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Abstract

Although the world has witnessed a remarkable reduction in global poverty, vexing

challenges persist. Whereas globally poor individuals of the previous generation over-

whelmingly lived in poor countries, today the global poor are largely split between two

groups: (i) poor, fragile, and conflict-riddled countries or (ii) fast-growing but increas-

ingly economically unequal countries. Answers to questions about what can be done to

promote inclusive economic development and reduce poverty will differ critically across

these contexts. My research aims to make valuable contributions toward answering

important contextualized questions by evaluating policies, testing new theories, and

credibly using quantitative data.
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Chapter 1

Introduction

Essay 1. Minerals—specifically tin, tantalum, tungsten, and gold—contribute in some

way to a large share of consumer products. These include electronics, jewelry, medical

equipment, and automobiles. The Democratic Republic of the Congo (DRC) exports a

large share of the global supply of these minerals. Additionally, some estimates suggest

that the value of untapped raw minerals within the DRC is roughly US $24 trillion.

Despite this the DRC, a country home to over 80 million people, has the 8th lowest GDP

per capita in the world. One potential reason for this discrepancy is that revenues earned

from the extraction and international trade of minerals finance the violent activities of

armed rebel groups (Berman et al. 2017). Therefore, these minerals are commonly

called “conflict minerals” and the DRC fits squarely into the first group of countries

noted in the abstract.

Due to this reality, the US Government passed legislation—as part of the Dodd-

Frank Act—intending to break the connection between demand for popular products

and the financing of devastating conflict in the DRC and surrounding countries. This

policy requires publicly-traded US companies to report the source of any tin, tantalum,

tungsten, and gold in their supply chain and to determine if the international trade of

these minerals directly finances armed rebel groups. The legislation was, and remains,

controversial. US companies claim that the policy imposes an undue burden on the do-

mestic manufacturing sector. Others, namely researchers who study conflict in Central

Africa, point out that the policy may be built on faulty assumptions about the causal

factors leading to conflict in the region.

1
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My first essay, entitled Good Intentions Gone Bad? The Dodd-Frank Act and Con-

flict in Africa’s Great Lakes Region, investigates this controversial legislation. Previous

research evaluating the impact of the conflict minerals legislation compares the preva-

lence of conflict between areas with and without mineral mines within the DRC to

identify the effect of the Dodd-Frank Act on conflict (Parker et al. 2016; Stoop et al.

2018). Due to the presence of spillovers (i.e., the reality that conflict may not remain

isolated in selected geographic regions), the estimates reported by these studies may

understate the true effect. Moreover, the geographical scope of the previous research

is limited, as the Dodd-Frank Act imposes regulations on all countries surrounding the

DRC. To fully evaluate the effect of the Dodd-Frank Act, I investigate the prevalence of

conflict events in the DRC and in all surrounding countries. Empirical estimates show

that the unintended consequences of the legislation within the DRC may be larger than

previously reported by Parker et al. (2016) and Stoop et al. (2018). Additionally, there

is no evidence of any reduction in conflict within all covered countries pooled together.

Finally, in a secondary analysis I investigate the effect of the US Government’s decision

to suspend the enforcement of the conflict mineral legislation in April of 2017. I find

that this suspension of enforcement has little effect on the prevalence of conflict both

in the DRC and in all covered countries combined. These results can help inform more

effective future public policies with the intention of reducing violent conflict around the

world.

Essay 2. A common, yet persistently puzzling, observation across many contexts is

that poor households refrain from making small investments that have relatively large

and positive returns (Ashraf et al. 2006; Duflo et al. 2011; Bryan et al. 2014). Many

respond to this observation by designing interventions that help relieve external factors

constraining profitable investment, such as providing access to savings (Besley et al.

1993) and credit (Pitt and Khandker 1998) services. Unfortunately, these interventions

are often plagued by low participation (Banerjee et al. 2015; Dupas et al. 2018).

This suggests that relieving these external constraints may not be sufficient to alleviate

poverty or drive widespread economic development.

Although a host of various additional constraints exist, internal or psychological

constraints are receiving increased attention by economists and other social scientists.

The existence of these sorts of constraints may explain low take-up or participation in
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profitable investments. My second essay, entitled Aspirations and Investments in Rural

Myanmar, tests a new theory of possible psychological constraints derived from the

influential work of Appadurai (2004) and Ray (2006). This theory predicts an inverted

U-shaped relationship between an individual’s “aspirations gap” and their investment

in the future. The aspirations gap is defined as the difference between an individual’s

aspired life outcome and their current standard of living. That is, an aspirations gap

that is too small or too large causes less investment in the future. The existence of

such a relationship in the real world provides one explanation for the observation of

households refraining from making profitable investments.

In this essay I provide the first empirical evidence of an inverted U-shaped rela-

tionship between the aspirations gap and investment choices. To do this I use data on

households living in Mon State, Myanmar—a rural coastal region with close proximity

to Thailand (Bloem et al. 2018). Myanmar is a country experiencing swift economic

growth with large disparities and inequality in livelihoods. Therefore, Myanmar fits in

the second group of countries noted in the abstract. This finding suggests the critical

importance of internal or psychological constraints that must be addressed alongside

of external constraints to poverty alleviation and economic development in Myanmar.

This finding can be helpful to policymakers designing future policies and development

programs.

Essay 3. Suppose there are two groups of people, A and B, each consisting of two

individuals. Group A has one person who is “Very Unhappy” and another who is “Very

Happy.” Group B has one person who is “Unhappy” and another who is “Happy.” What

group is happier?

The answer depends on the numerical values assigned to each of the ordered response

categories: “Very Unhappy,” “Unhappy,” “Happy,” and “Very Happy.” It may seem

reasonable to assign the integers zero, one, two, and three to each of the four categories.

In this case, the groups are equally happy with an average score of 1.5. Ordinal variables,

however, only provide information about the relative rank of categories and are silent

about the interval between categories. As such, any set of numerical values that preserve

the ordering of the happiness scale is also valid. Therefore, another reasonable set of

numerical values is: zero, 1.75, 2.5, and three. In this case, group B is happier than

group A. Yet another reasonable set of values is: zero, 0.5, 1.25, and three. In this case,
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group A is happier.

This is not simply a niche methodological issue with purely academic application

(Bond and Lang 2018; Schroder and Yitzhaki 2017). Some countries have begun in-

corporating quantitative measures of happiness into official statistics and national data

collection for the purposes of informing public policy (Graham 2016). Moreover, ordinal

variables do not only measure happiness. Any concept that cannot be directly or quan-

titatively observed (e.g., student learning, measures of quality, or trust) is measured on

an ordinal scale. Therefore the computational challenge noted above applies broadly

across many fields in the quantitative social sciences.

My third essay, entitled How Much Does the Cardinal Treatment of Ordinal Variables

Matter? An Empirical Investigation, makes a methodological contribution relevant to

any empirical study that uses an ordinal dependent variable. I develop a method for

testing robustness of any empirical result to changes in the interval between categories of

the ordinal scale. To demonstrate the usefulness of this method, I apply my approach to

three existing empirical studies, which use statistical methods that assume known and

fixed intervals between categories on the ordinal scale. These studies include: Aghion

et al. (2016) on creative destruction and subjective well-being, Nunn and Wantchekon

(2011) on the slave trade and trust in sub-Saharan Africa, and Bond and Lang (2013)

on the fragility of the racial test score gap. The method developed in this paper will

be helpful to quantitative researchers across the social sciences that are interested in

rigorously analyzing concepts that cannot be directly measured or observed.

Each of these essays contributes to ongoing efforts to answer important questions

relating to poverty alleviation and economic development around the world. My first

essay evaluates an important US public policy and finds evidence of dramatic unin-

tended consequences. My second essay finds that internal or psychological constraints

may help explain why some programs work well and others are ineffective. Finally my

third essay provides a new methodology for credibly analyzing quantitative data on

important concepts that must be measured with an ordinal scale. These essays help

inform contextualized policy responses to poverty in both (i) poor, fragile, and conflict

riddled countries and (ii) fast-growing but increasingly economically unequal countries.



Chapter 2

Good Intentions Gone Bad? The

Dodd-Frank Act and Conflict in

Africa’s Great Lakes Region

Abstract. The Dodd-Frank Act imposes reporting requirements on US companies re-

garding supply chain links to conflict minerals. Previous research uses within-DRC

(Democratic Republic of Congo) variation in the location of mineral mines to identify

the effect of the Dodd-Frank Act on conflict and find—contrary to the intentions of the

policy—that the legislation increased conflict. Due to the presence of spillovers, these

previous studies may underestimate the effect. Moreover, the legislation regulates re-

porting on minerals mined in the DRC and all surrounding countries. To fully evaluate

this legislation, I estimate the effect on the prevalence of conflict events in the DRC and

all covered countries. Difference-in-differences estimates suggest that the unintended

consequences of this legislation within the DRC are larger than previously reported

and that there is no evidence of any effect within all covered countries pooled together.

Supplemental analyses (i) investigate possible mechanisms that drive these results and

(ii) find that suspending enforcement of the legislation is unlikely to reduce conflict in

the DRC.

5
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“In the Congo, despite the occasional hue and cry raised by the media, corporate

responsibility has been largely ignored—the supply chain is more convoluted, passing

through traders, brokers, smelters, and processing companies. The tin and coltan that

come from the Congo are mixed with those from Brazil, Russia, and China before they

make it into our cell phones and laptops. There is a burgeoning consensus in inter-

national law that we should care about the conditions under which the products we

consume—sweatpants, sneakers, and even timber—are produced. If we can hold compa-

nies accountable for their business practices, we will give an incentive to the Congolese

government to clean up the mining sector. The ‘conflict minerals’ legislation signed into

law by President Obama in July 2010 is a step, albeit a small one, in the right direction”

- Stearns, J. (2012) Dancing in the Glory of Monsters: The Collapse of the Congo and

the Great War of Africa

“When his father could no longer make enough money from the tin mine, when he

could no longer pay for school, Bienfait Kabesha ran off and joined a militia. It offered

the promise of loot and food, and soon he was firing an old rifle on the front lines of

Africa’s deadliest conflict. He was 14.”

- Raghavan, S. (2014) The Washington Post

2.1 Introduction

Policymakers and companies increasingly use international trade policy and corporate

social responsibility to respond to geopolitical challenges—such as labor rights, natural

resource use, and conflict resolution. The effectiveness of such policies and practices

is widely debated. Critics claim that these efforts are often poorly designed and fail

to address the root cause of complex social and political challenges. Supporters claim

broad effectiveness and argue for the continued use of these tools in foreign policy and

corporate strategy.

Section 1502 of the Dodd-Frank Wall Street Reform and Consumer Protection Act

legislates transparency in the international trade of so-called conflict minerals from

Central Africa.1 Minerals—such as tin, tantalum, tungsten, and gold—are abundant

1 The “Dodd-Frank Act” is officially catalogued in US Law as “Public Law 111-203.”
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in the Democratic Republic of the Congo (DRC) and contribute to the production of a

large share of popular consumer products, including: mobile phones, laptops, jewelry,

eyeglasses, cars, airplanes, and medical equipment. Revenues from the extraction and

international trade of these minerals fuel conflict across the continent of Africa (Berman

et al. 2017). These conflict events are often deadly; over the past two decades, between 2

and 6 million people have been killed due to violent conflict in the DRC and surrounding

countries (Spagat et al. 2009). Additionally, the presence of violent conflict can stall and

even reverse economic development and efforts to alleviate poverty (Collier et al. 2003).

The Dodd-Frank Act specifically requires companies registered with the US Securities

and Exchange Commission (SEC) to disclose whether any tin, tantalum, tungsten, or

gold (3TG) in their supply chain originated in the DRC and surrounding countries.2

In particular, companies must perform due diligence about whether any of these

minerals were obtained from mines connected to armed rebel groups. The ultimate goal

of the legislation is to break the economic connection between US consumers and armed

rebel groups, thereby reducing the prevalence of conflict.

The passage of this conflict mineral legislation was—and remains—controversial.

Companies claim that compliance costs impose an undue burden on US manufacturing.3

Critics also claim that the policy is built on an incomplete assumption about the

relationship between minerals and conflict in Africa’s Great Lakes Region. Ultimately,

civil conflict and violence in the DRC and surrounding countries is driven by a complex

combination of poverty, land use, corruption, local political and social frustrations, and

hostile relationships between a variety of local actors—all factors that may be influenced

by the passage of the Dodd-Frank Act (Autesserre 2012; Geenen 2012; Seay 2012; Radley

and Vogel 2015; Vogel and Raeymaekers 2016; Wakenge 2018).

This raises an important question: What is the impact of the Dodd-Frank Act on

the prevalence of conflict in the DRC and surrounding countries? Numerous qualitative

studies examine the effects of the Dodd-Frank Act on livelihoods in the DRC (Autesserre

2 The full list of covered countries includes the DRC and any country that shares a national border
with the DRC: Angola, Burundi, Central African Republic, the Democratic Republic of Congo, the
Republic of Congo, Rwanda, South Sudan, Tanzania, Uganda, and Zambia.

3 There are large discrepancies in estimates of the total compliance cost. The U.S. Securities and
Exchange Commission estimates the cost is $71 million, while the National Association of Manufacturers
estimates the cost are between $9 and $16 billion.
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2012; Geenen 2012; Cuvelier et al. 2014; Radley and Vogel 2015; Vogel and Raeymaek-

ers 2016; Vogel and Musamba 2017; Wakenge 2018). Although these studies provide

suggestive evidence that the Dodd-Frank Act may have unintended consequences, they

ultimately struggle to estimate the causal relationship between the Dodd-Frank Act

and conflict (Stearns 2014). More recent contributions quantitatively compare out-

comes between administrative areas with and without 3TG mines within the DRC and

find evidence that, while well-intentioned, the Dodd-Frank Act may be causing harm

in the DRC (Parker et al. 2016; Parker and Vadheim 2017; Stoop et al. 2018a). These

studies provide an important and worthwhile methodological improvement—in terms of

causal identification—but still may suffer from concerns about endogeneity.

If conflict spreads within countries, rather than remaining isolated within given local

administrative areas, then estimates of the impact of the Dodd-Frank Act—based on

within country comparisons—may be biased. Technically, if conflict spills over from

administrative areas with 3TG mineral mines into areas without 3TG mineral mines,

then the stable unit treatment value assumption (SUTVA) is violated and existing

empirical studies estimate the lower bound of the effect of the Dodd-Frank Act. There

are at least three mechanisms by which conflict could spill over across administrative

area boundaries. First, existing theory suggests that armed groups provide localized

security services around specific mining sites and in exchange tax mine production

(Olsen 1993; Maystadt et al. 2014; Parker and Vadheim 2017; and Sanchez de la Sierra

2018). If this theory holds, then a disruption in mining revenue may force armed groups

to adapt to alternative activities in new geographic locations. This adaptation could

both lead to more violent activities and disrupt existing power dynamics between rebel

groups thereby fueling an increase in conflict (Wakenge 2018). Second, a disruption

in mining activities in one area could lead to similar disruptions all along the supply

chain (Vogel and Musamba 2017). Third, even if conflict does not directly spill over,

migration of internally displaced people from “treated” areas into “comparison” areas

may lead to an indirect spillover of conflict (Le Billon 2001; Ross 2004; Humphreys

2005).

In this paper I aim to build on the existing literature on the impact of the Dodd-

Frank Act on conflict by directly addressing the issue of bias from spillover effects and by

evaluating the effects for all covered countries. I estimate the impact of this legislation



9

using a difference-in-differences estimation strategy with data from the Armed Conflict

Location and Event Data (ACLED) project. Specifically, I compare the prevalence

of conflict over time at the second sub-national administrative level across countries

covered by the Dodd-Frank Act and other sub-Saharan African countries not covered

by the legislation. By examining the prevalence of conflict at sub-national levels across

countries, these estimates provide additional and broader insight into the impact of the

Dodd-Frank Act on the prevalence of conflict within the DRC (Parker and Vadheim

2017; Stoop et al. 2018a). Due to the design of the legislation that aims to limit

cross-country spillover effects, this method avoids some of the concerns of statistical

identification present in within-DRC analysis.4

My results suggest the presence of unintended consequences within the DRC stem-

ming from the passage of the Dodd-Frank Act. Impact estimates show that the Dodd-

Frank Act roughly doubled the probability of conflict at the second sub-national ad-

ministrative level within the DRC. This general result persists across different types of

conflict. Violence against civilians, rebel group battles, riots and protests, and deadly

conflict all increase within the DRC due to the passage of the Dodd-Frank Act. The es-

timated effect sizes are larger than existing effect estimates calculated using within-DRC

comparisons (Parker and Vadheim 2017; Stoop et al. 2018a), which is consistent with

the idea that previous estimates only estimate the lower bound of the true effect due to

the potential bias from spillover effects. Therefore, the unintended consequences of the

Dodd-Frank Act within the DRC are more dramatic and devastating than previously

reported.5

Although the DRC is the primary focus of the conflict mineral legislation within the

Dodd-Frank Act, the legislation also regulates minerals from countries that border the

DRC. A complete impact evaluation of the Dodd-Frank Act should therefore consider

the prevalence of conflict in these countries. I find no evidence of systematic increase or

decrease in the prevalence of conflict attributable to the passage of the Dodd-Frank Act

4 This study is also closely related to the existing literature on the impacts of international trade reg-
ulations on locally extracted natural resources and civil conflict (Janus 2012), the relationship between
commodity price fluctuations and conflict (Fearon 2005; Dube and Vargas 2013; Bazzi and Blattman
2014; Bellemare 2015; Berman et al. 2017; Koren 2018), and corporate social responsibility (Besley and
Ghatak 2007; Bènabou and Tirole 2010; Baron 2011; Kitzmueller and Shimshack 2012).

5 These results are also robust to a variant of Fisher’s permutation test (Fisher, 1935; also see
Buchmueller et al. 2011; Cunningham and Shah 2018), and to synthetic control estimation (Abadie et
al. 2010; 2015).
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within all of these countries pooled together. Although pooling all covered countries

together may potentially hide important heterogeneity, these results further support the

conclusion that the Dodd-Frank Act did not achieve the intended outcome of reducing

violence and conflict in the region.

The core contribution of this paper is threefold. First, in the primary analysis of this

paper I address the potential for bias driven by spillover effects in previous quantitative

work in this literature (Parker and Vadheim 2017; Stoop et al. 2018a) and conduct

the first complete evaluation on the impact of the Dodd-Frank Act on all countries

covered by the conflict mineral legislation.6 I implement a cross-country analysis

that extends the impact evaluation through 2016, two full years after Section 1502

was officially implemented. While providing an additional methodological approach

for estimating the impact of the Dodd-Frank Act and corroborating within-country

analysis, this cross-country analysis has the added benefit of examining the impact of

the Dodd-Frank Act on the full list of covered countries, rather than only the DRC.

Effect estimates align with the early warnings by political scientists and other researchers

performing ethnographic field work in eastern DRC that “top-down” regulations do not

address the root cause of conflict and may make the situation worse (Autesserre 2012;

Geenen 2012; Seay 2012).

Second, I also present an investigation of the potential mechanisms driving the over-

all effect of the Dodd-Frank Act in the DRC. There are, at least, two relevant theoretical

mechanisms that could explain the primary results. The feasibility mechanism (see, e.g.,

Fearon 2005; Collier et al. 2009; Nunn and Qian 2014; Dube and Naidu 2015; Bellemare

2015; Christian and Barrett 2017; Koren 2018) suggests that limiting the revenue earned

by armed rebel groups through the extraction of 3TG minerals tightens the budget con-

straint of armed rebel groups and limits their ability to cause conflict.7 Alternatively,

the opportunity cost mechanism (see, e.g., Becker 1968; Ehrlich 1973; Hirshleifer 1995;

Collier and Hoffler 1998; Grossman 1991; Fearon and Latin 2003; Dube and Vargas

2013; Bazzi and Blattman 2014) suggests that a reduction of income earned by families,

6 Parker and Vadheim (2017) examine the impact of the Dodd-Frank Act on the prevalence of
conflict within the DRC through 2012, two years before the SEC fully implemented Section 1502 of
the Dodd-Frank Act. Stoop et al. (2018a) extend the same identification strategy, comparing conflict
events within the DRC, through 2015.

7 This mechanism is sometimes called the “rapacity” effect. For the remainder of this paper, however,
I will refer to this as the feasibility mechanism.
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households, and individuals in Eastern DRC decreases the opportunity cost of joining a

rebel group and increases the ability of armed rebel groups to perpetuate conflict. I find

suggestive evidence the the opportunity cost mechanism may outweigh the feasibility

mechanism.

Finally, this paper reports estimates of the effect of the decision by the US SEC

to suspend enforcement of the conflict minerals legislation in April of 2017. Extending

the same difference-in-differences estimation strategy as discussed above to the time

period between May 2014 and September 2018, I find that suspending enforcement of

the conflict mineral legislation has had little effect on conflict in both the DRC and

all covered countries pooled together. This result suggests a considerable challenge for

future public policy choices. In particular, repealing the conflict mineral legislation

is likely to be ineffective, perhaps due to an important interrelationship between laws

and social norms (Basu 2001). Although many favor transparency in the international

trade of goods and services, these results highlight a need to understand the potential

unintended consequences of these actions.

The remainder of this paper is organized as follows. The next section provides a

discussion of the design, theory of change, and implementation of Section 1502 of the

Dodd-Frank Act. Section three describes the empirical framework of this study and

explains the identification strategy used to estimate effects. Section four discusses the

core results. Section five investigates possible mechanisms. Section six reports on the

effect of enforcement suspension by the US SEC. Finally, section seven concludes with

a discussion of all results.

2.2 Section 1502 of the Dodd-Frank Act

The Dodd-Frank Act’s conflict mineral legislation aims to address concerns that the

extraction and international trade of tin, tantalum, tungsten, and gold finances conflict

in the DRC and surrounding countries. The legislation directs the US SEC to issue rules

that require publicly traded US companies to disclose the use of conflict minerals if those

minerals are “necessary to the functionality or production of a product” (Dodd-Frank

Act, Section 1502, 2.B). As currently implemented, the legislation requires companies

to disclose whether conflict minerals originated in the DRC or surrounding countries.
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If the company knows that their minerals did not originate in the DRC or surrounding

countries, then the company must provide a brief description of how they determined

the origins of their minerals. If the company knows or has reason to believe that their

minerals may have originated in the DRC or surrounding countries, then the company

must undertake “due diligence” on the source mine and supply chain links to armed

groups. In both cases, companies are required to publicly report the conclusion of their

investigations by filing “Form SD” with the US SEC.

A few details about the conflict minerals legislation in the Dodd-Frank Act should

be briefly clarified. First, although the DRC is the focus of the legislation, all countries

that share a border with the DRC are also included in the legislation as a “covered

country.” This provision presumably aims to limit the smuggling of these minerals from

the DRC to a neighboring country, a practice that already persists, to circumvent the

legislation. Second, there is no official penalty for non-compliance of US companies to

the rules set by the US SEC. Rather, the legislation implements measures to increase the

transparency of the international trade of conflict minerals and the financing of armed

groups in the DRC and surrounding countries. Therefore, a critical mechanism in the

ideal implementation of the legislation is to “name and shame” those companies that

are unable to demonstrate a clean supply chain. Third, the Dodd-Frank Act does not

prohibit the purchase of minerals from the DRC and surrounding countries. As long as

3TG minerals are mined in sites not connected to armed groups then the international

trade of these minerals can continue as usual. As I will discuss in the next subsection,

a de facto ban implemented by some key buyers of 3TG minerals mined in the DRC

complicates this detail of the policy.

2.2.1 Policy Implementation and Reaction

The Dodd-Frank Act was officially passed by the US Congress and signed into law in

July 2010. In September 2010, upon the passage of the Dodd-Frank Act and before

the law was officially implemented, the DRC government shut down the mineral export

industry in the Eastern provinces as a direct reaction to the passage of the Dodd-Frank

Act (de Koning 2010; Geenen 2012; Parker and Vadheim 2017). This reaction pub-

licly communicated an effort of the DRC government to clean up the mineral sector.

Although the mineral mines eventually re-opened in 2011, by April of that year the
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Malaysia Smelting Corporation (MSC), a leading tin exporter, and the Electronic In-

dustry Citizenship Coalition (EICC), an organization comprised of the world’s leading

electronics companies, began a de facto boycot on minerals originating from the DRC

and surrounding countries. These actions, which occurred even before the official im-

plementation of Section 1502 of the Dodd-Frank Act, lead to a dramatic reduction in

mineral exports.8 More specifically, estimates cited by Seay (2012) suggest that in

North Kivu, a DRC region bordering Uganda and Rwanda, exports of tin dropped by

roughly 90 percent after the passage of—and reaction to—the Dodd-Frank Act.

In August of 2012 the US Securities and Exchange Commission voted on the final

rules to require publicly traded companies to disclose information related to their use of

conflict minerals. A year later, in July 2013, the National Association of Manufacturers,

the Chamber of Commerce, and the Business Roundtable filed a lawsuit against the

SEC. National Association of Manufactures v. Securities and Exchange Commission

ultimately focuses on two key objections: First, that the SEC ignored its statutory

obligations and engaged in rule-making that was arbitrary and capricious. Second, that

the statute and rule violated the Constitution’s First Amendment freedom of speech

grantee. This lawsuit has gone to various federal courts after each decision and appeal.

Meanwhile, US publicly traded companies filed their first disclosures (e.g., Form SD)

in May of 2014. In April of 2015 a US federal appeals court struck down some aspects

of the reporting requirements as a violation of corporations’ freedom of speech, by

requiring companies to label their products, but left other aspects of the legislation in

place (Seitzinger and Ruane 2015). After this ruling companies are not required to

describe certain products as having been “not found to be DRC conflict free,” but must

still file an annual report on the linkages of their products to armed rebel groups in the

DRC and surrounding countries.

Most recently, in April 2017, the US SEC suspended enforcement of the legislation

after a court remanded the law due to violations to the US Constitution. This followed

a public statement made by Acting Chairman of the SEC Michael Piwowar after visiting

the Great Lake Region in Africa, saying, “It is unclear that the rule has in fact resulted

in any reduction in the power and control of armed gangs or eased the human suffering

of many innocent men, women, and children in the Congo and surrounding areas”

8 See figure 3 in Parker and Vadheim (2017).
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(SEC 2017). The Financial CHOICE Act of 2017 included official legislation that would

abolish the conflict mineral regulations of the Dodd-Frank Act. Although this legislation

passed the US House of Representatives it was subsequently dismissed in the US Senate.

Despite these recent developments, the legislation is still part of US law and can be

enforced again quite quickly. This being the case, many companies are still complying

with the rules. Some companies—such as Apple, Intel, and Tiffany & Co.—have publicly

stated that they intend to follow the rules of the legislation even if it is abolished,

responding to what they perceive as a market expectation for “conflict free” products

(Frankel 2017).

2.2.2 An (Incomplete) Theory of Change

The theory behind the implementation of Section 1502 of the Dodd-Frank Act rests on

the strength of the link between revenues earned by armed groups and the export of

conflict minerals. In particular a critical assumption within the theory of change of the

legislation is that mineral revenues are the primary cause of conflict in the DRC and

surrounding countries. Material published by the Enough Project, an NGO that played

a leading role in advocating for the passage of Section 1502 within the Dodd-Frank Act,

claims that 3TG minerals are the most lucrative source of revenue to armed groups in

Central Africa. Citing their own study, they estimate that armed groups earned roughly

$158 million from conflict minerals in 2008 alone (Enough Project, 2009). Once this

stylized fact is established, it may seem reasonable to conclude that limiting US imports

of conflict minerals will establish beneficial international norms and perhaps reduce the

prevalence of conflict in the DRC and surrounding countries.

Potential Mechanisms

Previous theoretical work identifies several key mechanisms in which natural resources in

general, and minerals in particular, relate to conflict (see, e.g., Bazzi and Blattman 2014;

Berman et al. 2017). In this sub-section, I will discuss several mechanisms in which

minerals may interact with conflict and apply these mechanisms to the implementation

of the Dodd-Frank Act.

The first potential mechanism is the feasibility mechanism. Natural resources can

improve the feasibility of conflict (Fearon 2005; Collier et al. 2009; Nunn and Qian 2014;
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Dube and Naidu 2015; Bellemare 2015; Christian and Barrett 2017; Koren 2018). In this

mechanism, revenue earned through looting, extortion, or informal taxation relaxes the

financial constraints facing rebel groups. This is the key mechanism through which the

Dodd-Frank Act intends to make a difference in the DRC and surrounding countries. By

regulating minerals originating from the Great Lakes Region, the Dodd-Frank Act aims

to reduce the revenue earned by armed groups and therefore reduce conflict. As I will

discuss in more detail in the next sub-section, however, this mechanism could backfire.

If, by shifting to alternative revenue-earning activities, armed groups engage in more

violent activities or disrupt current inter-group power structures, the very mechanism

intended to lead to a reduction in conflict could fuel conflict.

The second potential mechanism is the opportunity cost mechanism. Natural re-

source extraction, particularly of lucrative minerals, can increase the income level within

a given region and can therefore increase the opportunity cost of joining a rebel group

(Becker 1968; Ehrlich 1973; Hirshleifer 1995; Collier and Hoffler 1998; Grossman 1991;

Fearon and Laitin 2003; Dube and Vargas 2013; Bazzi and Blattman 2014). The sym-

metric effect also holds. A reduction in natural resource extraction can decrease the

income level and opportunity cost of joining a rebel group. Effects operating through

this channel imply that the Dodd-Frank Act will increase conflict by decreasing local-

level income earning potential and the opportunity cost of joining rebel groups.

A final potential mechanism is the migration mechanism. Dynamic migration pat-

terns can meaningfully change the demographic composition of the local population

in terms of ethnicity, age, gender, and standard of living (Le Billon 2001; Ross 2004;

Humphreys 2005; Sarsons 2015). Demographic changes of this sort may spur conflict in

local areas. Migration can occur following either a boom or a bust, and in both cases

these changes can increase conflict. In regards to the Dodd-Frank Act, this channel

implies an increase in conflict due to migration and the changing demographic compo-

sition of local populations. As previously noted, this mechanism also motivates concern

of potential spillover effects across territories within the DRC.

Additional potential mechanisms of the relationship between minerals and conflict

suggested by the previous literature are less applicable to the theory of change of the

Dodd-Frank Act. The greed or rent-seeking mechanism (see, e.g., Reuveny and Maxwell

2001; Grossman and Mendoza 2003; Hodler 2006; Caselli and Coleman 2013) focusses
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more on the “prize” of governing the central government gained via formal taxation of

mineral wealth. Although there are almost certainly notable ties between the central

DRC government and mineral mining in the DRC, it is not clear how the Dodd-Frank

Act influences this mechanism. The weak state capacity mechanism (see, e.g., Fearon

2005; Besley and Persson 2011; Bell and Wolford 2015) suggests that a consequence of

natural resource wealth is the underdevelopment of political institutions. Although the

DRC government did respond to the passage of the legislation by shutting down the

mineral sector for several months, there is no evidence that these actions improved the

legitimacy and capacity of key political institutions within the DRC or in surrounding

countries (Wakenge 2018).9

Taken together so far, the overall impact of the Dodd-Frank Act on the prevalence

of conflict is ex ante ambiguous. Existing theories on the relationship between natural

resources and conflict do not provide a clean prediction. In the next sub-section I

will build on some of the most recent theories about the relationship between minerals

and conflict in the DRC in particular. These theories provide a much more structured

theoretical framework and help motivate the subsequent empirical analysis.

Conceptual Framework

In this sub-section, I discuss a more specific theory about the relationship between

armed groups and artisanal mineral mines in the DRC.10 The foundation for this

theory rests on Mancur Olson’s idea of the “stationary bandit” (Olson 1993). In the

absence of formal rule of law, the uncoordinated theft of resources by “roving bandits”

destroys incentives of the local population (e.g., mine owners) to invest and produce

economic output. This leaves both the local population and the “bandits” with too few

resources. Both can be better off if the “bandits” organize as localized dictators, or

as “stationary bandits,” and exchange protection of the local population for informal

taxation of economic production.

Recent research suggests that Olson’s theory of the “stationary bandit” applies well

9 Still other potential mechanisms include capital input intensity (see, e.g., Dal Bo and Dal Bo 2011;
Dube and Vargas 2013) and grievances (see, e.g., Collier and Hoeffler 2004; Collier et al. 2009). Both
of these mechanisms provide ambiguous predictions of the expected effect of the Dodd-Frank Act.

10 This theory is discussed in much more detail in Maystadt et al. (2014), Parker and Vadheim
(2017), and Sanchez de la Sierra (2018).
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to the behavior of armed rebel groups in the DRC (Maystadt et al. 2014; Parker and

Vadheim 2017; Sanchez de la Sierra 2018). Armed groups create local “monopolies

of violence” in response to an increase in the price of minerals (Sanchez de la Sierra

2018). In exchange for the taxation of mining revenue, the armed rebel group provides

protection from the advances of other armed rebel groups. With a fall in the price of

minerals mined at sites connected to armed rebel groups—as designed by the Dodd-

Frank Act—rebels earn less via the taxation of mineral mine revenue and, therefore,

have less incentive to provide local security. In turn, the armed group must adjust to an

alternative income generating activity. This activity adjustment by armed rebel groups

could be violent and could disrupt current inter-group power structures, sparking a new

type of conflict—characterized as “reform conflicts” (Wakenge 2018). If this theory

correctly characterizes reality, then this implies several tentative predictions for the

subsequent empirical analysis.

First, and most fundamentally, the disruption in the “stationary bandit” equilibrium

in the DRC caused by the Dodd-Frank Act leads to an increase in conflict. If the fea-

sibility mechanism persists as the theory of change of the Dodd-Frank Act intended—

resulting in the displacement of armed groups from mineral mining sites—then this

theory suggests a disruption of the mutually beneficial protection-taxation exchange

between armed rebel groups and mineral miners, leading to increased conflict. Simulta-

neously, if the opportunity cost mechanism persists—resulting in more conflict due to a

labor market shock to the mineral industry—then conflict may also increase even more.

Second, conflict could spill over across administrative boundaries. These spillovers

could occur for several reasons. Since gold can be much more easily concealed—relative

to the other 3T minerals—armed rebel groups may shift from taxing mining output

directly to instead taxing labor income in villages (Sanchez de la Sierra 2018). This shift

in geographic location could cross administrative boundaries. Alternatively, conflict

could spill over via disruptions along the mineral supply chain within the DRC (Vogel

and Musamba 2017) or due to forced migration (Le Billon 2001; Ross 2004; Humphreys

2005). This motivates the design of the subsequent empirical analysis.

Finally, although spillovers may be relevant within the DRC, it is unclear whether

or not the adverse effects of the Dodd-Frank Act will persist in surrounding countries.

On the one hand, the central appeal of the “stationary bandit” theory in the DRC rests
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on the lack of administrative capacity of the DRC government, which may apply less

well in the bureaucratic administration contexts of many of the surrounding countries.

On the other hand, if minerals—most notably gold—are able to be smuggled outside

of the borders of the DRC and into neighboring countries, and if the Dodd-Frank Act

fueled this smuggling activity, then conflict could potentially spill over into surrounding

countries. Existing theory does not provide a clean prediction on this final point, and

so this motivates part of the subsequent empirical analysis.

2.3 Empirical Framework

Previous research assessing the effect of the Dodd-Frank Act on the prevalence of con-

flict fall into two broad categories. The first category consists of highly detailed political

and anthropological fieldwork that is mostly qualitative (Autesserre 2012; Geenen 2012;

Radley and Vogel 2015; Vogel and Raeymaekers 2016). This research is informative but

ultimately not specifically designed to quantitatively calculate the effect of the Dodd-

Frank Act on the prevalence of conflict in the DRC and surrounding countries. The

second category consists of within-country, and more specifically within-DRC, econo-

metric analysis of the effect of the Dodd-Frank Act on conflict (Parker and Vadheim

2017; Stoop et al. 2018a), and child mortality (Parker et al. 2016). This research

makes an important methodological contribution, in terms of quantifying the effect

of the Dodd-Frank Act, but may still suffer from concerns with endogeneity—such as

spillovers of conflict between geographic regions. Moreover, since the Dodd-Frank Act

also regulates mineral mines in countries surrounding the DRC, a complete evaluation

of this legislation also needs to consider effects in these countries. This paper adds to

both of these strands of the literature by estimating the effect of the Dodd-Frank Act

on conflict across countries.

2.3.1 Data

The primary source of data for this empirical analysis comes from the Armed Conflict

Location and Event Data (ACLED) project (Raleigh et al. 2010). ACLED provides

geocoded information on conflict events across many developing countries. The full

ACLED dataset includes close to 200,000 individual events spanning from 1997 through
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Figure 2.1: Conflict Events in Africa

Notes: The top panel plots the geographic distribution of conflict events in Africa from
2004 through 2010. The bottom panel plots the geographic distribution of conflict events
in Africa from 2011 through 2016. Source: The Armed Conflict Location and Event
Data Project (ACLED).
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the present. I use a subset of the ACLED database, which includes events from 38 sub-

Saharan African countries from 2004 through 2016 for the core analysis, and through

September 2018 for analysis of the suspension of enforcement of the legislation.11

Countries included in this analysis are the DRC and surrounding countries—as de-

fined by Section 1502 of the Dodd-Frank Act—and other sub-Saharan African countries,

excluding Sudan, South Sudan, and Somalia.12 These countries are excluded due to

complications with their own civil wars and state failures. Another reason for excluding

both Sudan and South Sudan is South Sudan became a country in the middle of the

study period. This complicates identifying consistent geographical areas over time. Fig-

ure 2.1 shows the location of these conflict events across the entire continent of Africa,

split apart for years before and after the passage of the Dodd-Frank Act in July of 2010.

A second source of data is the GADM database of global administrative areas.

GADM provides geocoded information on administrative areas from all countries, at all

levels of sub-division. I use the GADM database to construct a temporally harmonized

set of second sub-national administrative regions within each of the countries included

in the analysis. Using second sub-national administrative areas follows the analysis

by Parker and Vadheim (2017) and Stoop et al. (2018a) who perform their analysis

at the territory level within the DRC. This choice of administrative unit allows for

the subsequent results to more closely compare to the effects estimated by Parker and

Vadheim (2017) and Stoop et al. (2018a). Combining the subset of ACLED data with

the GADM set of administrative regions, I construct a monthly panel dataset with

information about the prevalence of conflict at the second sub-national administrative

region within each country. This panel data set includes 156 time periods and 3,681

administrative regions within 38 countries, for a total of 574,236 units of observation.

With these data I construct binary outcome variables that indicate whether a given

administrative region experienced a conflict event within a given month.13 ACLED

11 Following Parker and Vadheim (2017), the core analysis begins in 2004 in order to avoid any effects
driven by the Second Congo War.

12 The countries included in this analysis are as follows: The DRC, Uganda, Rwanda, Burundi,
Tanzania, Zambia, Angola, the Republic of Congo, the Central African Republic, Kenya, Ethiopia,
Chad, Cameroon, Gabon, Mozambique, Malawi, Botswana, Namibia, Zimbabwe, South Africa, Nigeria,
Senegal, Guinea, Sierra Leone, Liberia, Ivory Coast, Ghana, the Gambia, Guinea-Bissau, Togo, Benin,
Burkina Faso, Eritrea, Djibouti, Lethoto, Swaziland, Niger, and Mali.

13 In principle performing this analysis with count variables, rather than binary variables, is possible.
In practice, however, many second sub-national regions experience no conflict events within a given
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codes conflict events into different categories. With this information, I construct five

different outcome variables. The first pools all types of conflict together. The second,

violence against civilians, is defined directly by ACLED. The third, rebel group battles,

is defined by combining ACLED categories: “Battle—Government regains territory,”

“Battle–no change of territory,” and “Battle—non-state actor overtakes territory.” The

fourth, riots and protests, is defined by combining ACLED categories: “Headquar-

ters or base established,” “Non-violent transfer of territory,” “remote violence,” “Ri-

ots/protests,” and “Strategic development.” The fifth, deadly conflict, is defined as

being a conflict event of any type with at least one fatality.

Table 2.1 shows summary statistics, for months prior to the passage of the Dodd-

Frank Act, of these variables for the DRC, all covered countries, and all non-covered

countries. The third column of Table 2.1 records the trend of each of these outcomes

variables prior to the passage of the Dodd-Frank Act. Figure 2.2 visualizes these trends

in these binary outcome variables both before and after the passage of the Dodd-Frank

Act.

A few details are worth a brief comment, based on Table 2.1 and the visual repre-

sentations of these data in Figures 2.1 and 2.2. First, Figure 2.1 shows that while there

is a wide geographic distribution of conflict events across the continent of Africa, many

of these events tend to be clustered in a general region commonly referred to as Africa’s

Great Lakes Region. Second, Table 2.1 reports that although there is a difference in

levels, there is very little trend over time in these variables prior to the passage of the

Dodd-Frank Act. Additionally, there is very little difference in these trends between the

DRC, all covered countries, and all non-covered countries. Third, Figure 2.2 shows that,

compared to both the covered and non-covered countries, the trends in the probability

of conflict in the DRC is much more volatile. This detail presents complications when

performing statistical inference and is addressed by implementing a variant of Fisher’s

permutation test (Fisher 1935). Finally, in the months after the passage of the Dodd-

Frank Act, the trends in the probability of conflict increase considerably for the DRC.

month, which results in many conflict counts of zero. In fact, the mean count of each of the five types
of conflict within a given month and geographic region are less than one. Nevertheless, Table A1.4 in
the appendix shows the robustness of results to alternative dependent variable definitions. Specifically,
these alternative dependent variables equal 1 if a region had greater than 5 (Table A1.4, Panel A) or
ten (Table A1.4, Panel B) conflict events in a given month.
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Table 2.1: Summary Statistics, Pre-Dodd-Frank Act
Mean Std. Dev. Trenda

Panel A: DRC Only
(i) Conflict, all types 0.141 0.347 0.000

(0.000)
(ii) Violence against civilians 0.084 0.277 0.001*

(0.000)
(iii) Rebel group battles 0.082 0.274 0.000

(0.000)
(iv) Riots and protests 0.050 0.219 -0.000

(0.000)
(v) Deadly conflict 0.072 0.259 0.001*

(0.000)

Panel B: All Covered Countries
(i) Conflict, all types 0.030 0.170 -0.000

(0.000)
(ii) Violence against civilians 0.015 0.123 0.000**

(0.000)
(iiI) Rebel group battles 0.013 0.114 -0.000***

(0.000)
(iv) Riots and protests 0.010 0.100 -0.000

(0.000)
(v) Deadly conflict 0.015 0.122 -0.000

(0.000)

Panel C: All Non-Covered Countries
(i) Conflict, all types 0.022 0.148 0.000***

(0.000)
(ii) Violence against civilians 0.010 0.100 0.000***

(0.000)
(iii) Rebel group battles 0.007 0.0814 0.000***

(0.000)
(iv) Riots and protests 0.010 0.097 0.000***

(0.000)
(v) Deadly conflict 0.007 0.085 0.000***

(0.000)

Notes: a Pre-Dodd-Frank Trend is the linear fit of the given
outcome variable prior to the passage of the Dodd-Frank Act.
Standard errors, clustered by the 2nd subnational administra-
tive area, in parentheses *** p<0.01, ** p<0.05, * p<0.1.
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Figure 2.2: Conflict Trends by Type

Notes: Each panel refers to the trend in the probability of each of the five outcome
variables calculated at the 2nd subnational level within each country. Panel A refers to
all conflict. Panel B refers to violence against civilians. Panel C refers to rebel group
battles. Panel D refers to riots and protests. Panel E refers to deadly conflict. In each
graph, the vertical solid line indicates the passage of the Dodd-Frank Act. Probability
of conflict computed at the 2nd subnational level in each country within each month
from 2004 through 2016. Source: The Armed Conflict Location and Event Data Project
(ACLED).
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This pattern largely persists across all types of conflict.

2.3.2 Estimation and Identification Strategy

I empirically estimate whether the Dodd-Frank Act increased or decreased the preva-

lence of conflict, in the DRC specifically and in all countries covered by the Dodd-Frank

Act more generally. Formally, I estimate this relationship with the following linear

probability regression model:

yrct = αrc + γt + β · 1{c = DRC} · 1{t ≥ July 2010}+ εrct (2.1)

The variable yrct represents an outcome variable in administrative area r in country c

and in month t. The main outcome of interest is a measure of any type of conflict event.

Other outcomes include specific types of conflict such as: violence against civilians, rebel

group battles, riots and protests, and deadly conflict. The specification also includes

geographic (αrc) and month (γt) fixed effects, and an error term (εrct). The coefficient

of interest (β) is the difference-in-differences estimate of the effect of the Dodd-Frank

Act on the prevalence of conflict in the DRC. In this specification the other countries

covered by the Dodd-Frank Act (e.g., the countries that border the DRC) are excluded

from the analysis. From a research design perspective, this is a beneficial feature of the

implementation of the Dodd-Frank Act. It essentially ensures that there will be little

spillover effects from the implementation of the legislation in the DRC to other regions

within comparison countries. These results are shown in Panel A of Table 2.2.

As discussed by Cunningham and Shah (2018) and Buchmueller et al. (2011), in-

ference from this difference-in-differences strategy relies on asymptotic assumptions,

which may not be reasonable since “treatment” occurs in only one country (e.g., in the

specification where I only examine the effects of the Dodd-Frank Act in the DRC). To

address this issue, I implement a variant of Fisher’s permutation test (Fisher 1935). I

re-estimate equation (2.1) an additional 29 times, each time replacing the DRC with

an indicator for one of the other 29 sub-Saharan African countries not covered by the

Dodd-Frank Act. Next I compare the effect estimate for the DRC with the other 29

placebo estimates. This provides a distribution of effects. Robust effect estimates will

consistently be an outlier in these distributions, for all outcome variables. In Figure 2.3,

I graph both the placebo estimates and the DRC estimate for each of the five outcome
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variables. The vertical dashed lines represent the 5th and 95th percent confidence in-

terval of the distribution of placebo estimates (excluding the estimate from the DRC).

The solid line represents the difference-in-differences effect estimate for the DRC.

In some versions of the specification detailed in equation (2.1), all countries covered

by the Dodd-Frank Act (e.g., the DRC plus all surrounding countries) are included in

the regression. These specifications estimate the effect of the Dodd-Frank Act for all

covered countries combined by comparing administrative regions in all covered countries

to administrative regions in other non-covered sub-Saharan African countries. These

results are shown in Panel B of Table 2.2. Concerns stemming from having only one

treated unit are not present in the specifications when all countries covered by the

Dodd-Frank Act are included in the analysis.

A core identifying assumption for the validity of the effect estimates calculated in

equation (2.1) is that conflict in the DRC would have followed a trend along a path

similar to other countries in the absence of the Dodd-Frank Act. In order to test the

validity of this assumption, I estimate equation (2.2):

yrct = ηrc + λt + δt · 1{c = DRC} · 1{t = 2005, 2006, 2007, ..., 2016}+ ξrct (2.2)

In equation (2.2) all variables are the same as in equation (1). Outcomes in admin-

istrative area r in country c and in month t are regressed on geographic (ηrc) and month

(λr) fixed effects, with an error term (ξrct). The key difference is in equation (2.2), δt,

the coefficient on the difference-in-difference interaction, is a vector that takes on a value

for each associated year for months between January 2004 through December 2016. In

principle, equation (2.2) could be estimated with interactions for each month between

January 2004 and December 2016. In practice, for ease of exposition, I estimate equa-

tion (2.2) with interactions for each year. This averages the monthly effect estimates

over the associated year. Similar to equation (2.1), in some versions of this specification

all countries covered by the Dodd-Frank Act are included in the regression. These spec-

ifications aim at estimating the effect of the Dodd-Frank Act in all covered countries,

rather than only within the DRC. Estimation results calculated using equation (2.2)

are reported graphically in Figures 2.4 and 2.5. If the identification strategy is valid,

then effect estimates in time periods prior to July 2010 will be statistically insignificant

and/or relatively small in magnitude. Lastly, in all estimates the standard errors are
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clustered at the country level to account for possible serial correlation within countries

(Bertrand et al. 2004) and to reflect the fact that treatment varies at the country level

(Abadie et al. 2017).

A key difference in the empirical framework used in this paper and that previously

used by Parker and Vadheim (2017) and Stoop et al. (2018a) is that the previous

analysis interacts the timing of the passage of the Dodd-Frank Act with the number of

3T and gold mines within Eastern DRC territories, while the present study does not.

This difference is driven by two factors: (i) important empirical design motivations and

(ii) practical data availability constraints. First, a core motivation of this analysis is to

examine the effects of the Dodd-Frank Act by accommodating potential spatial spillover

effects. As previously discussed, this is an important contribution since the previous

estimates of Parker and Vadheim (2017) and Stoop et al. (2018a) may underestimate

the true effect if conflict spills over from one territory with 3T or gold mineral mines

to neighboring territories without these types of mineral mines. Second, although there

exists detailed quantitative data on the location and characteristics of mineral mines

within the DRC, such data does not exist for most other sub-Saharan African countries

included in the present analysis. Therefore, extending the exact empirical framework of

Parker and Vadheim (2017) and Stoop et al. (2018a) beyond the borders of the DRC

is not feasible due to data availability constraints.

There are two broad potential threats to the identification of these effects. The

first threat is the simultaneous change in other factors that may be included in the

error term. Although this potential threat is present in nearly all applied research, it

raises an important question: Are conflict events associated with potential simultaneous

changes temporally correlated or directly fueled by the passage of the legislation? If

the former is correct, then the estimates are an upper bound of the effect of the Dodd-

Frank Act. Coupling these estimates with that of Parker and Vadheim (2017) and

Stoop et al. (2018) provide bounds on the true effect of the Dodd-Frank Act on the

prevalence of conflict in the DRC. If the latter is correct, and conflict events associated

with potential simultaneous changes are fueled by the passage of the Dodd-Frank Act,

then the estimates of this study may represent more credible estimates than previously

reported. Although limited quantitative data in these countries across the study period

prevent the ability to control for other factors, a number of robustness checks support
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the validity of the estimated effects.

A second threat is the endogenous passage of the Dodd-Frank Act. That is, if the

Dodd-Frank Act was passed precisely due to an anticipated spike in the prevalence of

conflict in the DRC specifically or Central Africa more generally, then these estimates

will be biased. I argue that this potential threat is implausible for two key reasons.

First, The majority of the Dodd-Frank Act focuses on regulating and reforming the US

financial system. Supporters of the conflict mineral legislation aimed to pass legislation

in the original “Congo Conflict Minerals Act of 2009” and included the policy in the

Dodd-Frank Act as a strategy to successfully pass the legislation. Second, as previously

mentioned, the DRC reacted to the passage of the Dodd-Frank Act by temporarily

shutting down their mineral export industry in an explicit act to de-couple the lucrative

extraction of 3TG minerals and conflict within their boarders. This reaction was both

unexpected and represents an incentive to reduce mining-related conflict as much as

possible.

2.4 Did the Dodd-Frank Act Increase or Decrease Con-
flict?

The effect of the Dodd-Frank Act on the prevalence of conflict in the DRC and sur-

rounding countries is controversial. Advocacy organizations report overwhelming posi-

tive effects of the Dodd-Frank Act within the DRC. For example, the Enough Project

published a report in 2016 claiming, “... positive advances corresponding to the stated

purpose of Section 1502 [of the Dodd-Frank Act]” (Dranginis 2016). These positive

advances include, “... increased security for civilians...” and “... a significant reduction

in armed group control of mining areas...” (Dranginis 2016). On the other hand, numer-

ous accounts associate the Dodd-Frank Act with the opposite of the intended outcomes

(see, e.g., Seay 2012). Additionally, previous econometric analysis suggests that the

Dodd-Frank Act may have increased conflict in the Eastern DRC (Parker and Vadheim

2017; Stoop et al. 2018a). As highlighted by The Washington Post—and noted at the

beginning of this paper—one mechanism for unintended consequence of requiring due

diligence and reporting requirements is prominent buyers of minerals shifting away from

purchasing minerals from the DRC (Raghavan 2014). In reducing the revenue earning
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potential of mineral mines, the Dodd-Frank Act may have removed a viable economic

alternative to subsistence agriculture or joining rebel groups for much of the rural pop-

ulation. If these sorts of dynamics persists, then there is a real possibility that the

Dodd-Frank Act may have increased the prevalence of conflict in Africa’s Great Lakes

Region. An outcome that is entirely the opposite of the legislation’s intentions.

Table 2.2 reports the difference-in-differences estimation results from equation (2.1).

Panel A shows results when only examining the effect of the Dodd-Frank Act in the

DRC, excluding all other covered countries from the analysis, and comparing trends

in conflict to other non-covered sub-Saharan African countries. Column 1 considers all

conflict event types pooled together and shows a statistically significant effect indicating

an increase in conflict. The magnitude of the effect is also relatively large, representing

a 102 percent increase in the probability a conflict event occurs within a given sub-

national administrative region. Columns 2 through 5 consider different types of conflict

events. The effect estimates are again positive and statistically significant across each

of these disaggregated outcomes. Again, the magnitudes of these effects are relatively

large. Column 2 shows that violence against civilians increased by 90 percent. Column

3 indicates rebel group battles increased by 76 percent. Column 4 reports a 226 percent

increase in riots and protests. Finally, column 5 highlights an increase in deadly conflict

of 94 percent.

Panel A also includes the 5th and 95th percentiles of the distribution of placebo es-

timates from the permutation tests. Importantly, for each of the five outcome variables,

the DRC estimate is well outside of this interval. Figure 2.3 illustrates the results of

the permutation tests. Each panel shows a histogram of the placebo estimates for a dif-

ferent outcome variable. The dashed lines represent the 95 percent confidence interval

of the placebo effect estimates and the solid line represents the DRC effect estimate.

These figures show that for each of these outcomes, the DRC estimate is well outside

the 95 percent confidence interval. Note that, particularly in the present context, this

is a very demanding test to achieve statistical significance at conventional levels. With

30 countries, it is impossible to achieve statistical significance from a two-tailed test at

the 5 percent level. Achieving significance at the 10 percent level occurs if and only if

the DRC is ranked first or last in the placebo effect distribution. This occurs only in

the case of rebel group battles. For the rest of the outcome variables the DRC effect
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Table 2.2: Effect of the Dodd-Frank Act on Conflict

(1) (2) (3) (4) (5)
Conflict, All Violence Against Rebel Group Riots and Deadly

Types Civilians Battles Protests Conflict

Panel A: DRC Only

Effect of Dodd-Frank 0.143*** 0.076*** 0.063*** 0.113*** 0.068***
(0.007) (0.004) (0.002) (0.005) (0.005)

Placebo tests (other countries)
5th percentile -0.042 -0.029 -0.010 -0.028 -0.020
95th percentile 0.080 0.026 0.015 0.041 0.051
p-value (two-tailed) 0.13 0.13 0.06 0.13 0.13

Observations 433,992 433,992 433,992 433,992 433,992
Baseline DRC mean 0.140 0.084 0.082 0.050 0.072
Geographic and time FEs Yes Yes Yes Yes Yes
R-squared 0.141 0.097 0.084 0.125 0.074

Panel B: All Covered Countries

Effect of Dodd-Frank 0.001 0.008 -0.001 0.003 -0.004
(0.016) (0.010) (0.007) (0.012) (0.010)

Observations 574,236 574,236 574,236 574,236 574,236
Baseline covered mean 0.030 0.015 0.013 0.010 0.015
Geographic and time FEs Yes Yes Yes Yes Yes
R-squared 0.129 0.087 0.076 0.116 0.067

Notes: The dependent variable is a binary variable indicating the existence of a conflict event at the second
sub-national administrative area within a given month. Standard errors clustered at the country level are in
parentheses. Bonferroni adjusted p-values are noted as follows *** p<0.01, ** p<0.05, * p<0.1.

estimate is ranked second largest in the distribution of placebo estimates. P-values as-

sociated with these permutation tests, from two-tailed tests of statistical significance,

are also reported in Panel A of Table 2.2.

The results discussed so far suggest that the unintended consequences of the Dodd-

Frank Act within the DRC may be larger than previously reported. By extending

the time horizon of empirical analysis through 2015, Stoop et al. (2018a) report the

most comparable effect estimates. The results of Parker and Vadheim (2017) primarily

examine the short-term effects through 2012. Previous estimates suggest that the Dodd-

Frank Act increased the prevalence of violence against civilians by roughly 28 percent

and rebel group battles by roughly 44 percent (Stoop et al. 2018a). Consistent with the

idea that these previous estimates may underestimate the effect, the effect estimates

reported in columns 2 and 3 in Panel A of Table 2.2 are larger; violence against civilians

increased by roughly 90 percent and rebel group battles increased by roughly 76 percent.

This finding comes with a potentially important potential caveat: The estimates

in Panel A of Table 2.2 include all provinces in the DRC, not just provinces in the
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Eastern region of the DRC. Therefore these effect estimates may falsely attribute conflict

events that are unrelated to the passage of the Dodd-Frank Act in the Western region

of the DRC. In Table A1.1 in the appendix, I re-estimate equation (2.1) but include

only Eastern DRC provinces. These effect estimates suggest that, within the Eastern

provinces of the DRC only, violence against civilians increased by roughly 73 percent and

rebel group battles increased by roughly 66 percent. These effect estimates are again

larger than those previously reported. This alternative estimation approach suggests two

important findings. First, concerns about falsely attributing unrelated conflict events in

the Western provinces of the DRC are relatively inconsequential. Second, even within

only the Eastern provinces of the DRC, previous estimates underestimate the effect of

the Dodd-Frank Act.

Panel B of Table 2.2 reports the difference-in-differences estimates for the effects

of the Dodd-Frank Act in all covered countries, rather than only within the DRC. In

each of the five columns I find a precisely estimated statistically insignificant null effect.

Taken together, the effect estimates for all covered countries pooled together are muted

in terms of both effect size and statistical significance compared to the results only

within the DRC. Table A1.2 in the appendix re-estimates the effects presented in Panel

B of Table 2, but intentionally excludes the DRC from the analysis. Therefore, the

results presented in Table A1.2 report the effects of the Dodd-Frank Act in surrounding

countries only. These results, when excluding the DRC, are qualitatively identical to

the results shown in Panel B of Table 2.2, when the DRC is included.

Overall the findings reported in Panel B of Table 2.2 are important for several

reasons. First, although these effects estimate the full effect of the Dodd-Frank Act on

all covered countries, previous research has yet to estimate these effects. Second, these

findings suggest that while there is no evidence that the Dodd-Frank Act systematically

increased the prevalence of conflict in all of these countries combined, there is similarly

little evidence that the legislation lead to any systematic reduction in the prevalence

of conflict. Finally, finding null effects—for both all covered countries (including the

DRC) as well as all countries surrounding (and excluding) the DRC—is not particularly

surprising. Although the Dodd-Frank Act regulates reporting by US companies of any

3TG mineral mined in the DRC or any surrounding country, the DRC was and is the

primary focus of the legislation. In fact, the original legislation, drafted in the “Congo
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Figure 2.3: Placebo Estimates from Permutation Tests, DRC Only

Notes: This figure shows country effects estimated from placebo permutation tests for
each column in Table 2.1. Each panel refers to a placebo test for each of the five
outcome variables. Panel A refers to all conflict. Panel B refers to violence against
civilians. Panel C refers to rebel group battles. Panel D refers to riots and protests.
Panel E refers to deadly conflict. In each graph, the solid line represents the point
estimate when the DRC is “treated”. The dashed lines represent the 5th and 95th
percentiles.
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Conflict Minerals Act of 2009,” only included the DRC as part of the legislation. It is

only through the process of policymaking and the inclusion of the legislation as part

of the Dodd-Frank Act, that countries bordering the DRC were included as countries

covered by the legislation.

This broad conclusion about the effect of the Dodd-Frank Act in all countries covered

by the legislation pooled together may hide important heterogeneity. Table A1.3, in the

appendix, shows these country-specific effects among the various countries covered by

the Dodd-Frank Act. The prevalence of conflict—both in general and in the disaggre-

gated measures—decreased in Angola, the Republic of Congo, Rwanda, Tanzania, and

Uganda. On the other hand, similar to the DRC, the prevalence of conflict increased

in the Central Africa Republic and Burundi. The magnitudes of each of these effects,

however, are substantially smaller than the estimated effects in the DRC. The majority

of these country-specific effects, for countries covered by the Dodd-Frank Act, are within

the 95 percent confidence interval for the distribution of the placebo estimates generated

from the permutation tests. Therefore, although the effects for each country covered

by the Dodd-Frank Act are mixed, statistical inference from only the strongest effects

are robust to permutation tests. This is consistent with the implementation of Section

1502 of the Dodd-Frank Act which specifically targeted the DRC, but also regulated

minerals exported by surrounding countries.

A key identifying assumption for the validity of this estimation framework is that

conflict in the DRC, or the other covered countries, would not trend differently compared

to other sub-Saharan African countries in the absence of the Dodd-Frank Act. Effect

estimates from equation (2.2) help explore the validity of this assumption in the present

context. If year-specific effect estimates are statistically insignificant and/or relatively

small prior to July 2010, then this suggests evidence in favor of the validity of the

identification strategy used in this paper.

Figure 2.4 reports the year-specific effect estimates for each of the five outcome

variables. In Panel A, year-specific effect estimates are statistically insignificant between

the years 2006 and 2008. In 2005 and 2009 the estimates are statistically significant

but relatively small compared to the effect estimates for years after the passage of

the Dodd-Frank Act. Specifically, the effects in 2005 and 2009 both have a coefficient

smaller than 0.1, whereas beginning in 2011 the effect estimates are twice as large with
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Figure 2.4: Year Specific Effect Sizes, DRC Only

Notes: Each panel refers to each of the five outcome variables. Panel A refers to all
conflict. Panel B refers to violence against civilians. Panel C refers to rebel group
battles. Panel D refers to riots and protests. Panel E refers to deadly conflict. In each
graph, the dashed line represents when the Dodd-Frank Act was signed into US law.
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coefficients roughly around 0.2. This key finding is qualitatively similar across all other

outcome variables. Although the effects are strongest in Panel A, when all types of

conflict are pooled together, Panels B through E each report a statistically significant

increase in conflict in years after the passage of the Dodd-Frank. This indicates that

the overall effect on all types of conflict is not primarily driven by a change in a specific

type of conflict. Moreover, similar to the findings of Stoop et al. (2018a) who estimate

effects through 2015, the effects are relatively stable over time. This indicates that the

effects reported in Table 2.1 are not driven by a dramatic spike in conflict in any one

year. Taken together the findings presented in Figure 2.4 support the validity of the

identification strategy for estimating the effect of the Dodd-Frank Act on conflict within

the DRC.

Figure 2.5 reports year-specific effect estimates for each of the five outcome variables,

when all countries covered by the Dodd-Frank Act are included in equation (2.2). In

each of these panels, the effect sizes are considerably smaller than the corresponding

effect sizes in Figure 2.4. This is consistent with the results reported in Panel B of Table

2.2. Pooling all types of conflict together, in Panel A, the impact estimates prior to the

passage of the Dodd-Frank Act are statistically insignificant and relatively small. In

years after the passage of the legislation, the effects indicate a null effect of the Dodd-

Frank Act within all countries pooled together. Effect estimates on violence against

civilians and riots and protests, reported in Panels B and D respectively, report small

and statistically insignificant results in years prior to the Dodd-Frank Act. This trend

continues in the years immediately following, however in 2015 and 2016 the probability

of violence against civilians increases slightly but remains statistically insignificant. In

Panels C and E, the results support the finding that factors other than the passage of

the Dodd-Frank Act predict these types of conflict in the full set of countries covered by

the legislation. Similar to the results reported in Panel B of Table 2.2, there is very little

evidence that the Dodd-Frank Act systematically increased or decreased the prevalence

of conflict within all countries covered by the legislation.

Overall these results indicate that the Dodd-Frank Act increased the prevalence

of conflict in the DRC. This result is qualitatively similar when considering all types

of conflict pooled together or when considering disaggregated types of conflict. These

effect estimates are also relatively large in size. The probability of any type of conflict
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Figure 2.5: Year Specific Effect Sizes, All Covered Countries

Notes: Each panel refers to each of the five outcome variables. Panel A refers to all
conflict. Panel B refers to violence against civilians. Panel C refers to rebel group
battles. Panel D refers to riots and protests. Panel E refers to deadly conflict. In each
graph, the dashed line represents when the Dodd-Frank Act was signed into US law.
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roughly doubled within the DRC after the passage of the Dodd-Frank Act. Consistent

with the idea that spillovers are relevant in this context, these effect estimates suggest

that the unintended consequences of the Dodd-Frank Act may be much more dramatic

than previously reported.

When considering all countries covered by the Dodd-Frank Act, the estimated ef-

fects are much more muted. There is no evidence that the Dodd-Frank Act increased or

decreased all types of conflict across all of these countries together. Examining each of

the covered countries individually uncovers potentially important heterogeneity across

countries. Each of these effect sizes, however, are relatively small and statistical infer-

ence of these estimates is not robust to permutation tests. Therefore, although there

is no evidence of systematic unintended consequences among all countries covered by

the legislation, there is also no evidence the Dodd-Frank Act systematically reduced the

prevalence conflict.

These results are not without limitations. Most importantly, the identification strat-

egy rests on the assumption that trends in conflict would not have evolved differently

in the absence of the Dodd-Frank Act. Despite tests of parallel trends in the prevalence

in conflict prior to the passage of the Dodd-Frank Act, this identification assumption

cannot be directly tested. Although numerous robustness tests reinforce the core find-

ings, concerns relating to endogeneity or other forms of unobserved heterogeneity may

persist. An additional concern relates to the validity of the comparison with all other

sub-Saharan African countries not covered by the Dodd-Frank Act. To address this con-

cern I implement the synthetic control estimation strategy as a robustness test (Abadie

et al. 2010; 2015). Since the synthetic control approach is a generalization of the

difference-in-differences estimation strategy it is well suited to serve as a robustness test

for the core results in this paper. Specifically the synthetic control approach gener-

ates a convex combination of administrative areas from comparison countries that best

match the pre-intervention trend in conflict within the DRC. If there is any concern

that non-covered sub-Saharan African countries do not form a valid comparison group,

this method should address the associated issues. I find that the effect for all types of

conflict is robust to synthetic control estimation and associated inferential techniques.

The disaggregated conflict types are less robust to synthetic control estimation and in-

ference, but largely support the qualitative result that the Dodd-Frank Act increased



37

the prevalence of conflict within the DRC. These results are presented in the appendix.

2.5 Mechanisms within the DRC

A number of possible mechanisms could, in theory, explain the estimated effects of the

Dodd-Frank Act. The most relevant mechanisms to disentangle are feasibility (Fearon

2005; Collier et al. 2009; Nunn and Qian 2014; Dube and Naidu 2015; Bellemare

2015; Christian and Barrett 2017; Koren 2018) and opportunity cost (Becker 1968;

Ehrlich 1973; Hirshleifer 1995; Collier and Hoffler 1998; Grossman 1991; Fearon and

Laitin 2003; Dube and Vargas 2013; Bazzi and Blattman 2014). The assumed theory of

change of Section 1502 of the Dodd-Frank Act rests on the strength of the link between

minerals and conflict. If the feasibility mechanism persists, then the presence of armed

groups at relevant mineral mines will decrease and so will the revenue earned by armed

groups from mineral extraction. This could effectively tighten the budget constraint of

armed groups and reduce their ability to perpetuate conflict. As previously discussed,

however, this mechanism could backfire if armed groups shift to alternative and more

violent revenue earning activities. If the opportunity cost mechanism persists, then a

labor market shock—expressed as either a reduction in incomes or a reduction in the

number of workers employed by relevant mineral mines—could decrease the opportunity

cost of joining a rebel group. This could effectively strengthen the capacity of armed

groups and increase their ability to perpetuate conflict.

To test for these potential mechanisms I use data from the International Peace

Information Service (IPIS), an independent research institute that collects detailed in-

formation about mineral mining within the DRC. IPIS partners with the DRC Ministry

of Mines and other local independent civil society organizations to map artisanal and

small-scale mining sites in the Eastern provinces of the DRC. The first map was pub-

lished in 2009 and subsequent updates to this map have been published in years from

2013 through 2017 (Spittaels and Hilgert 2013; Jaillon et al. 2019). The complete set of

IPIS data includes information on 3,677 visits to mineral mines in the eastern provinces

of the DRC from 2009 through 2017. I specifically use information on the timing of

the visit to each mineral mine, the number of workers involved, and the presence of an

armed group at the mining site.
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Although these data include valuable information, they are imperfect. IPIS tries

their best to ensure that their visits to mineral mines are representative of specific

provinces in Eastern DRC. In some years, concerns relating to the security of surveyors

prohibit visits to all planned mining sites or limit the amount of quantifiable informa-

tion available for successful mine visits. To test for the sensitivity of the results to these

details, I present various robustness tests. In the results shown in the main manuscript

I present two sets of results: one that uses the full set of IPIS data and another that

excludes visits in the years 2016 and 2017 due to their more focused and less represen-

tative nature. In these core results, I set all missing observations to zero and include

a dummy variable in the specification indicating if the outcome variable is missing for

the given mine visit. In Table A1.5 and A1.6 in the appendix I show results that sim-

ply drop these missing observations, the results are qualitatively identical. Another

limitation of the IPIS data is that it only exists within the DRC. Therefore, although

exploring potential mechanisms within the full list of covered countries and throughout

the rest of sub-Saharan Africa would be worthwhile, it is currently not possible given

the availability of detailed data on mineral mines.

The identification strategy used in this section to explore potential mechanisms fol-

lows that used by Parker and Vadheim (2017) and Stoop et al. (2018a). I compare

outcomes between mining cites that extract tin, tantalum, and tungsten (3T mineral

mines) and mining cites that extract all other minerals including gold. Parker and Vad-

heim (2017) cite two key reasons why the extraction of 3T minerals are more likely to be

influenced by the Dodd-Frank Act than gold even when all four minerals are technically

regulated by the legislation. First, the majority of the gold mined in the DRC supplies

jewelry markets in Middle Eastern and Asian countries (de Koning 2011). Second, gold

is more difficult to trace gold back to mines controlled by armed groups since it is quite

easy to melt and separate from any access rock (Sanchez de la Sierra 2018). Alterna-

tively, 3T minerals are easier to trace because they are extracted with additional rock

that can help distinguish the origin of the the mine (Lezhnev and Prendergast 2009).

I specifically estimate the following difference-in-differences regression specification:

yir = φ · (3Tir · Postir) + ρ · 3Tir + τ · Postir + θr + µir (2.3)

In equation (2.3) yir represents the outcome of interest—either number of workers
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or the presence of an armed group—for mine site visit i in administrative region (e.g.,

territory) r. The variable 3Tir is a binary dummy variable indicating if the mine site

extracts a 3T mineral. The variable Postir is a binary dummy variable indicating if

the mine site visit occurred after July 2010 or the passage of the Dodd-Frank Act.

The coefficient φ is the coefficient of interest on the interaction of 3Tir and Postir and

estimates the impact of the Dodd-Frank Act on the outcome yir. Finally, θr is a territory

fixed effect and µir is the error term.

In the core results, shown in the main manuscript, I aim to take full advantage of

information from all available mine site visits. This presents both benefits and chal-

lenges. On the benefits side, using as many mine visits as possible allows the data to be

as representative as possible. On the challenges side, this creates an unbalanced panel.

Some mine sites are visited up to seven times and many mines sites are visited only

once. I account for the challenge of an unbalanced panel in two ways. First, as shown in

Tables 2.3 and 2.4, I add a specification that includes mine site fixed effects instead of

territory fixed effects. Mechanically, this specification will difference out any mine site

that is only visited once and will estimate effects based on variation within mineral mine

sites over time. Second, as shown in Tables A1.7 and A1.8 in the appendix, I create a

balanced panel by keeping only mine sites that are visited multiple times—once before

one after July 2010. For mining sites that are visited multiple times after July 2010,

I keep the information from the most recent visit. This approach throws out a lot of

information, but eliminates any complications from an unbalanced panel. The results

are qualitatively robust in sign and effect magnitude, but some specifications suffer from

insufficient statistical power due to a relatively small sample size.

Table 2.3 reports the the estimates from equation (2.3) on the number of mine

workers. IPIS data recording the number of workers associated with each mine is non-

Gaussian, with a long right tail on the distribution. Therefore, I transform the number

of workers variable by using the inverse hyperbolic sine (IHS) transformation (Burbidge

et al. 1988; MacKinnon and Magee 1990; Pence 2006). This transformation is similar

to the natural log transformation, but is mathematically capable of handling zeros. In

order to interpret these coefficients, I follow the derivations provided by Bellemare and
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Table 2.3: Effect of the Dodd-Frank Act on Number of Mine Workers
(1) (2) (3) (4)
IHS IHS IHS IHS

number number number number
workers workers workers workers

Panel A: All IPIS Data (2009 - 2017)

Effect of Dodd-Frank -0.594*** -0.588** -0.433** -0.501
(0.210) (0.196) (0.197) (0.408)

Observations 3,677 3,677 3,677 3,677
R-squared 0.689 0.706 0.746 0.937

Panel B: Truncated IPIS Data (2009 - 2015)

Effect of Dodd-Frank -0.818*** -0.851*** -0.643*** -0.610
(0.223) (0.241) (0.205) (0.531)

Observations 2,859 2,859 2,859 2,859
R-squared 0.721 0.729 0.759 0.946

Year FEs No Yes Yes Yes
Territory FEs No No Yes No
Mine FEs No No No Yes

Notes: The dependent variable, the number of mine workers, is trans-
formed by the inverse hyperbolic sine (IHS) transformation. This trans-
formation is log-like, and thus helps account for the non-Gaussian form
of these data on number of workers, but is capable of mathematically
handling zeros. Panel A uses the complete set of IPIS data with mine
visits from 2009 through 2017. Panel B uses a truncated set of IPIS data
from 2009 through 2015 that discards the more focused, and less repre-
sentative, visits from 2016 and 2017. Standard errors clustered at the
territory level are shown in parentheses. Bonferroni adjusted p-values
are noted as follows *** p<0.01, ** p<0.05, * p<0.1.
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Wichman (2018).14 In Columns (1) through (3) in Panel A of Table 2.3 report

the effect of the Dodd-Frank Act on the number of workers at 3T mineral mines during

IPIS visits. These estimates suggest that there is between a 42 and 51 percent reduction

in the number of workers due to the passage of the Dodd-Frank Act. In column (4)

I include mine fixed effects. Although the effect magnitude is qualitatively robust to

the estimated effects in columns (1) through (3), the standard error of this estimate

roughly doubles in size. This is driven by the fact that only a relatively small subset

of mines sites are visited more than once. Although the effect estimate in column

(4) is statistically insignificant at conventional levels, the magnitude of the effect still

represents a meaningful average reduction in the number of workers at 3T mineral mines

due to the passage of the Dodd-Frank Act. The effect estimates are slightly larger in

Panel B of Table 2.3, when using the truncated set of IPIS data. Taken together these

results broadly suggest that one of the persisting mechanisms driving the overall effect

of the Dodd-Frank Act on the prevalence of conflict is a reduction in the number of

workers employed at 3T mineral mines.

Although a reduction in the number of workers at 3T mineral mines represents

an indication that the Dodd-Frank Act caused a shock to the labor market for 3T

mineral miners and suggests the presence of the opportunity cost mechanism, it is not

completely deterministic for a couple reasons. First, the effects shown in Table 2.3

are relative to both gold mines and all other types of mineral mines. Therefore, it

could be that the workers who previously worked at 3T mineral mines now primarily

work at other types of mineral mines. Second, other alternative forms of labor may be

outside of the mining industry altogether and may not necessarily be with an armed

rebel group. Although these are important caveats to consider, a labor market shock of

the magnitude estimated in Table 2.3 is necessary for the existence of the opportunity

cost mechanism.

Table 2.4 reports the effect of the Dodd-Frank Act on the presence of an armed rebel

group at the mining site. Columns (1) through (4) in Panel A show that the effect of the

Dodd-Frank Act on the presence of an armed rebel group is statistically insignificant

when using the full set of IPIS data. Although the magnitude of these effects are

14 In the arcsine–linear with binary independent variables, as specified in equation (2.3), the semi-
elasticity is approximately equal to 100 × exp(φ̂) −1.
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Table 2.4: Effect of the Dodd-Frank Act on the Presence of Armed Groups
(1) (2) (3) (4)

Presence of Presence of Presence of Presence of
armed group armed group armed group armed group

Panel A: All IPIS Data (2009 - 2017)

Effect of Dodd-Frank -0.255 -0.203 -0.174 -0.171
(0.144) (0.149) (0.127) (0.206)

Baseline 3T mean 0.327 0.327 0.327 0.327
Observations 3,677 3,677 3,677 3,677
R-squared 0.166 0.215 0.409 0.822

Panel B: Truncated IPIS Data (2009 - 2015)

Effect of Dodd-Frank -0.312** -0.292* -0.263* -0.188
(0.131) (0.137) (0.121) (0.227)

Baseline 3T mean 0.327 0.327 0.327 0.327
Observations 2,859 2,859 2,859 2,859
R-squared 0.209 0.225 0.454 0.866

Year FEs No Yes Yes Yes
Territory FEs No No Yes No
Mine FEs No No No Yes

Notes: The dependent variable, indicating the presence of an armed group, is ex-
pressed in terms of a binary dummy variable. Panel A uses the complete set of IPIS
data with mine visits from 2009 through 2017. Panel B uses a truncated set of IPIS
data from 2009 through 2015 that discards the more focused, and less representative,
visits from 2016 and 2017. Standard errors clustered at the territory level are shown
in parentheses. Bonferroni adjusted p-values are noted as follows *** p<0.01, **
p<0.05, * p<0.1.
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quite large—representing roughly an over 50 percent reduction in the probability an

armed group is present at a mining site—these estimates are relatively imprecise. In

Columns (1) through (3) in Panel B of Table 2.4—when using the truncated set of

IPIS data—the magnitudes of effect estimates increase. These effects range between

a marginally statistically significant 80 and a 95 percent decrease in the probability

that an armed group is present at a mining site. When mine fixed effects are included

in the specification, as shown in column (4), the effect size falls and the standard

error increases. Taken together these results provide weak evidence suggesting that

the passage of the Dodd-Frank Act reduced the presence of armed rebel groups at 3T

mineral mines.

A reduction in the presence of an armed group at 3T mineral mines is only suggestive

of the presence of the feasibility mechanism. It could be that the presence of armed

groups is better disguised or that managers of mineral mines have an incentive to mis-

report the armed group presence after the passage of the Dodd-Frank Act. Taking these

results at face value however, it seems the Dodd-Frank Act caused the reporting of the

presence of armed groups at 3T mineral mines to decrease on average. This effect,

however, is not statistically significant at conventional levels.

Taken together these results are suggestive, but not conclusive, that both the fea-

sibility and opportunity cost mechanisms persist within the DRC as a result of the

Dodd-Frank Act. Consistent with the core results presented above, however, the fea-

sibility mechanism seems to be dominated by the opportunity cost mechanism. These

results may help explain both reports of reductions in armed group activity around

mining areas (Graginis 2016) and the consistent finding in this literature of the Dodd-

Frank Act leading to an increase, rather than a decrease, in the prevalence of conflict

in the DRC. That being said, these results are merely exploratory and more research—

specifically of the qualitative type—could provide much needed in-depth explanations

for the mechanisms operating behind the unintended consequences of conflict mineral

legislation.
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2.6 The Effect of Enforcement Suspension

In April 2017 the US SEC suspended enforcement of the conflict minerals legislation.15

This followed an attempt to overhaul the entire Dodd-Frank Act, which ultimately

did not pass US Congressional approval. Some express optimism the suspension of

enforcement will lead to positive outcomes in the DRC and surrounding countries (Gee-

nen 2017; Stoop et al. 2018b). As previously noted, however, the entire Dodd-Frank

Act remains part of the US law and can be enforced again quite quickly. Further-

more, some companies—such as Apple, Intel, and Tiffany & Co—have publicly stated

that they intend to follow the requirements of the conflict minerals legislation even if

it is officially removed from US law. Finally, the conflict mineral legislation included

in the Dodd-Frank Act is now included in European Union conflict mineral policies.

Therefore, although suspending enforcement of a law that has unintended and nega-

tive consequences may theoretically lead to a reversal in outcomes, it is not at all clear

whether this effect is present in the context of the Dodd-Frank Act in Africa’s Great

Lakes region.

This raises the question: What is the effect of suspending enforcement of the conflict

minerals legislation in the DRC and surrounding countries? I investigate this question

by repeating a similar estimation strategy as performed above over a different time

period.16 I examine the prevalence of conflict within the DRC, all covered countries,

and all non-covered sub-Saharan African countries from May 2014—when the conflict

minerals legislation was officially implemented by the US SEC—through September

2018. This analysis tests the effect of enforcement suspension of the conflict minerals

legislation on the prevalence of conflict in the DRC and surrounding countries.

Table 2.5 reports the difference-in-differences estimates of the effect of enforcement

15 A statement made by the US SEC on April 7, 2018 notes the following, “In light of the uncertainty
regarding how the Commission will resolve those issues and related issues raised by commenters, the
Division of Corporation Finance has determined that it will not recommend enforcement action to the
Commission if companies, including those that are subject to paragraph (c) of Item 1.01 of Form SD,
only file disclosure under the provisions of paragraphs (a) and (b) of Item 1.01 of Form SD.” Reports
from news outlets, such as Reuters (Lynch 2017) and Supply Chain Dive (Lopez and Burt 2017), support
the interpretation of this statement to indicate that that the US SEC is, for the time being, suspending
enforcement of the conflict minerals legislation within the Dodd-Frank Act.

16 This estimation strategy is similar to that defined by equation (2.1), but over a different time-
frame. Results from an estimation strategy similar to equation (2.2) for this analysis of the effect of
enforcement suspension are shown in Figures A1.2 and A1.3 in the appendix.
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Table 2.5: Effect of Enforcement Suspension on Conflict

(1) (2) (3) (4) (5)
Conflict, All Violence Against Rebel Group Riots and Deadly

Types Civilians Battles Protests Conflict

Panel A: DRC Only

Effect of Enforcement Suspension 0.007 0.027*** 0.010*** -0.012 0.014***
(0.007) (0.004) (0.003) (0.005) (0.003)

Placebo tests (other countries)
5th percentile -0.046 -0.036 -0.015 -0.020 -0.021
95th percentile 0.093 0.082 0.056 0.051 0.080
p-value (two-tailed) 0.666 0.333 0.266 0.600 0.400

Observations 147,976 147,976 147,976 147,976 147,976
Basline DRC mean 0.357 0.179 0.156 0.247 0.184
Geographic and time FEs Yes Yes Yes Yes Yes
R-squared 0.181 0.116 0.135 0.164 0.131

Panel B: All Covered Countries

Effect of Enforcement Suspension -0.002 0.005 -0.006 -0.014 -0.006
(0.0111) (0.010) (0.005) (0.008) (0.004)

Observations 195,676 195,676 195,676 195,676 195,676
Basline Covered mean 0.092 0.052 0.022 0.051 0.037
Geographic and time FEs Yes Yes Yes Yes Yes
R-squared 0.177 0.129 0.125 0.153 0.122

Notes: The dependent variable is a binary variable indicating the existence of a conflict event at the second
sub-national administrative area within a given month. Standard errors clustered at the country level are in
parentheses. Bonferroni adjusted p-values are noted as follows *** p<0.01, ** p<0.05, * p<0.1.

suspension. Panel A shows results when only examining the effect of enforcement sus-

pension in the DRC, excluding all other covered countries from the analysis, and com-

paring trends in conflict to other non-covered sub-Saharan African countries. Column

1 considers all conflict event types pooled together and shows a relatively precise null

effect, suggesting enforcement suspension has so far had little effect on the prevalence

of conflict within the DRC. A similar finding persists among the riots and protests type

of conflict, reported in column 4, suggesting that the prevalence of this type of conflict

is unaffected by suspending enforcement of the legislation. Effect estimates for violence

against civilians, rebel group battles, and deadly conflict—reported in columns 2, 3, and

5 respectively—all increase in response to enforcement suspension. This may seem like

a rather surprising result, however, two details must be acknowledged. First, the effects

are quite small relative to the effects reported in Table 2.2 on the effect of the passaged

of the Dodd-Frank Act—representing between a 5 and 15 percent increase in each type

of conflict. Second, and perhaps more importantly, permutation tests find that none of

these effects fall outside of the 5th or 95th percentile of placebo estimates, suggesting
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that these effects are likely to be spurious artifacts of the estimation strategy.17 Taken

together, the results presented in Panel A of Table 2.4 suggest that the suspension of

enforcement of the conflict minerals legislation has little effect on conflict within the

DRC.

Panel B of Table 2.5 reports the difference-in-differences estimates of results for all

covered countries pooled together, rather than for only the DRC. In each of the five

columns I find a precisely estimated null effect. Similar to the results in Table 2.2—

which estimated the effects of the passage of the Dodd-Frank Act—the effect estimates

reported in Panel B of Table 2.5 suggest that enforcement suspension has very effect

on conflict in all covered countries. Again, this suggests that within the complete set

of countries covered by the Dodd-Frank Act there are many other factors that are

much more important for predicting conflict than the suspension of enforcement of the

legislation.

There are at least two reasons to interpret these results estimating the effect of

enforcement suspension with caution. First, although the US SEC has made it known

that the conflict minerals legislation—for the time being—will not be enforced, the

entire Dodd-Frank Act as well as the conflict minerals legislation are still US law.

Therefore, US companies may still be complying with the regulation due to either legal

ambiguity or a belief the legislation will be enforced again in the future. Additionally,

as previously discussed, some companies have expressed the belief that there is a market

expectation for conflict free products and therefore have intentions of complying with

the legislation even if the law were to be officially changed. Second, these estimates

only consider a relatively short time-frame and alternative findings may manifest in due

time. The results reported in Table 2.4 estimate the effect of enforcement suspension

by using just over a year and a half (e.g. 20 months) of “post treatment” periods. It

is entirely plausible that estimates taking into account a longer time-frame may find

different results.

Keeping these details in mind, the results reported in Table 2.5 suggest that simply

suspending enforcement of the Dodd-Frank Act’s conflict minerals regulation has little

effect on conflict in the DRC and surrounding countries. This provides some insights

that may be helpful when thinking about appropriate responses and re-designs of US

17 Results for these permutation tests are reported in Figure A1.1 in the appendix.
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policy with the intention of limiting the role of US consumers in supporting conflict

in Africa’s Great Lakes region. First, if these trends continue, it may be unlikely that

a more official repeal of the conflict minerals legislation—that is, actual changes to

US law—will have an overwhelming corrective effect in the DRC. Given the foregoing,

it seems reasonable to conclude that simply removing the conflict minerals legislation

from US law will be insufficient in restoring the DRC to pre-Dodd-Frank Act levels of

conflict, let alone any reduction from these levels. Second, perhaps a more effective

policy will include localized economic and social support for those households that have

been adversely affected by the Dodd-Frank Act. This could include aid that supports

human rights and promotes economic opportunities in the region. That said, much

more work and research is needed to better understand and design more effective future

policies.

2.7 Discussion and Conclusion

I find evidence of unintended consequences of the Dodd-Frank Act in the DRC. I es-

timate that the passage of the Dodd-Frank Act roughly doubled of the prevalence of

conflict in the DRC. This finding is constant with both qualitative (Cuvelier et al.

2014; Geenen 2012; Radley and Vogel 2015; Vogel and Raeymaekers 2016; Wakenge

2018) and quantitative (Parker et al. 2016; Parker and Vadheim 2017; Stoop et al.

2018a) research investigating the effects of US conflict mineral legislation. In relation

to previous quantitative studies, my study suggests that the unintended consequences

of the Dodd-Frank Act within the DRC may be much more dramatic than previously

reported. This is consistent with the idea that, due to bias generated by the presence

of spillovers, previous studies estimate the lower bound of the effect.

Estimates fall in both size and statistical significance when considering effects among

all countries covered by the Dodd-Frank Act. This suggests that the Dodd-Frank Act did

not lead to any meaningful change—positively or negatively—in terms of the prevalence

of conflict when pooling all covered countries together. As the DRC-specific analysis

highlights, however, pooling all countries covered by the legislation together hides im-

portant heterogeneity in the country-specific effects. None of the effects in countries

surrounding the DRC come close to the magnitude of the estimated effects in the DRC,
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however, and statistical inference is not robust to permutation tests.

Moving beyond these core results, I also present results from two supplemental

investigations. The first tests for the existence of potential mechanisms driving the core

results. This supplemental analysis suggests that although the passage of the Dodd-

Frank Act may have reduced the presence of armed groups at 3T mineral mines, the

legislation also reduced the number of workers employed by 3T mineral mines. These

findings suggest that although both the feasibility and opportunity cost mechanisms may

be present in the DRC, consistent with the overall finding of unintended consequences,

the opportunity cost mechanism dominates. The passage of the Dodd-Frank Act, and in

particular the DRC’s response to shut down all mineral exports from 2010 through 2011,

may have caused a labor market shock to the mineral industry. Households who rely

on income from working in the mineral mines may therefore struggle to find sufficient

alternative activities. This deepens poverty, perpetuates socio-economic inequality, and

generates more motivation to perpetuate conflict. Moreover, although the Dodd-Frank

Act may have levied a shock in revenue earning of armed rebel groups, these groups are

likely able shift to alternative revenue streams.

In a second supplemental investigation, I examine the effect of the decision of the

US SEC to suspend the enforcement of the conflict mineral legislation in April 2017.

This supplemental analysis suggests that the enforcement suspension had little and

likely no effect on the prevalence of conflict in both the DRC and all covered countries.

This finding highlights a particularly tricky aspect of the direct policy implications of

these results. It seems that abolishing the conflict mineral legislation of the Dodd-

Frank Act is unlikely to reverse the increase in conflict. As previously noted, many

large and influential companies have publicly stated that they plan on complying with

conflict mineral regulations due to a perception of a market expectation for conflict-

free products. This being the case, a more successful version of this legislation could

provide development assistance to the mining communities adversely affected by the

unintended consequences the Dodd-Frank Act. Without this assistance, the negative

impacts identified by this analysis may threaten to continue in future years effectively

perpetuating and deepening Africa’s deadliest conflict.

Finally, this paper provides suggestive insight into the underlying causes of conflict

in the DRC and other countries in sub-Saharan Africa (Berman et al. 2017; Bazzi and
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Blattman 2014; Blattman and Miguel 2010; Brunnschweiler and Bulte 2008; Collier and

Hoeffler 2004). These results support the notion that minerals may not necessarily be

the primary cause of conflict. Rather conflict may be driven by a host of additional fac-

tors such as chronic poverty, socio-economic inequality, and weak political institutions.

Although policies and norms that push the private sector toward more accountable

business practices are likely necessary, they are not sufficient. Ultimately, the Dodd-

Frank Act, while perhaps encouraging beneficial international norms regarding natural

resource extraction in the context of weak political institutions, has also made life much

more difficult for many in Africa’s Great Lakes Region and in the DRC specifically.

Future work could focus on understanding the true causes of conflict in the DRC and

surrounding countries. It is through understanding these dynamics that beneficial public

policies with the objective of mitigating conflict in Africa’s Great Lakes region can be

designed and implemented. Future research could also do well to focus on how to best

support and assist those who are adversely affected by the labor market consequences

of economic sanctions.



Chapter 3

Aspirations and Investments in
Rural Myanmar

Abstract. The aspirations gap is the distance between an individual’s current and

aspired standard of livelihood. A growing theoretical literature predicts that aspirations

both “too close” and “too far” away from current standards lead to less investment in the

future. These theories imply an inverted U-shaped relationship between the aspirations

gap and investments. I test this hypothesis and extend existing empirical findings to

rural Myanmar by examining the relationship between the income aspirations gap and

real estate investment choices. I find that income aspirations that are ahead, but not

too far ahead, of current income levels provide the best incentive for investment. Such a

relationship between the income aspirations gap and financial investments suggests the

presence of psychological constraints to poverty alleviation and development in rural

Myanmar. Supplemental analyses examine (i) heterogeneity in the inverted U-shaped

relationship and (ii) the formation of aspirations.

50
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“[A] period of fast growth in a poor country can put significant stress on the sys-

tem which it must cope with. Growth can also unleash powerful aspirations as well as

frustrations...”

- Ghatak et al. (2014); quoted in Genicot and Ray (2017) “Aspirations and

Inequality,” Econometrica

3.1 Introduction

Within many countries around the world economic inequality is growing. This is partic-

ularly the case for lower income countries, many of whom enjoy fast-growing economies

but have increasingly unequal populations (Page and Pande 2018). Myanmar represents

an illustrative example of this phenomena. In 2015, Myanmar was the fastest growing

economy in the world—with a projected growth rate of 8.6 percent—and would soon

elect its first civilian president since 1962. At the same time, over 32 percent of Myan-

mar’s population—roughly 17 million people—lived below the national poverty line

(Asian Development Bank 2018).

The topic of inequality represents a classic literature in economics.1 A subset

of this literature considers potential psychological constraints to investment and asset

accumulation that could generate poverty traps and widen within-country economic

inequality (Appadurai 2004; Ray 2006; Banerjee and Mullainathan 2010; Mookherjee

et al. 2010; Bogliacino and Ortoleva 2013; Bernheim et al. 2015; Besley 2016; Dalton

et al. 2016; Genicot and Ray 2017; Janzen et al. 2017; Lybbert and Wydick 2018).

Among these is a model of socially determined aspirations and individual incentives to

invest in the future (Genicot and Ray 2017). The central idea of this model is that swift

economic growth in a poor country can have competing consequences. It can either: (i)

inspire powerful aspirations and incentives for investment or (ii) lead to frustration and

despair.

A core concept in the model of Genicot and Ray (2017) is the “aspirations gap” or the

distance between an individual’s current standard of living and their aspired standard

of living. According to this theory, the aspirations gap drives the relationship between

1 See, e.g., Becker and Tomes 1979; Loury 1982; Freeman 1996; Mookerjee and Ray 2003; and
Piketty 2014.
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aspirations and investments in the future. Too small of a gap and an individual has very

little incentive to forgo present-day consumption to achieve their aspiration—leading to

“aspiration failure.” Too large of a gap and the necessary investment in the future

takes away too much present-day consumption—leading to “aspiration frustration.”

This results in a theoretical prediction of an inverted U-shaped relationship between

the aspirations gap and investment choices.

In this paper I aim to test this theory by examining the question: Do psycholog-

ical constraints limit investment in the future? Specifically, I test the hypothesis of

an inverted U-shaped relationship between the income aspirations gap and investment

choices (Ray 2006; Genicot and Ray 2017). Using data collected in rural Mon State,

Myanmar—a coastal region with close proximity to Thailand—I find empirical evidence

supporting theories predicting an inverted U-shaped relationship. Specifically, I find

that income aspirations that are ahead, but not too far ahead, of the current level of

income provide the best incentives for real estate investment—measured as expenditures

of household construction materials and land.

A growing literature empirically tests the relationship between aspirations and future-

oriented behavior in the context of poverty. Many of these studies examine the rela-

tionship between aspirations and the acquisition of human capital through education

(Beaman et al. 2012; Dercon and Singh 2013; Bernard et al. 2014; Macours and Vakis

2014; Pasquier-Doumer and Brandon 2015; and Ross 2017; Janzen et al. 2017; Favara

2017; Garcia et al. 2019; and Rizzica 2020). A subset also examine savings as an alter-

native form of future oriented behavior (Bernard et al. 2014; Janzen et al. 2017). Thus,

a direct test of the relationship between income aspirations and investment choices is

still relatively understudied in this literature to date.2 Moreover, only a small number

of studies explicitly test for an inverted U-shaped relationship between aspirations and

future-oriented behavior and the evidence so far is mixed. Although initial investiga-

tions showed no such relationship (Pasquier-Doumer and Brandon 2015), more resent

2 One exception is the work of Galiani et al. (2018), who examine the impact of a household
improvement project in slums across multiple countries. In the experiment implemented by Galiani
et al. (2018), slum-dwelling households are randomly selected to receive household improvements.
The authors find that aspirations for non-beneficiary neighboring households increase, but that these
increased aspirations did not lead to systematic investment in household improvements. One possible
explanation of this finding is the presence of an inverted U-shaped relationship between aspirations and
financial investments in real estate.
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studies find evidence that supports theories predicting an inverted U-shaped relation-

ship (Janzen et al. 2017; Ross 2017). Therefore, my results add to this literature in two

important ways. First, I directly test the relationship between income aspirations and

investment choices. Second, I aim to improve the credibility of the empirical estimation

of the inverted U-shaped relationship.

Credibly identifying the relationship between aspirations and individual behavior

presents a difficult empirical problem. Most fundamentally, socially determined aspi-

rations are endogenous. Therefore, it may seem natural to consider an experimental

study that exogenously influences an individual’s aspirations (see, e.g., Bernard et al.

2014). Ethical issues, however, complicate the feasibility of such an empirical approach.

If the theory of the inverted U-shaped relationship is taken seriously, then exogenously

increasing an individual’s aspirations via the use of experimental variation implemented

by a researcher could make the individual worse off (La Ferrara 2019). If the experi-

ment increased aspirations so that investment in the future or some other future-oriented

behavior began to decrease, then the individual could be harmed due to their partic-

ipation in the experiment. This being the case, the best way forward to understand

the relationship between the aspirations gap and future-oriented behavior may be using

econometric methods with observational data, despite the associated limitations.

The primary contribution of this paper is the implementation of a number of em-

pirical strategies investigating the credibility of the observed inverted U-shaped rela-

tionship. The first strategy is to control for relevant confounding covariates. This

strategy incorporates factors included in analysis by Janzen et al. (2017), such as edu-

cation, age, gender, income level, current migration status of household members, and

the respondent’s influence over household decisions. I find that the inverted U-shaped

relationship is robust in specifications controlling for these observable characteristics.

The second strategy is to use an alternative measure of aspirations and an alternative

measure of expenditures in the regression analysis. While the alternative measure of

aspirations serves as a robustness test, the alternative measure of expenditures serves as

a falsification test on the core findings. I find that the inverted U-shaped relationship is

robust to the alternative measure of aspirations and does not persist in the falsification

test using an alternative measure of expenditures. Finally, the third strategy uses the

insights of Altonji et al. (2005) and methods of Oster (2017) to calculate how much
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greater the influence of unobservable factors would need to be, relative to observable

factors, to completely explain away the inverted U-shaped relationship. I find that it is

unlikely that the inverted U-shaped relationship can be fully attributed to unobserved

heterogeneity.

This paper also provides a methodological contribution on the quantitative mea-

surement of aspirations. Previous research on the measurement of aspirations suggests

asking respondents the following question: “What level of some dimension—say, for ex-

ample, income—would you like to achieve in your life?” (Bernard and Taffessee 2014).

Serious concern about the ability of this question to elicit legitimate measures of aspi-

rations persists. After all, what would provoke anyone to answer any finite number?

In the present study I also ask an alternative question to measure aspirations: “What

level of some dimension—again, for example, income—do you need to feel financially

secure?”3 This study is the first to have the benefit of two measures of income as-

pirations. Comparing results using each of these measures (i.e., “wants” vs. “needs”)

allows for a discussion of important questions regarding the quantitative measurement

of aspirations.

I also explore heterogeneity in the inverted U-shaped relationship. Heterogeneity

is important in the context of the relationship between aspirations and future-oriented

behavior for several reasons. First, and perhaps foremost, aspirations are inherently

endogenous to a variety of social and economic factors. Therefore, it is possible that

this relationship in general is driven by some factor of omitted heterogeneity. Second,

comparative static analysis by Janzen et al. (2017) suggests that the “turning point,”

at which a larger aspirations gap no longer inspires more investment in the future, is

increasing in wealth. I find evidence that supports this prediction. Specifically, those

with higher present levels of income have a higher turning point in their aspirations gap.

Third, an implication of the inverted U-shaped relationship between aspirations and

future-oriented behavior is that aspirations by themselves may not always be sufficient

in encouraging future-oriented behavior. Instead, aspirations must be accompanied by

attitudes and beliefs in one’s own ability to achieve a given aspiration (Lybbert and

Wydick 2018; Wuepper and Lybbert 2016; Rizzica 2020). I find that the strength of

the inverted U-shaped relationship may partly depend on attitudes and beliefs in one’s

3 This is similar to the phrasing of questions measuring aspirations in Knight and Gunatilaka (2012).
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own ability to achieve aspirations.

Finally, I investigate the formation of aspirations. Foundational work by Ray (2006)

suggests that individuals build their aspirations by observing other “similar” people

who exist in an individual’s “cognitive neighborhood.” I find that aspirations measured

in terms of “wants” are positively correlated with peers, and most strongly with peers

of a similar income level. Additionally, aspirations measured in terms of “needs” are

negatively correlated with peers, and most strongly with peers of a similar age and

gender. These findings can help inform the design of policies and programs aiming to

leverage aspirations, promoting psychological spillover effects (Carter 2016).

This paper continues, in the next section, with a brief discussion summarizing cur-

rent theoretical predictions about how the aspirations gap relates to investment choices.

Section three presents the empirical framework of this analysis. This includes a dis-

cussion of the data, the study context, and the empirical strategies used to understand

the relationship between income aspirations and investments. In the fourth section, I

present and discuss the empirical results. Section five presents an exploratory investi-

gation of heterogeneity in the inverted U-shaped relationship. Section six investigates

the role of peers in the formation of aspirations. Finally, section seven concludes.

3.2 Theoretical Framework

For the purpose of motivating the subsequent empirical analysis I discuss the core con-

cepts and mechanics of the model presented in Genicot and Ray (2017), and summarized

in Janzen et al. (2017). This model provides a testable prediction: an inverted U-shaped

relationship between aspirations for income and investment. In this section, I only make

minor adaptations to this model and comment on the context of rural Myanmar. In-

terested readers should consult the work of Genicot and Ray (2017) and Janzen et al.

(2017) for additional detail and explanation of this model.

Genicot and Ray (2017) begin by defining an inter-temporal utility function that

models aspirations as a reference point (see, e.g., Kahneman and Tversky 1979). In

this framework, when an aspiration is achieved or when an individual’s outcomes reach

some reference point, the individual realizes a “bonus” in utility. Janzen et al. (2017)

summarize this aspirations-based utility function as follows. An individual maximizes
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utility over two time periods, period 1 and period 2. The individual is endowed with

wealth (y1), which can be either consumed (c) or invested in the future (k) with a

positive return (ρ).

In rural Mon State, Myanmar, one of the most salient ways to invest in the future is

by purchasing land or making improvements to a household structure.4 This reality

is due to two reasons. First, land—and more specifically a land title (“Form 7”)—is a

necessary requirement to access formal forms of credit in Myanmar. Therefore it follows

that expenditures in land can be realistically modeled with a positive return ρ. Second,

Mon State is a coastal region which routinely suffers from exposure to extreme wind,

rain, and flooding in the monsoon season. In qualitative focus group interviews, many

respondents raised the point that building a household structure that can withstand

exposure to extreme wealth presents a positive long-run payoff. This long-run payoff is

captured in the model through ρ.

In period 1, the individual derives utility solely from consumption. In period 2, the

individual derives utility from income net of any costs of repair (r). These costs of

repair should be understood as necessary costs associated with living in an area that is

annually affected by extreme weather events. Therefore, in period 2, the individual has

y2 = ρ(k− r) in wealth. Utility in period 2 is derived by whether net income falls short,

meets, or exceeds aspirations. If the level of net income is higher than the individual’s

aspirations, the individual experiences a “bonus” in utility, denoted as w.5 The

individual then maximizes the following utility function, where β serves as a discount

factor between periods 1 and 2:

u(c, k) = v1[c] + β
[
v2[ρ(k − r)] + w × I[ρ(k − r) ≥ a]

]
(3.1)

Following both Genicot and Ray (2017) and Janzen et al. (2017), I assume that

v1 and v2 are both smooth, increasing, and strictly concave. The cost of investment is

defined in terms of the opportunity cost of present consumption. Following Genicot and

Ray (2017) and Janzen et al. (2017), I assume that the cost function is both concave

4 This detail is discussed in more detail and qualitatively validated in Section 3.1.2.
5 Note that Genicot and Ray (2017) treat this “bonus” utility as a function of the amount by which

outcomes exceed and aspiration. Janzen et al. (2017) simplify this detail by assuming that the “bonus”
is constant and does not depend on the difference between outcomes and aspirations. For simplicity, I
follow the approach of Janzen et al. (2017). This detail is merely cosmetic and does not influence the
core prediction of the model.
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and invariant to the amount by which outcomes exceed or fall short of aspirations.

Therefore, the cost function is defined as follows:

C(k) = v1[y1]− v1[y1 − (k − r)] (3.2)

With this inter-temporal utility function and cost function, the individual decides

how much to consume now (c) and how much to invest in the future (k). Due to the

“bonus” in utility realized by the individual when aspirations are achieved, the benefits

of investing in the future are defined by the following piece-wise function:

B(k) =

 β
[
v2[ρ(k − r)]

]
if ρ(k − r) = y2 < a

β
[
v2[ρ(k − r)] + w

]
if ρ(k − r) = y2 ≥ a

(3.3)

Equation (3.3) suggests that there is a discontinuity in the benefits the individual

receives from investment in the future. On either side of some level of the aspirations

gap (a) there is at most one local solution that maximizes the benefits. When the as-

pirations gap (a) is close to zero, then it is likely that the chosen level of investment

and corresponding net income (k − r) exceeds the aspirations gap. In this case, aspira-

tions are “satisfied” and their is a positive relationship between the aspirations gap and

investment. When the aspirations gap (a) is relatively high, then it is likely that the

aspirations gap exceeds net income (k − r). In this case, aspirations are “frustrated,”

there is a sudden decrease in the level of investment, and any further increase in the

aspirations gap (a) will not influence investment choices. The point at which aspira-

tions switch from being “satisfied” to being “frustrated” is the turning point (â) in an

individual’s aspirations gap. This leads directly to a paraphrased version of Proposition

2 from Genicot and Ray (2017):

“There is a unique [turning point] value of aspirations below which aspi-

rations are satisfied, and above which they are frustrated. As long as as-

pirations are satisfied, chosen [investment] grows with aspirations. Once

aspirations are frustrated, chosen [investment] becomes insensitive to aspi-

rations.”

Janzen et al. (2017) go on to show that if every individual within some population

had the same turning point value in their aspirations gap, then an empirical investigation
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of the relationship between the aspirations gap and investment choices would show an

upward sloping relationship for aspiration gap values below â, a discontinuous drop at â,

and a flat relationship for aspiration gap values above â. However, since each individual

within a given population likely holds a different turning point value in their aspirations

gap (â), this conceptual framework predicts an inverted U-shaped relationship between

the aspirations gap and investment choices. As the aspirations gap (a) increases so does

the level of investment. At some point, however, an increasing share of the population

exceeds their turning point values (â) and as the aspirations gap increases investment

on average across the population decreases. Therefore, empirical analysis should reveal

an inverted U-shape relationship.

3.3 Empirical Framework

The empirical analysis in this paper tests the predictions of the model developed by

Genicot and Ray (2017) and summarized in the previous section. As the aspirations

gap increases so do investments in the future up until some point, whereafter as the

aspirations gap grows investment decreases. This theory is tested in the context of

rural Mon State, Myanmar.

3.3.1 Data and Context

Modern-day rural Myanmar presents a relevant setting to study the relationship be-

tween aspirations and investment choices. After almost 50 years of violent civil wars

and economic mismanagement, Myanmar is now transitioning into a period of swift eco-

nomic growth associated with far-reaching political and economic reforms. At the same

time, a relatively large share of the population live in poverty and economic inequality

is growing. This study takes place in Mon State, a region in the south-east of Myanmar,

with close proximity to Thailand. Mon State is primarily comprised of the Mon people

who have their own unique history of political oppression and marginalization. Consid-

ering this history, this context represents a near ideal setting to test for the existence

of psychological constraints in the presence of economic inequality.

The data for this empirical analysis were collected in two waves. The first wave is the

Mon State Rural Household Survey (MSRHS). This survey was implemented between
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May and June 2015 and collected information on agricultural production and household

livelihoods. The MSRHS consists of 1,637 households within 143 enumeration areas and

is representative of rural Mon State (Hein et al. 2016). The second wave is the Hope

Survey. This survey was implemented in March of 2016 and collected information on

aspirations and other psychological characteristics. This survey consists of a random

subset of 48 enumeration areas from the first wave and includes of 503 households

(Bloem et al. 2018).6 Table 3.1 shows descriptive statistics of the key variables used

in this paper.

Measuring Aspirations and the Aspirations Gap

Before describing the specific details of the measurement of aspirations, it is helpful to

carefully define “aspirations” as a concept. Aspirations have three distinctive features

(Bernard and Taffesse 2014). They are (i) future oriented in the sense that they cannot

be immediately achieved, (ii) motivators in that they are goals that require present-day

effort or sacrifices to achieve, and (iii) specific but contribute to a multi-dimensional

life outcome. Additionally, aspirations are distinct from expectations. An expectation,

even subjectively measured, is defined as an outcome an individual considers to be

relatively likely. An individual living in poverty may not expect to escape poverty due

to the observed experiences of most others within their social network, nevertheless this

person may aspire to escape poverty. It is the relationship between this aspiration,

more specifically the gap between this aspiration and current level of livelihood, and

real estate investment choices that I investigate in this paper.

In the present study, income aspirations—and the associated income aspiration

gap—are measured using a method closely related to that described by Bernard and

Taffesse (2014). That is, respondents are asked the following questions:

(1) What level of income do you currently earn each month?

(2) What level of income would you like to achieve in your life?

6 Both of these surveys were implemented through the Feed the Future Innovation Lab for Food
Security Policy with collaboration from Michigan State University and the International Food Policy
Research Institute (IFPRI) with funding from the United States Agency for International Develop-
ment (USAID). Local implementation assistance was provided by the Centre for Economic and Social
Development, a think-tank and research organization based in Yangon, Myanmar.
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Table 3.1: Summary Statistics

Hope Survey MSRHS

Mean Standard Deviation Obs. Mean Standard Deviation Obs.

IHS land and materials expenditurea 3.53 6.12 482 3.93 6.38 1,637
Binary land and materials expenditure 0.26 0.44 482 0.29 0.45 1,637
IHS ceremonies and banquets expenditurea 5.25 6.78 482 5.35 6.81 1,637
Binary ceremonies and banquets expenditure 0.39 0.49 482 0.39 0.49 1,637
Income aspirations 663,937 1,249,137 491
Income aspirations gap 0.55 0.28 482
Squared income aspirations gap 0.37 0.29 482
Alt. Income aspirationsb 547,229 4,509,522 498
Alt. Income aspirations gapb 0.39 0.37 488
Alt. squared income aspirations gapb 0.28 0.37 488
Current monthly income 403,951 3,399,548 490
Years of education (respondent) 4.60 3.43 503 4.32 2.65 1,059
Age (respondent) 46.07 14.10 465 51.64 14.83 1,625
Household has migrant 0.47 0.50 482 0.45 0.50 1,637
Respondent controls spending 0.57 0.50 482 0.62 0.49 1,637

Notes: a IHS refers to the inverse hyperbolic sine, a function that is “log-like” but is able to handle zeros (Burbidge, Magee,
and Robb (1988). b The alternative income aspirations refers to income aspirations measured in terms of “needs” rather
than “wants”.
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While preparing to implement the Hope Survey, concerns emerged that the local

population may be reluctant to report information about “wants” for fear of looking

“wealth-hungry.” The population of Mon State is almost entirely Buddhist and ap-

pearing “power-hungry” or “wealth-hungry” can be seen as particularly un-Buddhist.

Several rounds of pre-testing suggested that asking a question about “needs” may at-

tenuate some of this concern. Additionally, some raise the point that answering any

finite number to a question asking about the level of income one would like to achieve

in life is bizarre. If more income is always better than less income, then why would

the answer to this question be anything other than infinity? Due to these concerns, the

Hope Survey included the following question to elicit an alternative measure of income

aspiration:

(3) What level of income do you need to feel financially secure?

Comparing the empirical results between these two measures of income aspirations

provide structure for discussion about the legitimate measurement of aspirations. In

particular, this discussion follows up on the work of Bernard and Taffesse (2014) who

first formalized the measurement of aspirations through their fieldwork in Ethiopia.

Following Janzen et al. (2017) the aspirations gap is constructed by calculating the

difference between answers to either question (2) or (3) and question (1). The ratio of

this difference and the value of an individual’s aspiration, again the response to either

questions (2) or (3), completes the construction of the aspirations gap. Formally the

aspirations gap is defined as follows—with q = 2 or 3 corresponding to responses to

questions (2) or (3):

Income aspirations gapq =
aspirationq − current

aspirationq
(3.4)

This method for constructing the income aspirations gap bounds the values to be

between zero and one. This is a useful feature in that it allows for more meaningful

comparisons of the aspirations gap across individuals. The aspirations gap will be equal

to one if a respondent reports zero current income and has a non-zero aspiration for

income.7 Figure 3.1 plots histograms that show the distribution of the values for both

the primary and alternative income aspirations gap measures.

7 Janzen et al. (2017) convert all zero values of aspirations and current income to one in order to
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Figure 3.1: Histogram of Primary and Alternative Income Aspirations Gap Measures

Notes: Panel A plots a histogram for the values of the primary income aspirations gap measure. Panel
B plots a histogram for the values of the alternative income aspirations gap measure.
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Measuring Household Expenditures

In rural Myanmar, and specifically in the context of Mon State, purchases of land or

household construction materials are a common investment mechanism. Describing the

data used in this paper, Hein et al. (2016) note the following:

“Almost half of households in the sample had a member in Thailand, where

wages are almost three times as high as in Mon State. Offering ample oppor-

tunities for unskilled laborers, migration is a common choice for working-age

household members of both genders. Remittances sent by family members

abroad generate almost a quarter of all income in our sample, at all levels of

the income distribution. The earnings of migrants contribute significantly

to consumption and asset accumulation, in particular land purchases and

house construction.”

The survey’s measures of household expenditures account for spending in various

dimensions over the previous five years. This aims to capture overall trends in household

investment, rather than short-term fluctuations. In the following empirical analysis I use

two measures of household spending: One accounting for spending in land acquisition or

household construction materials, and the other accounting for spending on ceremonies

or banquets. Importantly, while the former is likely understood as an investment by

households in Mon State, the latter is likely not considered an investment. Therefore,

comparing results between these two measures of household expenditures allows for a

falsification test of the theory of the relationship between aspirations and investment

expenditures, rather than any expenditures.

Theses measures of household expenditures are expressed by two distinct represen-

tations throughout this empirical analysis. The first representation is by the inverse

hyperbolic sine (IHS) transformation (Burbidge et al. 1988; MacKinnon and Magee

1990; Pence 2006; Bellemare and Wichman 2019). The IHS transformation is similar to

the natural log transformation, but is mathematically capable of handling zeros. This

distinguish between individuals with no current income and high income aspirations, and individuals
with no current income and low income aspirations. In the Hope Survey, although many respondents
have relatively little current income, none of the respondents report zero income. Thus, the concern
about a mechanical relationship between current income and the income aspirations gap is absent from
this study.
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allows for the measures of household expenditures, which are non-Gaussian with a long

right tail on their distributions, to be expressed in a more manageable way. The second

representation is as a binary indicator of any expenditure. As reported in Table 3.1,

about a quarter to a third of all respondents report having no expenditures in the two

measures of household expenditures. In the following empirical analysis, specifications

using the IHS of expenditures approximate effects on the intensive margin and specifica-

tions using the binary measure of any expenditures approximate effects on the extensive

margin.

Although these measures of household expenditures are useful, they do come with

several limitations. The first is that the survey asks about both expenditures of house-

hold construction materials and land together in one question. Therefore, although it

would be interesting to disaggregate this measure of investment spending, the data do

not allow for this sort of disaggregation. This presents an interesting avenue for fu-

ture research. The second limitation is these measures of expenditures are inherently

backward-looking and aspirations are inherently forward-looking. If past expenditures

are positively correlated with future expenditures this is an inconsequential detail. If,

on the other hand, households have a reason to suddenly stop investing in real estate

(e.g., because their home is already as good as it can get), then this assumption may not

necessarily hold. I argue, however, that it is quite unlikely that households in rural Mon

State, Myanmar will reach this position anytime in the near future. This is supported

by two observations. First, these households are relatively poor and thus are likely far

from the point of satiating all real estate improvement preferences. Second, given the

nearly annual exposure to extreme weather, investments in household construction is

likely quite common and necessary for years into the future.

3.3.2 Estimation Strategies

In this subsection, I describe the details for each of the estimation strategies used to

examine the relationship between the income aspirations gap and real estate investment

choices. It is important to note that each of these estimation strategies rely on critical

but distinct identification assumptions. Although each of these strategies by them-

selves may lead to limited empirical findings, taken together these strategies provided

a rigorous investigation of the inverted U-shaped relationship.
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OLS and Semi-Parametric Regressions

The baseline estimation strategy largely follows that used by Janzen et al. (2017). In

general, this baseline strategy estimates two equations. One that imposes a quadratic

functional form on the aspirations gap variable, and another that allows the aspirations

gap variable to enter non-parametrically. The first method estimates the following

equation:

yie = α0 + α1gie + α2g
2
ie + α3sie +X ′ieΓ + θe + εie (3.5)

In this equation yie is the outcome variable of interest and represents household

expenditures in land or construction materials. The gie variable represents the income

aspirations gap and g2ie represents the squared income aspirations gap. The variable,

sie, controls for the current level of income.8 The vector Xie represents a set of

control variables. These control variables include the respondent’s years of education,

age, gender, a dummy variable indicating if the household has a migrant, and a dummy

variable indicating if the respondent makes decisions about spending. Finally, θe are

enumeration area fixed effects and εie is the error term. Formally—as discussed by Lind

and Mehlum (2010)—the presence of an inverted U-shape relationship exists if, given

an interval of values of g ∈ [gl, gh], α1 + 2α2gl > 0 and α1 + 2α2gh < 0.

The second method estimates the following equation using semi-parametric tech-

niques:

yie = β0 + f(gie) + β1sie +X ′ieΞ + ρe + νie (3.6)

This estimation equation is essentially similar to equation (3.5) except that the gie

variable enters into the equation non-parametrically. This allows for a more flexible

relationship between gie and yie. Again sie indicates the current level of income, Xie is

the same vector of control variables, θe is enumeration area fixed effects, and εie is the

error term.

I estimate this semi-parametric regression using two distinct strategies. In the first

strategy, I implement Robinson’s (1988) double residual semi-parametric estimator.

8 Janzen et al. (2017) make the point that it is necessary to control for current level of income
for two reasons: (i) since the current status is likely correlated with investments in the future through
non-aspirational channels and (ii) since the turning point in which a larger aspiration gap decreases
investment in the future is likely increasing in current income level.
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This strategy first partials out the non-parametric part of the regression by remov-

ing conditional expectations of the parametric part of the regression. Next a local

polynomial smoothing function characterizes the residualized non-parametric relation-

ship between gie and yie. As discussed by Verardi and Debarsy (2012) this strategy

for semi-parametric regression estimation leads to smaller biases than Yatchew’s (1988)

differencing estimator. In the second strategy, I implement a binned scatterplot of the

relationship between gie and yie conditional on sie, the vector Xie, and enumeration

area fixed effects ρe. This approach is closely related to Robinson’s (1988) double resid-

ual semi-parametric estimator but ultimately requires fewer assumptions and presents

a more intuitive strategy for visualizing the nonparametric relationship between income

aspirations and investment choices.

Unobservable Selection and Coefficient Stability

The relationship between the aspirations gap and investment choices may be endogenous

due to multiple sources of unobserved heterogeneity. Most generally, issues relating to

omitted variable bias and measurement error may result in problems for credible iden-

tification from equations (3.5) and (3.6). For example, if those who hold more extreme

risk preferences (e.g., extreme risk loving or extreme risk averse) invest relatively lit-

tle in the future and if these preferences are correlated with aspirations, then it may

be the case that the observed correlations estimated in equations (3.5) and (3.6) are

spurious. Additionally, measurement error is a concern particularly for the results in

equation (3.5). Although it is commonly understood that classical measurement error

leads to attenuated coefficient estimates, Griliches and Ringstad (1970) show that in a

regression specification imposing quadratic structure the attenuation bias will be larger

on the coefficient of the quadratic term. This suggests that the estimated turning point

will suffer from “expansion bias,” implying the turning point is biased away from zero.

To examine the robustness of the core results to potential unobserved heterogeneity

I use the method developed by Oster (2017) and Altonji et al. (2005) for assessing

unobservable selection bias and coefficient stability. This method generates bounds on

the effect by estimating a “short” regression without controls and a “long” regression

with controls and recording the change in the coefficient estimate and the change in the
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R2 between these regressions. Specifically, the estimator is formally defined as follows:

π = π∗ − (π − π∗)× RMax −R∗

R∗ −R
(3.7)

In equation (3.7), π∗ and R∗ are the coefficient estimate and R2 from the “long”

regression and π and R are the coefficient estimate and R2 from a “short” regression

without controls. The value of RMax is an unknown parameter and represents the as-

sumed maximum possible R2 of the specification. The best strategy is to place plausible

bounds on the value of RMax. It is clear that the lower bound on RMax is simply R∗ and

the highest possible upper bound is 1. In the present setting using household survey

data to measure financial investments, it is well-known that such variables are mea-

sured with considerable error (McKenzie 2012). In this case assuming an upper bound

on RMax of 1 is likely to be overly conservative. Therefore, following Gonzalez and

Miguel (2015), when presenting the coefficient stability results, I show the sensitivity of

these results to different assumptions about the plausible bounds on RMax.

3.4 Results: Aspirations Failure and Frustration

The results follow three iterations. First, I estimate these equations with a measure of

the household’s expenditure in land or household materials as the dependent variable

and the primary income aspirations (i.e., in terms of “wants”). These results serve as

the core findings of the paper. Second, I re-estimate these equations, but instead use the

alternative income aspirations measure (i.e., in terms of “needs”). These results serve as

a robustness test on the core findings. Finally, I again re-estimate these equations, using

the primary income aspirations measure, but instead use a measure of the household’s

expenditure on ceremonies and banquets. These results serve as a falsification test on

the core findings.

3.4.1 OLS and Semi-Parametric Estimation Results

In this sub-section, I present and discuss the results from estimating equations (3.5) and

(3.6). Table 3.2 presents results from estimating equation (3.5) on the relationship be-

tween the income aspirations gap and the household’s expenditure in land or household

construction materials. The dependent variable in columns (1), (3), and (5) in Table
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3.2 are the IHS of the household expenditure value. The dependent variable in columns

(2), (4), and (6) in Table 3.2 are binary indicators of any household expenditure. As

previously discussed, these two definitions of the dependent variable allow for tests of

the inverted U-shaped relationship with investments on both the intensive and extensive

margins.

In columns (1) and (2) in Table 3.2 the sign on the income aspirations gap is positive

and the sign on the squared income aspirations gap is negative, and both coefficient

estimates are statistically significant. This is consistent with theoretical predictions. U-

test results reinforce the finding of a strong inverted U-shaped relationship between the

income aspirations gap and expenditures in land or household construction materials.9

At both the intensive and extensive margins, the null hypothesis of no inverted

U-shaped relationship is rejected at the 1 percent level.

These core results use a measure of income aspirations elicited using conventional

techniques (Bernard and Taffesse 2014). Using this technique, aspirations are measured

by asking respondents about the income level they would like to achieve in their life.

That is, these measures of income aspirations correspond to “wants.” As previously

noted, discussions while preparing for data collection led to a concern that this method

for eliciting aspirations may not be appropriate in the context of rural Mon State,

Myanmar. In particular, several enumerators raised the concern that some respondents

may be uncomfortable with this question as to avoid coming off as “wealth-hungry,” a

rather un-Buddhist character trait. Therefore, the data collection team agreed upon an

alternative method for eliciting a measure of income aspirations. This method asked

respondents about the income level they would need to feel financially secure. That is,

this measure of income aspirations correspond to “needs,” rather than “wants.”

Columns (3) and (4) in Table 3.2 report results from estimating equation (3.5) on

the relationship between the alternative measure of income aspirations and the house-

hold’s expenditure in land or household construction materials. Similar to columns (1)

and (2), the sign on the alternative income aspirations gap is positive and the sign on

9 This U-test empirically tests for a non-monotonic relationship by rejecting the null hypothesis of
a monotonic relationship at a given level of statistical significance if both HL

0 and HH
0 are rejected at

a given level of statistical significance. Where HL
0 tests if α1 + 2α2gl ≤ 0 vs. α1 + 2α2gl > 0 and HH

0

tests if α1 + 2α2gh ≥ 0 vs. α1 + 2α2gh < 0. See Lind and Mehlum (2010) and Sasabuchi (1980) for
additional details.
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Table 3.2: The Aspirations Gap and Expenditures
(1) (2) (3) (4) (5) (6)
IHS Binary IHS Binary IHS Binary

Investment Investment Investment Investment Banquets Banquets

Income 13.657*** 0.997*** -5.476 -0.345
aspirations gap (2.511) (0.182) (3.534) (0.257)

Squared income -11.087*** -0.850*** 3.940 0.189
aspirations gap (2.403) (0.166) (3.335) (0.229)

Alt. income 9.339*** 0.635***
aspirations gap (3.253) (0.216)

Squared alt. income -9.809*** -0.702***
aspirations gap (3.022) (0.202)

Observations 445 445 445 445 445 445
R-squared 0.371 0.379 0.362 0.373 0.355 0.356
EA fixed effects? Yes Yes Yes Yes Yes Yes
Additional controls? Yes Yes Yes Yes Yes Yes

U-test results:
Turning point 0.616 0.587 0.476 0.452 0.695 0.914
Fieller 95% C.I. [0.497; 0.814] [0.477; 0.738] [0.322; 0.582] [0.299; 0.547] [−∞;∞] [−∞;∞]
Sasabuchi p-value 0.003 0.001 0.003 0.003 0.255 0.446
Slope at Min 13.657 0.997 9.339 0.635 -5.476 -0.345
Slope at Max -8.516 -0.702 -10.278 -0.769 2.404 0.033

Notes: Columns (1), (3), and (5) report the dependent variable is the inverse hyperbolic sine (IHS) of household
expenditures. Columns (2), (4), and (6) report the dependent variable as a binary indicator of whether or not
the household had any expenditures of a given type. As expressed in each column, expenditures are either
on land and household construction materials or on banquets and ceremonies. Additional controls include
current monthly income, years of education, age, gender, a dummy variable indicating if the individual controls
spending, and a dummy variable indicating of the household has a migrant. Missing observations are coded as
zeros, and a dummy variable included in the regression indicates these missing observations. Standard errors
clustered at the enumeration area level in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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the squared income aspirations gap is negative, and both coefficient estimates are sta-

tistically significant. The similarity between columns (1) and (3) and columns (2) and

(4) suggest that results are not sensitive to the use of either the primary or alternative

measure of the aspirations gap. That is, despite valid concern about the method used to

measure aspirations, empirical results are largely invariant between income aspirations

measured in terms of “wants” or “needs.”

Lastly, columns (5) and (6) in Table 3.2 report results from estimating equation

(3.5) on the relationship between the primary measure of the income aspirations gap

and the household’s expenditure in banquets and ceremonies. These results act as a

falsification test on the core results. It could be the case that the inverted U-shaped

relationship persists not only between the aspirations gap and investments, but also

with any household expenditure. That is, rather than testing a theory about aspirations

and future-oriented behavior this empirical relationship shows up for any expenditure.

The results in columns (5) and (6) do not support this alternative explanation. In

both columns, the sign on the income aspirations gap is negative and the sign on the

squared income aspirations gap is positive. This is the opposite of existing theoretical

predictions. Additionally, these coefficient estimates are not statistically significant.

The results so far come from estimating equation (3.5) which imposes a specific func-

tional form on the relationship between income aspirations and investment choices. An

alternative method for estimating this relationship is to allow the income aspirations gap

to enter into the estimation equation non-parametrically. As explained in the Section

3.3.2, equation (3.6) allows for this by estimating a semi-parametric regression. Figure

3.2 shows the non-parametric fit of the relationship between income aspirations and ex-

penditure in land or household construction materials using Robinson’s (1988) double

residual estimator. Panel A shows the non-parametric fit when the dependent variable

is the inverse hyperbolic sine (IHS) of expenditures in land or household construction

materials. Panel B shows this same non-parametric fit when the dependent variable

is a binary indicator of any expenditures in land or household construction materials.

In both of these cases, equation (3.6) includes all control variables and enumeration

area fixed effects. Both panels A and B in Figure 3.2 illustrate an inverted U-shaped

relationship even when such a functional form is not directly imposed.

Panel C in Figure 3.2 shows the non-parametric fit when the dependent variable is
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Figure 3.2: Nonparametric Fit of the Relationship between the Aspirations Gap and
Expenditures

Notes: Semiparametric specification including control variables and enumeration area
fixed effects.
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the inverse hyperbolic sine (IHS) of expenditures and panel D shows this same non-

parametric fit when the dependent variable is a binary indicator of any expenditure

in land or household construction material. Similar with panels A and B, the results

illustrate an inverted U-shaped relationship between the alternative aspirations gap

measure and financial investments when such a functional form is not directly imposed.

These results support the validity of the results presented in Table 3.2. In particular,

these results suggest the presence of an inverted U-shaped relationship between income

aspirations and financial investments in rural Mon State, Myanmar.

Finally, panels E and F illustrate the non-parametric relationship between the pri-

mary aspirations gap measure and expenditures in ceremonies and banquets. These

results again serve as a falsification test on the core results. Similar to the conclusions

drawn from Table 3.2, the relationship between the aspirations gap and expenditures

in ceremonies and banquets does not follow an inverted U-shape. In fact, these figures

suggest a negative relationship between the income aspirations gap and expenditures

in ceremonies and banquets. This supports the core results in the sense that there is

something different about expenditures in land and household construction materials

that generates an inverted U-shaped relationship with the aspirations gap.

Figure 3.3, in the appendix, shows binned scatterplots of the relationship between

the income aspirations gap and expenditures. These figures provide an alternative, and

perhaps more intuitive, method for visualizing the relationship between the income as-

pirations gap and investment choices. Similar to Figure 3.2, Panels A and B show the

relationship between the primary measure of the income aspirations gap and the IHS

of expenditures and any expenditures in land and household materials, respectively.

Panels C and D are similar except that the use of the alternative measure of the income

aspirations gap. Finally, panels E and F allow for a falsification test by plotting the rela-

tionship between the income aspirations gap and household expenditures in ceremonies

and banquets.

So far the estimation specifications detailed in equations (3.5) and (3.6) and the

results reported in Table 3.2 and Figures 3.2 and 3.3 essentially mirror those estimated

by Janzen et al. (2017) and Ross (2017). This should lend credence to the results from

both previous studies. That is, the finding of an inverted U-shaped relationship between
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the income aspirations gap and future-oriented behavior persists across multiple con-

texts. That being said, it could likely be the case that the relevant factor of unobserved

heterogeneity is present in each context. This motivates a more rigorous investigation

of the relationship between the income aspirations gap and investment choices. This is

the focus of the next subsection.

3.4.2 Coefficient Stability Results

As previously discussed, these core results could be biased due to various forms of

unobserved heterogeneity (e.g., omitted variable bias, measurement error, etc.). The

potential for this bias motivates the use of a more careful method using OLS regression

analysis to define a plausible range for the estimated relationship between the income

aspirations gap and real estate investments.

For structure, I follow the approach developed by Altonji et al. (2005) and Oster

(2015) for assessing the importance of omitted variable bias. As previously noted in

Section 3.2.2, the inherent difficulty with this approach is to establish a plausible range

of valid values for RMax, or the assumed maximum R2 in the “long” regression speci-

fication. In Table 3.4, I present four different methods for setting RMax. Column (3)

uses the method suggested by Oster (2017), which sets RMax equal to 1.3×R∗. Where

R∗ is the R2 from the “long” regression. In this context, this is the least conservative

approach. Column (4) uses the method used by Bellows and Miguel (2009), which sets

RMax equal to R∗ + (R∗ −R). Where R is the R2 from the “short” regression without

controls. Column (5) uses the method used by Gonzalez and Miguel (2015), which sets

RMax equal to 2.2 × R∗. Finally, column (6) is the most conservative approach and

simply sets RMax equal to 1, which implicitly assumes there is no measurement error in

the outcome variable.

Each panel in Table 3.3 represents a different core regression specification. Panel

A shows results using the IHS transformation of household expenditures in land and

household construction materials and the primary measure of the income aspirations

gap. Panel B also uses the primary measure of the income aspirations gap, but uses

the binary indicator of any expenditures in land and household construction materials.

Panel D shows results using the IHS transformation of the household expenditures in
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Table 3.3: Coefficient Stability and Effect Bounds
(1) (2) (3) (4) (5) (6)

Short Long RMax = RMax = RMax = RMax = 1
regression regression 1.3R∗ R∗ + (R∗ −R) 2.2R∗

Panel A: IHS Investments

Income 7.756** 13.657*** [13.66; 15.85] [13.66; 21.80] [13.66; 24.03] [13.66; 30.11]
aspirations gap (3.095) (2.511) δ < 0 δ < 0 δ < 0 δ < 0

Squared income -6.449** -11.087*** [-12.88; -11.09] [-17.96; -11.09] [-19.95; -11.09] [-25.62; -11.09]
aspirations gap (3.175) (2.403) δ < 0 δ < 0 δ < 0 δ < 0

R2 0.01 0.37
RMax 0.48 0.73 0.81 1.00

Panel B: Binary Investments

Income 0.589** 0.997*** [0.997; 1.15] [0.997; 1.57] [0.997; 1.743] [0.997; 2.092]
aspirations gap (0.233) (0.182) δ < 0 δ < 0 δ < 0 δ < 0

Squared income -0.517* -0.850*** [-0.978; -0.850] [-1.350; -0.850] [-1.509; -0.850] [-1.842; -0.850]
aspirations gap (0.229) (0.166) δ < 0 δ < 0 δ < 0 δ < 0

R2 0.01 0.38
RMax 0.49 0.75 0.84 1.00

Panel C: IHS Investments with Alt. Aspirations Gap

Alt. Income 5.082 9.339*** [9.34; 11.04] [9.34; 15.79] [9.34; 17.75] [9.34; 24.16]
aspirations gap (3.305) (3.253) δ < 0 δ < 0 δ < 0 δ < 0

Squared alt. income -5.951* -9.809*** [-11.35; -9.81] [-15.65; -9.81] [-17.44; -9.81] [-23.30; -9.81]
aspirations gap (3.137) (3.022) δ < 0 δ < 0 δ < 0 δ < 0

R2 0.01 0.36
RMax 0.47 0.71 0.79 1.00

Panel D: Binary Investments with Alt. Aspirations Gap

Alt. Income 0.297 0.635*** [0.635; 0.765] [0.635; 1.125] [0.635; 1.292] [0.635; 1.718]
aspirations gap (0.224) (0.216) δ < 0 δ < 0 δ < 0 δ < 0

Squared alt. income -0.392 -0.702*** [-0.821; -0.702] [-1.152; -0.702] [-1.305; -0.702] [-1.700; -0.702]
aspirations gap (0.213) (0.202) δ < 0 δ < 0 δ < 0 δ < 0

R2 0.01 0.37
RMax 0.48 0.72 0.81 1.00

Observations 445 445
EA fixed effects? No Yes
Additional controls? No Yes

Notes: Columns (1) and (2) show regression coefficients from the “short” and “long” regressions, respectively.
Columns (3) through (6) show bounds on the effect and the δ parameter representing the proportional selection
coefficient using the methods described by Altonji et al. (2005) and Oster (2017). Moving from left to right, each
column uses a progressively more conservative approach for setting the value of RMax. Additional controls include
current monthly income, years of education, age, a dummy variable indicating if the individual controls spending,
and a dummy variable indicating of the household has a migrant. Standard errors clustered at the enumeration area
level in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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land and household construction materials and the alternate measure of the income aspi-

rations gap. Finally, panel D uses the alternative measure of the income aspirations gap,

but uses the binary indicator of any expenditures in land and household construction

materials.

The first detail to note from the results presented in Table 3.3 is that the bounds on

the income aspirations gap coefficients—for both the primary and alternative measures—

are positive for each of the different methods for setting RMax. Additionally, the bounds

on the squared income aspirations gap coefficients—for both the primary and alternative

measures—are negative for each of the different methods for setting RMax. When only

considering the sign of the income aspirations gap and squared income aspirations gap

coefficients, these findings suggest that the inverted U-shaped relationship is unlikely to

be driven by unobservable confounding factors. More specifically, in each specification

the coefficient always moves away from zero when including additional controls vari-

ables in the regression. As noted by Oster (2017), this observation suggests that results

are qualitatively robust to the inclusion of omitted variables. This detail is formal-

ized through the calculation of the δ parameter, the proportional selection coefficient,

which is negative in all cases. A negative proportional selection coefficient indicates

that adding additional control variables or fixed effects to the regression only moves the

coefficient estimate away from zero. This implies that these results are highly robust to

potential unobserved heterogeneity.

3.5 Heterogeneity in the Inverted U-Shaped Relationship

Comparative static analysis on the model detailed by Janzen et al. (2017) suggests

that individuals who are more patient, initially better off, and have a higher rate of

return on investment are likely to have a higher turning point in their aspirations gap.

To test these ideas, and to explore other dimensions of heterogeneity, I examine the

relationship between the aspirations gap and investment choices between various sub-

groups of the sample. I first directly test the theoretical prediction that individuals

who are initially better off, in terms of income, have a higher turning point in their

aspirations gap. Next I examine heterogeneity defined by age and gender of respondents.

Finally, I investigate heterogeneity driven by personal attitudes and beliefs. Specifically,
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I estimate an augmented version of the baseline estimation strategy, which is similar in

spirit to the methodology used by Bandiera and Rasul (2006).

yie = σ0+[σ1gie×Aie]+[σ2g
2
ie×Aie]+[σ3gie×Bie]+[σ4g

2
ie×Bie]+σ5sie+X ′ie∆+φe+ψie

(3.8)

In equation (3.8) A and B indicate sub-groups of the sample. These sub-groups

are defined by income level, age, gender, belief in the role of destiny in life, and belief

in current level of success. Low income is defined as having a natural log of monthly

income less than 10. This cutoff roughly translates to a monthly income of less than

20,000 kyat or 13 US dollars per month. I define the cut-off between young and old at

45 years old. Finally, belief in destiny and success are both measured on a zero through

ten ordinal scale indicating how much an individual agrees with a given statement.10

I define individuals as agreeing with these statements if they report a score greater

than five on the zero through ten scale, and disagreeing otherwise. Specifically, belief

in destiny is measured by asking how much the respondent agrees with the statement:

“What one achieves is primarily determined by destiny or luck.” Similarly the belief in

one’s own success is measured with the statement: “Right now, I see myself as being

successful.”

Table 3.4 reports results from equation (3.8). Each regression in this table shows

results when the dependent variable is the IHS of expenditures in land and household

construction materials. Results are qualitatively similar when using a binary variable

indicating any expenditure in land and household construction materials.11 Column

(1) presents results examining heterogeneity by current monthly income level. The

inverted U-shaped relationship persists for only those in the low income group. As

predicted the comparative static analysis by Janzen et al. (2017), the estimated turning

point is higher for those with more income. Specifically, the turning point for those with

relatively low income is estimated to be at 0.541, at about the midpoint of the aspirations

gap measure. This estimate is statistically significant according to the Sasabuchi p-

value. The turning point for those with relatively high income is estimated to be at

0.832 and I fail to reject the null hypothesis of no inverted U-shaped relationship for

those with relatively high income. Supporting the comparative static analysis by Janzen

10 See Bloem et al. 2018 for a discussion of these questions.
11 These results are reported in Table 3.6 in the appendix.
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Table 3.4: Heterogeneity
Dependent variable: Inverse hyperbolic sine (IHS) of investments

(1) (2) (3) (4) (5)
Income Age gender Destiny Successful

A = Lower A = Younger A = Male A = Agree A = Agree
B = Higher B = Older B = Female B = Disagree B = Disagree

A × income 14.69** 16.29*** 14.47** 15.08*** 11.76***
aspirations gap (5.693) (3.643) (5.981) (2.746) (4.341)

A × squared income -13.58** -13.26** -12.68*** -12.68*** -8.712*
aspirations gap (6.018) (3.349) (5.317) (2.884) (4.825)

B × income 10.28*** 11.83*** 13.36*** 9.655*** 14.36***
aspirations gap (3.087) (2.771) (2.873) (3.441) (2.626)

B × squared income -6.175 -9.829*** -10.13*** -6.542* -12.04***
aspirations gap (3.867) (3.106) (3.254) (3.641) (2.883)

Observations 445 445 445 445 445
R-squared 0.377 0.374 0.373 0.374 0.372
EA fixed effects? Yes Yes Yes Yes Yes
Additional controls? Yes Yes Yes Yes Yes

U-test results for A:
Turning point 0.541 0.621 0.546 0.595 0.675
Fieller 95% C.I. [0.451; 1.239] [0.497; 0.840] [0.325; 0.808] [0.491; 0.790] [−∞;∞]
Sasabuchi p-value 0.032 0.006 0.014 0.003 0.159
Slope at Min 14.69 16.30 14.47 15.08 11.76
Slope at Max -12.47 -9.957 -12.05 -10.27 -5.666

U-test results for B:
Turning point 0.832 0.602 0.659 0.738 0.597
Fieller 95% C.I. [−∞;∞] [0.465; 1.025] [0.515; 1.178] [−∞;∞] [0.467; 0.857]
Sasabuchi p-value 0.360 0.037 0.050 0.234 0.008
Slope at Min 10.28 11.829 13.36 9.655 14.36
Slope at Max -1.809 -7.829 -6.902 -3.429 -9.711

Notes: The dependent variable in all columns is the IHS of investment spending on land and household
construction. Column (1) defines low income as having a natural log of income less than 10, and high
income otherwise. This is a natural break in the income distribution in this sample. Column (2) defines
low age as being less than 40 years old, and high age otherwise. Columns (3) through (5) define low as
scoring less than 5 on a zero through ten ordinal scale measuring agency, pathways, and locus of control,
respectively. Additional controls include current monthly income, years of education, age, gender, a dummy
variable indicating if the individual controls spending, and a dummy variable indicating of the household has
a migrant. Standard errors clustered at the enumeration area level in parentheses. *** p<0.01, ** p<0.05,
* p<0.1
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et al. (2017), this suggests that those with a relatively high level of income are less likely

to experience aspirations frustration.

Columns (2) and (3) report heterogeneous effects by age and gender, respectively.

The results in column (2) suggest that younger individuals have a slightly stronger

inverted U-shaped relationship relative to older individuals. The results in column (3)

show that there is a slight difference in the inverted U-shaped relationship between

males and females. These differences by age and gender, however, are relatively small

and are not significant in any practical sense.

Finally, columns (4) and (5) explore heterogeneity defined by attitudes and beliefs.

Column (4) shows results by belief in the role of destiny. I find that the inverted

U-shaped relationship is stronger for individuals who agree that the role of destiny is

primarily responsible for determining what one achieves in life. Individuals who disagree

with this statement have a higher turning point in their aspirations gap. Formal U-

test results indicate a failure to reject the null hypothesis, at conventional levels of

statistical significance, of no inverted U-shaped relationship among those who disagree

that what one achieves is primarily determined by destiny or luck. Column (5) reports

on heterogeneity driven by a belief that one is currently successful. I find that the those

who disagree that they are currently successful have the strongest U-shaped relationship.

Those who do agree they are currently successful have a slightly higher estimated turning

point in their aspirations gap and formal U-test results fail to reject the null of no

inverted U-shaped relationship at conventional levels of statistical significance.

One interpretation of these findings is that experiencing aspiration frustration is

associated with a belief that outcomes are determined by forces outside of one’s control

and that one is currently unsuccessful. This is consistent with a model developed by

Lybbert and Wydick (2018) who point out that aspirations, by themselves, may not be

sufficient for encouraging future-oriented behavior.12 Along with aspirations that are

beyond one’s current standard of living an individual must believe that they are able

to achieve a given aspiration. Without this belief in oneself, increased aspirations may

fail to influence any change in behavior.

Taken together these results are informative for several reasons. First, the finding

12 It is also consistent with emerging empirical results showing that policies that uniquely leverage
aspirations are ineffective in changing behavior (Rizzica 2020).
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that the existence of the inverted U-shaped relationship varies based on one’s beliefs

about the role of their own actions in predicting future outcomes motivates impor-

tant follow up work on this topic. Although their may well be evidence of an inverted

U-shaped relationship between aspirations and investments in rural Myanmar, this re-

lationship is strongest for those who believe that their own effort and actions play a

relatively important role in influencing future outcomes. Second, in all cases there is a

positive and statistically significant marginal effect of the aspirations gap and invest-

ment. When the formal tests of the inverted U-shape relationship fail to reject the null

hypothesis of no inverted U-shaped relationship they do so because strictly speaking

the turning point may be outside of the domain of the aspirations gap variable. This

suggests that a larger gap between one’s current level of livelihood and one’s aspired

level of livelihood is associated with more investments in all sub-groups of the sample

defined above, however, it is not always the case that their is a point in which a larger

aspirations gap systematically reduces investment.

Finally, and on a more technical note, the finding that the inverted U-shaped re-

lationship between aspirations and future-oriented behavior is subjected to important

heterogeneity indicates that estimates of this relationship that are not carefully identi-

fied may be spurious due to omitted variable bias. This further supports the primary

objective of this paper in aiming to provide more rigorous evidence of the inverted

U-shaped relationship between the aspirations gap and investments. Future research

should take care to consider important sources of endogeneity and heterogeneity in

extending this result to alternative contexts.

3.6 Aspirations Formation and the “Aspirations Window”

The influential work of Ray (2006) posits that aspirations are determined by social

observation of relevant others within an individuals “aspiration window.” A potentially

helpful way to think about this is that individuals engage in a matching exercise where

they observe the behavior of others who are similar to themselves along a number of

different dimensions. This could include individuals who live within close proximity,

individuals of a similar age and/or gender, or individuals who live in households with

a similar income level. In this sub-section, I investigate the role of an individual’s
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peers—defined in various ways—in determining an individual’s aspirations gap.

To study the influence of peers on an individual’s aspirations gap, I define a “peer-

effects,” or sometimes called a leave-one-out average, variable. This variable is defined

by calculating the average aspiration gap within a given peer group p excluding person

i. Peer groups are defined in five different ways: (i) peers within an individual’s enumer-

ation area, (ii) peers of the same gender within an individual’s enumeration area, (iii)

peers of the same age category—cutoff at 45 years old, (iv) peers of the same household

income category within an individual’s enumeration area, and (v) peers of the same

gender-age-income category within an individual’s enumeration area. Formally, this

variable is defined as follows:

giep =
(
∑N

i giep)− giep
N − 1

(3.9)

In equation (3.9), giep is individual i’s aspiration gap measure and N is the number

of individuals within a given enumeration area e specific peer group p. Specifically, I

investigate the formation of aspirations using the following regression specification:

gie = δ0 + δ1giep + δ2sie +X ′ieΩ + τv + µie (3.10)

In equation (3.10), the outcome variable gie is either the primary or alternative

aspirations gap measure. The main variable of interest is δ1, the coefficient on the

individual’s peer group average aspiration gap. As in equations (3.5) and (3.6) the

variable sie controls for the current level of income and Xie is a vector of other controls.

Finally, τe is an village level fixed effects and µie is an error term. Note that since the

peer group is at least partially defined within an individual’s enumeration area I am not

able to include enumeration area fixed effects in the regression. Instead, I include village

level fixed effects which represent a slightly larger geographical area than enumeration

areas.

Before discussing the results from estimating equation (3.10), several limitations to

this estimation approach must should be clarified. First, peer group membership could

be endogenous. In the present context peer groups are defined by existing characteristics

of randomly sampled individuals within an enumeration area. This detail potentially

alleviates some concern with endogenous peer group formation, compared to peer groups

defined by self-reported friendship links (Janzen et al. 2017), however it does not
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eliminate all concern. A specific source of endogeneity relevant in the present context

could stem from individuals moving to live close to others based on their aspirations.

Therefore, the estimated correlations could represent (i) the effect of an individual’s

own aspirations on the formation of peer groups, (ii) the effect of an individual’s peer

group on their own aspirations, or (iii) both. Therefore, these estimated correlations

should not be interpreted as causal effects.

Second, the well-known identification problems of peer-effect regression estimates

(Manski 1993) as well as the issue of “exclusion bias” (Guryan et al. 2009; Caeyers and

Fafchamps 2016) present an analytical challenge. The “reflection problem” (Manski

1993) represents the challenge, when estimating peer-effects, of disentangling whether an

individual is influenced by their peers or if the behavior and beliefs of both the individual

and their peers are influenced by similar factors (i.e., common shocks, past experiences,

personal characteristics, or social circumstances). The issue of “exclusion bias” (Guryan

et al. 2009; Caeyers and Fafchamps 2016) represents a mechanical negative correlation,

and corresponding bias, in the estimation of peer effects. This is driven by the fact that

an individual cannot be their own peer and therefore peer effects, based on leave-one-out

means, possess a mechanical negative correlation within estimated correlations.

I aim to mitigate these issues by estimating equation (3.10) first without any control

variables or fixed effects, next with only control variables, and finally with both control

variables and fixed effects. Examining the stability—or fragility—of results across each

of these specifications allows for suggestive insight into the robustness of these results

to issues of endogeneity—due to reverse causality or the “reflection problem” Manski

(1993)—and “exclusion bias” (Guryan et al. 2009; Caeyers and Fafchamps 2016).

Table 3.5 reports the results from estimating equation (3.10). The first three columns

show the correlation between an individual’s own aspiration gap and their peer’s average

aspiration gap, using the primary measure of aspirations (i.e., in terms of “wants”). The

last three columns show the corresponding correlation using the alternative measure of

aspirations (i.e., in terms of “needs”). Each of the five panels use a different peer group,

as defined above.

In the first three columns, each of the estimated correlations between an individual’s

own aspirations gap and their peer’s average aspirations gap is positive. This suggests

that, in general, individual aspiration gaps in terms of “wants” tend to increase as the
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Table 3.5: Aspirations Formation
(1) (2) (3) (4) (5) (6)

Aspirations Gap Alt. Aspirations Gap

Panel A: Peers within EA

Peer aspirations gap 0.364*** 0.333** 0.0545
(0.131) (0.127) (0.176)

Alt. peer aspirations gap -0.362 -0.462* -0.952***
(0.279) (0.250) (0.285)

Observations 445 445 445 445 445 445
R-squared 0.022 0.042 0.096 0.014 0.047 0.152

Panel B: Peers within Gender-EA

Peer aspirations gap 0.171 0.184 0.0162
(0.113) (0.115) (0.126)

Alt. peer aspirations gap -0.463*** -0.525*** -0.713***
(0.131) (0.123) (0.123)

Observations 445 445 445 445 445 445
R-squared 0.009 0.037 0.099 0.057 0.094 0.195

Panel C: Peers within Age-EA

Peer aspirations gap 0.209* 0.167 0.0246
(0.109) (0.105) (0.115)

Alt. peer aspirations gap -0.425*** -0.520*** -0.688***
(0.142) (0.130) (0.122)

Observations 445 445 445 445 445 445
R-squared 0.015 0.041 0.101 0.047 0.091 0.186

Panel D: Peers within Income-EA

Peer aspirations gap 0.475*** 0.503*** 0.421***
(0.0707) (0.0649) (0.0778)

Alt. peer aspirations gap 0.163 0.121 0.0363
(0.154) (0.151) (0.156)

Observations 445 445 445 445 445 445
R-squared 0.098 0.132 0.165 0.007 0.031 0.089

Panel E: Peers within Gender-Age-Income-EA

Peer aspirations gap 0.0641 0.195** 0.132*
(0.0458) (0.0742) (0.0745)

Alt. peer aspirations gap -0.229*** -0.336*** -0.398***
(0.0513) (0.0706) (0.0613)

Observations 445 445 445 445 445 445
R-squared 0.005 0.045 0.104 0.061 0.099 0.177

Village fixed effects? No No Yes No No Yes
Additional controls? No Yes Yes No Yes Yes

Notes: Additional controls include current monthly income, years of education, age, gender, a
dummy variable indicating if the individual controls spending, and a dummy variable indicating
of the household has a migrant. Not all observations have peers as defined above. These
observations are coded as zeros, and a dummy variable included in the regression indicates these
missing observations. Standard errors clustered at the enumeration area level in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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average aspirations gap of their peers increases. The strongest correlations are within

the income-enumeration area peer group, reported in Panel D. One interpretation of

these results is that individuals define their aspirations window more based on current

levels of income (e.g., above or below average), than based on age or gender. With

that being said, a positive and statistically significant correlation still persists within

the gender-age-income-enumeration area peer group, reported in Panel E. These results

largely support the work of Ray (2006) and Genicot and Ray (2017) who suggest that

aspirations are socially determined by peers within an individual’s “aspirations window.”

It may perhaps be the case that when an individual sees one of their peers aspiring for

more income, they themselves aspire for more income.

In the last three columns, when using the alternative aspirations gap, the statisti-

cally significant estimated correlations are negative. The exception is within income-

enumeration area peer groups, where the correlation is not statistically different from

zero. The strongest correlations are within the gender-enumeration area and age-

enumeration area peer groups, reported in Panels B and C respectively. These results

suggest that, in general, individual aspiration gaps in terms of “needs” tend to decrease

as the average aspirations gap of their peers increases. One interpretation of these

results is that the alternative measure of aspirations in terms of “needs” measures a

concept that is quite distinct compared to the concept discussed by Ray (2006) and

Genicot and Ray (2017). That is, rather than strictly measuring aspirations, the al-

ternative measure captures a concept of deprivation or an individual’s ability to meet

their basic needs. In this sense, it may seem natural for an individual’s own perception

of their ability to meet their basic needs to be negatively correlated with the average

ability of their peers to meet their own needs.

These results can help inform the design of policies and programs that aim to lever-

age aspirations, thereby driving potential spillover effects (see, e.g., Carter 2016). For

example, consider a program aiming to incentivize the adoption of a new productivity-

improving technology. If this program could improve the livelihoods of those within

a given individual’s peer group, then it seems likely that the aspirations of that indi-

vidual may increase and incentive the adoption of the given technology. This sort of

aspirations-based multiplier effect is not just conceptually relevant, but is identified by

several existing empirical studies (Beaman et al. 2012; Macours and Vakis 2014; Bernard
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et al. 2014). Specifically, in the context of rural Myanmar, the relevant peer group for

the standard measure of income aspirations seems to be peers of close geographically

proximity and within a similar income level.

3.7 Conclusion

Although the topic of inequality is classic in the economics literature, emerging work

focuses on the potential psychological causes and consequences of poverty traps and

widening within-country economic inequality (Ray 2006; Besley 2016; Genicot and Ray

2017; Lybbert and Wydick 2018). In particular, theory developed by Genicot and

Ray (2017) suggests that swift economic growth in a poor country can have competing

consequences. On the one hand, rapid economic growth can encourage investment. On

the other hand, this same rapid economic growth can lead to frustration and despair.

If these dynamics persist, then this is one potential mechanism through which within-

country inequality may persist and develop.

The study context of rural Mon State, Myanmar presents a well-suited environment

to test the theory of Genicot and Ray (2017). Nationally, Myanmar is home to both

high rates of economic growth and relatively large rates of poverty. Mon State in

particular, is a region with a history of marginalization. Therefore, the dynamics of

psychological constraints within this population may play an particularly important

role in economic development and poverty alleviation. Indeed, I find evidence of the

existence of an inverted U-shaped relationship between the income aspirations gap and

real estate investments. This finding suggests several core insights.

First, simply focusing on relieving external constraints (e.g., providing access to

credit, insurance, etc.) may prove ineffective, since those with a relatively small aspi-

rations gap do not invest as much as those with a slightly larger aspirations gap. This

insight may help explain persistent puzzles in development economics of individuals or

households refraining from making profitable investments (Ashraf et al. 2006; Duflo et

al. 2011; Suri 2011; and Bryan et al. 2014). Second, and consistent with the findings of

Galiani et al. (2018) and Rizzica (2020), simply focusing on psychological constraints

may also not be sufficient in encouraging investment, since those with a relatively large

aspirations gap do not invest as much as those with a relatively small aspirations gap.
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Aspirations, by themselves, may not be sufficient in inspiring investment in the future.

This is an important finding for policy-makers that aim to improve aspirations within

a population for the purpose of improving economic outcomes (see, e.g., Beaman et al.

2012; and Bernard et al. 2014). Third, the strength of the inverted U-shaped rela-

tionship may be influenced by a number of important factors. Those who are already

economically better off, who believe they themselves can generally influence future out-

comes, and who believe that they are currently successfully achieving their goals may

have a higher turning point in their aspirations gap. This final insight is consistent with

a model aspirations and future-oriented behavior that is dependent on personal agency

and external constraints (Lybbert and Wydick 2018).

This paper also presents results that are important for future studies aiming to quan-

titatively measure aspirations. Although the methods of Bernard and Taffesse (2014)

are popular, there is concern that this approach may not accurately measure aspirations.

I compare results using two alternative measures of income aspirations. The first uses

the conventional approach of Bernard and Taffesse (2014) that measures aspirations in

terms of “wants.” The second uses an approach similar to that used by Knight and

Gunatilaka (2012) that measures aspirations in terms of “needs.” I find that the core

empirical finding of this paper—that is, of an inverted U-shaped relationship between

income aspirations and real estate investments—is invariant across these two measures.

In contrast, however, these two measures of aspirations correlate in opposite directions

with potential peer group averages. Therefore, although aspirations for “wants” and

“needs” may be related, they ultimately capture distinct concepts. Future work could

focus on further validating existing techniques for quantitatively measuring aspirations.

Similar to any other empirical analysis, the results presented in this paper are not

without their limitations. In this paper I aim support the credibility of the estimated

inverted U-shaped relationship using different estimation techniques. Importantly, each

of these results support the theoretical predictions of Genicot and Ray (2017). Future

work could focus on further improving the estimation of the inverted U-shaped relation-

ship by using plausibly exogenous shocks to aspirations. Finally, given that the present

study only focuses on one region in one country, future work could add to the external

validity of these results.



Chapter 4

How Much Does the Cardinal

Treatment of Ordinal Variables

Matter? An Empirical

Investigation

Abstract. Many researchers use an ordinal scale to quantitatively measure and ana-

lyze concepts. Theoretically valid empirical estimates are robust in sign to any mono-

tonic increasing transformation of the ordinal scale. This presents challenges for the

point-identification of important parameters of interest. I develop a partial identifica-

tion method for testing the robustness of empirical estimates to a range of plausible

monotonic increasing transformations of the ordinal scale. This method allows for the

calculation of plausible bounds around effect estimates. I illustrate this method by

re-visiting analysis by Bond and Lang (2013) on the “fragility” of the black-white test

score gap. Supplemental illustrations examine results from (i) Aghion et al. (2016) on

creative destruction and subjective well-being and (ii) Nunn and Wantchekon (2011) on

the slave trade and trust in sub-Saharan Africa.
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4.1 Introduction

Concerns about the cardinal treatment of ordinal dependent variables are well-known.

Consider an ordinal scale measuring “satisfaction,” with the following four categories:

“Very Dissatisfied,” “Dissatisfied,” “Satisfied,” and “Very Satisfied.” Suppose there are

two groups of people, A and B, each consisting of two individuals. Group A has one

person who is “Very Dissatisfied” and another who is “Very Satisfied.” Group B has

one person who is “Dissatisfied” and another who is “Satisfied.” Which group is more

satisfied?

The answer, in part, depends on the numerical values assigned to the response

categories. It may seem reasonable to assign the integers zero, one, two, and three to

each of the four categories. In this case, the groups are equally satisfied, with an average

score of 1.5. Similar to utility functions, however, ordinal variables provide information

about the rank of a specific concept, rather than representing a known or fixed interval.

As such, any set of numerical values that preserve the ordering of the scale is also

potentially valid. Therefore another reasonable set of numerical values could be: zero,

1.75, 2.5, and three. In this case, group B is more satisfied. Yet, another reasonable set

of values could be: zero, 0.5, 1.25, and three. In this case group A is more satisfied.

Although ordinal response models (i.e., ordered logit or probit) are designed precisely

for the situation where a researcher is interested in using an ordinal dependent variable,1

there are numerous examples in applied empirical research where results using an

ordinal response model are less preferred compared to results from a more simple and

straightforward linear regression (see, e.g., Nunn and Wantchekon 2011; Stevenson and

Wolfers 2013; Aghion et al. 2016; Bryson and MacKerron 2017; Deaton 2018; as well

as numerous other examples listed in the appendix). Despite the well-known concerns,

justification for using a linear regression with an ordinal dependent variable often include

the incidental parameter problem (Neyman and Scott 1948; Heckman 1981; Lancaster

2000; Riedl and Geishecker 2014), debatable assumptions about the distribution of the

error term (Bond and Lang 2019), or the use of a more sophisticated identification

strategy—such as, for example, fixed effects (Ferrer-i-Carbonell and Frijters 2004).

1 Statistical models designed to appropriately handle an ordered dependent variable originated in
the biometrics literature (Aitchison and Silvey 1957; Snell 1964). Use of such statistical models in the
social sciences followed with McKelvey and Zavoina (1975).
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Most fundamentally, concerns associated with the cardinal treatment of an ordi-

nal dependent variable can be characterized as a missing information problem. That

is, the researcher does not know the form of the function characterizing the relation-

ship between the ordinal scale and the latent variable (Oswald 2008). Recent work

demonstrates this point in related but distinct ways. Focusing on transformations to

the observed values of the ordinal scale, Schröder and Yitzhaki (2017) demonstrate that

valid empirical estimates must be robust to monotonic increasing transformations of the

observed ordinal scale. Focusing on transformations to the unobserved latent variable,

Bond and Lang (2019) point out that empirical results using ordered logit or probit re-

gression analysis implicitly assume either a normal or logistic distribution on the error

term, when alternative distributions of the error term are also theoretically permissible.

In this paper I develop a partial identification method for testing how much the cardi-

nal treatment of ordinal variables matters for any empirical specification. It is generally

not possible to perform credible statistical inference without any assumptions. Although

some of these assumptions are plausible and based on known economic principles, in-

evitably some of these assumptions are arbitrary—and at times esoteric—but necessary

to interpret empirical estimates (Tamer 2010). In the context of ordinal variables, most

studies make an assumption about the functional form of the reporting function which

cannot be supported by known economic principles.2 These sorts of assumptions are

necessary to point-identify effect estimates. The method I describe allows for estimation

of a set of estimates based on a range of plausible monotonic increasing transformations

of the ordinal dependent variable. I apply this method to re-examine empirical esti-

mates of the black-white test score gap in kindergarten through third grade (Bond and

Lang 2013).3

The method described in this paper first limits the universe of monotonic increasing

transformations to be defined by a parameterized function representing a (relatively

extreme) range of transformations. Next, based on this range of transformations, the

2 Some work aims to identify the functional form of the reporting function in specific contexts using
framed experiments (Oswald 2008; Van Praag 1991; Banks and Coleman 1981). I discuss these results
in more detail in the appendix.

3 Since Bond and Lang (2013) already establish the “fragility” of the black-white test score gap in
kindergarten through grade three, the investigation of these results both illustrate and test the validity of
the method developed in this paper. Additional analyses of Aghion et al. (2016) on creative destruction
and subjective well-being and Nunn and Wantchekon (2011) on the slave trade and trust in sub-Saharan
Africa are presented in the appendix.
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researcher estimates a set of effect estimates. Finally, and as demonstrated by Kaiser and

Vendrik (2019), the researcher graphically assess the plausibility of the transformation

associated with specific effect estimates. This method, therefore, tests the sensitivity of

the parameter of interest to a range of plausible monotonic increasing transformations.

The contribution of this paper is threefold. First, the method developed in this paper

generalizes the work of Schröder and Yitzhaki (2017) to cases using econometric spec-

ifications with multiple covariates. In practice, the sufficient conditions developed by

Schröder and Ytizhaki (2017) apply only to cases either comparing means between two

groups or performing simple bivariate regression analysis.4 The empirical application

shows that the inclusion of additional covariates in a given econometric specification

influences robustness of results to monotonic increasing transformations. That is, it is

possible to fail the sufficient conditions developed by Schröder and Yitzhaki’s (2017)

and yet, when the full set of covariates are included in the empirical specification, the

results can be robust to plausible monotonic increasing transformations.

Second, this method provides insight into the robustness of the sign, size, and sta-

tistical significance of effect estimates. Although the sufficient conditions of Schröder

and Yitzhaki (2017) provide tests for the robustness of the sign of effect estimates, these

conditions are silent about the size and statistical significance of these estimates.5 By

calculating a set of effect estimates, this method allows researchers to fully assess the

sensitively of the sign, size, and statistical significance of effect estimates. This is impor-

tant because the sign is not the only important piece of information derived from effect

estimates. Both the size and precision (i.e., statistical significance) of effect estimates

are necessary inputs into cost-benefit analysis, policy evaluation, and the estimation of

important economic parameters.

Finally, the recent work on the valid statistical treatment of ordinal variables, by

Schröder and Yitzhaki (2017) and Bond and Lang (2019), focus on ordinal variables

measuring subjective well-being or happiness. These insights also apply to any vari-

able that measures a latent concept using an ordinal scale. Therefore, concepts such

as “satisfaction” (Frijters, et al. 2004; Clark and Oswald 1996), “trust” (Nunn and

4 Although note that Schröder and Yizhaki (2017) do consider cases with multiple covariates, but
frame their arguments based on theoretical results.

5 This contribution also applies to work specifically focusing on the sensitivity of test scores to
transformations of the scale (see, e.g., Nielsen 2017).



90

Wantchekon 2011; Putnam 2001), various measures of mental well-being and personal-

ity traits (Borghans et al. 2008; Baird et al. 2013; Cornaglia et al. 2014), measures

of “affect” (Krueger et al. 2009; Krueger 2017), measures of “quality”—of political

institutions (Acemoglu et al. 2001), for example—and even standardized test scores

(Bond and Lang 2013; Glewwe 1997; Jacob and Rothstein 2016; Lang 2010; Schröder

and Yitzhaki 2016) are all measured with an ordinal scale. This paper extends existing

theoretical insights to any empirical application using an ordinal dependent variable.

The next section briefly describes the theoretical framework motivating this research.

In that section I outline the potential theoretical consequences of the cardinal treatment

of ordinal variables and summarize the sufficient conditions developed by Schröder and

Yizhaki (2017). Section 3 introduces the methodology developed in this paper. Section

4 empirically illustrates this method. Finally, section 5 concludes.

4.2 Theoretical Framework

Although ordinal variables are used to measure a variety of concepts with no natural

quantitative unit of measure, I proceed here by briefly discussing the subjective well-

being literature specifically. As discussed below, the following also applies to other

ordinal variables, such as happiness, satisfaction, trust, measures of quality, standard-

ized test scores, and other concepts that require measurement via the use of an ordinal

scale. Nevertheless, it is helpful to draw a connection to the familiar concept of utility

theory and the relevant implications for econometric analysis (Greene 2012; Becker and

Kennedy 1992). Suppose an individual’s well-being is characterized by the following

underlying relationship:

Y ∗ = X ′β + ε (4.1)

In this characterization, Y ∗ is the unobserved latent well-being of the individual. The

vector X represents observable variables that define an individual’s well-being and β is a

vector of regression coefficients. Since, Y ∗ cannot be directly observed, subjective well-

being, Y , is measured via an ordinal variable with the various values of µ corresponding

to threshold points on the ordinal scale:
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Y =



0 if Y ∗ ≤ 0,

1 if 0 < Y ∗ ≤ µ1,
2 if µ1 < Y ∗ ≤ µ2
...

N if µN−1 < Y ∗

(4.2)

A fundamental problem, when estimating equation (4.1) with OLS, is the values of

µ are unknown.6 Using the observed ordinal scale of Y as the dependent variable

implicitly assumes that the values of Y have known and fixed intervals—a prima faci

arbitrary assumption. Thus, OLS assumes the ordinal variable measuring well-being is

cardinal.

4.2.1 The Reporting Function

Oswald (2008) critiques the subjective well-being and happiness literature by arguing

that this research has yet to establish the shape of the function relating reported sub-

jective well-being to actual well-being. Oswald (2008) states:

As an example, imagine that there is constant marginal utility of income, but

that people as they feel cheerier, mark themselves happier on a questionnaire

scale in a way in which they are intrinsically reluctant to approach the upper

possible level on the questionnaire form. Then the reporting function itself

is curved. In this case, we will have the illusion [...] that true diminishing

marginal utility of income has been established empirically.

A similar argument is easily applied to other ordinal variables, such as happiness,

satisfaction, trust, and measures of quality. Standardized test scores perhaps require a

brief explanation. As discussed in Bond and Lang (2013), standardized test scores may

not have a known or fixed interval between values.7 Consider a simple case where

6 Note that even if the values of µ are known, but the distributions of the latent variable within the
discrete categories are unknown, then any empirical result will ultimately rely on strong assumptions.

7 A considerable amount of work by psychometricians aim at confronting the issue that test scores
are measured on an ordinal, rather than an interval or cardinal, scale (see Stevens 1946; Thorndike
1966; Schröder and Yitzhaki 2016). Methods, such as item response theory (IRT), lead some to believe
that test scores can be considered to be measured on a cardinal or interval scale (see Baker 2001).
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a test score simply assigns values based on the number of questions answered correctly

by each student. If some questions are more difficult than others, then assuming a

fixed interval or cardinal scale may not be valid. Since test scores approximate student

“learning,” answering difficult questions correctly may signal a larger marginal gain in

learning than answering the easier questions correctly (see, e.g., Reardon 2008; Nielsen

2017). The reporting function for test scores, therefore, defines the relationship between

actual student learning to performance on a test.

4.2.2 Sufficient Conditions for Robustness of Sign

Testing for the robustness of monotonic increasing transformations is complicated by the

fact that there are an infinite number of ways to transform an ordinal variable. Precisely

due to this reality, Schröder and Yitzhaki (2017) derive two theoretical conditions under

which effect estimates will be robust in sign to monotonic increasing transformations.

The first condition refers to the robustness of mean comparisons between groups and

the second condition refers to the robustness of OLS regression estimates.8

These conditions draw from the literature on stochastic dominance (Hadar and

Russel 1969). In particular, the first condition states that the mean of one group is

larger than that of another mutually exclusive group if and only if the former first-

order stochastically dominates the latter. This condition implies that if the cumulative

distribution functions of each group intersect, then it is possible to find a monotonic

transformation of the ordinal scale that will change which group has a larger mean.

The second condition introduces the concept of the line of independence minus ab-

solute concentration (LMA) curve. As the name suggests, the LMA curve takes the

difference between two curves: the line of independence and the absolution concen-

tration curve. The line of independence (LoI) is defined as the weighted mean of the

dependent variable, Y , multiplied by the cumulative distribution, F (X), of the explana-

tory variable, X.

LoI i = [
1

N

N∑
i=1

wiYi]× F (Xi) (4.3)

However, this is still an open area of research and the vast majority of researchers consider test scores
to be measured on an ordinal scale.

8 I only summarize the details of these sufficient conditions to motivate the remainder of the paper,
the interested reader should reference the work of Schröder and Yitzhaki (2017).
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The absolute concentration curve (ACC) is the cumulated product of the dependent

variable, Y , and the frequency weight, w, divided by the sum of the frequency weights.

ACC 1 =
Y1w1∑N
i=1wi

, ACC2 =
Y1w1 + Y2w2∑N

i=1wi
, ... , ACCN =

Y1w1 + ...+ YNwN∑N
i=1wi

(4.4)

In both equations (4.3) and (4.4), Y1 ≤ Y2 ≤ ... ≤ YN . Equation (4.4) can be

interpreted as the generalized Lorenz curve. Finally, the LMA curve is defined as

follows:9

LMAi = LoIi −ACCi ∀ N (4.5)

The LMA curve is related to the concept of second-order stochastic dominance and

the absolute Lorenz curve. Recall that second-order stochastic dominance states that

if two Lorenz curves cross, then it is impossible to determine which of two mutually

exclusive groups second-order stochastically dominate the other. Therefore the sec-

ond condition, derived by Schröder and Yitzhaki (2017), states that if the LMA curve

intersects the horizontal axis, then the absolute Lorenz curve intersect the line of inde-

pendence, and there is some monotonic increasing transformation that will change the

sign of the OLS regression coefficient.10 If the absolute Lorenz curves do not cross

then there does not exist a monotonic increasing transformation that can change the

sign.11

Stated more formally, the logic of the second condition is as follows. Consider two

simple bivariate OLS regression coefficients, α1 and β1, from two separate specifica-

tions. One uses the raw ordinal variable, Y , and the other uses the transformed ordinal

variable, T (Y ). If the LMA curve of Y , with respect to X, intersects the horizontal

axis, it is possible to find a monotonic increasing transformation of the dependent vari-

able, T (Y ), that can change the sign of the OLS regression coefficient. That is, if α1 is

positive (negative) then β1 will be negative (positive). This implies:

9 A user-written STATA program is available which allows researchers to easily generate LMA curves
(Schaffer 2015).

10 Formal proofs of this condition can be found in Yitzhaki and Schechtman (2012, 2013) and the
Online Appendix of Schröder and Yitzhaki (2017).

11 Note the two Lorenz curves, in this explanation, refer to one representing the “raw” ordinal values
and the second representing the “transformed” ordinal values. For the bulk of this paper, I will focus
on the second condition derived by Schröder and Yizhaki (2017).
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α1

β1
=

Cov(X,Y )
V ar(X)

Cov(X,T (Y ))
V ar(X)

< 0 (4.6)

Although these sufficient conditions are instructive, important questions remain.

First, suppose there exists a transformation T (Y ) that allows equation (4.6) to hold,

how extreme is this transformation? Second, on the other hand, suppose there does not

exist a transformation T (Y ) that allows equation (4.6) to hold, does the magnitude of

the coefficient meaningfully change? Similarly, how is statistical significance affected by

these transformations? Finally, equation (4.1) displayed an analytical example where

there are multiple covariates and equations (4.3) through (4.6) only consider one X

variable. This raises a final question. Since the existing tests of Schröder and Ytizhaki

(2017) only focus on simple bivariate examples, how are researchers to test robustness of

more complicated specifications to monotonic increasing transformations of the ordinal

scale? These are the questions that this paper now aims to address.

4.3 A Partial Identification Method

The method consists of three steps. First, the researcher defines a parameterized func-

tion representing a (relatively extreme) range of transformations. In this section, I

discuss two possible parameterized functions representing distinct classes of transfor-

mations: (i) globally concave and convex transformations and (ii) transformations with

an inflection point. Second, the researcher estimates a set of effects associated with

this range of transformations. Finally, within this set of transformations, and given

the specific empirical setting, the researcher defines a (more narrow) range of plausible

transformations. Consistent with the “law of decreasing credibility” (Manski 2003), as

the strength of the assumptions used in this last step increases the credibility of the

effect estimate decreases.

4.3.1 Globally Concave and Convex Transformations

In the spirit of Oswald (2008), the reporting function can be convex, concave, or linear

in the raw ordinal rankings. The following parameterized function effectively allows
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the reporting function to be convex, concave, or linear depending on the value of the σ

parameter:

T (Y ) = YMax ×
(

Y

YMax

)σ
∀ σ > 0 (4.7)

In this transformation Y is the linear ordinal scale ranging from zero through YMax—

where YMax is the maximum value of the observed ordinal scale.12 If σ = 1, then the

scale remains in its linear form. If 0 < σ < 1, then the scale will be concave to some

degree, with the distances between relatively low levels being larger than the distances

between relatively high levels. Finally, if σ > 1, then the ordinal scale will be convex

to some degree, with the distances between relatively low levels being smaller than the

distances between relatively high levels.

Figure 4.1: Specific Parameter Values of Globally Concave and Convex Transformations

Notes: This figure shows various transformation functions, given specific parameter values. The func-
tions map the original variable, Y, into a transformed ordinal variable, T(Y). In this figure the ordinal
scale is assumed to run from zero through ten.

Theoretically, values of σ could exist within the positive infinite interval (0,+∞). If

some restrictions to this domain are acceptable, however, equation (4.7) can help pro-

vide insight into the robustness of a particular effect estimate to plausible monotonic

12 This transformation ensures that the scale maintains its endpoints at zero and YMax, respectively.
This point, however, is trivial as including a scaler in equation (4.7) can effectively shift the endpoints
of the scale if necessary.
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increasing transformations. Figure 4.1 shows equation (4.7), assuming—for illustrative

purposes—a zero through ten ordinal scale, with several values of σ. Plotting these

functions allows researchers to make a choice about restrictions to the domain of trans-

formations.

As argued by Kaiser and Vendrik (2019), graphically assessing plausibility may be

the best and most transparent approach. Alternative ways for assessing plausibility

could include benchmarking the shape of the distribution of the ordinal variable based

on some other variable that measures a related concept. This is the approach used

by Bond and Lang (2019) who argue that the distribution of subjective well-being can

be just as skewed as the wealth distribution. Although this method of benchmark-

ing can be potentially informative, it is still widely debated by empirical researchers.

Kaiser and Vendrik (2019) demonstrate that the transformations used by Bond and

Lang (2019) imply unrealistic assumptions about the way individuals reply to survey

questions. Specifically, although the log-normal transformation used by Bond and Lang

(2019) is theoretically permissible, it implies that small changes at low levels of true

unobservable happiness are able to change responses on the observed ordinal scale by

several categories and—at the same time—only large changes at high levels of true

unobservable happiness are able to change responses on the observed ordinal scale.

Moreover, Kaiser and Vendrik (2019) point out that it is unclear how knowing the pre-

dicted distribution of happiness is more or less skewed than the income distribution

informs about the plausibility of a monotonic increasing transformation. If higher in-

comes are subject to decreasing marginal utility—as is assumed by many researchers

and (arguably) empirically supported—then we should expect the distribution of true

unobservable happiness to be less skewed than the income distribution.

For the subsequent empirical illustrations, I assume that σ ∈ [0.1, 10] define the

range of transformations. In each of the empirical illustrations this range of transfor-

mations is relatively extreme. In the analysis of test scores, shown in the main text,

a transformation at each end of this range implies massive changes in student learning

associated with either only relatively low or relatively high test scores. This range of

transformations is purposefully extreme. It allows the researcher to compute a large set

of effect estimates associated with this wide range of transformations. As I will discuss

in section 3.3, the final step of this method is to asses a (more narrow) range of plausible
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transformations.

4.3.2 Transformations with an Inflection Point

An alternative class of transformations are those with an inflection point. Rather than

being either concave or convex, this class of transformations are convex below and

concave above an inflection point. The motivation for this class of transformations

extends the intuition of Oswald (2008), where people are reluctant to report the highest

values of some ordinal scale. If the “true” reporting function is one with an inflection

point, this would imply that people are also reluctant to report the lowest values on the

scale. Said differently, it takes a relatively larger marginal gain or loss of some latent

variable to move an individual off the mid-point of the observed ordinal scale.

One way to define such a class of reporting functions is to transform the observed

ordinal scale as follows:

T (Y ) = YMax × F
(X − YMid

σ

)
(4.8)

In equation (4.8), F (·) is the cumulative distribution function (CDF) with a mean

of YMid—the middle point on the ordinal scale—and a standard deviation of σ. The

domain of σ is determined by the range of the ordinal scale. In general, if the scale

is zero through YMax and σ = YMid, then F (·) will essentially be linear.13 If σ

is relatively close to zero, then F (·) will look increasingly like a step function, with

the step at YMid. Therefore, limiting the domain of σ is straightforward when using

these CDF transformations with an inflection point. Defining σ ∈ [0.1, YMid] effectively

characterizes all transformations from the nearly linear case to the relatively extreme

step-function case. These details are visualized in Figure 4.2 for a zero through ten

scale.

4.3.3 Assessing Plausibility

The final step of this method is to limit the set of effect estimates to those associated

with a range of plausible transformations. As the work of Kaiser and Vendrik (2019)

13 Although this line will be roughly linear, it will not exactly replicate empirical results that assume
a linear reporting function. In practice, CDF transformations do not preserve endpoints at zero and
YMax, respectively. Additionally, it is not necessary to impose the inflection point at the mid-point of
the scale. In practice, any category could serve as the inflection point.
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Figure 4.2: Specific Parameter Values of CDF Transformations

Notes: This figure shows various transformation functions, given specific parameter values. The func-
tions map the original variable, Y, into a transformed ordinal variable, T(Y). In this figure the scale is
assumed to run from 0 - 10.

demonstrates, this assessment is best and most transparent when implemented graph-

ically. This is not to say that other ways for assessing plausibility are inappropriate.

Alternative ways such as (i) finding the range of transformations that preserve empirical

results that must be true based on economic theory or (ii) benchmarking the shape of

the distribution of the ordinal variable based on some other variable that measures a

related concept could be effective in the appropriate context. The present goal, however,

is to provide a framework for assessing plausibility that could be reasonably applied in

most empirical settings.

Graphically assessing plausibility first requires the researcher to examine the set of

effect estimates associated with the relatively extreme range of transformations. If the

estimated effects are qualitatively robust for the entire range of transformations, then

the researcher can conclude that estimated effects are robust to extreme monotonic in-

creasing transformations. Conversely, if the estimated effects are not robust in sign,

statistical significance, and magnitude for the entire range of (relatively extreme) trans-

formations, then the researcher must assess a range of plausible transformations given

the empirical context. I demonstrate this sort of analysis in the subsequent empirical
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illustration.

This final step may seem to be quite esoteric. It is important to acknowledge,

however, that it is generally not always possible to perform credible statistical infer-

ence without any untestable assumptions (see, e.g., Conley et al. 2012). As discussed

by Tamer (2010), “the partial identification approach to econometrics views economic

models as sets of assumptions, some of which are plausible and some of which are esoteric

and are needed only to complete a model” (pp. 168). In this sense, partial identification

allows for a way to test the sensitivity of effect estimates to these seemingly esoteric as-

sumptions. Stronger assumptions (e.g., assuming a linear reporting function associated

with an ordinal variable) will naturally allow for more information about a given effect

estimate, however, as the strength of the necessary assumptions increase the credibility

of the effect estimate decreases (Coombs 1965; Manski 2003).

4.4 Empirical Illustration

The primary empirical illustration evaluates the black-white test score gap in kinder-

garten through third grade. Bond and Lang (2013) show that “plausible transforma-

tions” of test scores meaningfully change these results. This illustration, therefore, is

useful to provide both a practical use and test case. Since Bond and Lang (2013) already

establish the sensitivity of empirical findings to monotonic transformations of the test

score, finding similar results will support the credibility of the approach developed in

this paper. Although, to be clear, the method developed in this paper extends beyond

the contribution of Bond and Lang (2013) by developing a partial identification method

for analyzing ordinal dependent variables. Additional empirical applications, reported

in the appendix, include an investigation of Aghion et al. (2016) on creative destruction

and subjective well-being and Nunn and Wantchekon (2011) on the slave trade and

trust in sub-Saharan Africa.

In controversial and influential studies (Fryer and Levitt 2004, 2006) find that the

black-white gap in test scores is relatively small and mostly explained by controlling for

socioeconomic characteristics, such as child’s age and birth weight, mother’s age at first

birth, participation in welfare programs, the number of children’s books at home, and

a general measure of socioeconomic status. This illustration focuses on the following
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specification:

Test Scorei = γBlacki +X ′iρ+ υi (4.9)

In equation (4.9) i indexes students. The variable Black indicates students who

identify as such and the vector X represents individual level control variables included

by Fryer and Levitt (2004, 2006). Finally, υi is the error term. In this core illustration

I will show results generated by test scores in the Early Childhood Longitudinal Study

(ECLS), which includes reading test scores from the fall and spring in Kindergarten,

the spring in first grade, and the spring in third grade. The ECLS also includes socioe-

conomic variables, which allows for the added benefit of closely mimicking the results

from Fryer and Levitt (2006). Results with the inclusion of these control variables are

shown in the appendix. Bond and Lang (2013) also examine test scores included in the

Children of the National Longitudinal Survey of Youth Kindergarten Class of 1998-1999

(CNLSY-K). Results using these test scores, the Peabody Individual Achievement Test

(PIAT), are also shown in the appendix.

In this section I present three elements involved in performing this method to test

for robustness to the cardinal treatment of ordinal variables. First, I comment on the

results of the sufficient conditions derived by Schröder and Yitzhaki (2017). These

results are illustrated as graphs of LMA curves and shown in the appendix. Second,

I graphically report the set of effect estimates. These results are shown by plotting

the point estimate and the associated confidence interval for a (relatively extreme)

range of monotonic increasing transformations. Finally, I show plausible bounds on the

originally-reported point estimates in tabular form.

Figure A3, in the appendix, shows the LMA curves of the black-white test score

gap using Early Childhood Longitudinal Study (ECLS) data. Each Panel in this figure

shows the relationship between a racial status variable and the test score measured at

various times between kindergarten and third grade. These graphical results show that

all of the LMA curves do not cross the horizontal axis and suggest that there is no

monotonic increasing transformation that can change the sign on the black-white test

score gap between kindergarten and third grade. Changing of the sign, however, is not

the only concern. Although the LMA curves are instructive, concern persists about

the robustness of estimated effect sizes to a range of plausible monotonic increasing

transformations.
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4.4.1 Graphical Results

Figures 4.3 and 4.4 show effect estimates for each of the two classes of transforma-

tions, for each of the four time periods where test scores are collected in the ECLS

between kindergarten and third grade. These results relate to Table 4 in Bond and

Lang (2013) where the authors show several transformations that display the “fragility”

of the black-white test score gap. In particular, they show several transformations: one

that maximizes and another that minimizes the growth in the test score gap between

kindergarten and third grade. The transformation that minimizes the gap shows the test

score gap only grows 0.05 standard deviations between kindergarten and third grade.

Meanwhile, the transformation that maximizes the gap shows the test score gap growing

0.64 standard deviations between kindergarten and third grade. Therefore these results

are found to vary between almost no growth in the test score gap to growth that almost

doubles the test score gap in just three years of early elementary education.

Globally Concave and Convex Transformations—In the context of test scores, glob-

ally concave and convex transformations carry implications for how the test score relates

to latent student learning. If a globally concave (convex) transformation of the observed

test score represents the “true” reporting function, then the marginal gain of student

learning is large (small) for the first points earned on the test and rapidly diminishes

(increases) thereafter. An alternative motivation for this class of transformations is if

outcomes of interest are convex or concave in learning. For example, if we care most

about earnings or scientific discoveries then it may be sensible to place more weight on

high test scores. On the other hand, if we care most about basic competency then it

may be sensible to place more weight on low test scores.

Figure 4.3 reports the black-white test score gaps with each panel showing how the

test score gap at each time of measurement relates to a relatively extreme range of

globally concave and convex transformations. The test score gap in the fall of kinder-

garten, shown in Panel A, is the largest with concave transformations (i.e., when the

marginal gain of student learning is large for the first points earned on a test and rapidly

diminishes with subsequent points). The most extreme concave transformation implies

the gap could be as high as 0.46 standard deviations in the fall of kindergarten. Mean-

while, the test score gap in the spring of third grade, shown in Panel D, is the smallest

with convex transformations (i.e., when the marginal gain of student learning is zero or
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Figure 4.3: Estimated Effect Sets for Globally Concave and Convex Transformations
Bond and Lang (2013)

Notes: The dark lines represent the point estimates for a given specification with the corresponding
value of log(σ). Logging the value of σ allows for equal share of the graph to represent concave and
convex transformations. Lighter lines represent 95% confidence interval calculated with robust standard
errors. Each panel refers to a test scores from different grades as shown in Table 4 of Bond and Lang
(2013). Panel A refers to the test gap in the fall of kindergarten, panel B the spring of kindergarten,
panel C the spring of first grade, and panel D the spring of third grade.
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very small for the first points earned on a test and rapidly increases with subsequent

points). The most extreme convex transformation implies the gap could be as low as

0.45 standard deviations in the spring of third grade. Taken together the growth in the

black-white test score gap could be a statistically insignificant 0.01 standard deviations.

At the same time, the test score gap in the fall of kindergarten is the smallest with

convex transformations. The most extreme convex transformations show a test score

gap of about 0.05 standard deviations in the fall of kindergarten. Meanwhile, the test

score gap in the spring of third grade is the largest with concave transformations. These

transformations show a test score gap of about 0.77 standard deviations in the spring of

third grade. Taken together the growth in the black-white test score gap is a statistically

significant 0.72 standard deviations.

Transformations with an Inflection Point—As discussed above, an alternative class

of transformations are those with an inflection point. Rather than being globally convex

or convex, these transformations are characterized as having local concave and convex

regions. As defined in equation 4.8, this class of transformations can be roughly linear

(when σ approaches YMid) or can look like a step-function (when σ approaches zero).

If a roughly linear reporting function is “true,” then this implies that the marginal

gain of student learning is roughly constant for each point earned on the test. If the

“true” reporting function is best represented as a step function with the step at the

mid-point in the scale, then this implies that the marginal gain of student learning is

very small for the first half of points earned on a test, then immediately jumps with

more than half of the question answered correctly, and is very small for the remainder

of the questions. Again, an alternative motivation for this class of transformations is

if outcomes of interest depend on students exceeding a threshold score. Such as, for

example, a GRE math score.

The test score gap in the fall of kindergarten, shown in Panel A, is the largest with

roughly linear transformations. These transformations suggest the test score gap in

kindergarten could be as high as 0.37 standard deviations. Meanwhile, the test score

gap in the spring of third grade, shown in Panel D, is the smallest with transformations

approaching a step function. Such transformations suggest the test score gap could be

as low as 0.55 in the spring of third grade. Taken together the growth in the black-white

test score gap could be as small as a marginally significant 0.18 standard deviations.
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Figure 4.4: Estimated Effect Sets for Transformations with an Inflection Point
Bond and Lang (2013)

Notes: The dark lines represent the point estimates for a given specification with the corresponding
sigma value. Lighter lines represent 95% confidence interval calculated with robust standard errors.
Each panel refers to a test scores from different grades as shown in Table 4 of Bond and Lang (2013).
Panel A refers to the test gap in the fall of kindergarten, panel B the spring of kindergarten, panel C
the spring of first grade, and panel D the spring of third grade.
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At the same time, the test score gap in the fall of kindergarten is the smallest

with transformations approaching a step function. Such transformations suggest the

test score gap could be as low as 0.05 in the fall of kindergarten. Meanwhile, the test

score gap in the spring of third grade is the largest with roughly linear transformations.

These transformations show that the test score gap could be as large as 0.78. Taken

together, the growth in the black-white test score gap could be as large as a statistically

significant 0.73 standard deviations. Therefore, the broad fragility in the evolution of

the black-white test score gap in kindergarten though third grade, discussed by Bond

and Lang (2013), is replicated by allowing for a (relatively extreme) range of monotonic

increasing transformations.

4.4.2 Plausible Effect Bounds

So far the range of alternative transformations could be characterized as relatively ex-

treme. In the case of the globally concave and convex transformations, the range is

defined by any σ ∈ [0.1, 10]. A transformation associated with σ = 0.1 implies that a

student moving from a test score of zero to one out of 180 points measures a massive

change in learning, while a transformation associated with σ = 10 implies that a stu-

dent would need to earn a test score of over 90 out of 180 before any noticeable change

in learning occurs. In the case of transformations with an inflection point, the range

extends from transformations suggesting a step function to transformations that are

roughly linear. Step function transformations imply that the only useful information

embedded within test scores relating to student learning is whether or not a student

correctly answers more than half of the questions. A roughly linear transformation, on

the other hand, implies that each test question represents an equal marginal gain in

student learning. In both of these cases the range of alternative monotonic increasing

transformations likely represent transformations that are implausible in this specific

empirical setting. The task now is to determine a plausible range of transformations

and therefore plausible bounds on the estimated effects.

What is a plausible transformation of the test score scale in this empirical context?

The work of Reardon (2008), and specifically insights from applying item response the-

ory (IRT) results to the ECLS-K data, provide structure for an assessment of plausible

transformations. In particular, Reardon (2008) estimates IRT parameters indicating
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how each question on the ECLS-K test predicts student learning.14 The author finds

that roughly 40 percent of the questions in the ECLS-K have a relatively high likelihood

of predicting no information about student learning. Most fundamentally, this suggests

that the relationship between the observed test score and student learning is unlikely to

be linear. It also suggests that at low (high) test score levels the marginal gain in student

learning is relatively small (high). Taken together, this suggests that transformations

with an inflection point are less plausible in the context of test scores, and implies that

a plausible reporting function is convex to some degree. To what degree? Assuming

that 40 percent of the questions could be answered correctly by guessing suggests that

a σ value of 5 is relatively plausible.15 Therefore, a plausible range of transformations

extends from σ ∈ [1, 5].

Based on these assumptions, Table 4.1 reports plausible bounds on the black-white

test score gap. Although the range of transformations represents only a subset of those

shown in Figure 3, the growth in the black-white test score gap remains relatively fragile

for plausible transformations of the test score. The test score gap could be as small as

0.08 standard deviations in the fall of kindergarten (see column 1 of Panel C), and

could be as large as 0.75 in the spring of third grade (see column 4 of Panel B). In

this case, the black-white test score gap grows considerably between kindergarten and

third grade. At the same time, the test score gap could be as large as 0.40 standard

deviations in the fall of kindergarten (see column 1 of Panel B), and could be as small

as 0.67 standard deviations in the spring of third grade (see column 4 of Panel C). In

this case, the black-white test score gap still increases between kindergarten through

third grade but at a much less dramatic rate.

This empirical illustration demonstrates how this method can be used to test for

robustness of effect estimates to the cardinal treatment of ordinal variables. This il-

lustration uses the case of test scores because this method may be most appropriate

in cases when ordinal scales have many response categories. In a conceptual sense,

however, this method does not only apply to test score but also to any variable that

cannot be directly observed and must be quantitatively measured on an ordinal scale.

14 For transparency, the effectiveness of IRT is a historic and still active topic of debate in the
psychometric literature. See, e.g., Lord (1975).

15 That is, only after a student answers over 40 percent of the questions correctly does the test score
begin to take on a positive relationship with student learning. See Figure 4.1.
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Table 4.1: Plausible Bounds on OLS Estimates of the Black-White Test Score Gap
(1) (2) (3) (4)
Fall Spring Spring Spring

Kindergarten Kindergarten 1st Grade 3rd Grade

A: Original 0-180 scale
Black -0.404*** -0.435*** -0.493*** -0.746***

(0.030) (0.032) (0.034) (0.036)
σ parameter 1 1 1 1
R-squared 0.04 0.04 0.05 0.09

B: Lower Bound
Black -0.404*** -0.435*** -0.493*** -0.746***

(0.030) (0.032) (0.034) (0.036)
σ parameter 1 1 1 1
R-squared 0.04 0.04 0.05 0.09

C: Upper Bound
Black -0.084*** -0.148*** -0.340*** -0.665***

(0.021) (0.015) (0.024) (0.028)
σ parameter 5 5 5 5
R-squared 0.002 0.007 0.024 0.074

Hispanic control Yes Yes Yes Yes
Asian control Yes Yes Yes Yes
Other race control Yes Yes Yes Yes
Observations 11,414 11,414 11,414 11,414

Notes: This table shows bounds on the results presented in Table 4 of
Bond and Lang (2013). The lower and upper bounds are the smallest
and largest, in absolute value, effect estimates within range of plausible
transformations. Robust standard errors are presented in parentheses. ***
p<0.01, ** p<0.05, * p<0.1.
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Illustrations of subjective well-being and trust, using the applications of Aghion et al.

(2016) and Nunn and Wantchekon (2011) respectively, are discussed in the appendix.

4.5 Conclusion

This paper builds off recent contributions of Schröder and Yitzhaki (2017) and Bond

and Lang (2019) on the appropriateness of the cardinal statistical treatment of ordinal

variables. I develop a partial identification method for testing the robustness of empirical

estimates to a set of monotonic increasing transformations of the ordinal scale. This

approach allows for the calculation of a set of plausible effect estimates based on a range

of assumptions about the cardinal properties of an ordinal variable. To illustrate this

method, I re-examine the evolution of the black-white test score gap (Bond and Lang

2013). Supplemental illustrations include analysis on the effect of creative destruction

on subjective well-being (Aghion et al. 2016) and the effect of the slave trade on trust

in sub-Saharan Africa (Nunn and Wantchekon 2011).

The empirical applications clarify three empirical points that extend existing theo-

retical insights (Schröder and Yitzhaki 2017). First, failing existing theoretical tests for

the valid cardinal treatment of ordinal variables may not be a serious problem in prac-

tice because it may be the case that only extreme monotonic increasing transformations

substantially change empirical results. Second, passing existing theoretical tests does

not necessarily imply that empirical results are robust because the size of estimated

coefficients could change dramatically for monotonic increasing transformations. Third,

passing existing theoretical tests does not imply that the statistical significance of re-

sults is robust to monotonic increasing transformations of the ordinal scale, even if the

size of the coefficient estimates are relatively robust.

This research has implications for future empirical research which necessitates the

use of ordinal variables. Inevitably, as economic research extends itself into realms of

society and the economy where factors cannot be quantitatively measured or directly

observed, the need to use ordinal variables becomes increasing frequent. This situation

presents a challenge to researchers regarding empirical methodology. The research builds

of the recent work of Schröder and Yitzhaki (2017) and Bond and Lang (2019), who

show that it is no longer valid to assume that the ordinality or cardinality of ordinal
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variables makes no qualitative difference. The cardinal treatment of ordinal variables

can lead to incorrect empirical findings. Although some empirical findings may be robust

to alternative monotonic increasing transformations, many will not be.
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Appendix A

Supplemental Material: Essay 1

This is the Supplemental Material for “Good Intentions Gone Bad? The Dodd-Frank

Act and Conflict in Africa’s Great Lakes Region” (Bloem 2020). This supplemental

material provides additional tables and figures supporting the results reported in the

main manuscript.

A1.1 Additional Tables and Figures

Table A1.1 reports the effects of the Dodd-Frank Act on conflict within Eastern provinces

of the DRC only. These results serve as a robustness test for the results in Panel A

of Table 2.2. Specifically, once potential concern with the core results in the main

manuscript is that they falsely attribute conflict in the Western provinces to be driven

by the passage of the Dodd-Frank Act. The results in Table A1.1 show that this concern

is relatively minor since the core findings of the main manuscript persist even when only

considering Eastern DRC provinces.

Table A1.2 reports the effect of the Dodd-Frank Act on conflict in surrounding

countries only. That is this specification includes all covered countries minus the DRC.

These results serve as auxiliary analysis on the results in Panel B of Table 2.2. These

results show that even when the DRC is omitted from the specification, the estimated

effects in the surrounding countries is a relatively precisely estimated null effect.

Table A1.3 reports the country-specific estimates for each of the covered countries

under the Dodd-Frank Act. This includes the Democratic Republic of Congo (DRC),

Angola, Burundi, Central African Republic, Republic of Congo, Rwanda, Tanzania,
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Uganda, and Zambia. Each of these country-specific estimates are reported within their

own panel in Table A1.3. Additionally, Table A1.3 reports the 5th and 95th percentile

from the permutation tests, described in Section 2.3 of the main manuscript.

Table A1.4 reports results from a robustness test that defines two alternative binary

dependent variables. The first alternative, shown in Panel A, equals 1 if a region had

greater than 5 conflict events within a given month. The second alternative, shown in

Panel B, equals 1 if a region had greater than 10 conflict events within a given month.

Tables A1.5 and A1.6 report the effect of the Dodd-Frank Act on the number of

mine workers and the presence of an armed group at mineral mines. Specifically these

results drop any observation that has missing information about the number of mine

workers and the presence of an armed group. These results serve as a robustness check

on the results in Tables 2.3 and 2.4 in the main manuscript.

Tables A1.7 and A1.8 again report the effect of the Dodd-Frank Act on the number

of mine workers and the presence of an armed group at mineral mines. In these tables,

I have reduced the sample of mine visit sites so that the panel is balanced. This throws

out a lot of information, but shows that the results in the main manuscript are not

driven by any complications of an unbalanced panel.

Figure A1.1 shows results from permutation tests supporting the estimation strategy

reported in Table 2.5, estimating the effect of enforcement suspension. Similar to Figure

2.3, in the main manuscript, each panel in Figure A1.1 represents a distribution of

placebo estimates for each outcome variable: all types of conflict events, violence against

civilians, rebel group battles, riots and protests, and deadly conflict.

Figures A1.2 and A1.3 show results from a variation of equation (2) in the main

manuscript with a different time-frame. These results provide a test of the assumption

that conflict in the DRC, in Figure A1.2, and all covered countries pooled together,

in Figure A1.3, would have followed a trend along a path similar to other non-covered

sub-Saharan African countries in the absence of the suspension of enforcement of the

legislation.
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Table A1.1: Effects of the Dodd-Frank Act on Conflict within Eastern DRC Provinces

Conflict, All Violence Against Rebel Group Riots and Protests Deadly Conflict
Types Civilians Battles

(1) (2) (3) (4) (5)

Eastern DRC provinces only

Effect of Dodd-Frank 0.197*** 0.127*** 0.111*** 0.178*** 0.130***
(0.007) (0.004) (0.002) (0.005) (0.005)

Placebo tests (other countries)
5th percentile -0.042 -0.029 -0.010 -0.028 -0.020
95th percentile 0.080 0.026 0.015 0.041 0.051
p-value (two-tailed) 0.13 0.13 0.13 0.13 0.40

Observations 429,624 429,624 429,624 429,624 429,624
Baseline Eastern DRC mean 0.274 0.173 0.167 0.100 0.143
Geographic and time FEs Yes Yes Yes Yes Yes
R-squared 0.140 0.098 0.086 0.124 0.075

Notes: Eastern DRC provinces include Orientale, Nord-Kivu, Sud-Kivu, Maniema, and Katanga. This definition follows
the work of Parker and Vadheim (2017) and Stoop et al. (2018a). The dependent variable is a binary variable indicating
the existence of a conflict event at the 2nd subnational administrative area within a given month. Standard errors clustered
at the country level are in parentheses. Bonferroni adjusted p-values are noted as follows *** p<0.01, ** p<0.05, * p<0.1.

Table A1.2: Effects of the Dodd-Frank Act on Conflict in Surrounding Countries Only

Conflict, All Violence Against Rebel Group Riots and Protests Deadly Conflict
Types Civilians Battles

(1) (2) (3) (4) (5)

Surrounding countries only

Effect of Dodd-Frank -0.007 0.004 -0.005 -0.003 -0.008
(0.014) (0.009) (0.006) (0.010) (0.009)

Observations 566,436 566,436 566,436 566,436 556,436
Baseline covered mean 0.024 0.012 0.009 0.008 0.012
Geographic and time FEs Yes Yes Yes Yes Yes
R-squared 0.110 0.068 0.045 0.107 0.048

Notes: Surrounding countries include all covered countries excluding the DRC: Uganda, Rwanda, Burundi, Tanzania,
Zambia, Angola, the Republic of Congo, and the Central African Republic. The dependent variable is a binary variable
indicating the existence of a conflict event at the 2nd subnational administrative area within a given month. Standard
errors clustered at the country level are in parentheses. Bonferroni adjusted p-values are noted as follows *** p<0.01, **
p<0.05, * p<0.1.
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Table A1.3: Country-Specific Effects of Dodd-Frank on Conflict

(1) (2) (3) (4) (5)
Conflict, All Violence Against Rebel Group Riots and Deadly

Types Civilians Battles Protests Conflict

Panel A: Democratic Republic of Congo

Effect of Dodd-Frank 0.143*** 0.076*** 0.063*** 0.113*** 0.068***
(0.007) (0.004) (0.002) (0.005) (0.005)

Observations 434,031 434,031 434,031 434,031 434,031
R-squared 0.141 0.098 0.084 0.125 0.074

Panel B: Angola

Effect of Dodd-Frank -0.031*** -0.011* -0.005* -0.023*** -0.014*
(0.007) (0.004) (0.002) (0.005) (0.005)

Observations 451,620 451,629 451,620 451,620 451,620
R-squared 0.115 0.071 0.042 0.111 0.047

Panel C: Burundi

Effect of Dodd-Frank 0.034*** 0.033*** 0.001 0.036*** 0.005
(0.007) (0.004) (0.002) (0.005) (0.005)

Observations 450,372 450,372 450,372 450,372 450,372
R-squared 0.112 0.069 0.040 0.109 0.046

Panel D: Central African Republic

Effect of Dodd-Frank 0.072*** 0.060*** 0.030*** 0.022*** 0.055***
(0.007) (0.004) (0.002) (0.005) (0.005)

Observations 437,580 437,580 437,580 437,580 437,580
R-squared 0.116 0.074 0.045 0.112 0.051

Panel E: Republic of Congo

Effect of Dodd-Frank -0.027*** -0.011** -0.005 -0.018*** -0.013**
(0.007) (0.004) (0.002) (0.005) (0.005)

Observations 433,836 433,836 433,836 433,836 433,836
R-squared 0.115 0.071 0.042 0.112 0.047

Panel F: Rwanda

Effect of Dodd-Frank -0.003 0.005 -0.004 -0.012 -0.016**
(0.007) (0.004) (0.002) (0.005) (0.005)

Observations 431,028 431,028 431,028 431,028 431,028
R-squared 0.114 0.071 0.041 0.111 0.047

Panel G: Tanzania

Effect of Dodd-Frank -0.022** -0.008 -0.004 -0.018** -0.010
(0.007) (0.004) (0.002) (0.005) (0.005)

Observations 454,896 454,896 454,896 454,896 454,896
R-squared 0.113 0.070 0.041 0.110 0.046

Panel H: Uganda

Effect of Dodd-Frank -0.035*** -0.016*** -0.028*** -0.007 -0.034***
(0.007) (0.004) (0.002) (0.005) (0.005)

Observations 452,556 452,556 452,556 452,556 452,556
R-squared 0.114 0.071 0.045 0.114 0.049

Panel I: Zambia

Effect of Dodd-Frank -0.005 0.003 -0.003 -0.006 -0.011
(0.007) (0.004) (0.002) (0.005) (0.005)

Observations 437,892 437,892 437,892 437,892 437,892
R-squared 0.113 0.070 0.041 0.109 0.047

Placebo tests (other countries)
5th percentile -0.042 -0.029 -0.010 -0.028 -0.020
95th percentile 0.080 0.026 0.015 0.041 0.047

Geographic and time FEs Yes Yes Yes Yes Yes

Notes: The dependent variable is a binary variable indicating the existence of a conflict event at the 2nd subna-
tional administrative area within a given month. Standard errors clustered at the country level are in parentheses.
Bonferroni adjusted p-values are noted as follows *** p<0.01, ** p<0.05, * p<0.1.
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Table A1.4: Effect of the Dodd-Frank Act, Alternative Dependent Variable and DRC
Only

(1) (2) (3) (4) (5)
Conflict, All Violence Against Rebel Group Riots and Deadly

Types Civilians Battles Protests Conflict

Panel A: DV = 1 if > 5 Conflict Events

Effect of Dodd-Frank 0.039*** 0.017*** 0.009*** 0.013*** 0.019***
(0.002) (0.000) (0.000) (0.001) (0.003)

Observations 433,992 433,992 433,992 433,992 433,992
Baseline DRC mean 0.030 0.009 0.015 0.001 0.049
Geographic and time FEs Yes Yes Yes Yes Yes
R-squared 0.132 0.117 0.070 0.067 0.059

Panel B: DV = 1 if > 10 Conflict Events

Effect of Dodd-Frank 0.019*** 0.005*** 0.003*** 0.002*** 0.013***
(0.001) (0.000) (0.000) (0.001) (0.002)

Observations 433,992 433,992 433,992 433,992 433,992
Baseline DRC mean 0.014 0.003 0.007 0.000 0.035
Geographic and time FEs Yes Yes Yes Yes Yes
R-squared 0.085 0.048 0.047 0.040 0.049

Notes: The dependent variable is a binary variable indicating the existence of either more than 5 or ten
conflict events at the second sub-national administrative area within a given month. Standard errors clus-
tered at the country level are in parentheses. Bonferroni adjusted p-values are noted as follows *** p<0.01,
** p<0.05, * p<0.1.
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Table A1.5: Effect of the Dodd-Frank Act on Number of Mine Workers (Drop Missing
Obs.)

(1) (2) (3) (4)
IHS IHS IHS IHS

number number number number
workers workers workers workers

Panel A: All IPIS Data (2009 - 2017)

Effect of Dodd-Frank -0.736*** -0.722*** -0.537** -0.439
(0.249) (0.243) (0.251) (0.612)

Observations 3,028 3,028 3,028 3,028
R-squared 0.016 0.077 0.224 0.847

Panel B: Truncated IPIS Data (2009 - 2015)

Effect of Dodd-Frank -0.981*** -1.006*** -0.772*** -0.656
(0.265) (0.287) (0.257) (0.803)

Observations 2,370 2,370 2,370 2,370
R-squared 0.021 0.054 0.185 0.869

Year FEs No Yes Yes Yes
Territory FEs No No Yes No
Mine FEs No No No Yes

Notes: The dependent variable, the number of mine workers, is trans-
formed by the inverse hyperbolic sine (IHS) transformation. This trans-
formation is log-like, and thus helps account for the non-Gaussian form
of these data on number of workers, but is capable of mathematically
handling zeros. Panel A uses the complete set of IPIS data with mine
visits from 2009 through 2017. Panel B uses a truncated set of IPIS data
from 2009 through 2015 that discards the more focused, and less repre-
sentative, visits from 2016 and 2017. Standard errors clustered at the
territory level are shown in parentheses. Bonferroni adjusted p-values
are noted as follows *** p<0.01, ** p<0.05, * p<0.1.
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Table A1.6: Effect of the Dodd-Frank Act on the Presence of Armed Groups (Drop
Missing Obs.)

(1) (2) (3) (4)
Presence of Presence of Presence of Presence of

armed group armed group armed group armed group

Panel A: All IPIS Data (2009 - 2017)

Effect of Dodd-Frank -0.255* -0.203 -0.175 -0.175
(0.144) (0.149) (0.126) (0.236)

Baseline 3T mean 0.327 0.327 0.327 0.327
Observations 3,430 3,430 3,430 3,430
R-squared 0.130 0.181 0.389 0.818

Panel B: Truncated IPIS Data (2009 - 2015)

Effect of Dodd-Frank -0.312** -0.292** -0.272** -0.202
(0.131) (0.137) (0.120) (0.285)

Baseline 3T mean 0.327 0.327 0.327 0.327
Observations 2,612 2,612 2,612 2,612
R-squared 0.151 0.168 0.425 0.861

Year FEs No Yes Yes Yes
Territory FEs No No Yes No
Mine FEs No No No Yes

Notes: The dependent variable, indicating the presence of an armed group, is ex-
pressed in terms of a binary dummy variable. Panel A uses the complete set of IPIS
data with mine visits from 2009 through 2017. Panel B uses a truncated set of IPIS
data from 2009 through 2015 that discards the more focused, and less representative,
visits from 2016 and 2017. Standard errors clustered at the territory level are shown
in parentheses. Bonferroni adjusted p-values are noted as follows *** p<0.01, **
p<0.05, * p<0.1.
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Table A1.7: Effect of the Dodd-Frank Act on Number of Mine Workers (Balanced Panel)
(1) (2) (3) (4)
IHS IHS IHS IHS

number number number number
workers workers workers workers

IPIS Data (Balanced Panel)

Effect of Dodd-Frank -0.450** -0.440 -0.491** -0.519
(0.211) (0.258) (0.229) (0.445)

Observations 438 438 438 438
R-squared 0.745 0.750 0.795 0.908

Year FEs No Yes Yes Yes
Territory FEs No No Yes No
Mine FEs No No No Yes

Notes: The dependent variable, the number of mine workers, is trans-
formed by the inverse hyperbolic sine (IHS) transformation. This trans-
formation is log-like, and thus helps account for the non-Gaussian form of
these data on number of workers, but is capable of mathematically han-
dling zeros. Standard errors clustered at the territory level are shown
in parentheses. Bonferroni adjusted p-values are noted as follows ***
p<0.01, ** p<0.05, * p<0.1.
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Table A1.8: Effect of the Dodd-Frank Act on the Presence of Armed Groups (Balanced
Panel)

(1) (2) (3) (4)
Presence of Presence of Presence of Presence of

armed group armed group armed group armed group

IPIS Data (Balanced Panel)

Effect of Dodd-Frank -0.171 0.00980 -0.0381 -0.0345
(0.132) (0.171) (0.149) (0.233)

Baseline 3T mean 0.327 0.327 0.327 0.327
Observations 438 438 438 438
R-squared 0.127 0.202 0.336 0.638

Year FEs No Yes Yes Yes
Territory FEs No No Yes No
Mine FEs No No No Yes

Notes: The dependent variable, indicating the presence of an armed group, is ex-
pressed in terms of a binary dummy variable. Standard errors clustered at the
territory level are shown in parentheses. Bonferroni adjusted p-values are noted as
follows *** p<0.01, ** p<0.05, * p<0.1.
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Figure A1.1: Placebo Estimates from Permutation Tests, Enforcement Suspension and
DRC Only

Notes: This figure shows country effects estimated from placebo permutation tests for
each column in Table 2.4. Each panel refers to a placebo test for each of the five
outcome variables. Panel A refers to all conflict. Panel B refers to violence against
civilians. Panel C refers to rebel group battles. Panel D refers to riots and protests.
Panel E refers to deadly conflict. In each graph, the solid line represents the point
estimate when the DRC is “treated”. The dashed lines represent the 5th and 95th
percentiles.
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Figure A1.2: Year Specific Effect Sizes, Enforcement Suspension and DRC Only

Notes: Each panel refers to each of the five outcome variables. Panel A refers to all
conflict. Panel B refers to violence against civilians. Panel C refers to rebel group
battles. Panel D refers to riots and protests. Panel E refers to deadly conflict. In each
graph, the dashed line represents when enforcement of the legislation was suspended by
the US SEC.
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Figure A1.3: Year Specific Effect Sizes, Enforcement Suspension and All Covered Coun-
tries

Notes: Each panel refers to each of the five outcome variables. Panel A refers to all
conflict. Panel B refers to violence against civilians. Panel C refers to rebel group
battles. Panel D refers to riots and protests. Panel E refers to deadly conflict. In each
graph, the dashed line represents when enforcement of the legislation was suspended by
the US SEC.
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A1.2 Synthetic Control Estimation

An alternative method of analysis to estimate the effect of the Dodd-Frank Act is syn-

thetic control analysis. Since the synthetic control approach is a generalization of the

difference-in-differences estimation strategy it is well suited to serve as a robustness

test for the core results in this paper. Unlike the difference-in-differences approach,

however, synthetic control analysis uses of subset of comparison countries. Specifically

the synthetic control is a convex combination of administrative areas from comparison

countries that best match the pre-intervention trend in conflict within the DRC. There-

fore, if there is any concern that non-covered sub-Saharan African countries do not form

a valid comparison group, this method should address the associated issues.

I follow Abadie et al. (2010; 2015) and use techniques designed to rigorously inform

statistical inference with synthetic control estimation. The synthetic control method

selects the optimal weights, for each of the administrative areas of comparison countries

which make up the donor pool, that minimizes the root mean squared prediction error

(RMSPE) prior to the treatment period. These weights are then applied to the compar-

ison countries after the treatment, and used to estimate effects and inform statistical

inference. In the following exercise, I take the trends in each conflict category—for the

DRC and other non-covered sub-Saharan African countries—and calculate an 11 month

moving average across months. This procedure limits the volatility in the probability of

conflict within a given month and helps the synthetic control method more accurately

match the pre-treatment trends in each conflict category in the DRC.

Next I perform a placebo test that reassigns the treatment status from the DRC

to a country within the set of comparison countries (e.g., the donor pool). This test is

similar to the variant of Fisher’s (1935) permutation test discussed above and creates

a distribution of placebo effects against which to compare the effect estimate for the

DRC. In particular, I compare the ratio of the post-Dodd-Frank Act RMSPE and the

pre-Dodd-Frank Act RMSPE. The RMSPE is a measure of the magnitude of the gap in

prevalence of conflict between each country and its synthetic comparison. As noted by

Abadie et al. (2015) a relatively large post-intervention RMSPE does not necessarily

indicate a relatively large effect of the intervention if the pre-intervention RMSPE is also

relatively large. This leads to the rational for using the ratio of the post-Dodd-Frank
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Act RMSPE and the pre-Dodd-Frank Act RMSPE. A relatively large ratio indicates

that the post-Dodd-Frank Act RMSPE is large compared to the pre-Dodd-Frank Act

RMSPE.

Panel A in Figure A1.4 shows the synthetic DRC trend before and after the passage

of the Dodd-Frank Act and compares this trend to the actual probability of conflict

within the DRC. Panel B in Figure A1.4 shows the gap between these two trends over

time. Taken together these two figures illustrate the dramatic increase in the preva-

lence of conflict within the DRC after the passage of the Dodd-Frank Act. Specifically,

the synthetic control estimation method finds that the passage of the Dodd-Frank Act

resulted in an increase in the probability of conflict at the second sub-national admin-

istrative region within the DRC of roughly 93 percent. This is only slightly smaller

than the difference-in-difference effect estimate of 102 percent increase. Next, I apply

the synthetic control method to all 29 other sub-Saharan African countries not covered

by the Dodd-Frank Act. The DRC has the sixth highest ratio of post-Dodd-Frank Act

RMSPE to pre-Dodd-Frank Act RMSPE.

The results are much more ambiguous for the various disaggregated types of conflict,

and are reported in Figures A1.5 through A1.8. Panel A in Figure A1.5 shows the

synthetic DRC trend in violence against civilians compared with the actual DRC trend,

and Panel B shows the gap in these trends over time. The synthetic control estimate

finds a 96 percent increase in the probability of violence against civilians at the second

sub-national administrative region within the DRC. Difference-in-differences estimates,

shown in Table 2.2, report a 90 percent increase in the probability of violence against

civilians. Similar to the results for all types of conflict pooled together, effect estimates

from these two procedures are very similar. However, the DRC is ranked 16th out of 30

in terms of the ratio of post-Dodd-Frank Act RMSPE to pre-Dodd-Frank Act RMSPE.

The results for the rebel group battles, riots and protests, and deadly conflict are

much less robust. Figure A1.6 illustrates the synthetic control estimates for rebel group

battles. The synthetic control estimate reports a 135 percent increase in the probabil-

ity of rebel group battles. This estimate is almost twice the size of the difference-in-

difference estimate of 76 percent, reported in Table 2.2. This discrepancy is likely caused

by a high amount of variability in the rebel group battles outcome variable. Moreover,

the DRC is ranked 19th out of 30 in terms of the pre-post RMSPE ratio. Figure A1.7



140

Figure A1.4: Synthetic Control, All Conflict Types

Notes: Panel A shows results of trends in the probability of conflict, within the DRC
and the synthetic DRC, at the second sub-national level within each month from 2004
through 2016. Panel B shows the gap in the probability of conflict at the second sub-
national level within each month from 2004 through 2016 between the DRC and the
synthetic DRC.
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reports the synthetic control estimates for riots and protests, and finds a 166 percent

increase in the probability of these events. This compares to a larger difference-in-

differences estimate of a 226 percent increase. Additionally, the pre-post RMSPE ratio

for the DRC is ranked 5th out of 30. In this case, given the relatively high RMSPE

ratio, the synthetic estimate is likely a more accurate estimate of the true effect. Finally,

Figure A1.8 shows the synthetic control estimates for deadly conflict. In this case, the

synthetic control method most poorly fits the data. In fact, the pre-post RMSPE ratio

for the DRC is ranked last when deadly conflict is the outcome variable. Nevertheless

the synthetic control effect estimate suggests a 33 percent increase in the probability of

deadly conflict. This is quite a bit smaller in magnitude from the difference-in-difference

estimate of a 94 percent increase in the probability of deadly conflict.

These synthetic control estimates provide a useful robustness check on the primary

results reported in this paper. Using a different estimation methodology the effect

estimate on all types of conflict pooled together is relatively robust. When looking at

specific types of conflict, the effect sizes differ slightly in the case of violence against

civilians, and largely in other cases of rebel group battles, riots and protests, and deadly

conflict. Nevertheless, the core qualitative result holds between the two estimation

strategies. There seems to be a dramatic increase in the prevalence of conflict within

the DRC, relative to the prevalence of conflict in comparison countries, after the passage

of the Dodd-Frank Act.
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Figure A1.5: Synthetic Control, Violence Against Civilians

Notes: Panel A shows results of trends in the probability of conflict, within the DRC
and the synthetic DRC, at the second sub-national level within each month from 2004
through 2016. Panel B shows the gap in the probability of conflict at the second sub-
national level within each month from 2004 through 2016 between the DRC and the
synthetic DRC.
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Figure A1.6: Synthetic Control, Rebel Group Battles

Notes: Panel A shows results of trends in the probability of conflict, within the DRC
and the synthetic DRC, at the second sub-national level within each month from 2004
through 2016. Panel B shows the gap in the probability of conflict at the second sub-
national level within each month from 2004 through 2016 between the DRC and the
synthetic DRC.
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Figure A1.7: Synthetic Control, Riots and Protests

Notes: Panel A shows results of trends in the probability of conflict, within the DRC
and the synthetic DRC, at the second sub-national level within each month from 2004
through 2016. Panel B shows the gap in the probability of conflict at the second sub-
national level within each month from 2004 through 2016 between the DRC and the
synthetic DRC.
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Figure A1.8: Synthetic Control, Deadly Conflict

Notes: Panel A shows results of trends in the probability of conflict, within the DRC
and the synthetic DRC, at the second sub-national level within each month from 2004
through 2016. Panel B shows the gap in the probability of conflict at the second sub-
national level within each month from 2004 through 2016 between the DRC and the
synthetic DRC.



Appendix B

Supplemental Material: Essay 2

This is the Supplemental Material for “Aspirations and Investments in Rural Myan-

mar” (Bloem 2020). This supplemental material provides additional tables and figures

supporting the results reported in the main manuscript.

A2.1 Additional Tables and Figures

Figure A2.1 shows a non-parametric estimates of the relationship between aspirations

and expenditures using binned scatterplots. Table A2.1 shows heterogeneity results

when using a binary indicator of any investment.
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Figure A2.1: Binned Scatterplots of the Relationship between the Aspirations Gap and
Expenditures

Notes: Binned scatterplots are conditional on all control variables and enumeration area
fixed effects as specified in equation (6).
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Table A2.1: Heterogeneity with Binary Indicator of Any Investments
Dependent variable: Binary indicator of any investments

(1) (2) (3) (4) (5)
Income Age gender Destiny Successful

A = Lower A = Younger A = Male A = Agree A = Agree
B = Higher B = Older B = Female B = Disagree B = Disagree

A × income 1.012** 1.256*** 1.177*** 1.101*** 0.777**
aspirations gap (0.391) (0.269) (0.422) (0.202) (0.292)

A × squared income -0.980** -1.074*** -1.102*** -0.968*** -0.588*
aspirations gap (0.410) (0.246) (0.381) (0.200) (0.321)

B × income 0.731*** 0.803*** 0.916*** 0.707*** 1.076***
aspirations gap (0.241) (0.178) (0.204) (0.250) (0.194)

B × squared income -0.461 -0.685*** -0.734*** -0.513* -0.950***
aspirations gap (0.287) (0.190) (0.221) (0.274) (0.199)

Observations 445 445 445 445 445
R-squared 0.387 0.385 0.381 0.383 0.381
EA fixed effects? Yes Yes Yes Yes Yes
Additional controls? Yes Yes Yes Yes Yes

U-test results for A:
Turning point 0.516 0.584 0.534 0.569 0.660
Fieller 95% C.I. [0.417; 0.872] [0.481; 0.734] [0.365; 0.725] [0.473; 0.724] [−∞;∞]
Sasabuchi p-value 0.020 0.001 0.006 0.001 0.146
Slope at Min 1.012 1.256 1.177 1.101 0.777
Slope at Max -0.949 -0.893 -1.028 -0.835 -0.399

U-test results for B:
Turning point 0.793 0.586 0.624 0.688 0.566
Fieller 95% C.I. [−∞;∞] [0.445; 0.898] [0.493; 0.997] [−∞,∞] [0.453; 0.748]
Sasabuchi p-value 0.318 0.013 0.025 0.184 0.001
Slope at Min 0.731 0.803 0.916 0.707 1.076
Slope at Max -0.171 -0.567 -0.552 -0.320 -0.825

Notes: The dependent variable in all columns is a binary indicator of any expenditure on land and household
construction. Column (1) defines low income as having a natural log of income less than 10, and high income
otherwise. This is a natural break in the income distribution in this sample. Column (2) defines low age
as being less than 40 years old, and high age otherwise. Columns (3) through (5) define low as scoring less
than 5 on a zero through ten ordinal scale measuring agency, pathways, and locus of control, respectively.
Additional controls include current monthly income, years of education, age, a dummy variable indicating if
the individual controls spending, and a dummy variable indicating of the household has a migrant. Standard
errors clustered at the enumeration area level in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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A2.2 Discussion on the Measurement of Aspirations

Recall the concerns previously discussed about the validity of the measurement of aspi-

rations. The conventional method for measuring aspirations, as discussed by Bernard

and Taffesse (2014), suggests asking variations of the following question: “What level

of some dimension would you like to achieve in your life?” Although this has become a

popular method for measuring aspirations (see, for example, Dalton et al. 2018; Healy

et al. 2017; Kosec and Mo 2017), concern persists about the legitimacy of measures

of aspirations elicited via this approach. Namely, why would anyone answer a finite

number to this question?

Due to this concern, and other concerns relating to specific characteristics of the

study context, the present study also asked the following question designed to elicit an

alternative measure of income aspirations: “What level of income do you need to feel

financially secure?” In this section, I discuss the use of these two measures of income

aspirations with two goals in mind. The first goal is to add to the credibility of the core

results previously discussed in this paper. The second goal is to provide a much-needed

discussion about the validity of previous and future studies investigating aspirations

measured with the approach discussed by Bernard and Taffesse (2014).

A first concern is that answers to the question about what a respondent “wants to

achieve” may be arbitrary and, therefore, empirically useless. To test against this con-

cern, I compare empirical results when using the question framed in terms of “wants”

and when using the question framed in terms of “needs.” As previously discussed—and

presented in Table 3.2 and Figure 3.2—the finding of an inverted U-shaped relationship

persists across both of these two measures of income aspirations. The consistency of

these results across measurement approaches lends credibility to the conventional ap-

proach used to measures aspirations (Bernard and Taffesse 2014). The question eliciting

aspirations in terms of “needs” is much more concrete and less abstract than the ques-

tion framed in terms of “wants.” It seems considerably more likely that respondents

are able to provide a reasonable answer to the question framed in terms of “needs.”

It turns out, however, that the core empirical results of this paper are quantitatively

invariant to the use of these two elicitation approaches. Therefore, despite valid skep-

ticism, it seems that respondents—at least in Mon State, Myanmar—answer questions



150

eliciting aspirations in terms of “wants” or “needs” similarly and in line with theoretical

predictions.

A second concern is determining whether measures of aspirations are in fact aspi-

rations and not expectations. This concern is all the more relevant given the framing

of the alternative aspirations measure in terms of “needs.” After all, who is to say that

respondents do not expect to be financially secure?

Before testing against this concern, it is important to note that this distinction

has implications beyond academic curiosity. A policy or program that raises one’s

aspirations will be entirely distinct from one that raises one’s expectations. Expectations

implicitly carry some understanding of probability. We expect outcomes that are highly

likely to occur in the future. Aspirations, on the other hand, do not necessarily consider

probability. It is entirely possible that an individual expects to remain poor for the

foreseeable future, but nevertheless aspires to escape poverty (Lybbert and Wydick

2018).

Moreover, expectations about the future seem to have a monotonic relationship

with future-oriented behavior (Delavande et al. 2011). For example, studying farm-

ers in Uganda, Hill (2009) finds that expectations about future coffee prices are pos-

itively associated with the share of labor allocated to coffee production. Gine et al.

(2015) find evidence suggesting that expectations about the monsoon in India influence

farmer’s input choices during planting season. While studying share-cropping contracts

in Madagascar, Bellemare (2012) finds that expected gains or losses influence choice of

contract type. Finally, McKenzie et al. (2007) present evidence that subjective expec-

tations about future income after migrating abroad positively influence the likelihood

of applying to work abroad. These findings contrast with both theoretical predictions

(Ray 2006) and the empirical findings of the present study on the inverted U-shaped

relationship between aspirations and future-oriented behavior.

To test for and make a distinction between aspirations and expectations, I exploit

the idea that expectations—even when they are subjectively measured—relate to an

outcome that is likely to occur with a relatively high probability and that aspirations

do not hold this feature. If aspirations for income are large enough—relative to current

income level—so that they are unrealistic without some meaningful change to one’s life

circumstances, then it is safe to conclude that the measures of aspirations are distinct
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from expectations.

Figure A2.2: Income Aspirations, Current Income, and Rates of Income Growth

Notes: In this figure, each line assumes a different rate of income growth and starts
at the mean level of the natural log of current income. The dashed line represents the
natural log of the primary income aspirations measure and the dotted line represents
the natural log of the alternative income aspirations measure. The x-axis represents
years and the y-axis represents the natural log of income.

Figure A2.2 illustrates this test. The dashed line (with roughly a natural log of in-

come of 13.4) represents average aspirations measured in terms of “wants.” The dotted

line (with roughly a natural log of income of 13.2) represents average aspirations mea-

sured in terms of “needs.” Rays extend outward from an origin representing the average

current income level at the time the data were collected in 2016. Each ray represents a

different rate of income growth.

The steepest ray assumes an extreme upper bound on the rate of income growth.

At the time data were being collected, the IMF reported Myanmar as experiencing the

fastest growth in the world—with a real GDP growth rate of 6.5 percent. Taking this

rate of income growth seriously requires assumptions that are quite unlikely to hold
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in reality. Namely, that there is no income inequality in Myanmar and that everyone

benefits equally from increased GDP output. Nevertheless if income grows at a rate of

6.5 percent then residents of Mon State will achieve the level of income they “want to

achieve” by 2024 and the level of income they “need to feel financially secure” by 2021.

The next steepest ray assumes a rate of income growth of 3 percent. Under this scenario,

the level of income “wanted” is achieved by 2033 and the level of income “needed” is

achieved by 2026. Given the average age of respondents is roughly 46 years old, it may

be likely that individuals will actually achieve these levels of income in their lifetime,

under the previous two rates of income growth. Assuming rates of income growth of 6.5

and 3 percent, however, may be quite unrealistic.

The next two rays assume rates of income growth of 1 and 0.5 percent, respectively.

Under these scenarios, respondents will only achieve the “wanted” and “needed” levels

of aspirations when they are quite old or beyond a reasonable life expectancy. Assuming

a 1 percent rate of income growth, individuals will not achieve the level of “wanted”

income until 2066 and the level of “needed” income until 2047. Assuming a 0.5 percent

rate of income growth, individuals will not achieve these levels of income until 2117

and 2077, respectively. Therefore, under these two rates of income growth, it is rather

unreasonable to consider the levels of aspirations measured in this study to be valid

expectations. Furthermore, although these rates may be more realistic, they may still

be overly optimistic and unrealistic in the context of Mon State, Myanmar.

All of this supports the conclusion that the measures of aspirations measured in this

study are (a) legitimate, based on robustness of results across two different measure-

ment approaches, and (b) distinct from expectations. Therefore, what has become the

conventional method for measuring aspirations seems to elicit valid measurements—at

least in the context of this study.
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Supplemental Material: Essay 3

This is the Supplemental Material for “How Much Does the Cardinal Treatment of

Ordinal Variables Matter? An Empirical Investigation” (Bloem 2020). This supple-

mental material provides additional results and empirical illustrations supporting the

implementation of this method.

A3.1 Supplemental Empirical Illustrations

The primary empirical illustration, included in the main text, re-examines the fragility

of the black-white test score gap in kindergarten through third grade (Bond and Lang

2013). This section presents two supplemental empirical illustrations. The first exam-

ines Aghion et al. (2016) and the effect of creative destruction on subjective well-being

in U.S. metropolitan areas. The authors examine how the determinants of economic

growth, namely “Schumpeterian creative destruction,”1 affects subjective well-being,

measured by Gallup’s “ladder of life” zero through ten ordinal scale. To motivate their

empirical work, Aghion et al. (2016) develop an economic model that yields empirically

testable predictions. In this subsection, I revisit the empirical tests of the first predic-

tion. The key findings from tests of the first prediction is that creative destruction has a

positive effect on subjective well-being when controlling for MSA-level unemployment.

The following methodology will examine the robustness of this empirical finding.

The second supplemental empirical illustration examines at the work of Nunn and

1 Aghion et al. use “creative destruction” to refer to the sum of the job creation rate and the job
destruction rate. This is analogous to the concept that Davis, Haltwanger, and Schuh (1996) call “gross
job reallocation”.

153
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Wantchekon (2011) on the effect of the slave trade on trust in sub-Saharan Africa.

The core finding is that present-day differences in levels of trust within communities in

sub-Saharan Africa have origins in the trading of slaves across the Atlantic and Indian

Oceans. In particular, individuals whose ancestors were heavily impacted by the slave

trade are less trusting today. This effect persists across five measures of trust: trust of

relatives, neighbors, the local council, intra-group trust, and inter-group trust. Nunn

and Wantchekon (2011) use data from the Afrobarometer survey, which measures trust

in the following categories: “not at all,” “just a little,” “somewhat,” and “a lot.” In

the primary analysis the authors code these categories from zero through three, with

zero representing “not at all” and three representing “a lot.” In the following analysis I

examine robustness of these empirical findings to monotonic increasing transformations

of the ordinal scale.

The data for these empirical illustrations come from the replication files for each

study.2 In the next subsection, I will briefly outline the estimation methodologies

used in each of the studies under investigation in the present analysis.

A3.1.1 Creative Destruction and Subjective Well-Being

In their empirical specifications Aghion et al. (2016) use a measure of creative destruc-

tion that varies at the MSA level. Since the subjective well-being measures vary at the

individual level, the empirical analysis can in principle be run with either MSA-level or

individual-level regressions. However, since aggregating the subjective well-being mea-

sures up to the MSA level requires an additional assumption that this procedure passes

the first condition derived by Schröder and Yitzhaki (2017), for ease of exposition, I

will focus on the individual level analysis of Aghion et al. (2016). The individual-level

analysis also has the added benefit of being able to include more meaningful variation

in individual level controls that may importantly influence subjective well-being – such

as income, education, gender, marital status, ethnicity, and age. The primary empirical

specification uses OLS to estimate the following equation.

SWB imt = αXmt + βYmt + δZit + Tt + εit (A3.1)

2 The replication files for Aghion et al. (2016) were generously shared by Gallup Inc. The replication
files for Nunn and Wantchekon (2011) were available online. I thank all authors for writing clear code
and organizing detailed data files.
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In equation (A3.1) SWB imt is the Gallup measure of subjective well-being for indi-

vidual i who lives in MSA m in year t. In the tests of prediction one, Xmt is either the

job turnover rate and, depending on the specification, the unemployment rate in MSA

m in year t. The variables Ymt and Zit are MSA-level and individual level controls,

respectively. The variable Tt represents year and month fixed effects. Finally, εmt is the

error term.

Figure A3.5, in section A3.3 of this supplemental material, shows the LMA curves

for each of the parameters of interest in predictions one through three from Aghion et al.

(2016). This figure graphically illustrates that, broadly speaking, the results of Aghion

et al. (2016) do not pass the theoretical sufficient conditions of Schröder and Yizhaki

(2017). That is, most of the LMA curves cross the horizontal axis. It is interesting to

note that each LMA curve that crosses the horizontal axis does so at a relatively high

point on the subjective well-being scale. This suggests that a concave transformation

of the ordinal scale can potentially change the sign of the OLS regression coefficient.

Figure A3.1 shows estimated effect sets corresponding with each of the three regres-

sions testing prediction one, that job turnover increases subjective well-being more when

aggregate unemployment is included as a control variable. Panel A shows the coefficient

on the job turnover rate corresponding to column 1 of Table 2 in Aghion et al. (2016),

when aggregated unemployment is intentionally omitted from the regression. Panels B

and C show the coefficient on the job turnover rate corresponding to columns 2 and 3 of

Table 2 in Aghion et al. (2016), respectively. Both of these latter specifications control

for aggregated unemployment and Panel C includes additional MSA level controls.

Consistent with the theoretical predictions of Schröder and Yitzhaki (2017), Panel A

shows that transformations that change the sign occur when values of log(σ) are between

zero and negative one. That is, when the reporting function becomes concave, rather

than linear. In panel A the coefficient changes sign for almost half of all alternative

values of σ. Once the unemployment rate is included into the regression, in Panel B, the

sign on the coefficient for the job turnover rate changes much less often. Finally, when

additional MSA level control variables are included, in Panel C, the sign never changes.

This shows that even though the sufficient conditions of Schröder and Yitzhaki (2017)

suggest that the empirical results of Aghion et al. (2016) fail the second theoretical

sufficient condition, once all control variables are included in the specification, the job
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Figure A3.1: Estimated Effect Sets for Prediction 1 in Aghion et al. (2016)
Globally Concave and Convex Transformations

Notes: The dark lines represent the point estimates for a given specification with the corresponding
value of log(σ). Logging the value of σ allows for equal share of the graph to represent concave and
convex transformations. Lighter lines represent 95% confidence interval calculated with standard errors
clustered by MSA-level. Each panel refers to a different specification used to test prediction 1. Panel A
refers to column (1) of prediction 1, which intentionally omits the unemployment rate and additional
MSA-level controls. Panel B refers to column (2) of prediction 1, which includes the unemployment
rate but intentionally omits additional MSA-level controls. Finally, panel C refers to column (3) of
prediction 1, which includes the unemployment rate and additional MSA-level controls.
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turnover rate has a positive effect on subjective well-being for all alternative monotonic

increasing transformations.

Concern persists about how plausible monotonic increasing transformations influence

the size and statistical significance of the effect. Here the work of Kaiser and Vendrik

(2019), who focus on assessing the plausibility of transformations to subjective well-

being and happiness scales, is instructive. Kaiser and Vendrik (2019) cite three studies

that experimentally aim to identify the functional form of the reporting function defining

the relationship between subjective feelings and objective reality. Empirical analysis

reported by Oswald (2008) cannot reject that the reporting function is linear—if it is

curved at all, it is slightly concave. Additionally, results found by van Praag (1991) and

Banks and Coleman (1981) cannot rule out the finding that individuals in their study

use a linear reporting function on average. Although these cited studies provide some

suggestive evidence that assuming a linear reporting function may indeed be valid,

this likely will be considered a relatively strong assumption. Assuming linearity of

the reporting function leads to more precise effect estimates, but ultimately with less

credibility.

In the empirical setting of Aghion et al. (2016), the subjective well-being variable

is measured on a zero through ten ordinal scale. The range of transformations allowed

when estimating the effect sets in Figure A3.1, likely include implausible transforma-

tions. For example, a transformation with a σ value of 0.1 implies that the change in

latent well-being associated with moving from a response of zero to a response of one

is nearly 80 times larger than the change in latent well-being associated with moving

from a response of nine to a response of ten. Moreover, the variation between response

categories greater than five are essentially uninformative about latent well-being. The

symmetric case holds for a transformation with a σ value of ten.

Based on this graphical assessment of the reporting scale, Table A3.1 reports plau-

sible bounds on the effect estimates based on transformations associated with σ ∈
[0.4, 2.5]. This range of plausible transformations allows for both concave and con-

vex transformations, but only transformations such that response categories are only

ten times larger on opposite ends of the scale. A conceptual way to characterize these

transformations is that individuals who hold a reporting function defined by σ = 0.4 are

pessimistic in the sense that only relatively high levels of latent well-being are sufficient
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to move them off relatively low levels of the observed scale. Conversely, individuals

who hold a reporting function defined by σ = 2.5 are optimistic. Finally, although

this range of transformations may be plausible, each transformation within this range

is likely not equally plausible. Indeed, existing experimental results (Oswald 2008; van

Praag 1991; and Banks and Coleman 1981) suggest that linear transformations are likely

more plausible than the concave and convex transformation allowed by this plausible

range of transformations. Nevertheless, testing the robustness to the range of plausible

transformations is instructive in assessing the credibility of existing empirical results.

Table A3.1: Plausible Bounds on OLS Estimates of Prediction 1 in Aghion et al. (2016)

(1) (2) (3)

A: Original 0 - 10 scale
Job turnover rate 0.068 0.521** 0.611**

(0.236) (0.237) (0.285)
σ parameter 1 1 1
R-squared 0.10 0.10 0.10

B: Lower Bound
Job turnover rate -0.060 0.204 0.272

(0.154) (0.155) (0.183)
σ parameter 0.4 0.4 0.4
R-squared 0.099 0.099 0.099

C: Upper Bound
Job turnover rate 0.324 0.893*** 0.984***

(0.283) (0.287) (0.349)
σ parameter 2.5 2.5 2.5
R-squared 0.078 0.078 0.078

Unemployment rate No Yes Yes
MSA-level log of income Yes Yes Yes
Additional MSA controls No No Yes
Individual controls Yes Yes Yes
Year and month fixed effects Yes Yes Yes
Observations 556,300 556,300 461,054

Notes: This table shows bounds on the individual level re-
sults presented in Table 2 of Aghion et al. (2016). The lower
and upper bounds are the smallest and largest, in absolute
value, point estimates within the set of coefficient estimates.
Note: this range in magnitudes persists when the marginal
effects are calculated manually and expressed in terms of the
original linear zero through ten ordinal scale. See the sup-
plemental material for additional details. Standard errors
are clustered at the MSA level. *** p<0.01, ** p<0.05, *
p<0.1.
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Table A3.1 reports these plausible bounds on the estimated effect of creative de-

struction on subjective well-being. Once the subjective well-being scale is no longer

assumed to be linear, several insights require brief comment. First, in terms of the

qualitative result, for plausible transformations, the finding that job turnover increases

subjective well-being more when controlling for aggregate unemployment persists. Es-

timated effects are smaller in column 1 than in columns 2 and 3 for both the upper

and lower bounds. Second, statistical significance is not robust to plausible transfor-

mations. The estimates of the lower bound of the effect, reported in Panel B of Table

A1, show that statistical significance is not preserved. In fact, even in specifications

with all control variables included, transformations with a σ as high as 0.76 become

statistically indistinguishable from zero at conventional levels. Third, the magnitudes

of effects change quite dramatically for plausible transformations. Column 3 of Table

A3.1 reports the preferred specification from Aghion et al. (2016) and shows the set

of effects extend from a small and statistically insignificant effect to an effect that is

statistically significant and almost 50 percent larger than the size as originally reported.

Given these results, the core prediction tested in these specifications is robust to

plausible transformations of the ordinal scale measuring subjective well-being. That

is, even for relatively extreme transformations (shown in Figure A3.1), it remains true

that job turnover increases subjective well-being more when controlling for aggregated

unemployment. With that said, the specific quantitative relationship between creative

destruction and subjective well-being varies quite a bit for a smaller set of plausible

transformations. This suggests that quantitative cost-benefit or welfare analysis with

these results should consider the sensitivity of specific point estimates to plausible trans-

formations.

A3.1.2 The Slave Trade and Trust in Africa

Using OLS, Nunn and Wantchekon (2011) find a negative and statistically significant

relationship between their preferred measure of slave trade activity and various measures

of trust with the following specification:

Trustiedc = ψc + ϕSlave Exportse +X ′iedcΓ +X ′dcΩ +X ′eΦ + ηiedc (A3.2)



160

In equation (A3.2), i represents individuals, e ethnic groups, d districts, and c coun-

tries. The dependent variable Trustiedc represents each of the variables measuring trust

of relatives, neighbors, the local council, intra-group, and inter-group measured on a

zero through three ordinal scale. ψc captures country fixed effects, Slave Exportse

indicates the number of slaves sold from a particular ethnic group e.3 The various

X vectors are individual, district, and ethnic group level controls variables. Finally,

ηiedc is the error term. Concerned about the possibility of omitted variables biasing

these results, the authors undertake several strategies to identify the causal relationship

between the slave trade and trust. One of these strategies is instrumental variable anal-

ysis, where the distance of an individual’s ethnic group from an ocean coast instruments

for slave trade activity. The instrument approximates an ethnic group’s exposure to the

slave trade and is unlikely to be correlated with factors that impact present day trust.

In this illustration, I will examine the results from the instrumental variable estima-

tion strategy. The simulation results from the simple OLS specification do not change

the core findings from this analysis and are shown in a subsequent subsection of this

supplemental material.

Figure A3.6, in section A3.3 of this supplemental material, shows the LMA curves

for each of the five measures of trust and the variable of interest, the natural log of

slave exports normalized by land area. In this figure all but one of the LMA curves do

not cross the horizontal axis. The LMA curve that does cross the horizontal axis, inter-

group trust, does so for relatively high values of trust. For all other measures of trust,

the LMA curves suggest a negative covariance with the natural log of slave exports over

land area. Taken together, these graphical results suggest that, except for perhaps the

effect on inter-group trust, the empirical findings of Nunn and Wantchekon (2011) pass

the second theoretical sufficient condition of Schröder and Yitzhaki (2017). Even so,

the statistical significance of the findings or the overall magnitude of the results may be

meaningfully affected by monotonic increasing transformations.

Figure A3.2 shows estimated effect sets based on globally concave and convex trans-

formations of specifications using each of the five measures of trust as dependent vari-

ables. These specifications refer to the instrumental variable results from Table 5 in

Nunn and Wantchekon (2011). The central finding of Nunn and Wantchekon (2011)

3 Slave exports are natural log of one plus slave exports normalized by land area.
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is that individuals whose ancestors were heavily impacted by the slave trade are less

trusting today. This qualitative result largely persists for the entire range of these (rel-

atively extreme) transformations. There is no alternative transformation that changes

the sign on any of the estimated coefficients.

Moreover, for three out of five specifications the effects remain statistically signifi-

cant for the full range of transformations. The two exceptions are the effects of the slave

trade on trust of the local council and inter-group trust, which both become statisti-

cally insignificant for convex transformations. While discussing magnitude, the authors

perform a variance decomposition and find that, along with the other covariates, slave

exports explain 5.4% of the total variation of trust in neighbors. Additionally, of this

5.4%, about 16% is explained by slave exports. Results from the simulation analysis

show that over all values of log(σ), along with the other covariates, slave exports ex-

plain between 4.2% and 5.4% of the total variation of trust in neighbors. Furthermore,

of this 4.2 - 5.4%, roughly 16% is consistently explained by slave exports. Therefore,

despite concerns about the invalid cardinal treatment of ordinal variables, the results of

Nunn and Wantchekon (2011) are robust even relatively extreme transformations of the

ordinal scale measuring trust. This being the case, we can move on to testing robust-

ness to an alternative class of transformations, rather than performing a more narrow

assessment of robustness to plausible transformations.

As discussed in the main text, an alternative class of transformations are those

with an inflection point. Figure A3.3 shows estimated effect sets based on transforma-

tions with an inflection point for the IV estimates from Nunn and Wantchekon (2011).

Similar to the effect sets based on globally concave and convex transformations, the

empirical findings of Nunn and Wantchekon (2011) are robust to a class of transforma-

tions with an inflection point. For all transformations, none of the coefficient estimates

change sign. This is consistent with the theoretical conditions of Schröder and Yitzhaki

(2017). With the exception Panel A, referring to the effect on trust with neighbors, all

coefficient estimates are statistically significant for all CDF transformations. In Panel

A, the estimate becomes statistically insignificant for σ values close to zero, when the

transformation resembles a step-function and is essentially a binary indicator variable

identifying if respondents trust their relatives or not. Finally the coefficient estimates

themselves are also relatively robust to reasonable transformations.
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Figure A3.2: Estimated Effect Sets for Table 5 in Nunn and Wantchekon (2011)
Globally Concave and Convex Transformations

Notes: The dark lines represent the point estimates for a given specification with the corresponding
value of log(σ). Logging the value of σ allows for equal share of the graph to represent concave and
convex transformations. Lighter lines represent 95% confidence interval calculated with standard errors
clustered by ethnicity. Each panel refers to a different specifications used in Table 5 of Nunn and
Wantchekon (2011). Panel A refers to column (1) with the dependent variable trust of relatives. Panel
B refers to column (2) with the dependent variable trust of neighbors. Panel C refers to column (3) with
the dependent variable trust of local council. Panel D refers to column (4) with the dependent variable
intra-group trust. Finally, panel E refers to column (5) with the dependent variable inter-group trust.
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Figure A3.3: Estimated Effect Sets for Nunn and Wantchekon (2011)
Transformations with an Inflection Point

Notes: The dark lines represent the point estimates for a given specification with the corresponding
sigma value. Lighter lines represent 95% confidence interval calculated with standard errors clustered
by ethnicity. Each panel refers to a different specifications used in Table 5 of Nunn and Wantchekon
(2011) presenting IV estimation results. Panel A refers to column (1) with the dependent variable trust
of relatives. Panel B refers to column (2) with the dependent variable trust of neighbors. Panel C refers
to column (3) with the dependent variable trust of local council. Panel D refers to column (4) with the
dependent variable intra-group trust. Finally, panel E refers to column (5) with the dependent variable
inter-group trust.
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A3.2 A Sampling of the Cardinal Use of Ordinal Variables

Table A3 shows a sampling of papers that are either highly influential or are published

in top academic journals. This table is not an exhaustive list. Indeed it omits entire

literatures, such as the education literature using test scores as a dependent variable.

Nevertheless, this table does highlight the reality that the cardinal use of ordinal de-

pendent variables does exist. As such, understanding the robustness of these results to

monotonic increasing transformations is important.
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Table A3.2: Examples of the Cardinal Treatment of Ordinal Variables
Citation Journal Dependent Variable Method

Aghion et al. (2016) American Economic Review Subjective well-being OLS with fixed effects
Alatas et al. (2012) American Economic Review Satisfaction OLS
Ashraf et al. (2014) American Economic Review Subjective well-being OLS

Bandiera et al. (2017) Quarterly Journal of Economics Mental health OLS
Banerjee et al. (2015) Science Mental health OLS

Bertrand (2013) American Economic Review: P&P Emotional well-being OLS
Bianchi (2012) Review of Economics and Statistics Satisfaction OLS

Bloom et al. (2015) Quarterly Journal of Economics Satisfaction OLS
Bloom et al. (2015) Review of Economic Studies Management quality OLS

Bryson and MacKerron (2017) The Economic Journal Happiness OLS with fixed effects
Card et al. (2012) American Economic Review Satisfaction OLS
Clark et al. (2008) Journal of Economic Literature Happiness OLS and comparison of means
Clark et al. (2016) Review of Economics and Statistics Satisfaction OLS with fixed effects

De Neve et al. (2018) Review of Economics and Statistics Subjective well-being OLS with fixed effects
Deaton (2018) Journal of Public Economics Subjective well-being OLS and comparison of means

Di Tilla et al. (2001) American Economic Review Happiness OLS
Dohmen et al. (2012) Review of Economic Studies Trust OLS

Dustmann and Fasani (2016) The Economic Journal Mental health OLS with fixed effects
Frijters et al. (2014) The Economic Journal Satisfaction OLS
Glewwe et al. (2018) Journal of Human Resources Hope OLS

Haushofer and Shapiro (2016) Quarterly Journal of Economics Psychological well-being OLS
Krueger and Mueller (2012) American Economic Review: P&P Emotional well-being Comparison of means

Lachowska (2017) Journal of Human Resources Subjective well-being OLS
Layard et al. (2014) The Economic Journal Satisfaction OLS

Milligan and Stabile (2011) American Economic Journal: Economic Policy Emotional well-being OLS
Moscona et al. (2017) American Economic Review: P&P Trust OLS with fixed effects

Nunn and Wantchekon (2011) American Economic Review Trust OLS and 2SLS
Oswald and Powdthavee (2008) Journal of Public Economics Satisfaction OLS with fixed effects

Oswald and Wu (2011) Review of Economics and Statistics Subjective well-being OLS
Schechter (2007) American Economic Review Trust GMM

Steptoe et al. (2015) The Lancet Subjective well-being OLS and comparison of means
Wunder et al. (2013) Review of Economics and Statistics Subjective well-being OLS

Notes: This list is a sampling of papers that treat an ordinal dependent variable as if it was cardinal. This is not an exhaustive list.
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A3.3 LMA Curves

The LMA curves for the three empirical investigations are shown in the following figures.

Figure A3.4 shows the LMA curves for the results from Bond and Lan (2013) on the

black-white test score gap in kindergarten through third grade. Figure A3.5 shows

the LMA curves for the results from Aghion et al. (2016) on the relationship between

creative destruction and subjective well-being. Finally, Figure A3.6 shows the LMA

curves for the results from Nunn and Wantchekon (2011) examining the effect of the

slave trade on trust in sub-Saharan Africa. Specific details about how these LMA curves

are constructed can be found in Section 2.2 of the main manuscript.
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Figure A3.4: LMA Curves with ECLS Test Scores and Race

Notes: This figure shows LMA curves between a racial status variable and test scores. Each graph
shows test scores measured in different time periods between kindergarten and third grade, as in Bond
and Lang (2013). The y-axis is fixed between all graphs.
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Figure A3.5: LMA Curves with Gallup Current Ladder SWB and Creative Destruction

Notes: This figure shows LMA curves between the Gallup “ladder of life” SWB variable and the various
variable of interest for each of the first three predictions tested in Aghion et al. (2016). The y-axis is
fixed between all graphs.
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Figure A3.6: LMA Curves with Afrobarometer Measures of Trust and the Slave Trade

Notes: This figure shows LMA curves between the five measures of trust gathered via the Afrobarometer
survey and the natural log of slave exports normalized by land area (Nunn and Wantchekon, 2011). The
y-axis is fixed between all graphs.
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A3.4 Additional Test Score Analysis

The analysis by Bond and Lang (2013) provides two additional opportunities to test

the validity of the method developed in this paper. Both of these replicate the core

findings of Bond and Lang (2013) and therefore add to the credibility of the methodology

developed in this paper.

The first illustration is to perform the same analysis as shown in main text, but

control for socioeconomic factors that may explain some of the early elementary racial

test score gap. This more closely examines the result from Fryer and Levitt (2004)

suggesting that the black-white test score gap in kindergarten through third grade can

be explained by a relatively small number of socioeconomic factors. Bond and Lang

(2013) examine the robustness of this finding in Table 5 of their paper. They find that,

when controlling for the same socioeconomic factors as Fryer and Levitt (2004), the test

score gap in the fall of kindergarten is robust to reasonable transformations. This result

is largely replicated in Panel A of Figure A3.7. Although the racial test score gap is

not statistically significant, in the fall of kindergarten, the coefficient estimate is largely

robust to alternative monotonic increasing transformations. In contrast, the racial test

score gap in third grade depends on the transformation of the test score scale. Bond and

Lang (2013) report a range of between a 0.17 and a 0.31 standard deviation test score

gap in the spring of third grade. This finding is again replicated in Panel D of Figure

A7 where the test score gap ranges from between 0.17 and 0.32 standard deviations for

alternative transformations.

The second illustration uses an additional data source for early education test scores:

the Peabody Individual Achievement Test (PIAT). These test score gaps are calculated

without the inclusion of additional socioeconomic control variables and are presented

in Table 3 of Bond and Lang (2013). The authors report that the gap in kindergarten

varies between a statistically insignificant 0.05 and a statistically significant 0.24 stan-

dard deviations. Panel A of Figure A8 largely replicates this result, with a range of the

gap between a statistically insignificant 0.06 and a statistically significant 0.25 standard

deviations in kindergarten. In third grade, Bond and Lang (2013) report the racial test

score gap ranging between a statistically insignificant 0.06 and a statistically signifi-

cant 0.63 standard deviations. Panel D of Figure A3.8, for the most part, replicates
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this finding with a black-white test score gap ranging between 0.15 and 0.61 standard

deviations.

In addition to similar results presented in the main text, these results lend credence

to the credibility of the methodology developed in this paper. This is highlighted by the

fact that the results from column 2 and 3 in Table 5 of Bond and Lang (2013) can be

found within the range of results shown in Figure A3.7. Additionally, the results from

Table 3 in Bond and Lang (2013) are for the most part replicated in Figure A3.8.
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Figure A3.7: Estimated Effect Sets for Bond and Lang (2013)
ECLS Test Score Gap with Controls

Notes: The dark lines represent the point estimates for a given specification with the corresponding
sigma value. Lighter lines represent 95% confidence interval calculated with robust standard errors.
Each panel refers to a test scores from different grades as shown in Table 5 of Bond and Lang (2013).
Panel A refers to the test gap in the fall of kindergarten, panel B the spring of kindergarten, panel C
the spring of first grade, and panel D the spring of third grade.
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Figure A3.8: Estimated Effect Sets for Bond and Lang (2013)
PIAT Test Score Gap

Notes: The dark lines represent the point estimates for a given specification with the corresponding
sigma value. Lighter lines represent 95% confidence interval calculated with robust standard errors.
Each panel refers to a test scores from different grades as shown in Table 3 of Bond and Lang (2013).
Panel A refers to the test gap in kindergarten, panel B refers to grade 1, panel C to grade2, and panel
D to grade 3.
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A3.5 OLS results from Nunn and Wantchekon (2011)

Before showing instrumental variable results, Nunn and Wantchekon (2011) perform an

OLS regression testing the relationship between the slave trade and present day trust in

sub-Saharan Africa. These results are shown in Table 2 of Nunn and Wantchekon (2011).

Although the OLS results could be biased by omitted variables, it may be informative

to examine the robustness of these results to alternative monotonic increasing trans-

formations. These results are shown in Figure A3.9. In general the core finding from

the instrumental variable results holds with the OLS results as well. Namely, that the

empirical findings are largely robust, in terms of effect size and statistical significance,

to all reasonable transformations.
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Figure A3.9: Estimated Effect Sets for OLS Estimates from Nunn and Wantchekon
(2011)

Notes: The dark lines represent the point estimates for a given specification with the corresponding
sigma value. Lighter lines represent 95% confidence interval calculated with standard errors clustered
by ethnicity. Each panel refers to a different specifications used in Table 2 of Nunn and Wantchekon
(2011). Panel A refers to column (1) with the dependent variable trust of relatives. Panel B refers
to column (2) with the dependent variable trust of neighbors. Panel C refers to column (3) with the
dependent variable trust of local council. Panel D refers to column (4) with the dependent variable
intra-group trust. Finally, panel E refers to column (5) with the dependent variable inter-group trust.
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A3.6 Comparing Marginal Effects Across Transformations

Comparing interpretations of the marginal effects calculated from transformed ordinal

scales to original (or linear) ordinal scales may be challenging. The transformation of

the dependent variable sometimes changes the interpretation of regression coefficients.

For example, in some specifications taking the natural log of the dependent variable al-

lows regression coefficients to be interpreted as percentage changes. Therefore, this may

complicate the comparison of regression coefficients across monotonic increasing trans-

formations. One way to overcome this challenge is to manually calculate the marginal

effect (see, e.g., Cameron and Trivedi 2010) and express the marginal effect in terms of

the original linear ordinal scale. Table A3.3 shows both the raw marginal effects (in row

i of each panel) and the marginal effects expressed in terms of the original linear scale

(in row ii of each panel) for each of the coefficients of interest in Aghion et al. (2016).

Column (1) shows marginal effects given σ = 1, that is the transformation is linear.

Columns (2) and (3) show marginal effects at the extremes of the domain of σ, 0.1 and

10, respectively.

Panel A shows that when expressing the marginal effects in terms of the original

linear scale, the effect size still ranges from close to zero to an effect size that is consid-

erably larger than reported by Aghion et al. (2016). Therefore, the lack of robustness of

the effect size persists even when converting marginal effects, calculated with different

σ values, back into terms of the linear zero through ten scale. The other panels also

show considerable variation in the marginal effects, for discrete values of σ, even when

expressed in terms of the original linear ordinal scale.
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Table A3.3: Marginal Effects in Terms of Transformed and Linear SWB Scales
(1) (2) (3)

Dep. Variable: Gallup SWB log (σ) = 0 log (σ) = −1 log (σ) = 1

A: Prediction1, Job Turnover
(i) Raw Marginal Effect 0.521 -0.021 0.950***

(0.237) (0.088) (0.221)
(ii) Marginal Effect on Linear Scale 0.521 -0.139 0.701***

(0.237) (0.548) (0.158)
Additional MSA controls No No No
Individual controls Yes Yes Yes
Year and month fixed effects Yes Yes Yes
Obs. 556,300 556,300 556,300

B: Prediction 2, Job Creation
(i) Raw Marginal Effect 1.274*** 0.131 1.549***

(0.445) (0.168) (0.404)
(ii) Marginal Effect on Original Scale 1.274*** 0.847 1.137***

(0.436) (1.135) (0.289)
Additional MSA controls Yes Yes Yes
Individual controls Yes Yes Yes
Year and month fixed effects Yes Yes Yes
Obs. 461,054 461,054 461,054

C: Prediction 2, Job Destruction
(i) Raw Marginal Effect -0.702** -0.245* -0.043

(0.306) (0.142) (0.306)
(ii) Marginal Effect on Original Scale -0.702** -1.584* -0.031

(0.326) (0.926) (0.237)
Additional MSA controls Yes Yes Yes
Individual controls Yes Yes Yes
Year and month fixed effects Yes Yes Yes
Obs. 461,054 461,054 461,054

D: Prediction 3, Job Turnover × UI Generosity
(i) Raw Marginal Effect 0.675** 0.322** 0.284

(0.310) (0.129) (0.297)
(ii) Marginal Effect on Original Scale 0.675** 2.086** 0.209

(0.315) (0.829) (0.222)
Additional MSA controls No No No
Individual controls Yes Yes Yes
Year and month fixed effects Yes Yes Yes
Obs. 556,300 556,300 556,300

E: Prediction 3, Job Destruction × UI Generosity
(i) Raw Marginal Effect 0.620* 0.388*** 0.248

(0.329) (0.148) (0.322)
(ii) Marginal Effect on Original Scale 0.620* 2.511*** 0.183

(0.317) (0.969) (0.249)
Additional MSA controls No No No
Individual controls Yes Yes Yes
Year and month fixed effects Yes Yes Yes
Obs. 556,300 556,300 556,300

Notes: Within each panel, row (i) shows the raw marginal effect given the discrete σ
value and row (ii) shows the marginal effect given the discrete σ value that is trans-
formed back into terms of the original zero through ten linear ordinal SWB scale.
Standard errors are shown in parentheses. In rows (i) standard errors are calculated
by clustering at the MSA level. In rows (ii) standard errors are bootstrapped with
1,000 replications. *** p<0.01, ** p<0.05, * p<0.1.
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