixed effects (in Columns 3-4), district-specific time trends (in Columns 1-2), and
province-specific time trends (in Columns 3-4). Standard errors clustered at the subdistrict level (Columns
1-2) or district level (Columns 3-4).

2.5 The impact of anti-sweatshop activism on female workers

In this section, I ask three questions. One, did the anti-sweatshop movement improve the

working conditions of female workers in textile, footwear, and apparel? In Section 2.5.1, I

find that the movement succeeded in achieving its goals of reducing underage employment

and forced overtime, but only in areas targeted by the activism and not in the textile,

footwear, and apparel industry more broadly. Two, did the anti-sweatshop movement affect

the composition of workers in the sector? Given that wages and labor standards improved,

different types of workers may choose to enter and exit employment in textile, footwear, and

apparel and the labor force more broadly. In Section 2.5.2, I find that female labor force
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Figure 2.7 Estimates by year of production worker wages: textile, footwear, apparel
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(b) TFA exporters

Dependent variable is the log real base wage paid to production workers. Treatment is textile, footwear,
apparel firms operating in Nike, Adidas, Reebok subdistricts, relative to textile, footwear, apparel firms in
other subdistricts. The thicker vertical lines represent the 90% confidence interval and the thinner vertical
lines represent the 95% confidence interval. All TFA is the full sample of firms producing textile, footwear,
apparel for all years between 1988-1991. TFA exporters is the sample of textile, footwear, apparel firms
reporting exporting a positive percentage of output for all years between 1992-1995. Estimation method:
Regression includes year fixed effects, subdistrict fixed effects, and district-specific time trends. Standard
errors clustered at the subdistrict level.

participation increased in locations affected by the anti-sweatshop activism and that the

educational composition of workers in the broader textile, footwear, and apparel sector was

affected. Specifically, educational attainment increased among all workers but decreased

among younger cohorts of workers. Three, did the anti-sweatshop movement affect more

downstream outcomes on female autonomy and empowerment? Improved wages and labor
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standards can lead to both higher household income and empowerment of women within the

household. In particular, specific labor standards that were advocated, such as maternity

policies, may directly affect women’s marriage and fertility decisions. In Section 2.5.3, I find

some, but limited, effects on women’s marriage decisions and fertility outcomes. Specifically,

I find that fewer female textile, footwear, and apparel workers are married and have children.

2.5.1 Labor standards

Section 2.4.1 demonstrated the anti-sweatshop movement succeeded in increasing wages

paid to production workers in TFA firms. In this section, I directly examine female TFA

workers and ask: did the anti-sweatshop movement achieve its other goals around labor

standards? Outside of increasing wages, the anti-sweatshop movement called for implementing

minimum employment ages and reducing forced overtime. I find that while the broader TFA

sector did not achieve these reforms, there is suggestive evidence that these reforms were

achieved in areas targeted by the activism.

When comparing women employed in the TFA sector relative to the rest of manufacturing,

I find that women employed in the TFA sector were more likely to be underage and worked

more hours in the past week (Columns 1 and 2 of Table 2.8) – effects that go in the

opposite direction of the anti-sweatshop movement’s goals. These effects are much weaker and

statistically insignificant when comparing within districts (Column 2), but the district-level

analysis is unable to control for time-invariant characteristics at a fine geographic level. As

a result, I rely on the subdistrict-level analysis: compared to women employed in other

manufacturing sectors, women employed in the TFA sector were 2.3 percentage points more

likely to be underage and worked 2.94 more hours in the past week in 1998-2000 compared to

1980 (Column 1).

These results suggest that some of the labor standards advocated for by anti-sweatshop

activists were not implemented in the broader TFA sector and likely worsened. I next

examine labor standards in areas targeted by the activism by comparing female TFA workers
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Table 2.8 Estimates on labor standards among female textile, footwear, apparel workers

Treatment variable: Employed in
textile, footwear, apparel

Treatment variable: Location
with a Nike, Adidas, Reebok

factory
Geographic level of
analysis

Subdistrict District Subdistrict District
(1) (2) (3) (4)

Panel A Dependent variable: Younger than 16 years of age
TREAT × POST92 0.023∗∗ −0.005

(0.011) (0.004)
TREAT × POST92 −0.009 −0.016∗∗

(0.026) (0.008)

Observations 25,689 169,129 11,564 67,397
Dep. var. mean 0.075 0.073 0.059 0.069

Panel B Dependent variable: Hours worked in past week
TREAT × POST92 2.939∗∗∗ 0.313

(0.846) (0.511)
TREAT × POST92 −0.280 −1.449∗

(1.578) (0.755)

Observations 25,113 165,019 11,293 65,768
Dep. var. mean 42.927 41.352 43.995 43.538

Pre-period 1980 1980, 1990 1980 1980, 1990
Post-period 1998-2000 1995, 1998-2000 1998-2000 1995, 1998-2000

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Dependent variables are an indicator equal to 1 if the individual is younger than 16 years of age (Panel A)
and number of hours worked in the past week (Panel B). For Columns 1-2, treatment is employment in the
textile, footwear, apparel sector, relative to employment in all other manufacturing sectors. For Columns
3-4, treatment is a female textile, footwear, apparel worker residing in a subdistrict or district where a Nike,
Adidas, Reebok factory operates, relative to female textile, footwear, apparel workers residing in subdistricts
or districts where a textile, footwear, apparel firm operates. Estimation method: Regression includes year fixed
effects, subdistrict-industry fixed effects (Column 1), district-industry fixed effects (Column 2), subdistrict
fixed effects (Column 3), district fixed effects (Column 4), district-specific time trends (Columns 1 and 3),
and province-specific time trends (Columns 2 and 4). Standard errors clustered at the subdistrict-industry
(Column 1), district-industry (Column 2), subdistrict (Column 3), or district (Column 4) level.

in locations with a Nike, Adidas, or Reebok factory to female TFA workers in other locations.

I find that labor standards improved in districts with Nike, Adidas, and Reebok factories

(Columns 3 and 4 in Table 2.8). In 1995 and 1998-2000 compared to 1980 and 1990, female

TFA workers were 1.6 percentage points less likely to be underage and worked 1.45 fewer
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hours in the past week (Column 3). These are sizeable improvements: Nike, Adidas, and

Reebok districts experienced reductions in the fraction of underage workers by 23.2% of the

mean rate and in the number of hours worked by 3.3% of the mean weekly hours.

However, I caveat that the latter results are suggestive for two reasons. One, while the

estimates are of the same sign, the treatment effects are weaker and statistically insignificant

when comparing subdistricts (Column 3) rather than districts (Column 4). The subdistrict

results may be underpowered or the district results may be confounded by differential trends

among districts. Second, I find evidence of significant differences in pre-trends in the district-

level analysis (Figure 2.9). While the pre-trends are of the wrong sign, caution is needed in

interpreting the district-level results. Reassuringly, the results are robust to replacing the

year fixed effects with province-by-year or island-by-year fixed effects, which indicate that

the results are not driven by region-specific shocks (Table B.4).

2.5.2 Composition effects on workers

Increased wages and better labor standards in the TFA sector may affect workers’ decisions

to enter and exit employment in the TFA sector and the labor force more broadly. While I

cannot observe the entry and exit of workers into the TFA sector, I examine whether there

are differences in labor force participation and the composition of workers in the TFA sector.

I first examine effects on female labor force participation in geographic areas more affected by

the anti-sweatshop movement. I next examine whether there are changes in the educational

composition of TFA workers.

Female labor force participation.– I find positive effects on female labor force participation

rates among women 15-25 years of age (Table 2.10). Between 1992-2000 compared to 1980,

labor force participation among women 15-25 years of age was 2.6 percentage points higher

in subdistricts with a TFA firm relative to urban areas in other subdistricts (Column 2) and

5.5 percentage points higher in subdistricts with a Nike, Adidas, or Reebok factory relative

to subdistricts with a TFA firm (Column 4). I do not find differences in female labor force
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Figure 2.9 Estimates by year on labor standards in locations with a Nike, Adidas, Reebok factory
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(a) Dependent variable: Younger than 16 years of age
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(b) Dependent variable: Hours worked in past week

Dependent variable in Panel (a) is an indicator equal to 1 if the individual is younger than 16 years of age.
Dependent variable in Panel (b) is the number of hours worked in the past week. Treatment is a female textile,
footwear, apparel worker residing in a district where a Nike, Adidas, Reebok factory operates, relative to
female textile, footwear, apparel workers residing in districts where a textile, footwear, apparel firm operates.
Estimation method: Regression includes year fixed effects, district fixed effects, and province-specific time
trends. Standard errors clustered at the district level.

participation rates among broader age groups: the effects are much smaller in magnitude and

statistically insignificant (Columns 1 and 3).

However, estimates from comparing subdistricts are not consistent with estimates from

comparing districts (Table B.5). Districts with TFA firms experienced lower rates of female

labor force participation in 1992-2000 compared to 1980-1990 (Columns 1-2). Examining the
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Table 2.10 Estimates on female labor force participation

Treatment variable: Subdistrict
with a textile, footwear, apparel

firm

Treatment variable: Subdistrict
with a Nike, Adidas, Reebok

factory
Age group 15-64 15-25 15-64 15-25

(1) (2) (3) (4)

TREAT × POST92 0.005 0.026∗∗∗
(0.008) (0.009)

TREAT × POST92 0.026 0.055∗∗
(0.022) (0.023)

Observations 2,084,724 804,999 460,141 188,530
Dep. var. mean 0.402 0.339 0.373 0.352

Pre-period 1980 1980 1980 1980
Post-period 1992-2000 1992-2000 1992-2000 1992-2000

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Dependent variable is an indicator equal to 1 if the individual is in the labor force. For Columns 1-2, treatment
is residing in a subdistrict where a textile, footwear, apparel firm operates, relative to residing in urban areas
in other subdistricts. For Columns 3-4, treatment is residing in a subdistrict where a Nike, Adidas, Reebok
factory operates, relative to residing in subdistricts where a textile, footwear, apparel firm operates. An
individual is considered in the labor force if the main activity in the last week was working or looking for
work. Estimation method: Regression includes year fixed effects, subdistrict fixed effects, and district-specific
time trends. Standard errors clustered at the subdistrict level.

estimates by year suggests there are statistically significant differences in pre-trends at the

district level (Figures B.6). Because the specification in Table 2.10 controls for district-specific

time trends, this increases confidence in the estimates from comparing subdistricts. However,

because the only pre-period available is 1980, I cannot test for pre-trends at the subdistrict

level. Nevertheless, it is unlikely that the results at the subdistrict level are confounded

by broader differential trends in female labor force participation, as I do not find effects

among women 15-64 years and only find effects among women 15-25 years of age, who are

the predominant age group among females employed in TFA.46

46This is true for manufacturing as well. 46.4% of women employed in manufacturing and 56.5% of women
employed in TFA were younger than 25 years of age. Data from the 1990 Demographic Census.
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Educational composition of workers.– Next, I examine the educational composition of TFA

workers. I measure the highest educational level attained and examine effects separately for

all female workers and younger female workers. Any impacts observed on the educational

composition of all female workers will reflect both entry and exit decisions of workers.

Analyzing younger cohorts of workers allows me to better isolate the impact of the anti-

sweatshop movement on entry decisions.

First, I find effects on the educational composition of workers in the broader TFA sector

but no effects in areas targeted by the anti-sweatshop movement (Columns 1 and 3 of

Table 2.11). In 1998-2000 compared to 1980, females employed in the TFA sector were 5.5

percentage points more likely to have completed secondary schooling (Column 1 of Panel C).

This is a large effect, comprising an increase of 42.0% on the mean rate of secondary schooling.

While not statistically significant, the fraction of female workers with only primary schooling

decreased by 3.6 percentage points (Column 1 of Panel B), suggesting that the composition

of TFA workers shifted from lower to higher levels of educational attainment. I do not find

statistically significant differences in the educational composition of TFA workers in Nike,

Adidas, and Reebok subdistricts compared to TFA workers in other subdistricts (Column 3).

However, as the magnitudes of these estimates are not close to zero, I cannot rule out that

the educational composition of TFA workers in Nike, Adidas, and Reebok subdistricts did

not shift towards more highly educated workers.

Second, I find significantly different effects among younger cohorts of female workers

in the broader TFA sector (Column 2 of Table 2.11). While educational attainment of

workers overall increased, educational attainment of younger workers decreased: in 1998-2000

compared to 1980, women younger than 25 years in the TFA sector were 11.5 percentage

points more likely to have no schooling (Column 2 of Panel A) and 13.3 percentage points

less likely to have completed primary schooling (Column 2 of Panel B), compared to women

younger than 25 years in other manufacturing sectors.

I find qualitatively similar results in the district-level analysis (Table B.7). In particular,
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Table 2.11 Estimates on educational composition of female textile, footwear, apparel workers

Treatment variable: Employed in
textile, footwear, apparel

Treatment variable: Subdistrict
with a Nike, Adidas, Reebok

factory
Age group All ≤ 25 years All ≤ 25 years

(1) (2) (3) (4)

Panel A Dependent variable: No schooling
TREAT × POST92 0.016 0.115∗∗∗

(0.023) (0.025)
TREAT × POST92 −0.022 −0.026

(0.100) (0.098)

Observations 25,690 15,052 11,565 6,949
Dep. var. mean 0.460 0.410 0.390 0.337

Panel B Dependent variable: Primary schooling
TREAT × POST92 −0.036 −0.133∗∗∗

(0.029) (0.038)
TREAT × POST92 −0.009 0.008

(0.126) (0.111)

Observations 25,690 15,052 11,565 6,949
Dep. var. mean 0.391 0.449 0.475 0.535

Panel C Dependent variable: Secondary schooling
TREAT × POST92 0.055∗∗∗ 0.036

(0.017) (0.027)
TREAT × POST92 0.042 0.019

(0.040) (0.039)

Observations 25,690 15,052 11,565 6,949
Dep. var. mean 0.131 0.132 0.125 0.123

Pre-period 1980 1980 1980 1980
Post-period 1998-2000 1998-2000 1998-2000 1998-2000

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Dependent variables are indicators for the highest level of schooling attained: none (Panel A), primary
(Panel B), and secondary (Panel C). For Columns 1-2, treatment is employment in the textile, footwear,
apparel sector, relative to employment in all other manufacturing sectors. For Columns 3-4, treatment is
a female textile, footwear, apparel worker residing in a subdistrict where a Nike, Adidas, Reebok factory
operates, relative to female textile, footwear, apparel workers residing in subdistricts where a textile, footwear,
apparel firm operates. F-stat for coefficient on TREAT × POST92 in (1) = (2) is 8.71 (p = 0.003) for no
schooling (Panel A), 7.29 (p = 0.007) for primary (Panel B), and 4.63 (p = 0.032) for secondary (Panel C).
Estimation method: Regression includes year fixed effects, subdistrict-industry fixed effects (Columns 1-2),
subdistrict fixed effects (Columns 3-4), and district-specific time trends. Standard errors clustered at the
subdistrict-industry (Columns 1-2) or subdistrict (Columns 3-4) level.
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the shift of workers to higher levels of schooling in the broader TFA sector is stronger: in 1995

and 1998-2000 compared to 1980 and 1990, female TFA workers were more likely to have

secondary schooling and less likely to have primary schooling (Column 1 of Panels B and C).

The subdistrict-level results are robust to replacing year fixed effects with province-by-year

fixed effects (Table B.8).

These results suggest that higher wages in the TFA sector affected the composition of

workers, but that better labor standards did not do so. Wages increased both in the broader

TFA sector and in areas targeted by anti-sweatshop activism (Section 2.4.1), but labor

standards did not improve in the broader TFA sector and only improved in areas targeted

by anti-sweatshop activism (Section 2.5.1). I find differences in the educational composition

of workers in the broader TFA sector but not in areas targeted by anti-sweatshop activism,

suggesting that better labor standards did not lead to composition differences. Further, the

results suggest that these reforms affected entry decisions by women into the sector. Labor

force participation increased and educational attainment decreased among younger women in

subdistricts with TFA firms. Taken together, these results imply that wage increases have

stronger impacts on the composition of workers, and that a portion of these composition

effects results from different entry decisions of workers into the sector.

2.5.3 Downstream outcomes for female workers

Before discussing the results, it should be noted that due to the nature of the data and

outcomes measured, all results on downstream outcomes for female workers are suggestive.

This is for three reasons. First, the data is a repeated cross-section and not a panel. As

a result, I only observe outcomes for an individual at a single point in time. Second, it is

plausible that any treatment effect on the outcomes measured will not be observed at the

current point in time but instead in several years. This could be because outcomes evolve

slowly (for example, marriage decisions are unlikely to happen immediately) or because

outcomes happen at certain points in the life cycle (for example, the total number of children
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born is not known for certainty until women are past childbearing age). This is particularly

true for outcomes related to marriage decisions and fertility. While this issue will not confound

the results, it makes it more difficult to detect a treatment effect. Third, I only observe

an individual’s current industry of employment. If the anti-sweatshop movement affected

workers’ decisions to exit the TFA sector, either directly through changes within the industry

(because of better wages and labor standards) or indirectly through women’s marriage and

fertility decisions (for example, if women drop out of the labor force after having a child),

then I only measure outcomes for women who have remained in the TFA sector. This issue

can confound the results as I am only ablve to observe outcomes for women who decide to

remain in the sector. These issues would be mitigated if I observed outcomes in a panel data

setting or if I observed women’s employment histories. However, due to data limitations, I

am unable to to measure outcomes several years later or account for movements into and out

of the TFA sector.

Despite these caveats, estimating effects on these outcomes can still be informative,

particularly for outcomes that may be affected in the short-term and for women who did

not exit the sector. I examine effects on women’s marriage and fertility outcomes, as these

may be related to the higher household income and potential empowerment of women within

the household as a result of improved wages and labor standards. These outcomes are also

directly related to specific labor standards targeting maternity policies, such as forbidding

firing of pregnant workers and providing childcare.

Marriage outcomes.– To begin the analysis on downstream outcomes, I examine women’s

marriage decisions and behavior in marriage and I find some, but limited, effects (Table

2.12): the anti-sweatshop movement reduced the marriage rate among female TFA workers

(Columns 1-2), but did not affect the age at which they married (Columns 3-4) nor the

rates of contraception use (Columns 5-6). Specifically, in 1998-2000 compared to 1980, the

fraction of female workers ever married was 4.9 percentage points lower among TFA workers

compared to other manufacturing workers. While not statistically significant, the effect in
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Nike, Adidas, and Reebok subdistricts is comparable in magnitude: 4.2 percentage points

lower. Despite marriage rates being lower among female workers, I do not find effects on the

age at first marriage. The magnitude of the effects are small (0.053 years younger, when

comparing TFA to all manufacturing, and 0.124 years older, when comparing Nike, Adidas,

and Reebok subdistricts to other subdistricts). It is unlikely that this is due to marriage not

being observed yet for many women, as the average age at marriage in the sample is around

18 years and 77.4% of women in TFA are over 18 years old. However, if women exit the TFA

sector or the labor force when married, this could bias the treatment effect towards zero.

Because data on contraception use is only collected for women who are married, I observe

one aspect of women’s empowerment in marriage: contraception use. I do not find evidence

that the anti-sweatshop movement had an impact on the rate at which women ever use

contraception – the magnitudes are close to zero and statistically insignificant.

Treatment effects in the district-level analysis present contradictory results for marriage

rates and age at first marriage (Table B.9). There is a strong positive effect on the marriage

rate in Nike, Adidas, and Reebok districts (Column 2) and a strong positive effect on the age

at first marriage among TFA workers (Column 3). However, there is evidence of statistically

significant pre-trends (Figure B.10) which suggests that the district-level effects may be

confounded by differential trends at the district level. Reassuringly, the subdistrict-level

analysis is robust to replacing the year fixed effects with province-by-year fixed effects, which

indicates that the results are not confounded by region-specific shocks (Table B.11).

Fertility outcomes.– I next test whether the anti-sweatshop movement had an effect on

women’s fertility outcomes, as fertility may be directly impacted by better labor standards

or indirectly related to marriage decisions, and children’s welfare, which may result from

women’s increased wages and improved working conditions. These results should be taken as

suggestive, as the issues highlighted at the beginning of this section are particularly salient

for these outcomes. With this caveat in mind, I find some effects on fertility but no effects

on children’s outcomes (Table 2.13).
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Fewer women report ever having children both in the broader TFA sector (Column 1)

and in Nike, Adidas, and Reebok subdistricts (Column 2). Specifically, between 1998-2000

compared to 1980, the fraction of women who ever had children is 5.8 percentage points lower

in the TFA sector compared to the rest of manufacturing and 5.4 percentage points lower in

Nike, Adidas, and Reebok subdistricts compared to other subdistricts, although the latter

effect is not statistically significant. Correspondingly, women have 0.162 fewer children in the

TFA sector compared to the rest of manufacturing (Column 5). On the other hand, women in

the broader TFA sector are younger when having their first child (Column 3). However, this

effect is likely spurious, as there is no comparable effect among Nike, Adidas, and Reebok

subdistricts (Column 4) nor in the district-level analysis (Table B.12).

While I do not find evidence of female empowerment along contraception use (Section

2.5.3), I test whether the anti-sweatshop movement affected empowerment along other

dimensions as increased wages may lead to improved outcomes for children in the household.

However, I do not find statistically significant effects on school attendance rates among the

children of female TFA workers (Columns 7 and 8). In particular, the direction of the effects

suggests that outcomes worsened for children of female TFA workers: a lower fraction of

women’s children between 5-18 years are in school. Because the estimates are not close to

zero, I cannot rule out a negative effect on children’s outcomes. While this result is suggestive,

it is puzzling and warrants further investigation.

The district-level analysis presents contradictory results for the fraction of women ever

having children and the number of children born (Table B.12). There is a strong positive

effect on the fraction of women ever having children (Column 2) and a strong positive effect

on the number of children born (Column 3) in Nike, Adidas, and Reebok districts. However,

there is evidence of statistically significant pre-trends (Figure B.13) which suggests that the

effects estimated in the district-level analysis may be confounded by differential trends at the

district level. Reassuringly, the subdistrict-level analysis is robust to replacing the year fixed

effects with province-by-year fixed effects, which indicates that the results are not confounded
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by region-specific shocks (Table B.14).

2.6 Conclusion

As more firms relocate factories to developing countries to take advantage of lower

production costs, this brings a central question regarding the labor standards and welfare of

workers in these factories. This is particularly important given that both public (governments

in developing country) and private (multinational firms and consumers) actors may be limited

in their ability to enforce labor standards. This paper studies the anti-sweatshop movement in

the 1990s which targeted the labor practices of companies such as Nike, Adidas, and Reebok.

I quantify the effect of the anti-sweatshop movement on the textile, footwear, and apparel

industry in Indonesia using a difference-in-differences strategy, by comparing differences

among firms and workers before and after the anti-sweatshop movement in either targeted

sectors or in locations with targeted firms. I test whether the anti-sweatshop movement

improved labor standards in TFA factories in Indonesia and whether this led to improved

outcomes for female workers.

I find that labor standards improved in factories in Indonesia due to the anti-sweatshop

movement along multiple dimensions. First, wage growth was higher in affected sectors

and locations. Second, the fraction of underage workers and the number of hours worked

were reduced in affected locations. These findings suggest that international activism and

reputational concerns can induce multinational firms to effectively enforce better labor

standards in overseas factories.

The implementation of better labor standards had impacts on female workers in the

industry. First, the anti-sweatshop movement affected entry and exit decisions in the TFA

sector and in the labor force more broadly. Female labor force participation increased

among younger women in geographic areas more affected by the movement. I also find that

educational attainment increased among female TFA workers, but that it decreased among

91



younger cohorts of TFA workers. I provide suggestive evidence that entry movements were

influenced more by higher wages and less by better working conditions. Second, I find some,

but limited, effects on women’s marriage and fertility decisions.

While the anti-sweatshop movement was effective in improving labor standards, these

improvements resulted in modest gains in female autonomy and empowerment. This leads

to a broader question of whether improving labor standards can lead to better economic

development and gender equality. One possibility is that longer term studies are needed to

fully rule out that the anti-sweatshop movement did not lead to better outcomes for female

workers. A second possibility is that the standards that were the focus of the movement –

notably, wages, work hours, underage employment, and workplace safety – are not effective in

improving female outcomes. Labor standards more directly targeted to improving women’s

outcomes, such as maternity leave, childcare, and education programs, may be more effective.

Future studies disentangling the impacts of different labor standards can help shed light on

which policies are most effective at improving female welfare.
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Chapter 3

Uncovering Household Self-Targeting with
Machine Learning

3.1 Introduction

Accurately targeting households for social welfare programs is a constant challenge for

governments. In developing countries, where the poor are often concentrated in the informal

sector, this challenge takes on increased significance as governments must deal with issues

surrounding costly income verification and agency problems among those who determine

eligibility (Niehaus and Sukhtankar, 2013; Olken and Pande, 2012; Reinikka and Svensson,

2004). This paper studies both of these issues in the context of a proxy-means testing system

in Colombia, SISBÉN. In particular, this paper documents how households may self-target

by examining household behavior before and after the public release of the mechanism

determining beneficiary status.

To quantify agency issues, I examine patterns in household eligibility status and find that

households manipulated their eligibility status at higher rates after the public release of the

targeting mechanism. To quantify targeting accuracy, I train a machine learning algorithm

on an external data set to predict household poverty and compare its performance with

that of the government’s poverty prediction. I find that the government predicts household

poverty poorly and predicts particularly poorly for households far below the poverty line.

Taken together, these results suggest that households face high incentives to manipulate their

eligibility and I find that, after the public release of the targeting mechanism, households

self-targeted by manipulating their eligibility.

Between 1990-2000, government social spending in Colombia increased from 6.8% to
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11.7% of GDP, reaching a peak of 14.5% of GDP in 1996 and far outpacing the growth in the

rest of Latin America (Figure 3.1 and Huber and Stephens, 2012). As more countries turn to

social programs to decrease poverty, designing targeting systems to allocate social spending

in contexts where income is not readily observable and the government has limited capacity

to monitor distribution is increasingly important. Countries grappling with these issues often

turn to proxy-means testing systems (PMT) to identify beneficiaries. In a PMT, household

information, such as asset ownership and demographics, is collected and used to predict a

household’s poverty status and determine eligibility. However, these systems may be subject

to manipulation, as households may engage in lying or fraud to become eligible, with or

without the cooperation of government officials. This manipulation can increase or decrease

targeting accuracy, depending on whether households who qualify through manipulation are

more or less likely to be eligible.

While many PMTs use sophisticated econometric techniques, there is far from consensus

on their prediction quality (Coady et al., 2004b; Kidd and Wylde, 2011). PMTs rely on

techniques that (i) are un-regularized, which contributes to over-fitting of the data, and (ii)

do not identify interactions in the data, which leads to model mis-specification. These issues

can result in poor out-of-sample predictions and have motivated growing interest in using

machine learning methods to predict household poverty in order to reduce errors in targeting

(Blumenstock, 2016; Mullainathan and Spiess, 2017).47

In 1994, the Colombian government launched SISBÉN I, a national system to identify

beneficiaries for social programs administered by the government. SISBÉN is a PMT that

provides targeting information through an index called the poverty score. In 1997, the

Colombian government disseminated the algorithm for the poverty score to local officials.

Because the benefits of being classified as eligible in SISBÉN are high, households faced high

incentives to manipulate their way into eligibility. This paper (i) studies the implementation

47While outside the scope of this paper, there is also an issue surrounding manipulation and difficulty of
verifying household survey answers. This has motivated work on using information collected from external
sources, such as satellite images or cell phone data, to predict poverty and income (Blumenstock et al., 2015;
Glaeser et al., 2018).
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Figure 3.1 Government social spending in Latin America, 1990-2000
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Figure plots government social spending as a percent of GDP. Social spending defined as government
expenditure on education, health, social security, and welfare. Series for Latin America includes 23 countries
in the Latin America and Caribbean region. Data from Huber and Stephens (2012).

of SISBÉN and the manipulation behavior of households before and after the algorithm for

the poverty score was made public and (ii) evaluates the prediction quality of SISBÉN by

applying machine learning methods to predict household poverty. I use the machine learning

predictions to examine whether households self-target by manipulating their poverty scores.

I first provide evidence of manipulation of poverty scores in SISBÉN. Manipulation

occurred both before and after the release of the poverty score algorithm, but the release

of the algorithm affected the type of manipulation households engaged in. First, I find a

large discontinuity in the density of poverty scores right at the eligibility threshold. This

discontinuity only appears after the release of the poverty score algorithm in 1997, corroborat-
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ing the results found by Camacho and Conover (2011). The magnitude of the discontinuity

is large: a 2.08 percentage point difference in the density of households at the threshold.

Second, I document that one method which households use to manipulate their eligibility

involves directly altering their poverty score. Nearly 300,000 households (5.7% of households

in SISBÉN) engage in this type of manipulation. The pattern of score changes indicates that

these discrepancies resulted from non-random manipulation of poverty scores. However, I

find that the fraction of households altering their poverty scores is higher before the release of

the score algorithm, suggesting that households switched from altering their poverty scores

to other methods of manipulation once the algorithm was released.

Second, the government poverty score predicts household poverty poorly compared to

machine learning predictions. I use external household surveys, the Quality of Life surveys, to

train machine learning algorithms to predict the probability of a household being below the

poverty line. Prediction quality, as measured by log-loss, is significantly worse for the poverty

score. When examining prediction performance at different poverty levels, the poverty score

performs poorly relative to the machine learning predictions and performs particularly poorly

for the households it is meant to target: the gap in performance between the poverty score

and machine learning predictions is highest for households far below the poverty line. Further,

this leads to high levels of targeting errors: on average, the poverty score only considers

households at least 100,000 pesos (58.1% of the minimum wage in 1997) below the poverty

line as eligible for subsidies.

I examine the outputs of the machine learning algorithms to better understand why the

poverty score predicts poorly. First, the poverty score places weight on housing characteristics,

such as housing material and access to utilities, despite there being little variation in these

variables between households. Second, relative to the poverty score, the machine learning

algorithms place much higher weight on characteristics of the household head and educational

attainment. The poverty score also uses several variables that are non-linear transformations

of the raw variables, but the machine learning algorithms did not select these transformed
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variables as predictive. Third, the machine learning predictions placed high weight on

algorithms that are local predictors, indicating that interactions in the data are important

for predicting household poverty. Taken together, this suggests that the frequently cited

criticisms of PMTs – lack of regularization, model selection, and inability to detect interactions

in the data – contribute to the poor performance of the poverty score.

Finally, I provide suggestive evidence that households self-target by manipulating their

poverty scores, but only when they have access to information on the targeting rule. I quantify

self-targeting by measuring the predicted poverty levels of households in SISBÉN and test

whether households who alter their poverty scores are more likely to be eligible. Prior to the

release of the poverty score algorithm, households with altered poverty scores are 5.9− 7.4

percentage points less likely to be predicted as poor than all other households, suggesting

negative self-targeting. After the release of the poverty score algorithm, households with

altered poverty scores are 0.7− 3.6 percentage points more likely to be predicted as poor,

suggesting positive self-targeting. I do not find evidence that this is explained by a higher

rate of survey answer manipulation among households who alter their poverty scores.

This paper is directly related to a literature documenting manipulation in government

social programs. The literature has typically focused on corruption by politicians or bureau-

crats who misallocate or redirect resources (Niehaus and Sukhtankar, 2013; Olken, 2006;

Reinikka and Svensson, 2004) and less on household manipulation. Camacho and Conover

(2011) study manipulation by households and do so in the context of SISBÉN as well. While

Camacho and Conover (2011) document household manipulation, they focus on the political

determinants of household manipulation. This paper contributes to this literature by both

documenting household manipulation and evaluating whether this manipulation improved

targeting accuracy.

More broadly, this paper connects to a large literature debating the design of government

targeting systems (Alatas et al., 2012; Coady et al., 2004a,b; Klasen and Lange, 2016).

While far less widely used than PMTs, the idea of self-targeting mechanisms has received
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discussion (Alatas et al., 2016; Besley and Coate, 1992; Heckman and Smith, 2004; Kleven

and Kopczuk, 2011). Self-targeting typically takes the form of imposing requirements for

program eligibility that are less costly for poor households, such as manual labor requirements

(as in NREGA in India) or administrative complexity. This paper’s contribution is to evaluate

the targeting accuracy of a PMT relative to machine learning predictions, and to examine

whether households can self-target through illicit methods.

This paper is organized as follows. Section 3.2 describes the SISBÉN program in Colombia.

Section 3.3 presents the empirical strategy to quantify manipulation and the procedure to train

the machine learning predictions. Section 3.4 presents the results on household manipulation of

poverty scores. Section 3.5 examines the prediction quality of the machine learning predictions.

Section 3.6 discusses the implications for targeting accuracy. Section 3.7 concludes.

3.2 Context

SISBÉN (El Sistema de Selección de Beneficiarios para Programas Sociales) is the national

system of identification of social program beneficiaries in Colombia. This paper studies the

first iteration of the program, SISBÉN I, which was implemented between 1994 and 2003.48

SISBÉN is a registry of over 25 million individuals and is used by a variety of government

social programs to determine eligibility. The national subsidized health system is the largest

social program relying on SISBÉN, but it is also used by programs administering benefits

such as scholarships, housing subsidies, and conditional cash transfers. SISBÉN is a PMT

providing targeting information through an index called the poverty score that summarizes a

household’s level of economic well-being. A household’s poverty score is calculated through

an algorithm that weights different household socioeconomic variables collected through a

household survey. Officials used an initial survey of 25,000 households to both (i) select the

subset of variables to include in the algorithm and (ii) determine the weights for each variable,

48As of writing, the program is in its fourth iteration, SISBÉN IV.
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through principal component analysis. Weights were developed separately for urban and

rural households. The result is a poverty score that ranges from 0 (most poor) to 100 (least

poor).49 Poverty scores are then used by social programs to identify beneficiaries, with most

social programs employing a threshold of 47 for eligibility.50 Thresholds were determined

using probit estimates to maximize the likelihood of correctly identifying households below

the poverty line.

While SISBÉN is a national program, SISBÉN was initiated in the context of a decentral-

ization effort that began in 1991 and was designed to be primarily used and implemented by

local governments. The survey instruments (Ficha de Caracterización Socioeconómica) and

computer program to calculate the poverty score are developed by the National Planning

Department, Departamento Nacional de Planeación, in the central government. Municipalities

are then responsible for the logistical administration of the surveys – which includes hiring

enumerators and determining the geographic areas targeted and the timing of surveys – and

maintenance of the database. Generally, surveys are geographically targeted to poorer areas

using the neighborhood strata system, Estratificación Socioeconómica. The neighborhood

strata are local assessments of the exterior characteristics of neighborhoods and dwellings,

ranging from 1 (most poor) to 6 (least poor). Households in targeted neighborhoods, typically

those in strata three and below, are surveyed based on a census-style approach, where all

households in a targeted neighborhood are interviewed. This represents the majority of

households in the database. Households in non-targeted neighborhoods can request an

interview.

I study the public release of the poverty score algorithm in late 1997. The algorithm was

released to municipal administrators through an instructional presentation and pamphlet.

Because the algorithm is fairly complex, it is unlikely that households became aware of the

full calculation procedure, although it is possible that some households did. The release
49For a detailed description of the development of the poverty score algorithm, see Castañeda (2005) and

Vélez et al. (1998).
50This is the threshold for urban households. The most common threshold is 30 for rural households.
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of the algorithm appears to have primarily resulted in making households aware that the

purpose of the surveys was to assign a household poverty score and that a score below a

certain threshold determined eligibility for social programs.

3.3 Empirical strategy

3.3.1 Government poverty score

A household’s poverty score is calculated from four subcomponents: housing, utilities,

education, and demographics. The housing and utilities subcomponents are calculated from

household-level variables, such as building characteristics and access to sanitation. The

education and demographics subcomponents are calculated from individual-level variables,

such as household members’ educational attainment or working status. Table C.1 provides

a summary of the variables used in each subcomponent. The SISBÉN survey contains 62

questions, although I am only able to access 26 variables. 19 of these variables are used to

calculate the poverty score.

While some variables are used as-is to calculate the poverty score (for example, roofing

material is directly used to calculate the score), other variables are first transformed (for

example, individuals’ educational attainment is used to first calculate the average years of

education of household members older than 12 years, which then enters the score calculation).

As a result, it is unlikely that households could predict their poverty score without some

knowledge of the algorithm.

I use the administrative SISBÉN survey provided by Camacho and Conover (2011). The

data comprises the sample of urban households living in neighborhood strata level three and

below, where the majority of surveys were targeted, who were surveyed between 1994 and

2003.51 This sample comprises 18,176,019 individuals and 5,245,018 households across 785
51The data includes households surveyed between 1993 and 2006. 1993 is excluded as it was a pilot year.

2004-2006 are excluded as the Colombian government had begun phasing out SISBÉN I for SISBÉN II.
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municipalities.

Score reconstruction.– To identify households who alter their poverty scores, I reconstruct a

household’s poverty score. I do this in two ways. One, using the poverty score variables, I

re-calculate a household’s poverty score using the government’s algorithm. Two, I re-calculate

a household’s poverty score using a household’s subcomponent scores. In the cases that a

household’s poverty score has been altered, this allows me to pinpoint whether altering the

score occurred when calculating the subcomponents or when adding the subcomponents.

Estimating sorting.– To formally estimate the size of the discontinuity in the density of

poverty scores around the eligibility threshold, I use a McCrary test (McCrary, 2008). The

McCrary test is typically used in regression discontinuity designs to test for sorting of the

running variable by estimating the size of a discontinuity in the density of the running variable

around the threshold. However, an issue arises when the running variable is discrete, as in

this case with the poverty scores in SISBÉN.52 Because there are many observations that are

exactly at the threshold, these tests may be biased. To alleviate this bias, I follow Eggers

et al. (2015) and set the threshold to 47.5 (where the actual threshold is 47, as all families

with a score of 47 and below are considered eligible) and check that the bin size is not exactly

a multiple of 0.5.

3.3.2 Using machine learning to predict poverty

The poverty score is the government’s prediction of the probability that a household’s

consumption level lies below the poverty line.53 Because SISBÉN does not contain measures
52The calculated poverty score is not discrete, as it relies on the addition of subcomponents with decimal

values. However, the assigned poverty score is discrete as it is the floor of the calculated poverty score.
53Actually, it is the probability that a household’s consumption level is above the poverty line, since the

score ranges from 0, most poor, to 100, least poor. To compare the poverty score to the machine learning
predictions, which predict the probability that a household’s consumption level is below the poverty line, I
transform the government poverty score, POV SCOREg, as follows:

POV SCOREa = (1− POV SCOREg/100)
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of household consumption levels, I use the 1993, 1997, and 2003 Quality of Life (Encuesta

Nacional de Calidad de Vida) surveys, henceforth QOL, to train machine learning algorithms to

predict household poverty levels in order to i) evaluate the performance of the government’s

poverty score and ii) obtain poverty predictions for households in the SISBÉN survey.

The QOL surveys are nationally representative surveys carried out by Colombia’s national

statistical agency, Departamento Administrativo Nacional de Estadística.

Constructing the training data.– In order to train machine learning algorithms to predict

poverty, I construct a training data set as follows. Since I plan to apply the machine learning

predictions, which are trained on the QOL data, to households in SISBÉN, I identify variables

common between the SISBÉN survey and QOL surveys. Because the SISBÉN sample is

restricted to households in urban areas, I restrict the QOL sample to households in urban

areas. While the SISBÉN sample is restricted to households living in neighborhood strata level

three and below, I do not restrict the QOL sample to these strata. I follow the urban-rural

restriction as it is plausible that the true prediction function is different for households living

in urban areas versus rural areas (for example, access to sanitation will predict poverty

differently for households in urban versus rural areas). On the other hand, it is less clear

whether the true prediction function is different for households living in different neighborhood

strata in urban areas. These sample restrictions result in a final sample of 44,977 households

in the QOL surveys.54

I next split the QOL data into a training and a holdout set. Choosing the size of the

holdout set entails a trade-off. A larger holdout set increases the precision of calculating

the loss, or the prediction quality. On the other hand, a larger holdout set decreases the

size of the training sample, potentially reducing prediction quality. Because I use 10-fold

cross-validation in the training procedure, I choose the size of the holdout sample to be

equal to the size of a cross-validation sample. I randomly assign households to the training
54The distribution across the QOL survey years is: 21,133 households from the 1993 survey, 5,367 households

in the 1997 survey, and 18,477 households in the 2003 survey.
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set and the holdout set, where the randomization is stratified by year and neighborhood

strata. Randomization is stratified according to how households are sampled in SISBÉN. The

resulting split is 40,938 households in the training set and 4,039 households in the holdout

set. To evaluate the randomization, I test that households in the training and holdout set

are similar along various household characteristics (Table C.2). There are small differences in

some household characteristics – namely, marital status of the household head, refrigerator

ownership, and floor material of the house – but the differences across all characteristics is

not jointly significant, indicating that households in the training and holdout sets are mostly

similar.

Table 3.2 compares household characteristics between the SISBÉN sample and the QOL

training set. In general, households in SISBÉN appear poorer than households in the QOL

training set, both in the full training set and among households living in neighborhood strata

level three and below. For example, the household head has on average 5.26 years of schooling

in SISBÉN but has 7.88 years of schooling among households strata three and below in the

QOL training set. Similarly, 32.8% of households in SISBÉN own a refrigerator compared

to 52.3% of households in strata three and below in the QOL training set. In particular,

a higher fraction of households are considered poor in SISBÉN compared to in the QOL

training set.55 These differences may reflect the non-random targeting of SISBÉN surveys, as

local mayors targeted interviews to areas with high poverty, or a higher rate of household

manipulation of survey answers in SISBÉN. Manipulation of survey answers is discussed in

more detail in Section 3.3.2.

Because the QOL surveys are at the individual level and the poverty measures (ie. whether

a household is below the poverty line) are at the household level, I collapse the QOL surveys

down to the household level. Doing so generates new variables, such as the number of children

0-4 years, the number of employed household members, or the educational attainment of

the highest earner in the household. All categorical variables are transformed into indicator
55This is defined as having a poverty score below 47 in SISBÉN or having a household consumption level

below the national poverty line in QOL.
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Table 3.2 Household characteristics in SISBÉN and Quality of Life training set

SISBÉN Full training
set

Strata 3 and
lower

(1) (2) (3)

Number of households 5,245,018 40,938 34,222
Below the poverty line 0.607 0.561 0.632

Characteristics of household head
Female 0.360 0.339 0.332
Age 39.947 42.391 41.684
Years of schooling 5.261 8.582 7.883
Married or in union 0.537 0.623 0.629

Characteristics of household
Household size 3.422 4.053 4.123
Number of children under 4 years 0.438 0.391 0.421
Total rooms 1.903 3.587 3.392
Owns refrigerator 0.328 0.513 0.523
Wall material: mud, adobe, brick 0.910 0.976 0.972
Floor material: cement, tile, rug, marble 0.840 0.928 0.922
Water connected 0.903 0.970 0.967
Toilet connected 0.772 0.921 0.909
Electric lighting 0.980 0.996 0.996

Summary characteristics of households in SISBÉN (Column 1) and in the Quality of Life surveys (Columns
2-3). For households in the Quality of Life surveys, sample is either the full training set (Column 2) or
households in the training set in neighborhood strata level 3 or below (Column 3). Below poverty line is
defined as having a poverty score below 47 for households in SISBÉN and is defined as having a consumption
level below the national poverty line for households in the Quality of Life surveys. Water connected is an
indicator equal to 1 if a household’s main water source is piped water. Toilet connected is an indicator equal
to 1 if a household’s toilet is connected to the sewage system. Electric lighting is an indicator equal to 1 if a
household’s main source of lighting is electricity.

variables. After dropping features with zero variance and highly correlated predictors, the

resulting data set contains 154 features.

Training procedure.– I tune a random forest, boosted tree, and elastic-net regression, then

estimate an ensemble of the predictions from the three algorithms to generate the machine

learning poverty predictions. Because the poverty score is the probability that a household

is below the poverty line, I use a log-loss function to tune the machine learning algorithm

parameters, which is fairly standard when predicting probabilities. I use 10-fold cross-
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validation on the training set to tune the random forest, boosted tree, and elastic-net

regression, which is also fairly standard in the literature. Cross-validation folds are stratified

on survey year and neighborhood strata. Below, I discuss the tuning procedure for the

random forest, boosted tree, elastic-net regression, and ensemble in more detail.

In general, I chose standard tuning parameters for the random forest, boosted tree, and

elastic-net regression. Values for the tuning parameters across all three algorithms were

chosen to minimize the cross-validated loss. The tuning parameters for the random forest

were the number of trees and the number of variables to randomly sample at each split in

the tree. These tuning parameters aim to reduce the correlation between trees and reduce

variance in the predictions. The tuning parameters for the boosted tree were the number

of trees or boosting iterations, the shrinkage parameter, and the depth of each tree. I did

not tune the minimum number of observations in each leaf, but imposed a minimum of

ten observations. These tuning parameters aim to reduce overfitting and bias. The tuning

parameters for the elastic-net regression were alpha and lambda. For alpha, I allowed the

algorithm to choose between two values: 0 (a ridge regression) and 1 (a lasso regression).

For lambda, I chose the value within 1 standard deviation of the value that minimized the

cross-validated loss.

After tuning the random forest, boosted tree, and elastic-net regression, I generate the

machine learning predictions using an ensemble of the three algorithms. An ensemble allows

me to combine predictions from a local predictor (random forest and boosted tree) and a

global predictor (elastic-net regression).

Manipulation of survey answers in SISBÉN.– Due to the high-stakes nature of the SISBÉN

survey, it is likely that households attempted to manipulate their survey answers to influence

their poverty scores. On the other hand, this manipulation is unlikely to be present in the

QOL surveys, as these are statistical surveys and households do not receive any material

benefit based on how the survey is answered. This may result in the true prediction functions

for poverty being different across the two surveys. This poses a problem, as a prediction
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function trained on the QOL surveys may not generate accurate predictions when applied

to SISBÉN. Unfortunately, SISBÉN does not contain household consumption measures so I

cannot use SISBÉN to train a prediction algorithm. While these issues can be alleviated if

SISBÉN could be linked to other surveys with less biased measures of poverty or with access

to the full SISBÉN survey (which contained survey answers not used in the calculation of the

poverty score), this is a limitation of the current study.

To address this issue, I train a second prediction algorithm using a limited subset of the

covariates in SISBÉN. The limited covariate list excludes variables that are difficult to verify

or can be easily manipulated, such as small household assets and employment variables. The

list of variables included in the full covariate list and in the limited covariate list is in Table

C.1. The training set for the limited covariate list contains 102 features.

Evaluating performance.– To quantify the prediction quality of the machine learning predic-

tions, I estimate the mean loss in the holdout set and compute conventional standard errors.

Let l̂i denote the loss from holdout observation i. Then the standard error is given by

(
n−1V ar l̂i

)1/2
.

Since each observation in the holdout set is randomly sampled according to the same data

generating process as the full QOL sample, this will yield unbiased measures of the prediction

loss. To compare the prediction loss across different predictions, I use standard errors that

take into account the correlation in loss between predictions. Let l̂i,a denote the loss from

holdout observation i when using the prediction function a and l̂i,b denote the loss from

holdout observation i when using the prediction function b. Then the sample variance of the

difference in losses is given by

(
n−1

[
V ar l̂i,a + V ar l̂i,b − 2Cov(l̂i,a, l̂i,b)

])1/2
.
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3.4 Evidence of manipulation

In this section, I provide evidence that households manipulated their poverty scores in

order to gain eligibility to social programs. One, I show that a significant discontinuity in

the density of scores appears at the eligibility threshold and that no discontinuity appears at

other placebo thresholds. Two, I show that this discontinuity appears after 1997, when the

poverty score formula was released to local officials.

Visually, there is a significant discontinuity in poverty scores assigned to households at

the eligibility threshold (left panel of Figure 3.3). To test this formally, I estimate the size of

the discontinuity in the density of households using a McCrary test and find a significant

and large discontinuity at the eligibility threshold (Panel C of Table 3.4). The estimated size

of the discontinuity is −0.446 log points, which roughly corresponds to a 1.42 percentage

point (about 74,304 households) drop in the density of households at the threshold. In other

words, households are manipulating their scores in order to fall below the threshold and gain

eligibility to social programs.

Examining the discontinuity estimates by year indicates that this discontinuity does not

appear before 1998. For households surveyed in 1994-1997, there is a positive discontinuity,

or a higher mass of households right above the threshold (Panel A of Table 3.4). On the

other hand, for households surveyed in 1998-2003, the discontinuity is negative and becomes

increasingly negative in later years, indicating that there is a higher mass of households right

below the threshold (Panel B of Table 3.4). There is a meaningful difference in the magnitude

of the estimates: the discontinuity is much larger after 1997 compared to before 1997. The

estimated discontinuity at the threshold is 0.124 log points (approximately 0.43 percentage

points) for households surveyed between 1994-1997 and is −0.678 log points (approximately

−2.08 percentage points) for households surveyed between 1998-2003. The timeline of the

discontinuity estimates – switching from positive to negative between 1997 and 1998, and

becoming increasingly negative through 2003 – coincides with the timing of the release of the
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Table 3.4 Estimated size of discontinuity in density of assigned poverty scores at eligibility
threshold

Years Estimate Standard error p-value Bandwidth

Panel A: Households surveyed in 1994-1997
1994 0.066∗∗∗ [0.008] < 0.001 27.060
1995 0.159∗∗∗ [0.004] < 0.001 23.724
1996 0.053∗∗∗ [0.006] < 0.001 26.095
1997 0.123∗∗∗ [0.005] < 0.001 24.713

1994-1997 0.124∗∗∗ [0.003] < 0.001 24.910

Panel B: Households surveyed in 1998-2003
1998 −0.299∗∗∗ [0.005] < 0.001 29.403
1999 −0.512∗∗∗ [0.004] < 0.001 24.479
2000 −0.533∗∗∗ [0.003] < 0.001 29.533
2001 −0.740∗∗∗ [0.004] < 0.001 24.269
2002 −0.944∗∗∗ [0.005] < 0.001 19.401
2003 −0.914∗∗∗ [0.009] < 0.001 18.780

1998-2003 −0.678∗∗∗ [0.002] < 0.001 24.793

Panel C: Households across all years
All −0.446∗∗∗ [0.001] < 0.001 29.374

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Estimates of the size of the discontinuity in the density of assigned poverty scores at the eligibility threshold,
using a McCrary test. The discontinuity estimate is the estimated log difference in heights of the density
function. The poverty score algorithm was released to local officials in late 1997. Households with a poverty
score below 47 are eligible for a variety of social programs. Data from SISBÉN survey.

poverty score algorithm.

To evaluate the robustness of the 1998-2003 discontinuity estimate, I estimate the size of

the discontinuity at other thresholds around the actual threshold. I do not find discontinuity

estimates of comparable magnitude at other thresholds, and most estimates are close to or

above zero (Figure C.3).

3.4.1 Score alteration

I document that one method which households use to manipulate their eligibility involves

directly altering their poverty score. I reconstruct a household’s poverty score and find that
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for 297,978 households (5.7% of households), the assigned poverty score does not match the

reconstructed score, either in calculating the subcomponents or in adding the subcomponents.

I provide three pieces of evidence that these discrepancies likely resulted from non-random

manipulation and not from random calculation errors.

First, nearly all discrepancies (99.4%) results in a lower assigned poverty score to house-

holds (Figure 3.5). If these discrepancies are due to random errors, we would expect to see

score changes more evenly distributed around zero. As nearly all poverty scores are altered

in the direction of eligibility, the discrepancies are unlikely to be due to random calculation

errors. While the difference is small, as the fraction of lowered poverty scores is so high, score

alterations are significantly more likely to be negative after the release of the poverty score

algorithm (0.67 percentage points, p < 0.001).

Two, the distribution of reconstructed poverty scores among households with altered scores,

compared to the distribution among households with unaltered scores, is shifted towards higher

values and is concentrated above the eligibility threshold (Figure 3.6). Both the median and

distribution of reconstructed poverty scores among households with altered poverty scores are

significantly different from those among households with unaltered poverty scores (p < 0.001

for the difference in medians and p < 0.001 for the difference in distributions).56 The median

reconstructed poverty score is 53 among households with an altered score while it is 45 among

households with an unaltered score. If score alteration was random, it is more likely that

the distribution of reconstructed scores would be similar among households with altered and

unaltered poverty scores. However, households with altered scores have reconstructed scores

distributed towards higher values that are above the eligibility threshold. Given this pattern,

it is more likely that score alteration was in response to expectations that, absent alteration,

the household would be above the eligibility threshold.

Three, households which became eligible with an altered score (in other words, a recon-

structed poverty score above the threshold and an assigned poverty score below the threshold)

56The p-values are computed using a permutation test, where the test statistic is the difference in medians
(for testing difference in medians) or the Kolmogorov-Smirnov statistic (for testing difference in distributions).
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Figure 3.6 Density of reconstructed poverty scores, among households with altered poverty scores
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Figures plot the density of reconstructed poverty scores among households with an altered score (red bars)
and an unaltered score (gray bars). The poverty score is reconstructed from the household’s survey answers
or the sum of the poverty score subcomponents. The poverty score algorithm was released to local officials in
late 1997. Households with a poverty score below 47 (vertical dotted line) are eligible for a variety of social
programs. Data from SISBÉN survey.

have reconstructed poverty scores largely concentrated just above the eligibility threshold

(Figure 3.7). 17.3% of households have altered poverty scores that allowed them to fall below

the eligibility threshold. I check whether the concentration of reconstructed poverty scores

just above the threshold is a general feature and do not find that this is the case. Neither

households with altered scores but whose score change did not change their eligibility status

(Panel (a)) nor households with unaltered scores (Panel (b)) have reconstructed poverty scores

concentrated just above the threshold. While it is unlikely that households knew whether

they were exactly above or below the threshold, the concentration of reconstructed scores
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just above the threshold suggests that households were aware that they were close to the

threshold. Given that these households have altered scores which allowed them to become

eligible, this further suggests that manipulation was non-random.

Examining the pattern of score alterations, nearly all score changes (99.0%) occurred

when calculating the subcomponents and not in adding the subcomponents. Interestingly, a

higher fraction of score alterations occurred prior to the release of the poverty score algorithm.

In 1994-1997, 176,524 households (11.1% of surveyed households) had altered poverty scores

while in 1998-2003, 121,454 households (3.3% of surveyed households) had altered poverty

scores. This suggests that, with the release of the poverty score algorithm, households shifted

the manipulation of their poverty scores to less overt methods. This is discussed in more

detail in the next section.

3.4.2 Other manipulation methods

While a large number of households have directly altered scores, it is unlikely that this

was the only method households used to manipulate their scores. In fact, a significant

discontinuity at the eligibility threshold remains even among the reconstructed scores (Figure

C.4). While the estimated size of the discontinuity is smaller than that in the assigned scores,

it is still sizable (Table C.5). This suggests that score alteration is not the main method

which households used to manipulate their scores in order to gain eligibility.

More likely, households manipulated their scores earlier in the process by manipulating

their survey answers. One possibility is that households lie to the enumerator. For example,

the survey respondent may report that a household member had not worked the previous

week when she in fact had. This is a common issue in PMTs, which is why PMTs often

rely on collecting verifiable observable characteristics rather than relying on self-reporting.

Nevertheless, households may still manipulate their survey answers in other ways. A second

possibility is that households hide or otherwise manipulate observable characteristics. For

example, households may hide assets such as a TV. Third, households may directly coordinate
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Figure 3.7 Density of reconstructed poverty scores, among households who became eligible with
an altered assigned poverty score
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(a) Compared to households whose assigned poverty scores did not change eligibility status
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(b) Compared to households with unaltered poverty scores

Figures plot the density of reconstructed poverty scores among households with an altered poverty score that
changed their eligibility status (red bars in Panels (a) and (b)), compared to households with an altered
poverty score that did not change their eligibility status (gray bars in Panel (a)) and to households with an
unaltered poverty score (gray bars in Panel (b)). The poverty score is reconstructed from the household’s
survey answers or the sum of the poverty score subcomponents. The poverty score algorithm was released to
local officials in late 1997. Figures only plot households with reconstructed scores above 47, the eligibility
threshold (vertical dotted line). Data from SISBÉN survey.
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with enumerators or other administrative officials to alter their survey answers. For example,

households may bribe the enumerators or may have been coached by enumerators on the

correct answers. In this paper, I focus on score alteration as the main manipulation method.

A more detailed study of different manipulation methods can be found in Camacho and

Conover (2011).

3.5 Predicting poverty

In this section, I discuss the prediction performance of the machine learning predictions.

In Section 3.5.1, I evaluate the performance of the machine learning predictions and the

government’s poverty score in predicting household poverty in the Quality of Life surveys.

The poverty score performs worse than the machine learning predictions. In particular, the

gap in performance is highest for the poorest households, indicating that the poverty score

predicts poorly for the households which it is meant to accurately target. In Section 3.5.2, I

discuss the outputs from tuning the machine learning algorithms and the covariates selected

as most predictive. Compared to the poverty score, the machine learning algorithms (i) place

greater weight on educational attainment and lower weight on household characteristics and

(ii) rely more on non-linear and local predictors. This suggests that likely contributors to the

poor performance of the poverty score are model selection, unregularized variable selection,

and the limited ability to identify interactions in the data.

3.5.1 Prediction performance

To evaluate and compare the prediction quality of the machine learning predictions and

the government poverty score, I first examine the prediction loss in the QOL surveys (Table

3.8). As expected, the in-sample loss is smaller than the out-of-sample loss for the machine

learning predictions (Column 1 and 2 in Panel A), reflecting the tendency to over-fit in-sample.

The machine learning predictions are more accurate than the poverty score, both when using
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predictions trained on the full covariate list and on the limited covariate list: mean log-loss

is 0.368 when using the full covariate list, 0.384 when using the limited covariate list, and

0.639 when using the poverty score (Panel A). Differences in prediction quality between the

machine learning predictions and the poverty score are significant at the 1% level (Panel B).

Interestingly, while the poverty predictions using the limited covariate list perform worse than

when using the full covariate list (a difference of 0.016 log points), the difference in prediction

quality is small in comparison to the difference in prediction quality with the poverty score

(0.271 log points, for the full covariate list, and 0.255 log points, for the limited covariate list).

This suggests that the worse performance of the poverty score arises more from functional

form assumptions rather than the limited covariates the government can observe.

Table 3.8 Prediction loss of machine learning predictions and government poverty score

Training set, in-sample
loss

Holdout set,
out-of-sample loss

Panel A: Log-loss of prediction
(1) Full covariate list 0.294 0.368

(0.002) (0.008)
(2) Limited covariate list 0.319 0.384

(0.002) (0.008)
(3) Poverty score 0.649 0.639

(0.002) (0.005)

Panel B: Difference in log-loss between prediction algorithms
(1) - (2) −0.016∗∗∗

(0.003)
(1) - (3) −0.271∗∗∗

(0.009)
(2) - (3) −0.255∗∗∗

(0.009)

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Panel A: Prediction loss when using the machine learning predictions trained on the full covariate list (row
1), the machine learning predictions trained on the limited covariate list (row 2), and the government poverty
score (row 3). Prediction loss calculated both in-sample on the training set (Column 1) and out-of-sample
on the holdout set (Column 2). Panel B: Difference in out-of-sample prediction loss between prediction
algorithms. Prediction loss is the sample mean of the log-loss. Standard errors below the prediction loss.
Data from Quality of Life surveys.
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Figure 3.9 Poverty predictions from the machine learning predictions and government poverty
score, by actual household consumption
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Figure plots out-of-sample poverty predictions (vertical axis) from the machine learning predictions using the
full covariate list (dark red), the machine learning predictions using the limited covariate list (light red), and
the government poverty score (black) against households’ actual consumption levels (horizontal axis). Actual
household consumption is defined as the distance to the poverty line for that year. Observations binned into
2,500 peso bins. For ease of viewing, values below −150, 000 pesos from the poverty line and above 350,000
pesos from the poverty line are combined. Households to the right (left) of the dashed vertical line are above
(below) the poverty line. Households above (below) the dashed horizontal line would (not) be considered
eligible for social programs. Data from Quality of Life surveys.

Because log-loss is difficult to interpret, using households in the QOL holdout set, Figure

3.9 plots the predicted probability that a household is under the poverty line, using the

machine learning predictions and the poverty score, against households’ actual distance to

the poverty line. A prediction function that performs well should have a predicted probability

close to 1 for households far below the poverty line, as this indicates that the function classifies

these households as having a high probability of being poor. Households far above the poverty

line should have a predicted probability close to 0, as these households have a low probability

of being poor. Households right at the poverty line should have a predicted probability close
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to 0.5, as these households have equal probability of being poor and not poor.

The machine learning predictions appear to perform well. For households below the

poverty line (to the left of the vertical dashed line), the predicted probability increases with

distance from the poverty line and is close to 1 for households far below the poverty line,

indicating that the algorithm classifies households farther from the poverty line as more

likely to be poor. For households above the poverty line (to the right of the vertical dashed

line), the predicted probability decreases with distance from the poverty line towards 0. For

households right at the poverty line, the predicted probability is close to 0.5. In addition,

machine learning predictions trained on the full covariate list and on the limited covariate

list track each other closely, reflecting the similarity in their loss measures in Table 3.8.

The poverty score, on the other hand, does not perform well. On the one hand, the

poverty score is at least monotonic and has a negative slope: the poverty score increases

with distance from the threshold, for households below the poverty line, and decreases with

distance from the threshold, for households above the poverty line. However, even for the

poorest households, the predicted probability is close to 0.5 and for the richest households,

the predicted probability is close to 0.25. On average, only households over 100,000 pesos

(58.1% of the 1997 minimum wage) below the poverty line would be classified as eligible in

SISBÉN (above the horizontal dotted line). Further, the gap between the machine learning

predictions and the poverty score is largest for the poorest households and much smaller

for richer households. While not performing poorly for rich households, the poverty score

performs poorly for the subset of households which the PMT is meant to accurately target.

Applying the machine learning predictions to households in SISBÉN, the mean predicted

household poverty is 0.81 and 0.73 for the machine learning predictions trained on the full

covariate list and the limited covariate list, respectively. The higher predicted poverty when

using the full covariate list suggests that there may be some manipulation of the survey

answers and that there may be an upward bias in the predictions trained on the full covariate

list.
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Table 3.10 Variables selected in the machine learning algorithm

Machine learning algorithm†

Variable
Poverty

score

Random

forest

Boosted

tree

Elastic-

net

Year – L

Neighborhood strata – F,L F,L L

Household variables

Material of housing exterior X – – –

Material of floor X – – –

Material of roof X – – –

Main source of lighting in home – – – –

Sanitation system X – – –

Main water source X – – –

Trash disposal system X – – –

Household owns: refrigerator X

Household owns: television X

Household owns: fan X

Household owns: blender X

Household owns: washing machine X

Household size – F,L F,L F,L

Total rooms in house –

Total bedrooms in house –

Average rooms per person X – – –

Household head / highest wage earner variables

Age – L

Sex –

Marital status – F,L F,L

Highest educational level X F,L F,L F,L

Years of schooling –

Main economic activity X F L L
† F = selected in full covariate list, L = selected in limited covariate list

Continued on next page
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Table 3.10 (continued)

Machine learning algorithm†

Variable
Poverty

score

Random

forest

Boosted

tree

Elastic-

net

Income from main job – F

Number of employees at main job X F

Social security coverage X F F F

Individual variables (collapsed to household level)

Relationship to head of household –

Average age – F

Age: 0-4 years – L

Age: 0-6 years – L

Age: 5-18 years – F,L

Age: 5+ years –

Age: 12+ years –

Age: 18-60 years –

Age: 60+ years –

Fraction of members 0-6 years X

Sex –

Marital status – F,L

School enrollment status – L

School enrollment status (5-18 years) –

Highest educational level – F,L

Highest educational level (5-18 years) – F,L F,L

Highest educational level (18-60 years) – F L

Avg years of education X L

Max years of education – L

Median years of education – L

Variance in years of education – F,L L F

Avg years of education (5-18 years) – F,L L F
† F = selected in full covariate list, L = selected in limited covariate list

Continued on next page
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Table 3.10 (continued)

Machine learning algorithm†

Variable
Poverty

score

Random

forest

Boosted

tree

Elastic-

net

Avg years of education (18-60 years) – F,L F F

Main economic activity – F

Main economic activity (18-60 years) – F F,L

Fraction of members employed X F

Avg income from main job – F

Avg income from main job (18-60 years) – F F

Avg income from main job, relative to min. wage X

Total income from main job –

Total income from main job (18-60 years) –

Number of employees at main job – F

Number of employees at main job (18-60 years) –

Social security coverage –

Social security coverage (18-60 years) – F
† F = selected in full covariate list, L = selected in limited covariate list

Table indicates the 20 variables selected as most important for prediction by the machine learning algorithms.
Variable importance defined using the GCV criterion for the random forest and boosted tree and using the
coefficient magnitude for the elastic-net regression.

3.5.2 Predictors of poverty

Prior to tuning the machine learning algorithms, in line with standard practice, I removed

variables with little variation and highly correlated predictors. A large number of the variables

removed involved housing characteristics (housing material and access to utilities), which

encompass two of the subcomponents of the poverty score. This suggests that variable

selection and over-fitting due to unregularized procedures likely contribute to the poor

performance of the poverty score, as the poverty score weighted these variables fairly heavily

despite there being little variation in the data.
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Table 3.10 presents the variables selected as most predictive in the random forest, boosted

tree, and elastic-net models. In general, variables related to educational attainment and

characteristics of the household head are very predictive across the three algorithms. This

is partially in line with the poverty score, which has one subcomponent for characteristics

of the household head. However, the machine learning algorithms place much more weight

than the poverty score on the educational attainment of household members. In addition,

several variables used in the poverty score are not selected by any of the machine learning

algorithms: average rooms per person, fraction of household members between 0-6 years,

and income per capita relative to the minimum wage. Interestingly, these variables involve

several non-linear transformations of the raw variables (for example, dividing the number

of rooms by the number of household members or dividing by the minimum wage for that

year). This suggests that incorrect functional form is another potential contributor to the

poor performance of the poverty score.

Turning to the ensemble weights, both when using the full covariate list and the limited

covariate list, the ensemble places large weight on predictions from the boosted tree, moderate

weight on predictions from the random forest, and the least weight on predictions from the

elastic-net regression, which was the lasso regression (Table 3.11). In fact, for algorithms

trained on the limited covariate list, the ensemble places close to zero weight on the elastic-net

regression. This suggests that local predictors, which allow for detection of much finer

interactions in the data, can greatly improve the performance of poverty predictions.

3.6 Implications for targeting

If the government poverty score predicts poverty poorly, do households self-target by

manipulating their poverty scores? I examine whether households who have their scores altered

in order to fall under the eligibility threshold have different machine learning predictions. On

average, households who have their scores altered have similar machine learning predictions
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Table 3.11 Prediction weights on machine learning algorithms

Full covariate list Limited covariate list

Random forest 0.173∗∗∗ 0.156∗∗∗
(0.019) (0.019)

Boosted tree 0.740∗∗∗ 0.845∗∗∗
(0.024) (0.025)

Elastic-net 0.094∗∗∗ 0.004
(0.021) (0.022)

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Weights on machine learning algorithms using algorithms trained on the full covariate list and on the limited
covariate list. Weights obtained from a regression of an indicator for poverty on predictions from the tuned
random forest, boosted tree, and elastic-net regression in the training set. Data from Quality of Life surveys.

as households whose eligibility status did not change (left panel of Figures 3.12, using the

full covariate list, and 3.13, using the limited covariate list). The exception is households

with reconstructed poverty scores right above the eligibility threshold; for these households,

households with altered scores are predicted as less poor than all other households.

However, a different pattern emerges when separately examining households surveyed

before and after the release of the poverty score algorithm. For households surveyed between

1994-1997, households with altered scores are less poor than all other households (middle

panel of Figures 3.12 and 3.13). On average, households with an altered score are predicted as

7.4 and 5.9 percentage points less likely to be poor, when using predictions trained on the full

covariate list and the limited covariate list respectively (Table 3.14). For households surveyed

between 1998-2003, the opposite is true: households with altered scores are more poor than

all other households (right panel of Figures 3.12 and 3.13). On average, households with an

altered score are predicted as 0.7 and 3.6 percentage points more likely to be poor, when

using predictions trained on the full covariate list and the limited covariate list respectively

(Table 3.14). These differences are significant at the 1% level.

Observing the opposite correlation between score alteration and household poverty among

households surveyed before and after 1997 suggests that different types of households altered
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Table 3.14 Machine learning predictions of households with altered poverty scores

Machine learning predictions using
Full covariate list Limited covariate list

(1) (2)

Altered score −0.074∗∗∗ −0.059∗∗∗
(0.002) (0.002)

Altered score × Post-1998 0.081∗∗∗ 0.095∗∗∗
(0.002) (0.002)

Altered score + Altered score × Post-1998 0.007∗∗∗ 0.036∗∗∗
(0.000) (0.000)

N 2,098,162 2,098,162

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Dependent variable is household machine learning predictions using the full covariate list (Column 1) and the
limited covariate list (Column 2). Altered score is an indicator equal to 1 if the household’s reconstructed
poverty score does not match the assigned poverty score and the altered score changes their eligibility status.
Post-1998 is an indicator equal to 1 if the household was surveyed between 1998-2003 and 0 if the household
was surveyed between 1994-1997. The poverty score is reconstructed from the household’s survey answers or
the sum of the poverty score subcomponents. The poverty score algorithm was released to local officials in
late 1997. Households with a poverty score below 47 are eligible for a variety of social programs. Estimation
method: Regression includes fixed effects for the value of the reconstructed poverty score. Data from SISBÉN.

their scores. In other words, when the poverty score algorithm was private, households

negatively self-targeted: richer households altered their score. When the poverty score

algorithm became public, households positively self-targeted: poorer households altered

their score. One explanation is that obtaining information on the targeting mechanism

was costly between 1994-1997, as it was private during this period, and that the cost of

obtaining information decreased once the algorithm was made public. Between 1994-1997,

only households who were able to obtain this information altered their poverty scores, resulting

in the negative correlation between score alteration and poverty.

An alternative explanation is that households surveyed between 1998-2003 manipulated

their survey answers at higher rates and that manipulating survey answers is positively

correlated with altering the poverty score. This will lead to a positive correlation between

score alteration and predicted poverty, even if there is negative self-targeting (ie. households

who both manipulate their survey answers and alter their scores are richer). However, I do
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not find evidence that manipulation of survey answers is positively correlated with altering

the poverty score. Given that in 1998-2003 (i) the rate of poverty score alteration was lower

(Section 3.4.1) and (ii) households likely manipulated their survey answers at higher rates,

it is more likely that this correlation is negative. To investigate this further, I estimate

the correlation between altering the poverty score and the difference in machine learning

predictions when using the full covariate list and the limited covariate list. Since predictions

using the full covariate list are more likely to be upward biased due to manipulated survey

answers, a positive difference in the machine learning predictions would suggest that the

household has manipulated their survey answers. However, I find a negative correlation

between the difference in machine learning predictions and household score alteration (Table

C.6). As a result, it is unlikely that the positive correlation between score alteration and

predicted poverty is due to households both manipulating their survey answers and altering

their poverty scores.

3.7 Conclusion

As governments spend more on social programs to assist the poor, governments have

focused more attention on determining how benefits are to be allocated. In developing

countries, targeting accuracy and agency problems among officials determining eligibility are

particularly acute issues. This paper studies the implementation of SISBÉN, a national proxy-

means testing system in Colombia, which uses a poverty score to quantify households’ economic

well-being and determine eligibility for social programs. I first study how households respond

to the public release of the poverty score algorithm, by examining patterns of manipulation

of household poverty scores. I next evaluate the targeting accuracy of the poverty score,

by training a machine learning algorithm to predict household poverty and comparing the

performance of the machine learning predictions to the government poverty score in an

external data set. Applying the machine learning predictions to households in SISBÉN, I
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test whether households self-target by manipulating their poverty scores.

I find that households responded to the public release of the poverty score algorithm by

manipulating their poverty scores. First, there is a significant discontinuity in the density of

households at the eligibility threshold which is present only after the release of the algorithm.

Second, I document that one method which households use to manipulate their eligibility

involves directly altering the poverty score.

I evaluate the targeting accuracy of the government poverty score relative to machine

learning predictions of household poverty. I find that the poverty score performs worse than

the machine learning predictions. In particular, the poverty score underpredicts poverty more

for households far below the poverty line and on average does not categorize these households

as eligible for social programs.

Finally, I provide suggestive evidence that households self-target by altering their poverty

scores. Prior to the release of the poverty score algorithm, households negatively self-targeted:

households with altered scores are predicted as richer than other households. However, after

the release of the poverty score algorithm, households positively self-targeted: households

with altered scores are predicted as poorer than other households.

These findings suggest that manipulation of targeting programs does occur. However,

whether manipulation leads to better or worse targeting accuracy depends on the context. In

this study, targeting accuracy increased when households had greater access to information on

program rules and targeting mechanisms. This does not necessarily mean that manipulation

leads to higher welfare, as manipulating scores may be costly to households. However, it

does suggest that targeting systems that allow the use of private information can target more

accurately. Future studies that evaluate either the targeting accuracy or the private costs of

targeting mechanisms that allow the use of private information could help improve social

program targeting and poverty alleviation goals.
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Appendix A

Appendix to Chapter 1

A.1 Theory Appendix

A.1.1 Swingable voters

For 0 < πAj1 < 1, we need that:

uj(qBj )− uj(qAj )− δ ∈
(
− 1

2ψ,
1

2ψ

)

Let u(y) be the largest possible utility coming from the allocation of government resources.

This assumption is satisfied if:

δ ∈
(
u(y)− u(0)− 1

2ψ, u(y)− u(0) + 1
2ψ

)

⇐⇒ 1
2γ + u(y)− u(0) < 1

2ψ

In other words, that swings in municipality vote shares are smaller than the variation in

individual preferences. Note that this implies that γ > ψ since u(y)− u(0) > 0.

A.1.2 Deriving vote shares with three candidates

Condition (1.1) corresponds to voters for whom vi ≥ uj(qBj )− uj(qAj )− δ. Since there are

swingable voters in every locality, πcjt is given by:

πAj1 =


1
2 + ψ

(
∆uABj + δ

)
if j ∈ {1, . . . , J − 1}

α
(1

2 + ψ
(
∆uABj + δ

))
if j = J
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πBj1 =


1
2 + ψ

(
∆uBAj − δ

)
if j ∈ {1, . . . , J − 1}

α
(1

2 + ψ
(
∆uBAj − δ

))
if j = J

πCj1 =


0 if j ∈ {1, . . . , J − 1}

1− α if j = J

Candidates’ total vote share in the municipality πct is given by:

πA1 =
(
J − 1 + α

J

)(1
2 + ψδ

)
+ ψ

J

J−1∑
j=1

∆uABj + α∆uABJ


πB1 =

(
J − 1 + α

J

)(1
2 − ψδ

)
+ ψ

J

J−1∑
j=1

∆uBAj + α∆uBAJ


πC1 = 1− α

J

The probability that candidates A and B attain a vote share above θ is equivalent to:

Pr
(
πA1 ≥ θ

)
≡ Pr

δ ≥ 1
ψ

 J

J − 1 + α
θ − ψ

J − 1 + α

J−1∑
j=1

∆uABj + α∆uABJ

− 1
2


Pr

(
πB1 ≥ θ

)
≡ Pr

δ ≤ 1
ψ

1
2 + ψ

J − 1 + α

J−1∑
j=1

∆uBAj + α∆uBAj

− J

J − 1 + α
θ



A.1.3 Deriving vote shares with two candidates

Candidates’ vote shares in each locality and the municipality as a whole are given by:

πAj2 = 1
2 + ψ

(
∆uABj + δ

)
πBj2 = 1

2 + ψ
(
∆uBAj − δ

)
πA2 = 1

2 + ψδ + ψ

J

J∑
j=1

∆uABj πB2 = 1
2 − ψδ + ψ

J

J∑
j=1

∆uBAj
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and the probability of attaining a vote share above θ is equivalent to:

Pr
(
πA2 ≥ θ

)
≡ Pr

δ ≥ 1
ψ

θ − 1
2 −

ψ

J

J∑
j=1

∆uABj


Pr

(
πB2 ≥ θ

)
≡ Pr

δ ≤ 1
ψ

1
2 − θ + ψ

J

J∑
j=1

∆uBAj



A.1.4 Contestability of localities

For 0 < Pr(πA1 ≥ θ) < 1 and 0 < Pr(πB1 ≥ θ) < 1, we need that:

1
ψ

( J

J − 1 + α

)
θ − 1

2 −
(

ψ

J − 1 + α

)J−1∑
j=1

∆uABj + α∆uABJ

 ∈ (− 1
2γ ,

1
2γ

)

1
ψ

1
2 −

(
J

J − 1 + α

)
θ +

(
ψ

J − 1 + α

)J−1∑
j=1

∆uBAj + α∆uBAJ

 ∈ (− 1
2γ ,

1
2γ

)

which corresponds to the following condition for the first round:

θ ∈

(J − 1 + α

J

)(
− ψ

2γ + 1
2

)
,
(
J − 1 + α

J

)(
ψ

2γ + 1
2

) (A.1)

For 0 < Pr
(
πA2 ≥ θ

)
< 1 and 0 < Pr

(
πB2 ≥ θ

)
< 1, we need that:

1
ψ

θ − 1
2 −

ψ

J

J∑
j=1

∆uABj

 ∈ (− 1
2γ ,

1
2γ

)

1
ψ

1
2 − θ + ψ

J

J∑
j=1

∆uBAj

 ∈ (− 1
2γ ,

1
2γ

)

which corresponds to the following condition for the second round:

θ ∈

− ψ

2γ + 1
2 ,

ψ

2γ + 1
2

 (A.2)

Claim A.1. θ = 1
2

(
1− 1−α

J

)
satisfies condition (A.1).
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Both the upper and lower inequalities are satisfied because:

− ψ

2γ + 1
2 <

1
2 <

ψ

2γ + 1
2

Claim A.2. θ = 1
2 satisfies condition (A.1).

The lower inequality is satisfied:

(
J − 1 + α

J

)(
− ψ

2γ + 1
2

)
<

1
2

because J−1+α
J

< 1 and − ψ
2γ + 1

2 <
1
2 .

The upper inequality is equivalent to:

1
2 <

(
J − 1 + α

J

)(
ψ

2γ + 1
2

)

⇐⇒ J > (1− α)
(
γ + ψ

ψ

)

which is true so long as J is large enough and γ/ψ is not too large.

Claim A.3. θ = 1
2 satisfies condition (A.2).

Both the upper and lower inequalities are satisfied because:

− ψ

2γ + 1
2 <

1
2 <

ψ

2γ + 1
2

A.1.5 C never makes it to the second round

For C to never make it to the second round, the probability that candidates A and B

attain vote shares above candidate C’s must be 1, or πC1 does not satisfy condition (A.1):

1− α
J
≤
(
J − 1 + α

J

)(
− ψ

2γ + 1
2

)
or 1− α

J
≥
(
J − 1 + α

J

)(
ψ

2γ + 1
2

)
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The first inequality (left equation) and second inequality (right equation) are equivalent

to:

J ≥ (1− α)
(

2γ
γ − ψ

+ 1
)

J ≤ (1− α)
(

2γ
γ + ψ

+ 1
)

The first inequality is much more likely to be satisfied, which is true so long as J is large

enough and 2γ/(γ − ψ) is not too large.

A.1.6 Prediction (1.1)

The first order conditions of the single-round maximization are:

(
γ

J − 1 + α

)
u′j(qAj ) = λ1R for j ∈ {1, . . . , J − 1}(

γ

J − 1 + α

)
αu′j(qAj ) = λ1R for j = J

κGA = λ1R

where λ1R is the Lagrange multiplier of the budget constraint in a single-round system.

The ratio in marginal utilities between localities is:

between j and j′:
u′j(qAj )
u′j′(qAj′)

= 1 ∀ j, j′ ∈ {1, . . . , J − 1}

between j and J :
u′j(qAj )
u′J(qAJ ) = α ∀ j ∈ {1, . . . , J − 1} (A.3)

Equation (A.3) implies that u′j(qAj ) < u′J(qAJ ). Since uj(·) is strictly increasing and strictly

concave and u′J(q)/u′j(q) is not too large, this implies that qAj > qAJ .
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A.1.7 Prediction (1.2)

The first order conditions of the two-round maximization are:

(
γ

J − 1 + α

)(
1 + (1− α)γ

ψJ

)
u′(qAj ) = λ2R for j ∈ {1, . . . , J − 1}

(
γ

J − 1 + α

)(
α + (1− α)γ

ψJ

)
u′(qAj ) = λ2R for j = J

κGA = λ2R

where λ2R is the Lagrange multiplier of the budget constraint in a two-round system.

The ratio in marginal utilities between localities is:

between j and j′:
u′j(qAj )
u′j′(qAj′)

= 1 ∀ j, j′ ∈ {1, . . . , J − 1}

between j and J :
u′j(qAj )
u′J(qAJ ) =

α + (1−α)γ
ψJ

1 + (1−α)γ
ψJ

∀ j ∈ {1, . . . , J − 1} (A.4)

Equation (A.4) implies that u′j(qAj ) < u′J(qAJ ). Since uj(·) is strictly increasing and strictly

concave and u′J(q)/u′j(q) is not too large, this implies that qAj > qAJ .

A.1.8 Comparing single- to two-round elections

I first establish three lemmas.

Lemma A.4.
u′j(q1R

j )
u′j(q2R

j )
G2R

G1R > 1 for all j ∈ {1, . . . , J}.

Proof. For j ∈ {1, . . . , J − 1}, combining the first round first order conditions in Appendix

A.1.6:

u′j(q1R
j )

u′j(q2R
j )

G2R

G1R = 1 + (1− α)γ
ψJ

> 1
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For j = J , combining the second round first order conditions in Appendix A.1.7:

u′J(q1R
J )

u′J(q2R
J )

G2R

G1R = 1 + (1− α)γ
αψJ

> 1

Lemma A.5.
u′j(q1R

j )
u′j(q2R

j ) <
u′J(q1R

J )
u′J(q2R

J )

Proof. Comparing the ratio of marginal utilities in equations (A.3) and (A.4), the ratio is

smaller in the single-round system compared to the two-round system:

u′j(q1R
j )

u′J(q1R
J ) <

u′j(q2R
j )

u′J(q2R
J ) ⇐⇒ α <

α + (1−α)γ
ψJ

1 + (1−α)γ
ψJ

which is true because α < 1.

Lemma A.6. If q1R
j > q2R

j for one j 6= J then q1R
j′ > q2R

j′ for all other j′ ∈ {1, . . . , J − 1}.

Proof. If q1R
j > q2R

j , then u′j(q1R
j ) < u′j(q2R

j ) because uj(·) is strictly concave. The first

order conditions in Appendices A.1.6 and A.1.7 establish that the marginal utilities between

all j, j′ ∈ {1, . . . , J − 1} are equal. Then we must have that uj′(q1R
j′ ) < uj′(q2R

j′ ) and that

q1R
j′ > q2R

j′ .

Proof of allocations in locality J .– I prove that q1R
J < q2R

J .

Proof. I prove by contradiction. Assume that q1R
J ≥ q2R

J . Then u′J(q1R
J ) ≤ u′J(q2R

J ). By

lemma A.4, we must have that G2R > G1R. To satisfy the budget constraint, we must have

that q1R
j < q2R

j for some j 6= J and, by lemma A.6, for all j 6= J . Then u′j(q1R
j ) > u′j(q2R

j ).

However, this violates lemma A.5, and so we must have q1R
J < q2R

J .

Proof of overall budget.– I prove that G1R < G2R.

Proof. I prove by contradiction. Assume that G1R ≥ G2R. Since q1R
J < q2R

J , to satisfy the
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budget constraint, we must have that q1R
j > q2R

j for some j 6= J and, by lemma A.6, for all

j 6= J . Then u′j(q1R
j ) < u′j(q2R

j ). However, this violates lemma A.4, and so we must have

G1R < G2R.

Proof of allocations in other localities..– I show that q1R
j ≶ q2R

j .

Proof. From the first order conditions in Appendices A.1.6 and A.1.7 and since G1R < G2R,

we have that λ1R < λ2R. Then, for j ∈ {1, . . . , J − 1}:

u′j(q1R
j )

u′j(q2R
j ) < 1 + (1− α)γ

ψJ
=⇒

u′j(q1R
j )

u′j(q2R
j ) ≷ 1

which implies that q1R
j ≶ q2R

j .

A.1.9 Candidate C’s budget

In general, for every set of utility functions (u1(·), · · · , uJ(·)), there exists a GC such that

GC is the highest offer in locality J . I show this for the case where uj(·) = βj ln(·) and for

the two-round election (since qJ is higher in a two-round election).

The first order conditions with respect to qJ and G are:

γ

J − 1 + α

(
α + (1− α)γ

ψJ

)
βJ
qJ

= λ2R

κG = λ2R

We can write G as a function of qJ :

G = 1
κ

γ

J − 1 + α

(
α + (1− α)γ

ψJ

)
βJ
qJ

Since qJ < qj for all j 6= J (prediction (1.2)), then qJ < G/J , implying:

qJ <

(
1
κJ

γ

J − 1 + α

(
α + (1− α)γ

ψJ

)
βJ

)1/2

≡ Γ
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So long as GC > Γ, then candidate C’s allocation to locality J will be the highest offer

there. This will be true so long as κ or J is large enough and γ/ψ is not too large.

A.1.10 Relaxing the assumption that α > 0

Assume α = 0, so that candidate C receives all the votes in locality J . Then vote shares

in the first round, or when all 3 candidates are present, are given by:

πA1 =
(
J − 1
J

)(1
2 + ψδ

)
+ ψ

J

J−1∑
j=1

∆uABj

πB1 =
(
J − 1
J

)(1
2 − ψδ

)
+ ψ

J

J−1∑
j=1

∆uBAj

πC1 = 1
J

and the probability of attaining a vote share above θ is given by:

Pr
(
πA1 ≥ θ

)
= 1

2 + γ

ψ

1
2 −

(
J

J − 1

)
θ +

(
ψ

J − 1

)
J−1∑
j=1

∆uABj


Pr

(
πB1 ≥ θ

)
= 1

2 + γ

ψ

1
2 −

(
J

J − 1

)
θ +

(
ψ

J − 1

)
J−1∑
j=1

∆uBAj


Vote shares for the second round with candidates A and B are the same as when α > 0.

Equilibrium strategies in a single-round election.– The maximization is:

max
GA,qA=(qA

1 ,...,q
A
J )

1
2 + γ

J − 1

J−1∑
j=1

∆uABj −
1
2κ

(
GA

)2
s.t.

∑
j

qAj ≤ GA

The first order conditions are:

γ

J − 1u
′(qAj ) = λ′1R ∀ j ∈ {1, . . . , J − 1}

κGA = λ′1R
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where λ′1R is the Lagrange multiplier of the budget constraint in a single-round system when

α = 0. I show that in equilibrium, the optimal strategy is to allocate qAJ = 0.

Say qAJ > 0. Consider the following deviation:
(
qAJ
)′

= qAJ − ε and
(
qAk
)′

= qAk + ε for

some k 6= J and ε > 0. Candidate C’s vote share is unchanged, so the threshold for winning

remains 1
2

(
1− 1

J

)
. The net change in the probability of winning is given by:

1
2 + γ

J − 1

∆
(
uABk

)′
+

∑
j 6=k,J

∆uABj

−
1

2 + γ

J − 1

∆uABk +
∑
j 6=k,J

∆uABj


= γ

J − 1

[
uk

((
qAk
)′)
− uk

(
qAk

)]
> 0

where the last line follows because ε > 0 and uk(·) is strictly increasing. There is a deviation

that strictly increases the probability of winning. As a result, any qAj > 0 cannot be optimal

so the optimal strategy is to allocate qAJ = 0.

Equilibrium strategies in a two-round election.– The maximization is:

max
GA,qA=(qA

1 ,...,q
A
J )

1
2 + γ

ψ

−( 1
J − 1

) 1
2 +

(
ψ

J − 1

)
J−1∑
j=1

∆uABj


+ γ

ψ

( 1
J − 1

)1
2 + γ

J

J∑
j=1

∆uABj

− 1
2κ

(
GA

)2
s.t.

∑
j

qAj ≤ GA

The first order conditions are:

(
γ

J − 1

)(
1 + γ

ψJ

)
u′(qAj ) = λ′2R for j ∈ {1, . . . , J − 1}

(
γ

J − 1

)(
γ

ψJ

)
u′(qAj ) = λ′2R for j = J

κGA = λ′2R

where λ′2R is the Lagrange multiplier of the budget constraint in a two-round system when

α = 0.

From this, we can see that qAJ > 0. Thus, q1R
J < q2R

J , and prediction (1.3) holds.
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Similarly, G1R < G2R. Assume not. To satisfy the budget constraint, we need that

q1R
j > q2R

j for some j 6= J and by extension all j 6= J . Then u′j(q1R
j ) < u′j(q2R

j ). However, then
u′

j(q1R
j )

u′
j(q2R

j )
G2R

G1R < 1, which violates the first order conditions. Thus, G1R < G2R and prediction

(1.4) holds.

We also have that q1R
j ≶ q2

j . From the first order conditions, we have that u′
j(q1R

j )
u′

j(q2R
j ) < 1 + γ

ψJ

and so q1R
j ≶ q2

j . Predictions (1.3) and (1.5) follow.

A.2 Data Appendix
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A.3 Additional Figures and Tables

Figure A.3 Relationship between municipality population and number of registered voters
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The vertical axis is municipality population in the most recent census prior to the election. Plot includes
only elections with between 50,000 and 400,000 registered voters (6.0% of the universe of elections).

149



Figure A.4 Regression discontinuity plots of the probability of falling above/below other policy
thresholds
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(a) Threshold: 300,000 inhabitants
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(b) Threshold: 285,714 inhabitants

The vertical axis is the fraction of elections above (a) the 300,000 resident threshold and (b) the 285,714
resident threshold. At 300,000 residents, a salary cap for municipal legislators comes into effect. At 285,714
residents, the size of the legislature changes. In each panel, each point plots an average value within a 7,500
voter bin. Diameter of the points is proportional to the number of observations. Confidence intervals (dashed
lines) represent the 95% confidence intervals of a local linear regression (solid red line) with standard errors
clustered at the municipality level.

150



Figure A.5 Regression discontinuity plots of pre-treatment population density
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(a) Measured prior to the 1988 Constitution
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(b) Measured prior to the most recent single-round

Population density measured (a) in the 1980 census or (b) in the census prior to the most recent year in a
single-round system or in the 1991 census (b). In each panel, each point plots an average value within a 7,500
voter bin. Diameter of the points is proportional to the number of observations. Confidence intervals (dashed
lines) represent the 95% confidence intervals of a local linear regression (solid red line) with standard errors
clustered at the municipality level.
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Figure A.6 Regression discontinuity coefficients on pre-treatment population density at different
bandwidths
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(a) Measured prior to the 1988 Constitution
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(b) Measured prior to the most recent single-round

Population density measured (a) in the 1980 census or (b) in the census prior to the most recent year
in a single-round system or in the 1991 census. The thicker vertical lines represent the 90% confidence
interval and the thinner vertical lines represent the 95% confidence interval. Estimation method: Local linear
regression with the specified voter bandwidth and election-year fixed effects. Standard errors clustered at the
municipality level. Source: 1980, 1991, 2000, and 2010 Demographic Census.
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Figure A.7 Compliance with treatment assignment

● ●●● ● ●● ●0.00

0.25

0.50

0.75

1.00

0.2 0.4 0.6 0.8
Vote share of top candidate in first round (binned)

S
ha

re
 o

f e
le

ct
io

ns
 w

ith
 tw

o 
ro

un
ds

Registered voters >200k ● No (single−round) Yes (two−round)

The vertical axis is the fraction of elections that held two rounds of elections. The horizontal axis is the vote
share of the top candidate in the first round. Municipalities below the 200,000 registered voter threshold (and
thus should always hold one round) are denoted by red circles. Municipalities above the 200,000 registered
voter threshold (and thus should hold two rounds if no candidate receives 50% in the first round) are denoted
by blue triangles. Bin sizes are 10% vote share.
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Figure A.8 Regression discontinuity plot of probability of treatment in the previous election
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The vertical axis is the probability that the previous election was a two-round election. The horizontal axis
is the number of registered voters in the current election. In each panel, each point plots an average value
within a 7,500 voter bin. Diameter of the points is proportional to the number of observations. Confidence
intervals (dashed lines) represent the 95% confidence intervals of a local linear regression (solid red line)
with standard errors clustered at the municipality level. Note that because all observations to the left of the
threshold are 0, there are no standard errors.
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Table A.9 Regression discontinuity estimates on resources in municipal schools, by year in the
term

Mean level of resources Standard deviation in resources
Equipment Infrastructure Equipment Infrastructure

Panel A: First year in the electoral term
TwoRound 0.077∗∗ 0.052 −0.013 −0.021

(0.039) (0.035) (0.011) (0.018)

Observations 197 227 197 227

Panel B: Second year in the electoral term
TwoRound 0.091∗∗ 0.059∗ −0.018∗ −0.022

(0.039) (0.033) (0.011) (0.017)

Observations 197 228 197 228

Panel C: Third year in the electoral term
TwoRound 0.087∗∗ 0.059∗ −0.026∗∗ −0.022

(0.037) (0.034) (0.011) (0.016)

Observations 197 228 197 228

Panel D: Fourth year in the electoral term
TwoRound 0.070∗∗ 0.059∗ −0.015 −0.020

(0.033) (0.034) (0.010) (0.017)

Bandwidth size 50,000 50,000 50,000 50,000
Observations 229 229 229 229

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Mayoral terms are for four years. Each panel displays the estimate separately for the 1st year (Panel A),
2nd year (Panel B), 3rd year (Panel C ), and 4th year (Panel D) of the term. Equipment and Infrastructure
are indices constructed by taking the first principal component of a school’s equipment and infrastructure
elements, then calculating the school’s percentile in the national distribution. The first two columns (Mean
level of resources) have as the dependent variable the mean index level across schools in the municipality. The
last two columns (Standard deviation in resources) have as the dependent variable the standard deviation in
the index across schools in the municipality. Estimation method: Local linear regression with election-year
fixed effects and a 50,000 voter bandwidth. Population density included as a control separately across the
cutoff. Standard errors clustered at the municipality level.
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Table A.10 Regression discontinuity estimates on the geographic concentration of voters, with
number of candidates as a control

Panel A: Concentration indices of voters for specific candidates
Coefficient of
variation

Fractionaliza-
tion Entropy

TwoRound −0.005 −0.010∗∗ −0.009∗
(0.003) (0.005) (0.005)

Single-round mean 0.019 0.027 0.030
Observations 264 264 264

Panel B: Standard deviation in vote shares for each candidate
1st place
candidate

2nd place
candidate

3rd place
candidate

4th place
candidate

TwoRound −0.016∗∗ −0.012 −0.010 −0.002
(0.007) (0.008) (0.007) (0.004)

Single-round mean 0.080 0.075 0.042 0.023
Observations 264 264 251 216

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Panel A: overall concentration of voters for specific candidates, as measured by concentration indices
(coefficient of variation, fractionalization, and entropy) of vote counts in polling stations. Panel B: candidate-
level concentration of voters, measured by standard deviation in a candidate’s vote shares (for the 1st-4th
place candidate) across polling stations. Vote shares are from the first round. Estimation method: Local
linear regression with election-year fixed effects and a 50,000 voter bandwidth. Population density included as
a control separately across the cutoff. Number of candidates included as a control. Standard errors clustered
at the municipality level.
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Table A.11 Regression discontinuity estimates on resources in municipal schools, using z-scores

Mean level of resources Standard deviation in resources
Equipment Infrastructure Equipment Infrastructure

TwoRound 0.079∗∗ 0.069∗ −0.014 −0.007
(0.033) (0.037) (0.009) (0.017)

Single-round mean 0.724 0.739 0.120 0.146
Observations 820 912 820 912

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Equipment and Infrastructure are indices constructed by taking the z-score of a school’s equipment and
infrastructure elements, then calculating the school’s percentile in the national distribution. The first two
columns (Mean level of resources) have as the dependent variable the mean index level across schools in the
municipality. The last two columns (Standard deviation in resources) have as the dependent variable the
standard deviation in the index across schools in the municipality. Estimation method: Local linear regression
with a 50,000 voter bandwidth. Standard errors clustered at the municipality level.
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Figure A.12 Regression discontinuity coefficients on overall concentration of voters for specific
candidates at different bandwidths
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(a) Coefficient of variation
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(b) Fractionalization
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(c) Entropy

Overall concentration of voters for specific candidates, as measured by (a) Coefficient of variation, (b)
Fractionalization, and (c) Entropy, using vote counts in polling stations. Vote shares are from the first round.
The thicker vertical lines represent the 90% confidence interval and the thinner vertical lines represent the
95% confidence interval. Estimation method: Local linear regression with election-year fixed effects and with
the specified voter bandwidth. Population density included as a control separately across the cutoff. Standard
errors clustered at the municipality level.
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Figure A.13 Regression discontinuity coefficients on the candidate-level concentration in voters
at different bandwidths
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(a) Standard deviation in votes for 1st place candidate

●

●

● ● ● ●
● ●

● ● ● ●
● ● ● ● ● ● ●● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●●● ● ● ● ● ● ● ● ● ● ●●●

−0.075

−0.050

−0.025

0.000

0.025

0 50000 100000 150000
Bandwidth size

C
oe

ffi
ci

en
ts

 o
n 

tw
or

ou
nd

●

●

●

●

Standard
Main
IK
MSERD

(b) Standard deviation in votes for 2nd place candidate

Standard deviation in a candidate’s vote counts across polling stations, for the (a) 1st place and (b) 2nd
place candidate. Vote shares are from the first round. The thicker vertical lines represent the 90% confidence
interval and the thinner vertical lines represent the 95% confidence interval. Estimation method: Local linear
regression with election-year fixed effects and with the specified voter bandwidth. Population density included
as a control separately across the cutoff. Standard errors clustered at the municipality level.

159



Figure A.14 Regression discontinuity coefficients on overall level of resources in municipal schools
at different bandwidths
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(a) Equipment, mean level of resources
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(b) Infrastructure, mean level of resources

Equipment and Infrastructure are indices constructed by taking the first principal component of a school’s
equipment and infrastructure elements, then calculating the school’s percentile in the national distribution.
Mean level of resources is the mean index level across schools in the municipality for (a) equipment and (b)
infrastructure. The thicker vertical lines represent the 90% confidence interval and the thinner vertical lines
represent the 95% confidence interval. Estimation method: Local linear regression with election-year fixed
effects and with the specified voter bandwidth. Population density included as a control separately across the
cutoff. Standard errors clustered at the municipality level.
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Figure A.15 Regression discontinuity coefficients on distribution of resources in municipal schools
at different bandwidths
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(a) Equipment, standard deviation in resources
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(b) Infrastructure, standard deviation in resources

Equipment and Infrastructure are indices constructed by taking the first principal component of a school’s
equipment and infrastructure elements, then calculating the school’s percentile in the national distribution.
Standard deviation in resources is the standard deviation in the index across schools in the municipality for
(a) equipment and (b) infrastructure. The thicker vertical lines represent the 90% confidence interval and the
thinner vertical lines represent the 95% confidence interval. Estimation method: Local linear regression with
election-year fixed effects and with the specified voter bandwidth. Population density included as a control
separately across the cutoff. Standard errors clustered at the municipality level.
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Figure A.16 Regression discontinuity coefficients on municipal education outcomes at different
bandwidths
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(a) Drop-out rate
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(b) Elementary literacy rate

Drop-out rate is from the School Census. It is the mean rate across schools in the municipality. Elementary
literacy rate is from the 2000 and 2010 Demographic Census. It is the literacy rate of cohorts who are of
elementary school age during the mayoral term. The thicker vertical lines represent the 90% confidence
interval and the thinner vertical lines represent the 95% confidence interval. IK and MSERD bandwidths not
shown for Elementary literacy rate, as the bandwidth chosen was larger than the support. Estimation method:
Local linear regression with election-year fixed effects and with the specified voter bandwidth. Population
density included as a control separately across the cutoff. Standard errors clustered at the municipality level.
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Table A.17 Regression discontinuity estimates on the geographic concentration of voters, without
controls

Panel A: Concentration indices of voters for specific candidates
Coefficient of
variation

Fractionaliza-
tion Entropy

TwoRound −0.008∗∗ −0.010∗∗ −0.007
(0.003) (0.004) (0.005)

Single-round mean 0.019 0.027 0.030
Observations 264 264 264

Panel B: Standard deviation in vote shares for each candidate
1st place
candidate

2nd place
candidate

3rd place
candidate

4th place
candidate

TwoRound −0.012∗ −0.011 −0.003 0.005
(0.006) (0.008) (0.006) (0.005)

Single-round mean 0.080 0.075 0.042 0.023
Observations 264 264 251 216

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Panel A: overall concentration of voters for specific candidates, as measured by concentration indices
(coefficient of variation, fractionalization, and entropy) of vote counts in polling stations. Panel B: candidate-
level concentration of voters, measured by standard deviation in a candidate’s vote shares (for the 1st-4th
place candidate) across polling stations. Vote shares are from the first round. Estimation method: Local
linear regression with a 50,000 voter bandwidth. Standard errors clustered at the municipality level.
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Table A.18 Regression discontinuity estimates on resources in municipal schools, without controls

Mean level of resources Standard deviation in resources
Equipment Infrastructure Equipment Infrastructure

TwoRound 0.068∗ 0.036 −0.019∗ −0.014
(0.035) (0.029) (0.011) (0.015)

Single-round mean 0.738 0.731 0.121 0.157
Observations 821 916 821 916

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Equipment and Infrastructure are indices constructed by taking the first principal component of a school’s
equipment and infrastructure elements, then calculating the school’s percentile in the national distribution.
The first two columns (Mean level of resources) have as the dependent variable the mean index level across
schools in the municipality. The last two columns (Standard deviation in resources) have as the dependent
variable the standard deviation in the index across schools in the municipality. Estimation method: Local
linear regression with a 50,000 voter bandwidth. Standard errors clustered at the municipality level.

Table A.19 Regression discontinuity estimates on municipal education outcomes, without controls

Drop-out rate Failing rate Passing rate Elem. literacy
rate

TwoRound −1.340∗ −0.051 1.291 2.918
(0.755) (1.167) (1.686) (2.030)

Single-round mean 3.211 8.645 88.283 91.445
Observations 913 912 913 178

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Drop-out rate, Failing rate, and Passing rate are from the School Census. They are the mean rate across
schools in the municipality and should add up to 1 in each school. Elem. literacy rate is from the 2000 and
2010 Demographic Census. It is the literacy rate of cohorts who are of elementary school age during the
mayoral term. Estimation method: Local linear regression with a 50,000 voter bandwidth. Standard errors
clustered at the municipality level.
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Table A.20 Placebo regression discontinuity estimates on the geographic concentration of voters,
at 300,000 inhabitant threshold

Panel A: Concentration indices of voters for specific candidates
Coefficient of
variation

Fractionaliza-
tion Entropy

TwoRound 0.005 0.005 0.005
(0.004) (0.005) (0.005)

Single-round mean 0.019 0.024 0.027
Observations 471 471 471

Panel B: Standard deviation in vote shares for each candidate
1st place
candidate

2nd place
candidate

3rd place
candidate

4th place
candidate

TwoRound 0.001 0.0001 0.001 −0.003
(0.008) (0.007) (0.006) (0.005)

Single-round mean 0.075 0.072 0.040 0.021
Observations 471 471 444 373

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
At 300,000 inhabitants, a 2000 constitutional amendment placing a cap on local legislator salaries comes
into effect. Panel A: overall concentration of voters for specific candidates, as measured by concentration
indices (coefficient of variation, fractionalization, and entropy) of vote counts in polling stations. Panel B:
candidate-level concentration of voters, measured by standard deviation in a candidate’s vote shares (for
the 1st-4th place candidate) across polling stations. Vote shares are from the first round. Includes only
elections after 2000. Estimation method: Local linear regression with election-year fixed effects and a 125,000
inhabitant bandwidth. Population density included as a control separately across the cutoff. Standard errors
clustered at the municipality level.
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Table A.21 Placebo regression discontinuity estimates on the geographic concentration of voters,
at 285,714 inhabitant threshold

Panel A: Concentration indices of voters for specific candidates
Coefficient of
variation

Fractionaliza-
tion Entropy

TwoRound 0.004 0.005 0.007∗
(0.003) (0.004) (0.004)

Single-round mean 0.019 0.024 0.027
Observations 423 423 423

Panel B: Standard deviation in vote shares for each candidate
1st place
candidate

2nd place
candidate

3rd place
candidate

4th place
candidate

TwoRound 0.005 0.003 0.009∗ 0.006
(0.005) (0.006) (0.005) (0.004)

Single-round mean 0.075 0.071 0.040 0.022
Observations 424 423 400 331

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
At 285,714 inhabitants, a 2004 constitutional amendment changing the size of the local legislature comes
into effect. Panel A: overall concentration of voters for specific candidates, as measured by concentration
indices (coefficient of variation, fractionalization, and entropy) of vote counts in polling stations. Panel B:
candidate-level concentration of voters, measured by standard deviation in a candidate’s vote shares (for
the 1st-4th place candidate) across polling stations. Vote shares are from the first round. Includes only
elections after 2004. Estimation method: Local linear regression with election-year fixed effects and a 125,000
inhabitant bandwidth. Population density included as a control separately across the cutoff. Standard errors
clustered at the municipality level.
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Figure A.22 Regression discontinuity coefficients on overall concentration of voters for specific
candidates at different thresholds
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(a) Coefficient of variation
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(b) Fractionalization
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(c) Entropy

Overall concentration of voters for specific candidates, as measured by (a) Coefficient of variation, (b)
Fractionalization, and (c) Entropy, using vote counts in polling stations. Vote shares are from the first round.
The thicker horizontal lines represent the 90% confidence interval and the thinner horizontal lines represent
the 95% confidence interval. Estimation method: Local linear regression with election-year fixed effects and
a 50,000 voter bandwidth. Population density included as a control separately across the cutoff. Standard
errors clustered at the municipality level.
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Figure A.23 Regression discontinuity coefficients on the candidate-level concentration in voters
at different thresholds
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(a) Standard deviation in votes for 1st place candidate
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(b) Standard deviation in votes for 2nd place candidate

Standard deviation in a candidate’s vote counts across polling stations, for the (a) 1st place and (b) 2nd place
candidate. Vote shares are from the first round. The thicker horizontal lines represent the 90% confidence
interval and the thinner horizontal lines represent the 95% confidence interval. Estimation method: Local
linear regression with election-year fixed effects and a 50,000 voter bandwidth. Population density included
as a control separately across the cutoff. Standard errors clustered at the municipality level.
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Figure A.24 Regression discontinuity coefficients on overall level of resources in municipal schools
at different thresholds
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(a) Equipment, mean level of resources
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(b) Infrastructure, mean level of resources

Equipment and Infrastructure are indices constructed by taking the first principal component of a school’s
equipment and infrastructure elements, then calculating the school’s percentile in the national distribution.
Mean level of resources is the mean index level across schools in the municipality for (a) equipment and (b)
infrastructure. The thicker horizontal lines represent the 90% confidence interval and the thinner horizontal
lines represent the 95% confidence interval. Estimation method: Local linear regression with election-year
fixed effects and a 50,000 voter bandwidth. Population density included as a control separately across the
cutoff. Standard errors clustered at the municipality level.
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Figure A.25 Regression discontinuity coefficients on distribution of resources in municipal schools
at different thresholds
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(a) Equipment, standard deviation in resources
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(b) Infrastructure, standard deviation in resources

Equipment and Infrastructure are indices constructed by taking the first principal component of a school’s
equipment and infrastructure elements, then calculating the school’s percentile in the national distribution.
Standard deviation in resources is the standard deviation in the index across schools in the municipality
for (a) equipment and (b) infrastructure. The thicker horizontal lines represent the 90% confidence interval
and the thinner horizontal lines represent the 95% confidence interval. Estimation method: Local linear
regression with election-year fixed effects and a 50,000 voter bandwidth. Population density included as a
control separately across the cutoff. Standard errors clustered at the municipality level.
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Figure A.26 Regression discontinuity coefficients on municipal education outcomes at different
thresholds
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(a) Drop-out rate

●

●

●

●

●

●

●

N: 257

N: 219

N: 195

N: 177

N: 154

N: 139

N: 130

170,000

180,000

190,000

200,000 (Actual)

210,000

220,000

230,000

−2 0 2
Coefficient on TwoRound

T
hr

es
ho

ld

(b) Elementary literacy rate

Drop-out rate is from the School Census. It is the mean rate across schools in the municipality. Elementary
literacy rate is from the 2000 and 2010 Demographic Census. It is the literacy rate of cohorts who are of
elementary school age during the mayoral term. The thicker horizontal lines represent the 90% confidence
interval and the thinner horizontal lines represent the 95% confidence interval. Estimation method: Local
linear regression with election-year fixed effects and a 50,000 voter bandwidth. Population density included
as a control separately across the cutoff. Standard errors clustered at the municipality level.
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Appendix B

Appendix to Chapter 2

Table B.1 Data sources for outcomes of female textile, footwear, apparel workers

Data Source Year Descrip-
tion

Indus-
try
code

Sub-
district
identifier

Variables

1980 Population
Census 1980 World

Bank 2-digit Yes

Female labor force participation;
Educational attainment; Days and
hours worked; Age at first marriage;
Contraception use; Children ever born;
Educational attainment of children

1990 Population
Census 1990 World

Bank 2-digit No

Female labor force participation;
Educational attainment; Days and
hours worked; Age at first marriage;
Children ever born; Educational
attainment of children

1995 Intercensal
Survey 1995 World

Bank 2-digit No

Female labor force participation;
Educational attainment; Days and
hours worked; Age at first marriage;
Children ever born; Educational
attainment of children

SUSENAS
(National
Socioeconomic
Survey)

1992-
1997 RAND 1-digit Yes

Female labor force participation;
Educational attainment; Days and
hours worked; Age at first marriage;
Contraception use; Children ever born;
Educational attainment of children

1998-
2000 RAND 2-digit Yes

Female labor force participation;
Educational attainment; Days and
hours worked; Age at first marriage;
Contraception use; Children ever born;
Educational attainment of children

Industry code: Industry codes at the 1-digit level only identify manufacturing versus non-manufacturing
industries. Industry codes at the 2-digit level identify textile, footwear, apparel industries within the
manufacturing industry.
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Table B.2 Estimates on production worker wages, with province-by-year fixed effects: all
manufacturing

Treatment variable: Firms producing textile, footwear, apparel

Full sample Exporters
Nike, Adidas,

Reebok
subdistricts

Exporters in
Nike, Adidas,

Reebok
subdistricts

(1) (2) (3) (4)

TREAT × POST92 0.033∗∗∗ 0.110∗∗ 0.085∗∗∗ 0.155∗∗
(0.012) (0.055) (0.028) (0.076)

Firms 40,103 2,677 3,029 486
Observations 169,575 13,537 23,259 3,065
Dep. var. mean 8.627 8.923 8.995 9.079

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Dependent variable is the log real base wage paid to production workers. Treatment is firms producing textile,
footwear, apparel for all years between 1988-1991, relative to the rest of manufacturing. Full sample is the
full sample of firms. Exporters is the sample of firms reporting exporting a positive percentage of output for
all years between 1992-1995. Nike, Adidas, Reebok subdistricts is the sample of firms located in subdistricts
where Nike, Adidas, Reebok factories operate. Estimation method: Regression includes province-by-year fixed
effects, firm fixed effects, and district-specific time trends. Standard errors clustered at the firm level.
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Table B.3 Estimates on production worker wages, with province-by-year or island-by-year fixed
effects: textile, footwear, apparel

Treatment variable: Firms in
Nike, Adidas, Reebok

subdistricts

Treatment variable: Firms in
Nike, Adidas, Reebok districts

All TFA TFA exporters All TFA TFA exporters
(1) (2) (3) (4)

TREAT × POST92 0.120∗∗∗ 0.214∗∗
(0.035) (0.104)

TREAT × POST92 0.053 0.053
(0.035) (0.094)

Firms 4,966 345 4,966 345
Observations 32,555 2,802 37,898 3,092
Dep. var. mean 8.598 8.824 8.598 8.824

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Dependent variable is the log real base wage paid to production workers. For Columns 1-2, treatment is
textile, footwear, apparel firms operating in Nike, Adidas, Reebok subdistricts, relative to textile, footwear,
apparel firms in other subdistricts. For Columns 3-4, treatment is textile, footwear, apparel firms operating
in Nike, Adidas, Reebok districts, relative to textile, footwear, apparel firms in other districts. All TFA is
the full sample of firms producing textile, footwear, apparel for all years between 1988-1991. TFA exporters
is the sample of textile, footwear, apparel firms reporting exporting a positive percentage of output for all
years between 1992-1995. Estimation method: Regression includes province-by-year fixed effects (in Columns
1-2), island-by-year fixed effects (in Columns 3-4), subdistrict fixed effects (in Columns 1-2), district fixed
effects (in Columns 3-4), district-specific time trends (in Columns 1-2), and province-specific time trends (in
Columns 3-4). Standard errors clustered at the subdistrict level (Columns 1-2) or district level (Columns 3-4).
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Table B.4 Estimates on labor standards among female textile, footwear, apparel workers, with
province-by-year or island-by-year fixed effects

Treatment variable: Employed in
textile, footwear, apparel

Treatment variable: Location
with a Nike, Adidas, Reebok

factory
Geographic level of
analysis

Subdistrict District Subdistrict District
(1) (2) (3) (4)

Panel A Dependent variable: Younger than 16 years of age
TREAT × POST92 0.022∗∗ −0.005

(0.011) (0.004)
TREAT × POST92 −0.009 −0.015∗

(0.026) (0.008)

Observations 25,689 169,129 11,564 67,397
Dep. var. mean 0.075 0.073 0.059 0.069

Panel B Dependent variable: Hours worked in past week
TREAT × POST92 2.914∗∗∗ 0.202

(0.837) (0.500)
TREAT × POST92 −0.156 −1.279∗

(1.579) (0.727)

Observations 25,113 165,019 11,293 65,768
Dep. var. mean 42.927 41.352 43.995 43.538

Pre-period 1980 1980, 1990 1980 1980, 1990
Post-period 1998-2000 1995, 1998-2000 1998-2000 1995, 1998-2000

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Dependent variables are an indicator equal to 1 if the individual is younger than 16 years of age (Panel
A) and number of hours worked in the past week (Panel B). For Columns 1-2, treatment is employment
in the textile, footwear, apparel sector, relative to employment in all other manufacturing sectors. For
Columns 3-4, treatment is a female textile, footwear, apparel worker residing in a subdistrict or district where
a Nike, Adidas, Reebok factory operates, relative to female textile, footwear, apparel workers residing in
subdistricts or districts where a textile, footwear, apparel firm operates. Estimation method: Regression
includes province-by-year fixed effects (Columns 1 and 3), island-by-year fixed effects (Columns 2 and 4),
subdistrict-industry fixed effects (Column 1), district-industry fixed effects (Column 2), subdistrict fixed
effects (Column 3), district fixed effects (Column 4), district-specific time trends (Columns 1 and 3), and
province-specific time trends (Columns 2 and 4). Standard errors clustered at the subdistrict-industry
(Column 1), district-industry (Column 2), subdistrict (Column 3), or district (Column 4) level.
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Table B.5 Estimates on female labor force participation, district-level analysis

Treatment variable: District with
a textile, footwear, apparel firm

Treatment variable: District with
a Nike, Adidas, Reebok factory

Age group 15-64 15-25 15-64 15-25
(1) (2) (3) (4)

TREAT × POST92 −0.021∗∗∗ −0.035∗∗∗
(0.006) (0.008)

TREAT × POST92 0.002 0.003
(0.009) (0.013)

Observations 3,587,450 1,399,550 2,596,430 1,002,411
Dep. var. mean 0.400 0.344 0.415 0.369

Pre-period 1980, 1990 1980, 1990 1980, 1990 1980, 1990
Post-period 1992-2000 1992-2000 1992-2000 1992-2000

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Dependent variable is an indicator equal to 1 if the individual is in the labor force. For Columns 1-2,
treatment is residing in a district where a textile, footwear, apparel firm operates, relative to residing in
urban areas in other districts. For Columns 3-4, treatment is residing in a district where a Nike, Adidas,
Reebok factory operates, relative to residing in districts where a textile, footwear, apparel firm operates. An
individual is considered in the labor force if the main activity in the last week was working or looking for
work. Estimation method: Regression includes year fixed effects, district fixed effects, and province-specific
time trends. Standard errors clustered at the district level.
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Figure B.6 Estimates by year of female labor force participation among females 15-25 years
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(a) District with a textile, footwear, apparel firm
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(b) District with a Nike, Adidas, Reebok factory

Dependent variable is an indicator equal to 1 if the individual is in the labor force. In Panel (a), treatment
is residing in a district with a textile, footwear, apparel firm, relative to urban areas in other districts. In
Panel (b), treatment is residing in a district with a Nike, Adidas, Reebok factory, relative to districts with
a textile, footwear, apparel firm. The thicker vertical lines represent the 90% confidence interval and the
thinner vertical lines represent the 95% confidence interval. Estimation method: Regression includes year
fixed effects, district fixed effects, and province-specific time trends. Standard errors clustered at the district
level.
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Table B.7 Estimates on educational composition of female textile, footwear, apparel workers,
district-level analysis

Treatment variable: Employed in
textile, footwear, apparel

Treatment variable: District with
a Nike, Adidas, Reebok factory

Age group All ≤ 25 years All ≤ 25 years
(1) (2) (3) (4)

Panel A Dependent variable: No schooling
TREAT × POST92 0.026 0.058∗∗∗

(0.017) (0.017)
TREAT × POST92 0.062∗∗ 0.031

(0.030) (0.034)

Observations 169,135 91,274 67,399 41,315
Dep. var. mean 0.437 0.302 0.324 0.230

Panel B Dependent variable: Primary schooling
TREAT × POST92 −0.053∗∗ −0.065∗∗

(0.022) (0.027)
TREAT × POST92 −0.060 −0.022

(0.037) (0.049)

Observations 169,135 91,274 67,399 41,315
Dep. var. mean 0.438 0.554 0.539 0.622

Panel C Dependent variable: Secondary schooling
TREAT × POST92 0.034∗∗∗ 0.013

(0.011) (0.015)
TREAT × POST92 −0.00002 −0.010

(0.025) (0.029)

Observations 169,135 91,274 67,399 41,315
Dep. var. mean 0.110 0.135 0.127 0.143

Pre-period 1980, 1990 1980, 1990 1980, 1990 1980, 1990
Post-period 1995, 1998-2000 1995, 1998-2000 1995, 1998-2000 1995, 1998-2000

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Dependent variables are indicators for the highest level of schooling attained: none (Panel A), primary
(Panel B), and secondary (Panel C). For Columns 1-2, treatment is employment in the textile, footwear,
apparel sector, relative to employment in all other manufacturing sectors. For Columns 3-4, treatment is a
female textile, footwear, apparel worker residing in a district where a Nike, Adidas, Reebok factory operates,
relative to female textile, footwear, apparel workers residing in districts where a textile, footwear, apparel firm
operates. Estimation method: Regression includes year fixed effects, district-industry fixed effects (Columns
1-2), district fixed effects (Columns 3-4), and province-specific time trends. Standard errors clustered at the
district-industry (Columns 1-2) or district (Columns 3-4) level.
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Table B.8 Estimates on educational composition of female textile, footwear, apparel workers,
with province-by-year fixed effects

Treatment variable: Employed in
textile, footwear, apparel

Treatment variable: Subdistrict
with a Nike, Adidas, Reebok

factory
Age group All ≤ 25 years All ≤ 25 years

(1) (2) (3) (4)

Panel A Dependent variable: No schooling
TREAT × POST92 0.016 0.117∗∗∗

(0.023) (0.025)
TREAT × POST92 −0.020 −0.025

(0.099) (0.098)

Observations 25,690 15,052 11,565 6,949
Dep. var. mean 0.460 0.410 0.390 0.337

Panel B Dependent variable: Primary schooling
TREAT × POST92 −0.036 −0.133∗∗∗

(0.028) (0.038)
TREAT × POST92 −0.008 0.008

(0.125) (0.111)

Observations 25,690 15,052 11,565 6,949
Dep. var. mean 0.391 0.449 0.475 0.535

Panel C Dependent variable: Secondary schooling
TREAT × POST92 0.055∗∗∗ 0.035

(0.017) (0.028)
TREAT × POST92 0.038 0.018

(0.040) (0.040)

Observations 25,690 15,052 11,565 6,949
Dep. var. mean 0.131 0.132 0.125 0.123

Pre-period 1980 1980 1980 1980
Post-period 1998-2000 1998-2000 1998-2000 1998-2000

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Dependent variables are indicators for the highest level of schooling attained: none (Panel A), primary (Panel
B), and secondary (Panel C). For Columns 1-2, treatment is employment in the textile, footwear, apparel
sector, relative to employment in all other manufacturing sectors. For Columns 3-4, treatment is a female
textile, footwear, apparel worker residing in a subdistrict where a Nike, Adidas, Reebok factory operates,
relative to female textile, footwear, apparel workers residing in subdistricts where a textile, footwear, apparel
firm operates. Estimation method: Regression includes province-by-year fixed effects, subdistrict-industry
fixed effects (Columns 1-2), subdistrict fixed effects (Columns 3-4), and district-specific time trends. Standard
errors clustered at the subdistrict-industry (Columns 1-2) or subdistrict (Columns 3-4) level.
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Figure B.10 Estimates by year on downstream marriage outcomes for female textile, footwear,
apparel workers, district-level analysis
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(c) Age at first marriage
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(d) Age at first marriage
District with a Nike, Adidas, Reebok factory

Ever married is an indicator equal to 1 if the marital status is married, widowed, or divorced. Age at marriage
is the individual’s age at her first marriage. For Panels (a) and (c), treatment is employment in the textile,
footwear, apparel sector, relative to employment in all other manufacturing sectors. For Panels (b) and (d),
treatment is a female textile, footwear, apparel worker residing in a district where a Nike, Adidas, Reebok
factory operates, relative to female textile, footwear, apparel workers residing in districts where a textile,
footwear, apparel firm operates. Estimation method: Regression includes year fixed effects, district-industry
fixed effects (Panels (a) and (c)), district fixed effects (Panels (b) and (d)), and province-specific time trends.
Standard errors clustered at the district-industry (Panels (a) and (c)) or district (Panels (b) and (d)) level.
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Figure B.13 Estimates by year on downstream fertility outcomes for female textile, footwear,
apparel workers, district-level analysis
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Ever had children is an indicator equal to 1 if the individual ever had a child. Number children born is the
number of children ever born. For Panels (a) and (c), treatment is employment in the textile, footwear,
apparel sector, relative to employment in all other manufacturing sectors. For Panels (b) and (d), treatment
is a female textile, footwear, apparel worker residing in a district where a Nike, Adidas, Reebok factory
operates, relative to female textile, footwear, apparel workers residing in districts where a textile, footwear,
apparel firm operates. Estimation method: Regression includes year fixed effects, district-industry fixed effects
(Panels (a) and (c)), district fixed effects (Panels (b) and (d)), and province-specific time trends. Standard
errors clustered at the district-industry (Panels (a) and (c)) or district (Panels (b) and (d)) level.
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Appendix C

Appendix to Chapter 3

Table C.1 Description of variables in poverty score calculation and machine learning covariates

Machine learning covariate list

Variable Poverty score
subcomponent Full Limited

Neighborhood strata – X X
Household variables
Material of housing exterior Housing X X
Material of floor Housing X X
Material of roof Housing X X
Main source of lighting in home – X X
Sanitation system Utilities X X
Main water source Utilities X X
Trash disposal system Utilities X X
Household owns: refrigerator Housing X X
Household owns: television Housing X
Household owns: fan Housing X
Household owns: blender Housing X
Household owns: washing machine Housing X X
Household size Demographic X X
Total rooms in house Demographic X X
Total bedrooms in house – X X
Individual variables
Relationship to head of household – X X
Age Demographic X X
Sex – X X
Marital status – X X
School enrollment status – X X
Highest educational attainment Education X X

Main economic activity in past week Education,
Demographic X X

Normal salary or income from main job Education,
Demographic X

Number of employees at main job Education X
Social security health coverage Education X
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Table C.2 Balance in household characteristics in Quality of Life training and holdout sets

Training set Holdout set p-value of
difference

(1) (2) (3)

Number of households 40,938 4,039
Below the poverty line 0.561 0.556 0.602

Characteristics of household head
Female 0.339 0.351 0.173
Age 42.391 42.295 0.866
Years of schooling 8.582 8.629 0.732
Married or in union 0.623 0.608 0.093∗

Characteristics of household
Household size 4.053 4.062 0.509
Number of children under 4 years 0.391 0.405 0.256
Total rooms 3.587 3.584 0.767
Owns refrigerator 0.513 0.506 0.073∗
Wall material: mud, adobe, brick 0.976 0.973 0.457
Floor material: cement, tile, rug, marble 0.928 0.921 0.088∗
Water connected 0.970 0.971 0.675
Toilet connected 0.921 0.925 0.252
Electric lighting 0.996 0.995 0.529

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Summary characteristics of households in Quality of Life training set (Column 1) and holdout set (Column
2). p-value on the difference in means between the training and holdout set (Column 3) controls for dummies
for survey year and neighborhood strata. F -stat for all differences jointly significant: 1.00 (p = 0.146). Below
the poverty line is defined as having a consumption level below the national poverty line. Water connected is
an indicator equal to 1 if a household’s main water source is piped water. Toilet connected is an indicator
equal to 1 if a household’s toilet is connected to the sewage system. Electric lighting is an indicator equal to
1 if a household’s main source of lighting is electricity.
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Figure C.3 Estimated size of discontinuity in density of assigned poverty scores at placebo
eligibility thresholds, for households surveyed in 1998-2003
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thresholds, using a McCrary test. The discontinuity estimate is the estimated log difference in heights of the
density function. The thicker horizontal lines represent the 90% confidence interval and the thinner horizontal
lines represent the 95% confidence interval. The poverty score algorithm was released to local officials in late
1997. Data from SISBÉN survey.
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Table C.5 Estimated size of discontinuity in density of reconstructed poverty scores at eligibility
threshold

Years Estimate Standard error p-value Bandwidth

Panel A: Households surveyed in 1994-1997
1994 0.066∗∗∗ [0.008] < 0.001 26.961
1995 0.137∗∗∗ [0.004] < 0.001 24.015
1996 0.050∗∗∗ [0.006] < 0.001 25.986
1997 0.121∗∗∗ [0.005] < 0.001 24.593

1994-1997 0.115∗∗∗ [0.003] < 0.001 25.029

Panel B: Households surveyed in 1998-2003
1998 −0.285∗∗∗ [0.005] < 0.001 27.909
1999 −0.510∗∗∗ [0.004] < 0.001 24.449
2000 −0.515∗∗∗ [0.003] < 0.001 26.314
2001 −0.731∗∗∗ [0.004] < 0.001 24.128
2002 −0.936∗∗∗ [0.005] < 0.001 19.346
2003 −0.908∗∗∗ [0.009] < 0.001 18.878

1998-2003 −0.668∗∗∗ [0.002] < 0.001 24.396

Panel C: Households across all years
All −0.450∗∗∗ [0.001] < 0.001 29.037

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Estimates of the size of the discontinuity in the density of reconstructed poverty scores at the eligibility
threshold, using a McCrary test. The discontinuity estimate is the estimated log difference in heights of
the density function. The poverty score is reconstructed from the household’s survey answers or the sum of
the poverty score subcomponents. The poverty score algorithm was released to local officials in late 1997.
Households with a poverty score below 47 are eligible for a variety of social programs. Data from SISBÉN
survey.
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Table C.6 Correlation between manipulating survey answers and altering the poverty score

Dependent variable

Altering poverty score Altering poverty score
to be eligible

(1) (2) (3) (4)

Full ML - Limited ML −0.072∗∗∗ 0.020∗∗∗ −0.017∗∗∗ −0.022∗∗∗
(0.002) (0.003) (0.001) (0.001)

Full ML - Limited ML × Post-1998 −0.070∗∗∗ 0.008∗∗∗
(0.003) (0.001)

N 2,098,162 2,098,162 2,098,162 2,098,162

∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01
Dependent variable is either an indicator equal to 1 if the household’s reconstructed poverty score does
not match the assigned poverty score (Columns 1-2) or an indicator equal to 1 if the household’s altered
score changes their eligibility status (Columns 3-4). Full ML - Limited ML is the difference in a household’s
poverty prediction when using predictions trained on the full covariate list and when using predictions trained
on the limited covariate list. Post-1998 is an indicator equal to 1 if the household was surveyed between
1998-2003 and 0 if the household was surveyed between 1994-1997. The poverty score is reconstructed from
the household’s survey answers or the sum of the poverty score subcomponents. The poverty score algorithm
was released to local officials in late 1997. Sample restricted to households with a reconstructed poverty score
above the eligibility threshold (47). Data from SISBÉN.
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