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Abstract

Despite the threats to morbidity, mortality, and human capital accumulation posed

by environmental risks, investments in environmental health technologies remain

low. This is especially evident in low- and middle-income countries, which dispro-

portionately shoulder the burden of environmental risk exposure and consequence.

Households face competing risks associated with poor air and water quality, ne-

cessitating choices about how to invest in technologies to reduce the consequences

associated with their exposures. Yet, even in areas where access to environmental

health technologies such as improved cookstoves, latrines, and insecticide-treated

bednets has expanded and products are subsidized to make them more affordable,

adoption and use of these technologies often lag. This dissertation examines some

of the conditions that impact environmental health technology adoption and use

decisions as well as the health implications of low investment.

In Chapter 1, I ask how air pollution exposure drives consumption behaviors

and impacts health outcomes. I examine this question in the short term–asking

how behavior and health respond to a large, yet transitory, spike in ambient air

pollution–as well as over time–considering the responses to average ambient air

pollution levels over a period of 19 years. I leverage variation in air pollution

resulting from forest fire emissions in Indonesia between 1996 and 2015 to generate

short-term exposure spikes and average exposures over time, and I combine these

exposures with four waves household and individual-level survey data. I imple-
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ment a cross-sectional, difference-in-difference analysis to estimate the immediate

effects of an unexpectedly severe forest fire season in 2015, finding increased fuel

demands among the most-exposed households as well as declines in lung capacity

among emissions-affected children. I extend my analysis across the panel using

an instrumental variables approach to estimate consequences of average exposure

over time. I find that households facing higher average ambient air pollution expo-

sures are more likely to utilize clean cooking fuels such as LPG. Even with these

behavioral adjustments, more-exposed individuals face significant reductions in

lung capacity. In line with existing literature, I find negative health implications

resulting from short-term exposure shocks; however, my analysis demonstrates that

these respiratory consequences are not fleeting, particularly in areas that experience

elevated average ambient air pollution levels.

In Chapter 2, I turn to environmental risks posed by limited access to improved

sanitation technologies to examine how social influences impact household san-

itation decisions. Using three waves of data collected immediately before, a few

months after, and a few years after a randomized latrine promotion campaign in

rural Orissa, India, I evaluate the extent to which social influences impact sanitation

choices. I find that a ten percentage point decrease in neighbors’ open defecation

reduces a household’s likelihood of open defecation by 3-4 percentage points. The

sanitation intervention decreased open defecation in the short term; however, this

treatment was less effective in neighborhoods with higher rates of open defecation

due to strong social effects. Disaggregating social effects by gender, I find that

both women and men respond to sanitation behaviors among male neighbors in

the short term and female neighbors in the longer term, perhaps because men

have more control over initial latrine purchasing decisions while women are more

influential in sustaining latrine use over time.
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Finally, in Chapter 3, I expand on my analysis of social influences and sanitation

practices and examine how households make decisions to contribute to collective

action for sanitation. In this chapter, I analyze data from an experimental public

goods game I designed and implemented among over 1500 households in rural

Bihar and Orissa, India. I randomly assigned each of the 70 villages in the sample

into groups that are either homogeneous or heterogeneous by gender for game play.

In the context of rural India, individuals are more likely to frequently interact with

and make decisions in front of others of the same gender. Thus, splitting the groups

in this way provides a proxy for peer or social groups. Participants chose how

much to contribute to improved sanitation by making decisions in the game that are

associated with actual sanitation and hygiene choices they face every day. Payoffs

were awarded after each round, and payoff amounts were dependent on both

individual contributions and aggregated group contributions, generating a setting

in which the benefits participants received were connected. Comparing the game

behavior among participants in groups that were homogeneous and heterogeneous

by gender, I find evidence that contributions to collective action for sanitation are

higher in gender homogenous groups. Female participants drive this difference,

and it is more distinct in the first round of game play. I also find evidence that

preferences for improved sanitation as elicited during the experimental games are

reflective of actual improved sanitation practices at the household level.
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Introduction

Poor environmental quality poses risks to individuals and households; health chief among

them. Although improvements in access to averting technologies and medical care have

decreased the mortality and morbidity consequences of environmental risk, just under a

quarter of the global disease burden is still attributable to environmental factors (Prüss-

Üstün et al., 2016). From the perspective of infectious disease, no environmental risks

loom larger than those posed by air pollution, poor water quality, and vector transmis-

sion (Pattanayak et al., 2018). An estimated 4.2 million deaths annually are associated

with ambient air pollution exposure; over 400,000 deaths from malaria occur each year;

and diarrhea remains the second most deadly disease for young children, killing half a

million annually (WHO, 2017a; WHO, 2019; WHO, 2020). Mortality rates alone, however,

underestimate the true burden of these environmental risks, as there are substantial health

and productivity costs associated with these infectious diseases (Currie and Vogl, 2013;

Prüss-Üstün et al., 2016). Moreover, as countries make progress on curtailing infectious

disease, trends point to increased risks associated with chronic and non-communicable

disease. The case of air pollution exposure provides an insightful example. While acute

respiratory infections make up a proportion of the disease risk associated with exposure, the

cardiovascular and pulmonary consequences which compromise health and productivity

and often contribute to premature death make up a larger portion of the overall burden

(Anderson, 2019; Deryugina et al., 2019; Graff Zivin and Neidell, 2013; Martin et al., 2011;

Prüss-Üstün et al., 2016).

Environmental exposures present health risks across the globe, yet the intensity and
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consequence of these risks are not evenly distributed. There are differential exposures and

consequences by region and economic status. Low- and middle-income countries (LMICs)

bear a disproportional burden along both dimensions. For example, while the World Health

Organization (WHO) estimates that over 90 percent of the global population lives in areas in

which average concentrations of fine particulates exceed its standard for safe air quality, 94

percent of disability adjusted life years (DALYs) lost to ambient air pollution exposure are in

LMICs (WHO, 2018; WHO, 2019).1 Similarly, in terms of risks associated with poor drinking

water quality, approximately 99 percent of the population in high-income countries use

water from safely managed sources, whereas only 27 percent of the population in low-

income countries and 54 percent of the population in lower-middle-income countries

use safely managed water (World Bank, 2017c). Thus, while environmental risks pose

health threats globally, populations in LMICs face higher exposure burdens. In addition to

geographical variation in risk, there are vulnerable subsets of the population that are more

susceptible to health consequences from environmental risk exposure. Young children and

elderly adults, as well as individuals with underlying health risks, are often considered

the most vulnerable populations to exposures such as air pollution and poor water quality

(Baumgartner et al., 2018; Chen et al., 2014).

At the same time, individuals and households have agency in responding to the environ-

mental risks they face, subject to structural constraints eased or imposed by socio-political

institutions and cultural norms (Pattanayak and Pfaff, 2009; Pattanayak et al., 2018; So-

manathan, 2010). That is, in the face of ambient air pollution exposure, individuals can

invest in particulate filtering face masks or air filtration systems for their homes (Liu et al.,

2018; Zhang and Mu, 2018); to decrease fecal contamination of water, households can build

private latrines (Pattanayak et al., 2009; Guiteras et al., 2015); to reduce the likelihood of

contracting malaria, they can invest in insecticide-treated bednets (Dupas, 2009, 2014); and

to limit risks associated with indoor air pollution, households can elect to use improved

1The World Bank classifications split middle income countries into lower-middle-income and
upper-middle-income. Both are included in the 94 percent calculation. Low-income and lower-
middle-income country DALYs attributable to ambient air pollution exposure make up 63 percent
of total annual DALYs.
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cookstoves and more efficient fuels (Jeuland et al., 2015a,b; Hanna et al., 2016; Pattanayak

et al., 2019). While technological solutions exist to resolve or mitigate certain environmental

risks, households facing the highest exposure are often those least equipped to invest in

environmental health technologies. Given the disproportionate burden in LMICs, many

households lack the economic resources necessary to protect themselves from these risks

(Ashraf et al., 2010; Cook et al., 2016; Dupas, 2009, 2014). Moreover, in instances where

households face multiple risks simultaneously, there are limits to the resources that house-

holds can allocate towards risk reduction in any single domain. Even when demand for

environmental health technologies exists, it is not always the case that households have

access to the supply of these technological solutions or the expertise to maintain them

over time. Relatedly, geographical, cultural, and institutional challenges can exacerbate the

consequences of insufficient household investment in environmental health technologies

(Pattanayak et al., 2018). Finally, there are factors including tastes and preferences, social

pressures, and externalities that all play a role in determining how, when, and to what ex-

tent households invest in environmental health technologies (Guiteras et al., 2019; Jeuland

et al., 2015a; Kremer and Miguel, 2007; van der Kroon et al., 2014).

Within this context, it is essential to understand which factors are relevant in determin-

ing a household’s investment in environmental health technologies. Such understanding is

critical for the design and implementation of policies to address public health challenges

and to meet the pressing challenges to achieving sustainable development. Moreover,

as has been demonstrated across many contexts and environmental health technologies,

adoption decisions are only part of the equation. Use, and especially sustained use, are

equally as essential to understand as they play an important role in disentangling the

health effects of environmental health technologies (Bennear et al., 2013; Hanna et al., 2016;

Kremer and Miguel, 2007; Orgill-Meyer et al., 2019). That is, households may initially

adopt an environmental health technology or practice, especially if it is subsidized, and

quickly revert back to their original behaviors if the benefits of the behavioral change are

insufficient or delayed. Furthermore, households may elect to stack technologies, such as
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cookstoves, diluting the benefit of improved technologies. By understanding the factors

that are relevant to a household’s decision-making process with regard to environmental

risk reduction, policy responses and interventions can made be more effective in motivating

adoption and use of environmental health technologies. In this dissertation, I examine some

of the factors influencing household decisions surrounding environmental risks in LMICs

by focusing on those posed by ambient air pollution exposure and a lack of improved

sanitation. Specifically, I focus on experience with environmental risk over time, social

influences and pressures, and the externalities associated with household investments in

risk-reducing environmental health technologies as key factors impacting the household

decision-making process. Further, I shed light on the health consequences of insufficient

investment in environmental health technologies and other averting behaviors, particularly

in the long-term.

Repetition in environmental risk exposure may influence behavioral response in num-

ber of ways. First, a household has the opportunity to learn about the extent of the risk

it faces, as well as the effectiveness of its chosen response when they face a repeated risk.

This learning process may motivate continued efforts to reduce risk exposure or discourage

behaviors that appear ineffective or too costly (Dupas, 2014; Kremer and Miguel, 2007).

Second, in response to a repeated risk, households have additional time to make different

types of investments. This may be important if the investments are costly, if supply is lim-

ited, or if learning is required to access and use these investments (Graff Zivin and Neidell,

2009; Moretti and Neidell, 2011; Zhang and Mu, 2018). Yet, households may also adjust to

repeated environmental risk in ways that discourage averting or responsive behaviors. In

particular, households may respond differently to a large shock in environmental risk than

to average risks faced in perpetuity. These are the starting points of the analysis in the first

chapter of this dissertation, which examines household decision-making and health in the

context of ambient air pollution exposure in Indonesia.

Indonesia experiences variation in ambient air pollution driven, in large part, by the

frequency and severity of forest fires in the country. Caused by agricultural practices
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including slash-and-burn farming and land conversion for agriculture and propelled by the

lucrativity of palm oil on the global market, these fires, under certain conditions, can burn

out of control, generating huge spikes in greenhouse gas and particulate matter emissions

(Austin et al., 2019; Lin et al., 2017; Marlier et al., 2015). I exploit variation in ambient air

pollution generated from these fire events to estimate the behavioral and health responses

to air pollution exposure in both the short-term and over time. Specifically, I examine these

responses in the short-term within the context of the 2015 forest fire season in Indonesia,

the country’s most severe season since 1997 (Lohberger et al., 2018). Next, I extend my

analysis backwards to identify responses to ambient air pollution exposure over a period

of 19 years (1996-2015), utilizing variation in forest fire activity across Indonesia over this

time frame. I use two empirical frameworks to estimate behavioral and health effects.

For the short-term analysis, similar to the framework implemented in Frankenberg et al.

(2005), I use a difference-in-difference design to compare outcomes among households and

individuals in forest fire emissions affected areas and those not affected by the emissions

from the fires prior to and during the forest fire season of 2015. To examine effects of

ambient air pollution over time, I combine an instrumental variables approach with fixed

effects models to address concerns about locational endogeneity and migration over time.

Following Currie and Rossin-Slater (2013), I instrument for actual ambient air pollution

exposure over time using a hypothetical measure of ambient air pollution estimated based

on an individual’s initial location. By estimating the impacts within a given household

or individual–depending on the unit of analysis–ambient air pollution exposure depends

on the timing of spikes in ambient air pollution (caused by forest fire activity), which are

exogenous to any given household or individual.

My analyses reveal limited behavioral changes in response to the large spikes in pol-

lution generated during the severe forest fire season of 2015. During this fire season,

households living in areas more impacted by heightened emissions demonstrate increased

demand for certain types of fuel such as kerosene and vehicle fuel; however, these minor

behavioral adjustments in isolation do not suggest households are making large alterations
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to their consumption choices in response to the fires. Providing additional evidence of

limited behavioral response, I find that children in emissions affected regions experience a

six percent reduction in lung capacity as a result of ambient air pollution exposure.

While the findings of respiratory health consequences of spikes in air pollution mea-

sured in a quasi-experimental setting are consistent with the existing literature on short-

term risk exposure, this chapter expands the analysis to consider responses to average levels

of ambient air pollution across 19 years, offering new insight into this relationship over time.

In response to average exposures over time, I find that households that experience higher

average air pollution levels are more likely to demand cleaner cooking fuels. Additionally,

at the individual level, I find evidence of reduced smoking behaviors and lower proclivity

to exercise vigorously outside among populations exposed to higher average levels of

ambient air pollution. Taken together, these results suggest that those facing higher average

levels of pollution may attempt to reduce other types of air pollution exposure within their

control, for example, by curtailing indoor air pollution from unimproved cooking fuels,

limiting smoking behavior, and reducing discretionary time outside. These behavioral

responses aside, however, I find strong evidence of health consequences of ambient air

pollution exposure over time. Individuals living in areas with higher average air pollution

experience declines in health along a number of measured health outcomes including lung

capacity.

This chapter concludes by demonstrating the potential mediating effect of some avert-

ing behaviors–that is, lung capacity reductions are larger in magnitude among individuals

in households not utilizing improved cooking fuels. Moreover, these lung capacity reduc-

tions are associated with lower educational attainment and income, suggesting additional

economic costs of long term exposure to ambient air pollution. Taken together, the short-

term and over time responses to ambient air pollution provide insights to policymakers at

two levels. First, the short-term health consequences demonstrate some of the costs of large

spikes in ambient air pollution, which is useful in determining how resources should be

allocated to address pressing environmental threats. Second, the analysis of consequences
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over time is suggestive in how resources could be allocated to reduce the instance of events

such as forest fires which generate shocks in ambient air pollution, although additional

understanding of the costs of air pollution reduction is essential to fully characterizing

the appropriate policy response. In the context of climate change predictions, which point

to expectations of increased global incidence and severity of pollution generating events,

understanding the costs and potential responses is of critical importance (Fernandes et al.,

2017; Harvey, 2016; Hu et al., 2015; Tan Soo and Pattanayak, 2019).

My second chapter, coauthored with Katie Dickinson and Subhrendu Pattanayak, fo-

cuses on different types of environmental risk–those associated with unimproved sanitation

practices and poor water quality in rural India. While improvements in water quality and

improved sanitation access represent a significant public health accomplishment of the last

century (Ferriman, 2007), coverage is far from universal. Only about 40 percent of the global

population utilizes safely managed sanitation services, and, while nearly 70 percent have

access to at least basic sanitation services, approximately 12 percent–nearly 900 million

people–practice open defecation (World Health Organization, 2017c). There are substantial

consequences of persistent open defecation resulting from the close linkages between sani-

tation practices and diarrheal diseases, and the high mortality rate from diarrhea among

young children (World Health Organization, 2017b). Moreover, given the interconnections

between sanitation practices and environmental health conditions and the reality that the

public health space is shared within a community, sanitation behaviors present a setting

with interdependent risk–one in which individual health outcomes depend on collective

group behavior, and optimal sanitation decisions for each household depend on the choices

of their neighbors. In such contexts, there is space for suboptimal investments in improved

sanitation because of the presence of externalities (Cornes and Sandler, 1984; Heal and

Kunreuther, 2007, 2010).

India provides a distinctive context in which to study sanitation behaviors. Nearly 48

percent of India’s population lacks access to improved sanitation, and approximately half

of the rural population practices open defecation (IIPS, 2016a). Compared to countries
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that are culturally and economically similar, open defecation is far more prevalent in

India (World Bank, 2017b). At a national scale, the Government of India has shown a

commitment to reducing open defecation in rural areas through a number of large-scale

policy responses including the Central Rural Sanitation Program (1986-1999), the Total

Sanitation Campaign (1999-2014), and most recently, the Swachh Bharat Mission (2014-2019)

(DDWS, 2011; Figueroa and Kincaid, 2010; MDWS, 2019b). These policies, while initially

focused on increasing access to the “hardware” of improved sanitation–that is, private

household latrines–have increasingly recognized the importance of motivating household

demand for improved sanitation. In particular, variants of the Community-Led Total

Sanitation (CLTS) approach to latrine promotion have been widely implemented across

India to promote information, education, and communication about improved sanitation

practices (Kar, 2003, 2005; Pattanayak et al., 2009). Implemented at the community level,

these campaigns draw on the social interconnectedness of sanitation practices and health

outcomes.

Building on the recognition among policymakers and within the academic literature that

social factors are relevant in determining household sanitation practices (Shakya et al., 2015;

Guiteras et al., 2015; Gupta et al., 2016; Hathi et al., 2016; Novotný et al., 2018; Guiteras et al.,

2019; Spears and Thorat, 2019), this chapter examines the role of social influences on open

defecation in rural Orissa, India within the context of a randomized, CLTS-inspired, latrine

promotion campaign that took place in 2006. These campaign, which promoted improved

sanitation practices through interactive community activities, supply-side support, and

some latrine building subsidies, was effective in motivating households to build private

latrines (Pattanayak et al., 2009). We exploit variation in neighborhood rates of open

defecation introduced by the randomized sanitation campaign to identify contemporaneous

social spillovers in open defecation. Specifically, we utilize a combination of randomization,

panel methods, and subgroup analysis to identify a social effect in sanitation behaviors. We

construct geographically-based measures of social sanitation influence by calculating rates

of open defecation among a household’s closest geographical neighbors. By considering a
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non-linear behavioral outcome, using a variety of household and village fixed effects, and

considering different reference groups, our set of analyses show that social influences play

an important role in determining sanitation practices and that, in places where social norms

surrounding sanitation are strongly established and pervasive, interventions designed

to target these practices may have limited scope, particularly in motivating sustained

behavioral change.

Our main results demonstrate the significance and consistency of social influences on

open defecation in rural Orissa. We find that households are more likely to practice open

defecation if they live in subvillage clusters (hamlets) with higher rates of open defecation.

Further, while households in treatment villages did decrease open defecation following the

campaign, this direct treatment effect is short-lived and, four years following the campaign,

there is little evidence of lower open defecation among households in treatment villages.

Moreover, we find that the short-term treatment effect varies depending on the sanitation

practices among one’s neighbors. That is, when a large share of a household’s given

geographical network stop open defecation as a result of the treatment, that household has

an increased likelihood of stopping open defecation. In an expansion of our household-

level model, we examine the role of social influences on open defecation among adult

males and adult females. We find evidence of a strong, consistent social effect for both

genders. Interestingly, we find a more persistent treatment effect among adult females,

which is consistent with previous work on differential preferences for and benefits from

environmental health technologies by gender (Miller and Mobarak, 2013; Orgill-Meyer and

Pattanayak, 2019). In addition, we examine spillover effects resulting from the intervention

by estimating social influences on intervention non-participants and households above the

poverty level–two subgroups that received differential treatment experiences.

From a policy perspective, these results–in particular the consistency of social influences

and the variation in treatment effects depending on underlying social norms–suggest the

importance of factors other than infrastructure and finance in determining environmental

health technology adoption and use. These social pressures should be considered when
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developing policy response (Pattanayak et al., 2009; Guiteras et al., 2019). That is, policy

responses that ignore the presence and implications of social influences may be ineffective

if they are implemented in ways that are at odds with social norms. Alternatively, policies

that acknowledge and incorporate social influences may benefit from a social multiplier

effect that can magnify their impact (Glaeser et al., 2003; Scheinkman, 2008).

The third, and final, chapter of this dissertation examines household investments in

improved sanitation in the face of public health externalities using data from experimental

games implemented in rural Orissa and Bihar, India. This chapter builds on the previous

chapter in examining how social influences and connections affect sanitation behaviors in ru-

ral India by focusing on the externalities generated by household sanitation practices–both

positive externalities, in the case of improved sanitation, as well as negative externalities, in

the case of open defecation. Specifically, in this chapter, I use data from experimental games

implemented in the field to test if households are more likely to contribute to collective

action for improved sanitation–and, thus, generate positive externalities–if these contribu-

tions will benefit their social peers. I also consider whether or not preferences for sanitation

elicited in an experimental game setting match actual household sanitation practices, as

measured by a household-level survey. Finally, I examine if exposure to latrines over time

influences preferences for sanitation, providing additional insight into the sustainability of

the adoption of improved sanitation.

For this chapter, I designed and implemented a variant of a public goods game in the

field in 70 villages across two blocks (Patehdi Belsar and Mahua) in the Vaishali district of

Bihar and two blocks (Chandbali and Tihidi) in the Bhadrak district of Orissa2. Accordingly,

the chapter contributes to a growing literature on utilizing experimental games in the

field–particularly in LMIC contexts–to inform analyses of household behaviors in a number

of domains (Baldassarri and Grossman, 2013; Binzel and Fehr, 2013; Meinzen-Dick et al.,

2016; Stopnitzky, 2016; Turiansky, 2017). Villages were randomly divided into playing the

experimental games within groups that were homogeneous or heterogeneous by gender.

2The same households in the Orissa sample used in Chapter 2 were revisited for this study.
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In this context, individuals of both genders are more likely to make decisions–particularly

consumption and resource allocation decisions–in front of their social peers who are,

most often, of the same gender (Khanna and Das, 2016; Routray et al., 2017; Stopnitzky,

2017). Thus, this randomization was intended to act as a proxy for the proximity of

social connections within the group: gender homogeneous groups being more connected

and gender heterogeneous groups being less connected. Game participants played three

rounds of a public goods game using a predefined budget provided by game facilitators.

In each round, participants were encouraged to make contributions that aligned with

their desired sanitation behaviors from a menu of sanitation options which included no

investment and varying levels of investments in hand washing and latrine use. Following

each round, participants received payoffs depending on their contributions and the overall

group contribution. In particular, participants received higher payoffs if, as a group, the

contributions exceeded a preset threshold amount. Thus, the incentives in the game were

designed to mimic the incentives underlying sanitation decisions individuals face each day.

Comparing contributions among groups playing in gender homogeneous groups and

gender heterogeneous groups, I find that group composition does play a role in willingness

to contribute to collective action for improved sanitation in rural India, and that participants

in gender homogeneous groups–a proxy for social connections–are more likely to contribute

at levels they generate positive externalities for others in their group. Importantly, however,

composition appears to play a larger role among female participants compared to males

and in earlier rounds of game play compared to later rounds–suggesting there may be

scope for learning in regard to collective action behaviors. Further supporting the idea

than learning plays a role, expectations of successfully reaching the threshold, and thus

receiving the public portion of the payoff, appear to motivate increased contributions.

This chapter demonstrates the applicability of using experimental games in the field to

elicit preferences for environmental health technologies; similar games could be designed

and implemented to better understand household demand for environmental health tech-

nologies to address different types of environmental risk. In addition, such games act as
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information disseminating tools themselves (Stopnitzky, 2016; Turiansky, 2017). By asking

participants to make decisions similar to the ones they face in real life in a relatively low-

stakes game, these experimental settings might influence behavioral outcomes, although

more work is needed to understand the contexts and conditions necessary to achieve such

ends.

While these dissertation chapters consider a variety of environmental risks in distinct

geographical contexts and focus on different relevant factors determining how households

respond to these risks, they incorporate unifying themes. First, in each chapter, I seek

to expand my analysis of household demand for environmental risk reduction beyond

those related to budget constraints. In Chapter 1, for example, I examine how differential

experience with environmental risk affects behavioral responses and, in the absence of in-

vestments in risk-reducing behaviors and technologies, the health consequences of inaction.

In Chapter 2, I analyze how social spillovers influence household sanitation behaviors in

an experimental setting and examine the sustainability of behavioral change. Finally, in

Chapter 3, I use experimental games to examine the role of externalities on contributions to

collective action in the sanitation space. These factors are not unique to air pollution, water,

and sanitation. Rather, the frameworks developed and operationalized in this dissertation

offer methods and approaches to analyze household response to environmental risk in

other domains, including instances in which households face multiple environmental risks

simultaneously.

Second, from a methodological perspective, these chapters utilize experimental or

quasi-experimental data and rigorous quantitative methods to speak to the behavioral

responses and health consequences of environmental risk exposure. They focus on LMIC

settings, which, given the disproportionate burden of environmental risk and disease in

these countries coupled with suboptimal investments in environmental health technologies,

present important contexts for understanding these responses among affected households

and individuals. Given the importance of addressing environmental risks in promoting sus-

tainable development, the analyses presented in this dissertation offer insight to household
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decision-making process that can inform and direct policy efforts in this domain.

These chapters, taken together, present evidence on some of the factors that motivate–or

discourage–household investment in environmental health technologies in LMICs settings.

Further, they shed light on the consequences of insufficient responses to environmental

risk and the policy factors that influence the sustainability–or lack thereof–of behavioral

change in these settings. From a policy perspective, the insights from these analyses may

help develop policies that more closely respond to the many, context-specific factors that

influence household response to environmental risk. Looking forward, environmental risks

pose threats to health and human capital and are likely to be particularly burdensome

to those in LMICs. As trends in the evaluation of the environmental burden of disease

suggest, overcoming certain environmental risks–such as curtailing the mortality and

morbidity burdens of infectious disease–does not necessarily reduce the environmental

burden. Rather, additional challenges related to chronic and non-communicable disease

and the impacts of climate change present new contexts of environmental risk exposure

and health burden (Pattanayak et al., 2018). It is by addressing these current and pending

public health challenges–including those examined in this dissertation–that policy can

contribute to the pace and scope of sustainable development.
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Where there’s fire, there’s smoke: The causal
impact of Indonesia’s forest fire emissions on
behavior and health

1.1 Introduction

Ambient air pollution has consequences for mortality and morbidity, making it a leading

environmental contributor to the global burden of disease. It is estimated that each year,

exposure to ambient air pollution is connected to over 4 million premature deaths and nearly

5 percent of global disability-adjusted life years (DALYs), yet characterization of the direct

linkages between ambient air pollution exposure and health consequences remain difficult

to quantify. Not only do many confounding factors complicate the causal relationship, data

scarcity, particularly in regions with sparse air monitoring networks, further compounds

the challenge (Cohen et al., 2017; Lelieveld et al., 2015). Nevertheless, these estimated health

impacts reflect a trend in the global burden of disease: As countries progress economically

and healthcare becomes more readily accessible and affordable, the burden of disease

shifts from infectious to non-communicable. That is, individuals face threats associated

with extended exposures over time, many of which are non-communicable, in addition to

immediate mortality and morbidity threats associated with infectious disease, necessitating

analysis of the impacts of exposures over time (Pattanayak et al., 2018; Prüss-Üstün et al.,

2016).
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This trend is highly evident in the growing prominence of diseases associated with air

pollution exposure spanning acute lower respiratory infections (ALRI) and chronic, non-

communicable diseases or conditions including asthma, chronic obstructive pulmonary

disease (COPD), heart disease, and stroke, among others. Exposure to ambient air pollution–

and thus risk of its associated health consequences–is a global environmental health concern,

although the scale of the issue varies spatially. While the World Health Organization (WHO)

estimates that over 90 percent of the global population lives in areas that experience periods

of ambient air pollution exposure that exceed its air quality guidelines, the burden of

disease associated with its exposure is heavily concentrated in low and middle-income

countries (LMICs) (WHO, 2019).1 Specifically, parts of southeast Asia, the Western Pacific,

and Sub-Saharan Africa experience a disproportionate burden in terms of exposure and

health consequences (see Figure 1.1). Part of this unequal burden undoubtedly results from

an uneven distribution of ambient air pollution concentrations globally; however, other

factors, including access to markets for avoidance technologies, play a role in the choices

individuals can make to avert their own levels of exposure.

Figure 1.1: Disability-adjusted life years (DALYs)/100,000 due to ambient air pollution
exposure in 2016 (WHO, 2018).

The health and economic literatures establish a negative relationship between ambient

air pollution exposure and health (Anderson, 2019; Arceo et al., 2016; Chay and Greenstone,

1The WHO guideline for PM2.5 is an annual mean of 10 µg/m3.
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2003; Dockery et al., 1993; Cohen et al., 2017; Lelieveld et al., 2015; Martin et al., 2011;

Moretti and Neidell, 2011; Pope III et al., 2009; Prüss-Üstün et al., 2016; Rangel and Vogl,

2019). Ambient air pollution is especially damaging to vulnerable subsets of the population,

with evidence of increased infant mortality (Arceo et al., 2016; Chay and Greenstone, 2003;

Jayachandran, 2009; Rangel and Vogl, 2019), long-term consequences of early-life exposure

(Bharadwaj et al., 2017; Rosales-Rueda and Triyana, 2018; Tan Soo and Pattanayak, 2019),

adverse health effects on school-aged children (Chen et al., 2018; Ghosh and Mukherji, 2014),

and poorer health outcomes among elderly adults (Anderson, 2019; Deryugina et al., 2019;

Frankenberg et al., 2005) resulting from exposure. While much of this literature identifies

links between ambient air pollution exposure and respiratory diseases or mortality, it

also demonstrates the non-linearities in this relationship (Arceo et al., 2016; Graff Zivin

and Neidell, 2013). These non-linearities make it difficult to generalize effects from one

context to another, particularly when the ambient air pollution conditions differ so widely

across space, necessitating examination of this relationship across contexts.2 In addition,

options for avoidance and the prevalence of indoor air pollution differ across space, leading

to additional variation between experiences in high income countries relative to LMICs.

Thus, relying on developed country estimates of the magnitude of impact to inform policy

decisions surrounding ambient air pollution in LMICs is insufficient in the sense that

expected impacts and experiences may not be accurate across different levels of exposure

(Arceo et al., 2016; Pope III et al., 2015). Furthermore, the majority of these papers (with

Anderson (2019) being the exception) examine how exogeneous spikes in exposure impact

health outcomes, which provides little insight into the consequences of exposures across

a long time horizon. Finally, given the focus on health responses to exposure shocks in

the short term, much of this literature does not incorporate behavioral adaptations into

the analysis, even though there is increasing evidence of technological and behavioral

averting activities and sizable treatment responses in both developed and developing

2The differences in ambient air pollution levels are stark. For example, Gurgugram, India–the
world’s most polluted city–has an average annual PM2.5 concentration of 136 µg/m3, whereas
Anderson, California–the most polluted city in the United States in terms of annual particulates–
has an average annual PM2.5 concentration of about 28 µg/m3 (AirVisual, 2018).
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country contexts (Deschenes et al., 2017; Gonzalez et al., 2013; Graff Zivin and Neidell, 2009;

Moretti and Neidell, 2011; Tan Soo, 2018; Williams et al., 2019; Zhang and Mu, 2018).

In this chapter I exploit variation in ambient air pollution resulting from forest fire

activity in Indonesia between 1996 and 2015 to estimate the causal effect of exposure on

averting behaviors and respiratory-related health outcomes. I examine behavioral and

health responses to transient spikes in ambient air pollution as well as to exposure over time.

Indonesia provides an insightful setting for this study given the substantial contribution

of forest fire activity to the country’s overall emissions and the availability of micro data

related to household activities and individual health. To examine behavioral and health

responses to transient spikes in ambient air pollution, I utilize a difference-in-differences

approach in which I compare household behaviors and individual respiratory health

between households affected and not affected by smoke from Indonesia’s unexpectedly

severe 2015 fire season (first difference) interviewed prior to or during the height of forest

fire activity (second difference). I extend this research design to examine the behavioral

and health responses to average air pollution exposure over time using an instrumental

variables approach to account for well-documented endogeneity of household location

over time (Banzhaf and Walsh, 2008; Currie and Rossin-Slater, 2013; Tan Soo, 2018).

I find that, in response to transitory spikes in ambient air pollution generated by a

particularly severe forest fire season in Indonesia, households show limited immediate

behavioral response–at most they shift fuel consumption patterns. Accordingly this be-

havioral response is insufficient to mediate short-term health consequences of exposure,

particularly among children. I find a six percent decline in respiratory health among

children living in emissions-affected areas during the period of heightened exposure. In

response to average ambient air pollution over time, however, I find evidence that both

households and individuals engage in behaviors to limit exposure. Households in areas

with higher average exposures are more likely to utilize clean cooking fuels, rather than

biomass or kerosene. Further, individuals in these areas have lower rates of smoking and

are less likely to engage in vigorous physical activities outdoors. These behavioral adjust-
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ments notwithstanding, individuals exposed to higher levels of ambient air pollution over

time also experience health consequences of these exposures. I estimate that a one standard

deviation increase in ambient air pollution exposure over time results in an eight percent

decline in lung capacity. Hemoglobin levels, self-reported general health, and BMI are also

negatively impacted. Finally, I find suggestive evidence regarding a positive correlation

between ambient air pollution exposure over time and non-communicable, chronic health

conditions including asthma.

Delving further into these results, I find that while the health consequences of spikes in

ambient air pollution appear similar across male and female children, average exposures

over time produce larger negative effects on respiratory health among males. This pattern is

potentially explained by social characteristics regarding traditional gender norms and labor.

Further, I find that respiratory consequences are more severe among individuals living in

households utilizing biomass or kerosene cooking fuels and individuals who seek medical

treatment, suggesting that cumulative exposures to air pollution (indoor and outdoor) are

particularly damaging and that ambient air pollution exposure may be more consequential

for populations with already-compromised health. Extending my analysis to consider the

impacts of compromised respiratory functioning on educational attainment and income, I

estimate that a one standard deviation increase in average ambient air pollution exposure

over time is associated with a two to three percent decline in annual incomes. This suggests

large and negative welfare effects of ambient air pollution exposure, which should be

incorporated into fire-related policy design, implementation, and enforcement. Importantly,

while Indonesia provides an informative context in which to examine ambient air pollution,

behavioral response, and health consequence, it is hardly unique. Globally, fire activity,

exacerbated by changing climate patterns, threaten natural environments and human health

from the Arctic to the Amazon, and many places in between.

This chapter makes at least three contributions to the literature. First, it provides

estimates of the causal impact of both transient shocks in and cumulations of ambient air

pollution on averting behaviors and health outcomes. To the best of my knowledge, the
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current literature provides little evidence regarding the causal effect of ambient air pollution

exposure over time on respiratory health and non-communicable diseases in a developing

country context; this chapter helps to fill this gap. Second, it combines evidence on averting

behaviors into a framework for estimating health impacts of ambient air pollution exposure.

Understanding these behavioral responses are critical to estimating the true relationship

between exposure and health as such behaviors are designed to reduce individual and

household exposure, given the actual pollution measures. Third, this chapter adds to

a growing literature examining air pollution, averting behaviors, and health in LMICs.

Given the high levels of ambient air pollution exposure in LMICs, expanding the literature

to examine these contexts is crucial for designing effective and context-specific policy

responses to this environmental risk. Furthermore, this chapter demonstrates the ways in

which careful causal inference related to ambient air pollution exposure is enhanced by the

increasing availability of satellite-derived measures of pollution, particularly in areas with

sparse air pollution monitoring networks.

This chapter proceeds as follows: Section 1.2 contextualizes the study with a discussion

of the exiting literature on ambient air pollution, health, and averting behaviors as well as

forest fires, air pollution, and health in Indonesia. Section 1.3 sets up a simple framework

to guide the empirical analysis. Section 1.4 describes the data utilized in this study, and

Section 1.5 sets up the empirical framework used for causal inference. Section 1.6 reports

the analytical results, and Section 1.7 expands the results through a series of heterogeneity

analyses and robustness checks. Finally, Section 1.8 concludes with a discussion of the

results and their implications for policy.

1.2 Background

1.2.1 Air pollution, health, and behavioral response

The literatures spanning medicine, public health, and the social sciences provide evidence

of a negative relationship between air pollution exposure and health outcomes. In the
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evaluation of the global burden of disease attributable to environmental factors, Prüss-

Üstün et al. (2016) estimate that ambient air pollution is responsible for 8 percent of total

lower respiratory infection morbidity, 23 percent of total heart disease morbidity, 25 percent

of total stroke morbidity, and 9 percent of total chronic obstructive pulmonary disease

(COPD) morbidity. These estimates, generated through a combination of methods including

risk assessment, disease transmission pathway analysis, and expert surveys, are supported

by studies from the medical literature examining patient outcomes across many different

contexts and locations.

In a cross-sectional study of stroke patients in Boston, Wellenius et al. (2012) find that

patients are at greater risk of stroke following days of moderate PM2.5 exposure compared

to days with lower incidence of fine particulates.3 Similarly, Chen et al. (2013) find that a 10

µg/m3 increase in 2-day average PM2.5 is associated with a 0.5 percent increase in stroke

incidence across patients in eight Chinese cities. Taken together, these two studies suggest

at least a correlation between stroke incidence and minor increases in fine particulate

pollution. With regard to other infectious and non-communicable diseases associated with

ambient air pollution, Dominici et al. (2006) find a 10 µg/m3 increase in daily average PM2.5

is associated with higher hospital admittance across the United States for heart conditions

such as ischemic heart disease and heart failure, lung conditions such as COPD, and

respiratory infections. Meanwhile, Rojas-Martinez et al. (2007) find a negative correlation

between lung function and exposure to several different pollutants among children in

Mexico City, and Ribeiro and Cardoso (2003) find evidence of improved respiratory health

following successful implementation of pollution control policies in São Paulo, Brazil.

Furthermore, there are a variety of studies in both developed and developing countries that

find an association between exposure to fine particulates and increased blood pressure and

risks of hypertension (Baumgartner et al., 2018; Chen et al., 2014; Giorgini et al., 2016; Zhang

et al., 2016). Finally, in an observational study of women in rural Guatemala, Neufeld et al.

3The EPA classifies “moderate” PM2.5 as between 15-40 µg/m3. It is important to note that fine
particulate exposure in developing countries, and in Indonesia during the forest fire season, often
far exceeds this range.
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(2004) find evidence of a positive association between exposure to air pollution–particularly

smoke–and hemoglobin levels. This evidence from the medical literature suggests strong,

negative correlations between ambient air pollution exposure and human health across

many metrics of respiratory and cardiovascular health, but many of these studies fall short

of identifying the causal relationship.

Evidence from the social sciences demonstrates health consequences of ambient air

pollution exposure using causal frameworks. Examining health consequences in the context

of fire activity, Frankenberg et al. (2005) find that elderly populations exposed to forest fire

haze experience greater difficulty performing regular activites; Jayachandran (2009) finds

a 1.2 percent decline in birth-cohort size following a particularly severe forest fire season

in Indonesia; and Rangel and Vogl (2019) find evidence of decreased infant birthweight

and gestational length as well as declines in birth cohort size due to exposure to emissions

from agricultural fires among pregnant women in Brazil. Taken together, these studies

demonstrate that large spikes in ambient air pollution cause negative health repercussions,

particularly for vulnerable populations.

Furthermore, many adverse health effects have been shown to last beyond the initial

exposure shock. Tan Soo and Pattanayak (2019) find a half a standard deviation reduction

in height among adults exposed to forest fire smoke as children; given the established

association between height and income, the authors argue this points to substantial welfare

loss among this population. In regard to other ambient air pollution exposure contexts,

Chen et al. (2018) and Ghosh and Mukherji (2014) examine effects of particulate matter of

child health in China and India, respectively. Chen et al. (2018) find suggestive evidence

that increased school absences among elementary-aged students on days with high levels

of particulate pollution, or days immediately following, are driven by respiratory diseases;

Ghosh and Mukherji (2014) find that young children exposed to high levels of ambient air

pollution in urban India are more likely to acquire respiratory-related symptoms.

While the correlational and causal evidence from the medical, public health, and social

sciences literatures demonstrates negative associations between ambient air pollution
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and both infectious and non-communicable health outcomes, it is essential to recognize

that behaviors mitigate the actual level of exposure an individual experiences. That is,

individuals may moderate their activities or invest in air purifying technologies (air filters,

particulate-filtering face masks, etc.) to reduce their individual exposure. Thus, even if

ground-level pollution data are available, individuals’ actual exposures may deviate from

these measurements based on their behavioral responses. For example, Graff Zivin and

Neidell (2009) find that smog alerts in California discourage outdoor activity on particularly

polluted days, especially on the first day of issuance. In China, Zhang and Mu (2018) find

that purchases of particulate-filtering face masks increase by between 54 and 70 percent on

days with 100-point increases in the air quality index. Given mask expenditures, Zhang and

Mu (2018) argue that a 10 percent reduction in heavy pollution days would save consumers

over $180 million dollars on averting expenditures. Also in China, Liu et al. (2018) find

increasing search queries for, and subsequent purchases of, particulate-filtering face masks

on days with elevated pollution levels that would trigger haze alerts. Finally, Moretti

and Neidell (2011) estimate that behaviors taken to avoid ozone exposure in Los Angeles

amount to over $11 million in expenditures annually.

In addition to these preventative behaviors, there is also evidence related to treatment

behaviors and expenditures. In the United States, Williams et al. (2019) find that a 1 µg/m3

increase in weekly PM2.5 exposure increases asthma inhaler use by 0.82 percent. Based

on this relationship and other costs associated with asthma incidence in the literature, the

authors estimate that reducing average PM2.5 by 1 µg/m3 would generate over $300 million

in annual economic benefits. In addition, Deschenes et al. (2017) find that that ex post

defensive expenditures–which they measure using pharmaceutical purchases–play a large

role in characterizing behavioral response to air pollution exposures among populations in

19 eastern and mid-western states and Washington DC, and Moretti and Neidell (2011) find

that respiratory-related hospitalizations caused by ozone exposure in Los Angeles incur

annual costs totaling over $44 million.

The examination of these literatures reveals some important gaps, to which this chapter
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speaks. First, much of the work examining non-communicable disease outcomes is cross-

sectional and in developed country contexts. While exceptions exist (see, for example,

Baumgartner et al. (2018) and Chen et al. (2013) for work in developing countries), there is

a dearth of causal evidence relating ambient air pollution exposure to disease incidence,

particularly non-communicable diseases, in developing country contexts. Second, while

measured exposures might be quite high, it is clear that individuals may take actions to

avert or mitigate exposure (ex ante) or mediate its consequences (ex post). Thus, studies

combining both behavioral responses and health outcomes are needed to estimate the true

effects of individual-level exposures.

1.2.2 Ambient air pollution in Indonesia: Forest fire activity

Forest fires present a reoccurring threat to outdoor air quality in Indonesia due to the

persistent practice of traditional slash-and-burn agricultural techniques and the continued

use of burning for land conversion from forested area to agricultural land (Lin et al., 2017;

Marlier et al., 2015). Slash-and-burn agriculture, used primarily by small-scale farmers

in low population density, tropical rainforest areas of Indonesia, such as the islands of

Kalimantan and Sumatra, remains integral to generating the correct balance of nutrients for

successful agricultural production (Marlier et al., 2015). Yet, fires started for agricultural

purposes have also caused great destruction when conditions are such that the fires burn

out of control (Lin et al., 2017). Further, land clearing for timber and palm oil plantations–

most of which is completed by fire–has become increasingly lucrative and has generated

to about half of all deforestation activity in recent decades (Austin et al., 2019). These

agriculture-adjacent burning activities generate substantial emissions. In fact, in Indonesia

nearly 73 percent of all greenhouse gas emissions result from land use change, forestry, and

agricultural activities (USAID, 2013).4

While the use of fires in agriculture and for land clearing has a long history in Indonesia,

4In comparison, in the United States, 9 percent of emissions are related to agricultural activities
and the net emissions effect of land use change is negative (EPA, 2017).
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fires have increased in severity and destruction in the the past few decades due to increasing

demands on agricultural production, increased population density, and other disruptions to

the natural environment. Fire seasons are especially severe in El Niño Southern Oscillation

years as this phenomenon disrupts the normal weather patterns, often resulting in delayed

monsoons or drought conditions and making conditions more favorable for forest fires (Jim,

1999). The most severe fires in Indonesia’s recent history all took place in El Niño years

(Frankenberg et al., 2005; Lin et al., 2017; Rosales-Rueda and Triyana, 2018). Fire activity

in Indonesia has far-reaching impacts on air quality both throughout Indonesia and also

throughout the region. During the most severe fire seasons, smoke and haze from the fires

reaches Malaysia, Singapore, and other neighboring countries (Lin et al., 2017; Sheldon and

Sankaran, 2017).

Figure 1.2: Frequency of fires in Indonesia between November 2000 and Novem-
ber 2015. Data obtained from NASA’s Earth Data Fire Information for Resource
Management (FIRMS) archive from the MODIS instrument on the Terra satellite
(MODIS, 2018).

In Indonesia, forest fire activity follows a cyclical pattern, given the primarily agricultural-

driven origins of the fires. Figure 1.2 demonstrates this pattern showing a time series of the

number of fires captured by NASA’s Terra Satellite during each month in Indonesia from

November 2000 through November 2015. While fire activity occurs consistently across

this fifteen-year period, the severity and frequency of fires differ by year. The period of
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June-October 2015, for example, show a much larger spike in forest fire activity than any

other point during the time frame. While mid-year peaks occur each year, the 2015 peak

was especially stark, with over 15,000 more fire instances compared to the next highest fire

activity season in 2006.

1.2.3 The 2015 fire season

Forest fires in Indonesia contribute substantially to the country’s overall emissions and, as

such, they have been used in previous studies to examine linkages between air pollution

and health. In particular, the fire season of 1997–the most severe season in recent history–

provides the basis for much of the analysis (Frankenberg et al., 2005; Jayachandran, 2009;

Rosales-Rueda and Triyana, 2018; Tan Soo and Pattanayak, 2019). The forest fire season

of 2015, due to dry weather conditions and demands for land conversion, is comparable

to the destructive 1997 fires. Satellite data from the 2015 fire season show that the fires

burned approximately 4.6 million hectares (ha) of land and released about 0.9 gigatons

(Gt) of carbon dioxide (Lohberger et al., 2018).5 These emissions represent over two times

Indonesia’s average annual emissions, demonstrating the large shock to air pollution

incurred by this severe fire season. In addition to the greenhouse gas emissions, these

fires released large amounts of particulate matter; these pollutants are of concern when

considering the health consequences of forest fire activity. The 2015 fire season spanned

from June to October 2015, with satellite-captured fire occurrences demonstrating the

distribution of these fires as shown in Figure 1.3. Figure 1.3a shows fire occurrences prior

to the onset of the severe fire season, while Figure 1.3b illustrates the increased fire activity

from June to October.

The 2015 fire season offers a compelling setting to examine immediate behavioral and

health impacts of ambient air pollution exposure for two reasons. First, micro data spanning

5Estimates regarding the burned area and carbon emissions resulting from the 1997 forest fires in
Indonesia vary. Estimates of land burned range from 1.5 million ha to 11.69 million ha (Jim, 1999;
Tacconi, 2003) with Tacconi (2003) citing 9.75 million ha as the best estimate. Similarly, Page et al.
(2002) estimate the 1997 fires released between 0.81 and 2.57 Gt on carbon emissions.
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the pre-fire period and the fire period allow for comparative analysis of behavior and health,

offering insight into immediate behavioral and physiological consequences of exposure.

Second, while satellite data are available for the 1997 fire season, the resolution and quality

of satellite-derived pollution measures have improved substantially, allowing for finer

resolution for geospatial matching of air pollution exposure.

(a) January-May 2015

(b) June-October 2015

Figure 1.3: Fire activity in Indonesia, 2015. Each black dot represents an observed fire.

While these agricultural fires are related to agricultural production–a key economic

activity in Indonesia, the severity of air pollution exposure resulting from the fires is a

function of wind direction and other atmospheric composition (Rangel and Vogl, 2019).

As such, many individuals face the negative health externalities of increased air pollution

exposure resulting from forest fires burning far from their homes. For example, Figure

1.4 shows the fire activity across Indonesia during September 2015, at the height of the

2015 fire season. Elevated levels of the UV Aerosol Index (AI)–shown by the yellow and
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reddish shading in the figure–are apparent both close to the fire activity as well as in

adjacent areas. These pollution effects also appeared in neighboring countries. Sheldon

and Sankaran (2017) find a statistically significant increase in air pollution in Singapore

associated with increased fire activity in Indonesia between 2010 and 2016. They further

find that this heightened air pollution causes increased demand for medical attention

related to respiratory diseases in areas quite far from the fires themselves.

Figure 1.4: Mean AI across Indonesia in September of 2015. Black dots represent individ-
ual fire occurrences.

1.3 A conceptual framework of averting behavior and

health

Households have a suite of behavioral responses from which to choose when they are faced

with an exogenous shock in environmental quality (i.e., a spike in ambient air pollution

exposure). They can alter their consumption behavior, change their time use patterns, or

respond to consequences of exposure. These choices have direct implications for their

consumption patterns and health outcomes. Further, they result from household-specific

characteristics and preferences.

Consider the following framework, which is a simplified version of the frameworks

presented in Pattanayak and Pfaff (2009) and Pattanayak et al. (2018). Households max-

imize utility over consumption and health (u(l, c, s(e, a[t, m, k], h); θ)), subject to income
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(n− c− pm− rk + w(T− s(e, a[t, m, k], h)− l − t)), time (T− s(e, a[t, m, k], h)− l − t), and

environmental-health production. ( f (a, t, m, k)) constraints.6 Thus, a household solves the

following Lagrangian in order to optimize its allocation of time and monetary resources

L = max
l,c,t,m,k

u(l, c, s(e, a[t, m, k], h); θ) + µ[n− c− pm− rk

+ w(T − s(e, a[t, m, k], h)− l − t)]− λ[ f (a, t, m, k)]
(1.1)

where u is the household’s utility function, which is a function of leisure (l), consumption

(c), and sickness (s), and depends on household-specific preferences (θ). Sickness itself is a

function of environmental quality (e), averting behaviors (a), and baseline human capital

(h). Furthermore, averting behaviors are a function of time spent averting (t), materials (m),

and knowledge (k).7 The household faces two constraints. The income and time constraint

is a function of nonwage income (n), expenditures on averting materials (p), expenditures

on knowledge acquisition (r), expenditures on other consumption (normalized to 1), the

wage (w), and the time spent working (T − s(e, a[t, m, k], h)− l − t). The averting behavior

production function ( f ) is a function of averting and its inputs of time, materials, and

knowledge. Finally, µ and λ, the Lagrangian multipliers, are the marginal utilities of

income and averting behavior.

Solving this problem for optimal averting behavior inputs by taking the first order

conditions of Equation 1.1 with respect to averting a and its inputs t, m, and k yields the

following

us · sa − µw · sa = λ · fa (1.2a)

us · saat − µ[w(saat + 1)] = λ · ft (1.2b)

us · saam − µ[p + w · saam] = λ · fm (1.2c)

us · saak − µ[r + w · saak] = λ · fk (1.2d)

By taking the total derivative of f with respect to a, and replacing the Lagrangian multipliers

according to the first order conditions in Equations 1.2b-1.2d, Equation 1.2a can be rewritten

6The utility function u(l, c, s(e, a[t, m, k], h; θ) is assumed to be continuous and concave.
7The model could be expanded to allow averting to directly influence utility, as in Pattanayak and
Pfaff (2009).
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as
us · sa

µ
− w · sa =

w
at

+
p

am
+

r
ak

(1.3)

The intuition of Equation 1.3 is as follows. The left-hand side represents the marginal

benefit of averting, which is generated though the improved health (assuming sa > 0 and

us > 0) and reductions in time spent sick. The right-hand side represents the marginal cost

of averting, which is the sum of the cost of each averting input divided by the marginal

productivity of that input towards averting. Holding costs constant, if the marginal pro-

ductivity of time, materials, or knowledge in terms of avoidance increase, the marginal

cost of averting decreases. This result follows the expected form–households allocate

resources towards averting up to the point where marginal benefits of averting are equal to

its marginal costs.

1.3.1 Applying the framework to immediate behavioral change

In the context of immediate response to exogenous and transitory shocks in ambient air

pollution exposure, I augment the framework outlined above with the following stylistic

facts. First, while in many cases the acquisition of knowledge related to an environmental

risk requires investments, ambient air pollution resulting from forest fire emissions is highly

visible on the ground. Thus, households have a great degree of certainty about the level of

environmental risk they are facing. For this reason, I set r = 0. Accordingly, and in line

with existing literature (Graff Zivin and Neidell, 2009; Zhang and Mu, 2018), I consider

household averting behaviors related to materials and time. Second, there are limited

averting options related to reducing exposure to ambient air pollution, particularly in a

context in which those performing the actions (i.e., slash and burn farming and other land

clearing activities) that generate the air pollution do not necessarily bear the entire burden

of exposure. Thus, as households may be unable to affect the root causes of ambient air

pollution, they are left with a choice set of investments and behaviors to reduce their risk.

These household decisions are reflected in household consumption and expenditures data.

Consider potential immediate responses to ambient air pollution exposure from forest
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fire emissions including: (i) limiting exposure to other air pollution, particularly inside

the home and (ii) reducing time spent outside. With regard to point (i), households may

prioritize clean fuels such as LPG–which generally burn more efficiently and release less

emissions as compared to biomass fuels or charcoal–for cooking, lighting, and heating,

which could manifest itself in fuel switching and/or increased fuel expenditures. With

regard to point (ii), individuals may alter their daily routines to spend more time inside,

which could manifest itself in higher expenditures on electricity and fuel and reduced

transportation expenditures. Of course, many of these relationships could go in opposite

directions. For example, the same reasoning generating the hypothesis that individuals

would limit time outside and thus incur higher electricity expenditures could also generate

a hypothesis for increased transportation expenditures, if individuals choose to favor

cars or public transportation over walking. Similarly, households may see exogenous

exposure to high levels of ambient air pollution as so detrimental to health outcomes that

other behaviors–fuel choice, smoking, etc.–do not matter. In this case, the environmental

factor (e) in the health production function would dominate any averting input (a(t, m, k)).

It is these directional ambiguities that motivate empirical analysis to complement the

framework. Importantly, if households are responding to immediate spikes in exposure,

this also limits the scope of averting behavior. It seems less likely, for example, to expect

changes in electricity access (i.e., connecting a house to the grid) as an immediate result of

an exogenous spike in ambient air pollution exposure.

1.3.2 Extending the framework to average air pollution exposure

This simple framework can also be augmented to characterize response to environmental

risks households face over time. In this case, as the environmental risk and the role of

averting in mediating this risk are both uncertain, an expected utility framework is more

appropriate. In this case, following Pattanayak et al. (2018), I add a probability parameter

π representing the probability across various states of the world and rewrite Equation 1.1
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as follows

L = max
l,c,t,m,k

π[u(l, c, s(e, a[t, m, k], h); θ) + µ[n− c− pm− rk

+ w(T − s(e, a[t, m, k], h)− l − t)]]− λ[ f (a, t, m, k)]
(1.4)

I note that the probability parameter captures the uncertainty related to how averting

behaviors affect health outcomes; therefore, it does not apply to the averting behavior

production function, which is certain. Solving Equation 1.4 yields the same reduced form

solution (in terms of expected utility) that households invest in averting behaviors up to

the point where the expected marginal benefit of averting is equal to the expected marginal

cost.

There are three features of this extended exposure framework which distinguish it from

the consideration of immediate responses. First, and most obviously, is the introduction

of uncertainty. This appears directly through the inclusion of π, but also influences the

consideration of household-specific preferences θ. In particular, household risk preferences

influence the shape of the household’s utility curve, thus affecting household decision-

making.8 Second, and relatedly, this uncertainty indicates that knowledge acquisition may

play a role over time, suggesting that knowledge components and their costs may be more

relevant in applications with a longer time horizon. On the other hand, in the absence of

severe shocks to the threat, households may also neglect the presence of “status quo” risk;

in this case, knowledge-related costs may not factor more prominently into the long-term

decision-making process. Third, the averting behaviors choice set broadens. In addition

to examining fuel use and expenditures, over time households may set their behaviors

according to an overall level of environmental risk they face, not only according to ambient

air pollution exposure. Accordingly, investments in environmental health technologies such

as water filters or private latrines are relevant considerations, if households view averting

behaviors as substitutes or complements. Finally, in the long-term, households may select

alternatives to averting behaviors (i.e., treatment) as a response to health consequences of

ambient air pollution exposure.

8In most applications, while the degree of risk aversion may vary, individuals are still assumed to
be risk averse.
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1.4 Data

This study combines data from two sources for its empirical analysis. Household and

individual-level data come from the five waves of the Indonesia Family Life Survey (IFLS)

(Frankenberg and Karoly, 1995; Frankenberg and Thomas, 2000; Strauss et al., 2004, 2009,

2016). Pollution measures come from two satellite sources–NASA’s Earth Probe Total Ozone

Mapping Spectrometer (TOMS) for July 1996-October 2004 (TOMS Science Team), and

NASA’s Aura/OMI Global Aerosol Data Products OMAEROe for October 2004-December

2015 (Stein-Zweers and Veefkind, 2012).

1.4.1 The Indonesian Family Life Survey

The Indonesian Family Life Survey (IFLS) is a panel household survey that started in

1993 and implemented subsequent data collection waves in 1997, 2000, 2007, and 2014.9

Representative of about 83 percent of the country during the initial wave, enumerators

collected data from 7,200 households in thirteen of Indonesia’s twenty-seven provinces,

including Sumatra and Kalimantan–two provinces that often see significant burning for

agriculture and land conversion. The original sample was stratified based on province and

rural/urban designation, and, from these strata, a random sample was collected from a

nationally representative sampling frame.

Across all survey rounds, multiple respondents were interviewed for different parts

of the survey. Importantly, health measures across adults and children in the household

were collected. Each wave made every attempt to retain respondents in the sample. Over

90 percent of individuals and households from the first wave remained in the sample for

the second wave which occurred between 1997-98. Enumerators attempted to keep the

sample as close to that of the first wave as possible; however, about 400 households attrited

and nearly 900 households entered the survey during the second wave, mostly due to

9IFLS1 was collected between August and December of 1993; IFLS2 between August 1997 and
March 1998; IFLS3 between June and December of 2000; IFLS4 between November 2007 and July
2008; and IFLS5 between September 2014 and September 2015.
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following household members who split from original wave one households (Frankenberg

and Thomas, 2000). The third wave took place in 2000 and retained about 95 percent of the

original households; again, due to changing household composition, about 8,000 of the

households interviewed in the third wave were target households (either from wave 1 or

wave 2) and the remaining households interviewed were split-off households for a total of

approximately 11,000 households (Strauss et al., 2004). The fourth wave of data collection,

taking place between 2007-08 interviewed just over 13,500 households, retaining about 91

percent of IFLS1 households (Strauss et al., 2009). Finally, the most recent wave of data

collection took place between 2014-15 and collected data from nearly 16,000 households,

maintaining a recontact rate of 91 percent (Strauss et al., 2016).

The IFLS collects rich and detailed data at the community, household, and individual

levels. At the household level, data on consumption and expenditures, asset ownership, and

household size and composition are available. Individual level datasets contain information

about age, gender, occupation, education, religion along with detailed health data spanning

both self-reported health characteristics as well as measured health statistics (for example,

height, weight, lung capacity, hemoglobin levels, and blood pressure) and diagnosed

conditions (for example, heart and lung conditions, asthma, stroke, and hypertension).10

Furthermore, the individual datasets contain information on individual bargaining power,

expectations for the future, and time and risk preferences. The surveys implemented across

IFLS waves are remarkably consistent; however, some recent waves contain additional data

that was not collected during earlier rounds, for example information on diagnosed chronic

diseases among adults and more detailed household consumption and expenditures data.

Behavioral outcomes: Averting behaviors include actions taken to reduce one’s exposure

to a risk–in this case, exposure to high levels of ambient air pollution. Within the existing

literature, these behaviors often include short-term investments in averting technologies

and time use or activity adjustments. Over time, individuals can also use migration as an

10Lung capacity, measured in L/min, is collected for all individuals above the age of 9. These
measurements are taken as part of the interview, and three measurements are collected for each
individual. The variable is constructed as a mean across successful tests.
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averting behavior (Graff Zivin and Neidell, 2009; Zhang and Mu, 2018). While the IFLS

contains household-level data, there are not specific questions related to a household’s

proclivity to avoid environmental risks. Accordingly, I utilize proxy outcomes to measure

averting behaviors including primary cooking fuel and expenditures on electricity, fuel,

transportation and entertainment. I also look at binary indicators for household purchases

of vehicle fuel and kerosene as alternative measures. For each expenditure outcome, I

utilize a measure which captures the share of expense spent on each item. Electricity,

fuel, transportation, and entertainment are each measured as the share of monthly non-

consumption expenditures. Primary cooking fuels and expenditures on fuel and electricity

are indicative of household attempts to control indoor air pollution or, in the case of

electricity expenditures, may act as an, admittedly messy, signal for time spent at home.11

Expenditures on transportation and entertainment provide indications for direct exposure

to ambient air pollution during travel and outdoor activities.

In my analysis of average effects over time, I also examine averting behaviors related

to other types of environmental risk such as water treatment and open defecation in case

households seek to limit their overall environmental risk exposure through alternative

channels (Pakhtigian et al., 2019). Additionally, I consider a set of individual-level averting

behaviors collected for adult respondents to the IFLS. In this analysis, I investigate partic-

ipation in vigorous outdoor activities and smoking behaviors. Finally, I examine use of

medical treatment and treatment expenditures as an alternative to preventative averting

behaviors.

Health outcomes: In addition to household-level averting behaviors, I also analyze in-

dividual health outcomes. I consider different sets of outcomes for my immediate versus

average analyses, as the literature suggests that while acute respiratory ailments may

surface as a result of immediate and severe exposure, non-communicable diseases related

to air pollution exposure result from exposures over time (Cohen et al., 2017; Lelieveld

et al., 2015; Prüss-Üstün et al., 2016). In the short term, I use a self-reported health measure

11In my analysis, I split primary cooking fuels into “clean”, which includes LPG and electricity, and
“dirty”, which includes biomass, charcoal, and kerosene.
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in which individuals gauge their overall health. In addition, I examine two measured

health outcomes: lung capacity and hemoglobin levels. For hemoglobin data, I split the

analysis. First, I estimate effects on anemia (low hemoglobin), and second, I estimate effect

on high hemoglobin.12 In addition to the aforementioned health outcomes that I measure

in response to a short-term spike in ambient air pollution, I also examine effects on BMI as

well as diagnosed hypertension, stroke, asthma, heart conditions, and lung conditions in

my analysis of health consequences to ambient air pollution exposure over time.

Given the structure of the IFLS data, I categorize my analysis into identification of

immediate responses to transient spikes in ambient air pollution and responses to exposures

over time. The analysis of air pollution spikes uses data only from IFLS5; in so doing,

I estimate the immediate behavioral and health implications of exposure to a transitory

pollution shock. The analyses examining effects of exposures over time use data from

IFSL2-IFLS5, a span of 19 years.

1.4.2 TOMS and Aura/OMI

I utilize two satellite data sources for data on ambient air pollution across Indonesia. I use

data from the TOMS satellite (coverage available from 1996-2005), which has been used

in other work as a source of ambient air pollution data for Indonesia (Frankenberg et al.,

2005; Rosales-Rueda and Triyana, 2018; Tan Soo and Pattanayak, 2019), to cover waves two

and three of IFLS data and the Aura/OMI satellite (coverage available from 2004 onwards)

as a source of pollution data to cover waves four and five. Across both satellites, I use

the UV Aerosol Index (AI) as the measure of ambient air pollution. While unitless, the

AI takes values ranging from 0 to 10, with higher values of the AI corresponding with

higher incidence of absorbing aerosols. (Leonard, 2012; OMI Team, 2012). This index is

highly correlated with levels of particulates in the atmosphere, and it is particularly adept

at picking up absorbing aerosols from dust, smoke, and other sources, even under cloudy

12I define anemia and high hemoglobin based on hemoglobin levels according to age and gender,
as is the standard in the medical literature (Davis, 2018).
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conditions. Values close to zero indicate low levels of absorbing aerosols, whereas high

values are indicative of high levels of absorbing aerosols, and by extension, high levels

of ambient air pollution (Ahmad et al., 2006; Torres et al., 2002, 2007).13 Rosales-Rueda

and Triyana (2018) estimate that an AI value of 1.5 corresponds with total suspended

particulate exposure of 500 µg/m3, which is nearly double the EPA’s air quality standard

for total suspended particulates. Frankenberg et al. (2005) and Tan Soo and Pattanayak

(2019) define the scale in terms of visibility, noting that 0 corresponds with a perfectly clear

day and 4 corresponds with difficulty in seeing the mid-day sun. Values above 4 represent

increasingly high particulate exposure and reduced visibility.

The TOMS satellite records daily AI measures across Indonesia from July 1996-December

2005 at a grid resolution of 1 degree by 1.25 degrees (111 km by 139 km).14 The Aura/OMI

satellite records daily AI measures across Indonesia from October 2004 onwards at a grid

resolution of 0.25 by 0.25 degrees (28 km by 28 km). While daily measures may incur

measurement error or missing data, in my analysis, I aggregate all measures to at least a

monthly time-scale to ensure coverage across Indonesia and minimize fluctuations due only

to measurement error. Figure 1.5 depicts these satellite data for 2015, with 1.5a showing the

maximum monthly average across Indonesia during the months leading up to the 2015 fire

season (January-May), and 1.5b showing the maximum monthly average across Indonesia

during the months of the 2015 fire season (June-September).15 The yellow and reddish

patches depicted in Figure 1.5b reflect high levels of the AI, demonstrating that the satellite

data are sufficient to pick up variation in ambient air pollution associated with the forest

fire activity.

13Satellites are also able to capture non-absorbing aerosols, the presence of which can result in
negative values for the AI. Following conventions in the literature, these negative values are
converted to zeros for analysis.

14TOMS data is used through October 2004, when data from the Aura/OMI satellite becomes
available.

15While documentation of the 2015 fire season indicates it lasted through October 2015, IFLS5
finished enumeration in September 2015, so I constrain my spatial analysis accordingly.
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(a) AI January-May 2015

(b) AI June-September 2015

Figure 1.5: AI across Indonesia, 2015

Having access to daily measures, however, allows for flexibility in constructing the

pollution measures used in my analysis. In the short term, I construct two measures of

pollution from the AI: A one-month average AI measure from the month preceding the

interview and an indicator for areas where the AI took values greater than 2 during the

forest fire season.16 In the long term, I use one measure of pollution from the AI: The

average measure of pollution from the beginning of my AI time series (July 1996) to the

interview date. I observe where households are located at the time of each wave. Although

I cannot be certain, I assume each household remained at the location in which they were

interviewed between waves in calculating this long-term measure of pollution exposure.

16As noted above, this value corresponds with particulate exposure that more than doubles the US
EPA’s air quality guidelines.
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1.4.3 Merging survey data with air pollution measures

There are four main administrative units in Indonesia; from largest to smallest they are

Provinci (province), Kabupaten (regency), Kecamatan (sub-district), and Desa (village). The

IFLS provides locational information about each household to the Kecamatan level. While

across IFLS waves locational names and boundaries shift, the dataset contains crosswalks

between waves to allow for consistency in identifying household location to the Kecamatan

level. To construct the locational merge, I first utilized these between year crosswalks to

generate the Provinci, Kabupaten, and Kecamatan for each household in each wave using

the names and BPS codes from the 2014 wave.

The raw satellite data provided gridded daily satellite data across Indonesia. Using

spatial analysis tools in ArcGIS, I extracted the mean value of the AI for each Kecamatan

polygon across Indonesia, generating daily, Kecamatan-specific AI measures.17 I matched

these Kecamatan-specific AI measures to the household-level data using a name match

in Stata. Given the potential for alternative Kecamatan spellings between the IFLS and

satellite datasets, I used Stata’s reclink command (Blasnik, 2007) for this match and kept

matches with an accuracy score of 0.8 and higher (on a scale from 0 to 1). I repeated this

process at the Kabupaten level to match additional households for which the Kecamatan

location was missing or insufficiently matched. Again, I kept matches with an accuracy

score of at least 0.8 from the reclink procedure. Utilizing this matching strategy generated

a sample of households with matched AI values that contained 86 percent of the IFLS

households.

1.4.4 Summary statistics

I present the summary statistics for my analysis of effects of ambient air pollution spikes

(using data from IFLS5). I split the sample into two groups: Households or individuals

exposed to high levels of air pollution as measured by the AI and households or individuals

17Shapefiles at the Kecamatan-level for Indonesia are available here: https://gadm.org/download_
country_v3.html.

38

https://gadm.org/download_country_v3.html
https://gadm.org/download_country_v3.html


not exposed to high levels of air pollution as measured by the AI. This exposure metric

is based on spikes in AI that are indicative of high levels of particulate matter in the

atmosphere–namely, exposed areas experienced spikes in AI above a value of 2 during the

forest fire season of 2015.

Table 1.1 describes the two samples in terms of household and individual characteristics.

Across the samples, households have an average size of 5-6 individuals. The sample is fairly

educated, with at least a quarter of the sample of household heads having education above

secondary school. A majority of the sample is Muslim and lives in permanent housing

structures, as proxied by housing with a metal roof. The sample of households unaffected

by spikes in AI is slightly more rural and has a marginally higher reported annual income.

Table 1.1: Household characteristics

Affected sample Non-affected sample

(1) (2) (3) (4)
Mean Obs. Mean Obs.

Panel A. Household characteristics
Household size 5.42 5,487 5.61 8,376
Above secondary education 0.25 5,487 0.28 8,376
Muslim 0.91 5,487 0.90 8,373
Housing type 0.87 5,487 0.86 8,376
Urban 0.62 5,487 0.59 8,376
Annual income (US$) 2,885 5,487 2,932 8,376
Panel B. Individual characteristics
Age 28.23 19,347 28.39 27,740
Male 0.49 19,349 0.49 27,740
Panel C. Air pollution
AI 0.74 5,487 0.61 8,376

Notes: Author’s calculations. The exchange rate during the fire season of 2015 was 1
US$=13514 Rupiah.

In terms of individual characteristics, across all respondents, the sample is fairly young,

with a mean age of 28-29 years and split evenly with respect to gender. Finally, with respect

to ambient air pollution exposure, it is the case that the households categorized as “affected”

experience not only spikes in the AI during this time, but also face higher mean AI values

in the month preceding their interviews. In fact, the mean AI among the affected sample is

about 20 percent higher than the mean AI among the non-affected sample.
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Descriptively, I also find evidence of differences in household behaviors and individual

health outcomes between the affected and non-affected samples, as reported in Table 1.2.

First, affected households are, on average, more likely to be utilizing clean cooking fuels,

which are defined as LPG fuels and electricity, rather than fuels such as kerosene, charcoal,

and biomass. Further, as a share of total expenditures, both samples spend roughly the same

amount on fuel, transportation, and entertainment. I find a clear difference in kerosene

purchases across the two samples, which mirrors the primary cooking fuel choices; a smaller

percentage of households in affected areas report kerosene purchases in the previous month

compared to the non-affected sample.

Table 1.2: Behavioral and health outcomes

Affected sample Non-affected sample

(1) (2) (3) (4)
Mean Obs. Mean Obs.

Panel A. Averting behaviors
Clean cooking fuel 0.75 5,487 0.67 8,376
Fuel share (month) 0.07 5,367 0.07 8,219
Transportation share (month) 0.22 5,388 0.23 8,239
Entertainment share (month) 0.03 5,456 0.03 8,324
Purchased kerosene 0.07 5,487 0.15 8,374
Panel B. Health
Self-reported health 0.81 19,168 0.81 27,508
Lung capacity 257.70 4,363 259.71 6,379
Anemia 0.28 16,890 0.27 24,792
High hemoglobin 0.20 19,424 0.19 27,820

Notes: Author’s calculations. Self-reported health (1 = healthy or somewhat health),
fever, and hemoglobin (g/dL) were collected for all age groups. Lung capacity (L/min,
averaged over three trials) measurements were collected for individuals over the age
of 9.

From a health perspective, individuals living in affected areas have lower lung ca-

pacity measures and higher incidence of both anemia and high hemoglobin, suggesting

hemoglobin measures outside the range of normal measures based on individual age and

gender. Across both samples, about 80 percent of individuals self-report their health status

as “good” or “very good”.

Of course, while providing a description of the sample in IFLS5, these summary statistics

provide little insight into the causal relationship between ambient air pollution exposure
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and averting behaviors and health outcomes in either the short or long terms. Furthermore,

they conceal any variation in this relationship associated with baseline characteristics that

might be indicative of vulnerability to exposure–for example, age. For this, I turn to two

separate, yet related, empirical strategies to identify these causal relationships.

1.5 Empirical strategy

1.5.1 Identification of immediate response

To identify the immediate response to increased environmental risk stemming from air

pollution exposure as a result of forest fires, I exploit the temporal and locational variation

in the data arising from the timing of surveys during the fifth wave of IFLS. Specifically, I

consider households in two locational types l ∈ (e, n) at two distinct periods of time t ∈

(b, d). Households in locational type l = e are those residing in areas in which particulate

matter increased as a result of the forest fires (i.e., emissions-affected); households in

location type l = n are those for which emissions did not increase (i.e., non-affected). To

designate areas as affected by spikes in fine particulates as proxied by the AI, I use an

indicator variable for areas that experienced spikes in the AI during the forest fire season

(above a value of 2).18 Similarly, households in time type t = b are those interviewed before

the fires broke out in the summer of 2015, and those in time type t = d are those interviewed

during the fire period. Between these groups, I estimate the change in behavioral or health

outcome Y resulting from an increase in the air pollution exposure using a difference-in-

differences estimator

(Ŷl=e,t=d − Ŷl=e,t=b)− (Ŷl=n,t=d − Ŷl=n,t=b) (1.5)

Given the ability to compare household averting behaviors and individual health across

locations and times within IFLS5, I estimate the following equation as the main empirical

18The indicator variable for AI spikes takes a value of 1 if the household is in a location where AI
spiked above a value of 2 during the forest fire period–a value that is about double the US EPA
threshold for unhealthy air quality; it takes a value of 0 otherwise.
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model for estimating immediate response to increased air pollution exposure.

Yht = α + β1AIht + β2 Intht + β3AIht × Intht + νXh + εht (1.6)

In Equation 1.6, Yht is the averting behavior of household h measured in time period t.19

AIht is the air pollution variable, an indicator for emissions-affected based on spikes in

the AI.20 Intht is an indicator for household data collection taking place during the fire

period, and Xht is a vector of household controls including household size, education

of household head, religion, housing type, household income, and an urban indicator. I

cluster all standard errors at the match level.21 The coefficient of interest, β3, estimates the

immediate causal effect of spikes in air pollution exposure on averting behaviors under the

identifying assumptions, which are discussed below.

I estimate the immediate impacts of increased air pollution exposure on individual

health in an identical manner using the following specification:

Yit = α + β1AIit + β2 Intit + β3AIit × Intit + νXit + ε it (1.7)

In Equation 1.7, Yit is the health outcome of individual i measured in time period t. AIit is

the air pollution variable, an indicator for emissions-affected based on spikes in the AI.22

Intit is an indicator for the individual living in a household in which data collection took

place during the fire period, and Xit is a vector of individual controls including age, gender,

19Time period subscripts are included throughout for clarity. This analysis is conducted on a
cross-sectional set of households, with some households interviewed prior to the fire season and
others interviewed during the fire season.

20I also examine the effects in a continuous difference specification in which AIit is a continuous
one-month average of the AI in the month preceding the interview. These supplementary results
are presented in Appendix A. In this case, the specification is identical, except I include fixed
effects for the month of interview, so the interview timing indicator (Intht) drops out of the
specification.

21Given concerns about the comparability of pre and post groups in this cross sectional analysis–see
subsequent paragraphs on identifying assumptions–I use nearest neighbor matching to generate
a sample for my analysis. As ignoring this “first stage” would lead to biased standard errors, I
cluster at the match level following Abadie and Spiess (2016) who show that match level clustering
generates the correct standard errors following a matching procedure under matching without
replacement.

22As with the household-level analysis, I also estimate a continuous difference-in-differences
framework; the results are presented in Appendix A.
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household size, eduction of household head, religion, housing type, household income, and

an urban indicator. In some specifications, I also include controls for household averting

behaviors. I cluster all standard errors at the match level. The coefficient of interest,

β3, estimates the causal affect of increased air pollution exposure on health under the

identifying assumptions, which are discussed below. Importantly, the literature linking

ambient air pollution exposure and health outcomes makes clear that the relationship

differs based on the vulnerability of the population of interest. Specifically, much of the

existing literature considers effects on young children or on elderly adults. In my analysis,

I analyze the immediate health impacts for two age-determined subgroups: children under

the age of 15 and adults over the age of 55.23

In a standard difference-in-differences set up, identification holds under the assumption

that changes in behavior or health outcomes would change in the same way across the

two locational types, except for any changes that result from the increased exposure to air

pollutants in emissions-affected locations; that is, the two locations demonstrate parallel

trends. Furthermore, to achieve an unbiased estimate of the effect of increased air pollution

exposure on health and behavioral outcomes, unobserved factors that influence household

behavioral choices or health outcomes enter the production function additively and are thus

captured by the inclusion of location and time indicators. While these assumptions must

hold for this analysis to causally identify immediate responses to ambient air pollution

exposure, an additional assumption is required which is unique to the set-up for this appli-

cation. Here, the pre and post comparison groups–or the households interviewed before

the fire season and during the fire season–are not composed of the same households. That

is, the analysis exploits temporal and locational variation in the data collection process to

identify behavioral and health response. Thus, it is not necessarily the case that households

interviewed before the fire season are an appropriate comparison group for households

interviewed during the fire season, even if the households experienced similar spikes to

ambient air pollution during the fire season.

23About one third of the individual sample is children under the age of 15; the sample of adults
above the age of 55 contains 15 percent of the entire individual sample.
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Table 1.3 reports the statistical differences between the before fire season and during

fire season samples in emissions affected (Panel A) and non-affected areas (Panel B). In

the original sample (shown in columns 1-3), it is clear that there are observable differences

between these groups. Households interviewed during the fire season are smaller, have

higher education levels, have different housing types, and are more likely to be located

in urban areas. In addition, individuals in relevant age groups are more likely to be

younger in the during period compared to the before period. These differences are generally

consistent across both emissions affected and non-affected areas. While controlling for these

observable differences provides some means of addressing this threat to identification,

I utilize propensity score matching to create a matched subsample for my analysis of

behavioral and health responses to shocks in ambient air pollution exposure.

I use nearest neighbor matching within the affected and non-affected subsamples to

generate a sample of households that are observationally similar across the before and

during periods. Columns 4-6 demonstrate the success of the matching procedure. While

there are still a few differences related to urban location and religion, the matched sample

of affected and non-affected households and individuals in the before and during periods

are comparable, generating a more appropriate sample for analysis. Of course, this nearest

neighbor procedure reduces the sample size used in the analysis. Accordingly, I present the

results on this matched sample as the preferred analysis (in Section 1.6).24

Turning next to the standard difference-in-differences assumption, it is possible to

perform indirect tests to demonstrate the applicability of the difference-in-differences

model based on data prior to the forest fire season of 2015. As there are previous waves

of IFLS data prior to that used in the analysis of immediate response, I am able to test for

the existence of parallel trends between my treatment and comparison groups. I show the

parallel trends for the binary treatment case using data from previous IFLS waves and

using the sample of households and individuals generated through the nearest neighbor

propensity score matching exercise described above.

24Results for the entire sample are available from the author upon request.
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Table 1.3: Before-during comparisons using IFLS5

Original sample Matched sample

(1) (2) (3) (4) (5) (6)
Before During Difference Before During Difference
Mean Mean P-value Mean Mean P-value

Panel A. Emissions affected areas
Household size 5.92 3.69 0.00 3.80 3.69 0.35
Above secondary education 0.24 0.27 0.01 0.28 0.27 0.84
Muslim 0.90 0.92 0.18 0.89 0.92 0.06
Housing type 0.88 0.83 0.00 0.83 0.83 0.92
Urban 0.61 0.68 0.00 0.76 0.68 0.00
Age (under 15 sample) 7.33 6.34 0.00 6.26 6.34 0.66
Male (under 15 sample) 0.51 0.51 0.91 0.51 0.51 0.93
Age (above 55 sample) 65.51 65.69 0.81 66.88 65.69 0.27
Male (above 55 sample) 0.46 0.48 0.52 0.48 0.48 1.00
Panel B. Non-affected areas
Household size 5.76 3.50 0.00 3.51 3.50 0.96
Above secondary education 0.28 0.31 0.10 0.31 0.31 0.79
Muslim 0.90 0.84 0.00 0.89 0.84 0.00
Housing type 0.86 0.76 0.00 0.81 0.76 0.04
Urban 0.57 0.83 0.00 0.73 0.83 0.00
Age (under 15 sample) 7.19 6.21 0.00 6.27 6.19 0.80
Male (under 15 sample) 0.51 0.52 0.93 0.55 0.52 0.35
Age (above 55 sample) 65.87 63.85 0.07 64.12 63.85 0.84
Male (above 55 sample) 0.46 0.42 0.45 0.40 0.42 0.86

Notes: Author’s calculations. Before refers to IFLS5 households interviewed prior to the fire season; during refers
to IFLS5 households interviewed during the fire season. Columns 1-3 demonstrate the sample compositional
differences in the before and during groups; columns 4-6 report the sample compositional differences in the
groups after nearest neighbor matching. Panel A refers to the sample of households in locations affected by
forest fire emissions; Panel B refers to the sample of households in locations not affected by forest fire emissions.

Figure 1.6 depicts the trends in averting behavior outcome variables across the IFLS

panels. Because data collection differed somewhat across the waves, not all outcomes are

available across the entire period of IFLS2-IFLS4. In particular, shares of expenditures

on fuel and electricity were collected together (along with other household expenditures

such as water) prior to IFLS4, so there is insufficient data to test for pre-trends for these

outcomes. Panels 1.6a, 1.6b, 1.6c, and 1.6d, which show trends for clean fuel use, kerosene

purchases, transportation expenditures, and entertainment expenditures show evidence of

similar trends between fire-affected and non-affected regions across IFLS waves. This is

particularly true between IFLS3 and IFLS4, the two waves leading up to the time period of

interest in the analysis.
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(a) Use of clean cooking fuels (b) Households purchasing kerosene

(c) Share of expenditures on entertainment (d) Share of expenditures on transportation

Figure 1.6: Parallel trends checks, behavioral outcomes

I also examine parallel trends of individual-level health outcomes measured across

all age groups and IFLS waves–the self-reported health score, incidence of anemia and

high hemoglobin levels, and lung capacity measures. Figure 1.7 shows the trends in these

outcome variables across IFLS waves for fire-affected and non-affected regions. Panels 1.7a,

1.7c, and 1.7d, which depict health scores, incidence of high hemoglobin, and lung capacity,

respectively, demonstrate remarkably similar trends in these health outcomes in the decade

preceding the analysis. For anemia incidence (Panel 1.7b), I find evidence of parallel trends

between IFLS3 and IFLS4, however, somewhat different trends prior to IFLS3 (i.e., prior to
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2000).

(a) Self-reported health (b) Anemia incidence

(c) High hemoglobin incidence (d) Lung capacity

Figure 1.7: Parallel trends checks, health outcomes

1.5.2 Identification of effects of average exposure over time

An advantage of the low-attrition, panel structure of the IFLS data is that it provides

a setting to examine how households respond to environmental risks posed from air

pollution exposure over time rather than constraining the analysis to immediate response

to heightened exposure. By tracking household location between IFLS waves and matching
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this to air pollution exposure as measured by the AI, I construct household-specific exposure

over a period of nearly two decades. As households have the ability to migrate, either as a

response to environmental risk or for other reasons, during this time period, identifying

the behavioral response to air pollution exposure as well as its implications for health

outcomes poses a challenge because of the potential for locational sorting. To overcome this

challenge, I employ an instrumental variables approach in which I instrument for average

air pollution exposure for a given household or individual with the average air pollution

exposure associated with the first location in which the household or individual appears

in the panel. This strategy is similar to the approach outlined and utilized in Currie and

Rossin-Slater (2013).

To implement this framework, I first examine the potential issue of selection into air

pollution exposure based on observable household characteristics. Specifically, I estimate

the following OLS model

Xht = α + βAIht + γt + ζh + εht (1.8)

where Xht is an observable household characteristic such as income or household size

for household h in year t. AIht is a measure of the average air pollution the household

has experienced between July of 1996 and the date of the interview. I include year and

household fixed effects, which are γt and ζh, respectively. This basic OLS regression

provides a first check that expanding the analysis to an instrumental variables framework

is necessary; that is, an insignificant estimate of β would indicate that household and time

fixed effects are sufficient to address issues of selection into or out of air pollution affected

areas.

Given the duration of the panel, it is also possible that households select migration as

an averting behavior in response to air pollution exposure over time. Still following the

approach in Currie and Rossin-Slater (2013), I examine the presence of air pollution-selective

migration. I estimate the following fully saturated probability model

Mht = α + β1AIht + β2AIht · Xht + β3Xht + γt + ζh + εht (1.9)
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where Mht indicates that the household moved between IFLS waves and AIh is the average

air pollution to which the household was exposed leading up to its previous occurrence in

the panel. I cluster standard errors at the initial Kecamantan level. Because I include the

interaction between household characteristics and air pollution exposure, I can consider

different impacts of various household characteristics on migratory outcomes. Thus, the

results of this specification allow for the examination of the endogeneity of migration.

I consider whether or not an instrumental variables approach is necessary by exploring

the extent of locational selection within my sample; the results of this analysis are avail-

able in Appendix A. Panel A of Appendix Table A.1 presents the results from Equation

1.8, the results of which demonstrate observable selection into (or out of) air pollution

exposure based on household characteristics. I find higher pollution exposure among

urban households and that larger households live in areas with higher levels of ambient air

pollution. So too do households who belong to minority religions in Indonesia, who live in

less-permanent home structures, and who have higher annual incomes. Next, Panel A of

Appendix Table A.2 presents the results from Equation 1.9, which demonstrate evidence of

selection into migration. Not only are households who experience higher average levels of

ambient air pollution less likely to migrate as shown in Column 1, there are also a number

of household characteristics that mediate this relationship as shown in Column 2. Taken

together, these results indicate that existence of locational endogeneity within my sample,

demonstrating the need for an instrumental variables approach to this analysis; fixed effects

alone do not solve the locational endogeneity.

After checking for (and finding) evidence of locational selection, I use an instrumental

variables model with household fixed effects to address this issue. Specifically, as in Currie

and Rossin-Slater (2013), I instrument the average exposure over time at a household’s

current location with the average exposure over time at the location at which the household

was first observed in the sample. To implement this approach, I first construct hypothetical

AI exposure for all households assuming no migration between waves; that is, I create

hypothetical exposure values for households in the 1997, 2000, 2007, and 2015 waves
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based on the locations of these households in 1993.25 While I use the locations from IFLS1,

these data are not actually included in the estimated specification due to unreliable and

missing AI data. I also construct AI exposure for all households based on the locations

they are actually located in each IFLS wave. I instrument the actual AI exposure with the

hypothetical AI exposure, and I cluster the standard errors at the household level. The first

stage of this specification is

AIht = α + βhypAIht + νXht + γt + ζh + εht (1.10)

where hypAIht is the hypothetical AI exposure based on household h’s initial location. I

then use these estimated AIht values (ÂIht) in the second stage to estimate

Yht = α + βÂIht + νXht + γt + ζh + εht (1.11)

This strategy identifies the causal effect of air pollution exposure on averting behavior

under two assumptions. First, the non-migratory AI values must be strong predictors

of actual AI exposure. I present the evidence regarding the instruments relevance and

strength in all regression output. Further, I note that while migration takes place across

the panel, migrants often stay close to their original locations. As the resolution of my

air pollution and residence match is limited to the Kecamatan (sub-district level), I do

not capture much exposure variation association with close-distance moves. Thus, my

constructed AI values track quite closely to my measured AI values. Second, conditional

on household fixed effects, the non-migratory AI values must not affect behavior and

health outcomes outside of this specific channel. In this case, while the household’s current

location might be endogenous, the first location in which it was observed is controlled

for by the inclusion of household fixed effects. Then, exposure to ambient air pollution

across the time period of analysis is identified based on variation in emissions generating

events such as forest fires across the panel. In general, the timing of these events should be

exogenous to any given household. I utilize an identical empirical strategy at the individual

25For households that do not appear across all IFLS waves, I use the location in which they first
appeared to construct this hypothetical AI measure.
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level, replacing household fixed effects for individual fixed effects and clustering standard

errors at the individual level, to estimate the causal effect of average ambient air pollution

exposure over time on health.

I estimate the same tests for selection into air pollution exposure and selection into

migration for the individual sample as for the household sample (Equations 1.8 and 1.9,

respectively), the results of which are presented in Appendix A. Panel B of Appendix

Table A.1 demonstrates selection into air pollution exposure with individuals from larger

households, from households that are minority religions, from urban households, from

households with less-permanent housing structures, and from households with higher

incomes living in areas with higher average exposure to ambient air pollution across

the panel. Furthermore, older individuals are especially likely to live in areas with high

mean levels of ambient air pollution. Next, Panel B of Appendix Table A.2, which shows

evidence regarding selective migration, shows further evidence of selection. Not only are

individuals less likely to migrate from areas experiencing high levels of average ambient

air pollution, so too do individual and household characteristics–age, household size,

education, income–mediate this relationship. Thus, as with the household sample, the

fixed effect, instrumental variables approach, which instruments for average ambient air

pollution in the individual’s current location with average ambient air pollution in the first

location in which the individual was observed and includes individual fixed effects, is the

appropriate empirical choice for the analysis of average ambient air pollution exposure

over time.

1.6 Behavioral response and health impacts

I present results from my difference-in-differences specification to examine immediate

effects of ambient air pollution exposure.26 Subsequently, I present results from my in-

26My preferred specification uses my matched sample to ensure observational similarity between
pre-fire and during-fire time periods. Results for the entire sample are available from the author
upon request.
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strumental variables analysis to examine the impacts of ambient air pollution exposure

over time. By combining these results, I provide insight into behavioral responses and

health impacts of ambient air pollution exposure in Indonesia immediately following an

exogenous shock in ambient air pollution exposure as well as due to average levels of

exposure over nearly two decades.

1.6.1 Immediate behavioral responses

When faced with unexpectedly elevated exposure to ambient air pollution households have

the opportunity to change their consumption patterns, alter their time use allocations, or

deal with consequences of unmitigated exposure. I investigate these households behavioral

responses to spikes in ambient air pollution generated by severe forest fire activity in

Indonesia in Table 1.4. Table 1.4 reports the difference-in-differences estimator comparing

households affected and non-affected by heightened air pollution exposure (first difference)

before and during the forest fire season (second difference). I investigate six household

behaviors, each of which could reflect changes in household consumption or time use

as a result of pollution exposure. First, I examine three outcomes related to air pollution

exposure within the household–primary cooking fuel, kerosene purchases, and expenditure

share on fuel. Next, I consider three outcomes related to other types of consumption

behavior–expenditure share on transportation, purchases of vehicle fuel, and expenditure

share on entertainment.27

I find that households interviewed during the fire season in areas affected by emissions

from the forest fires make minor behavioral adjustments in response to to spikes in ambient

air pollution exposure. Emissions-affected households interviewed during the fire season

are more likely to report kerosene and vehicle fuel purchases, suggesting shifts in con-

sumption behavior during the fire season. In particular, households may find it necessary

to shift primary fuels during the fires, but the evidence suggests they are not switching

27Across these analyses, I use a consistent sample for which there are no missing data for any of the
outcomes.
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to cleaner fuels–in fact there is a negative, yet non-significant relationship with clean pri-

mary fuel use–but rather to kerosene. Furthermore, the evidence related to transportation,

purchases of vehicle fuel, and entertainment suggest shifting time use and transportation

demands during the fire season. In particular, while not significant at conventional levels,

the direction of the transportation and entertainment coefficients suggest individuals in

emissions-affected areas are shifting discretionary activities to those within the household.

The evidence on vehicle fuel purchases, however, suggests that households may also real-

locate their transportation expenditures among available transportation modes, electing

modes (vehicles) that are either faster–thus limiting their time outside–or enclosed–thus

limiting their exposure. Overall, I find an eight percentage point increase in households

citing vehicle fuel purchases during the fire season in emissions affected areas.

Table 1.4: Spikes in fire emissions on behaviors

(1) (2) (3) (4) (5) (6)
Clean cooking fuel Kerosene Fuel Transportation Vehicle fuel Entertainment

Emissions affected 0.0690∗∗∗ -0.0514∗∗∗ 0.00708∗∗ 0.00532 -0.0129 -0.00830
(0.0222) (0.0139) (0.00359) (0.00963) (0.0216) (0.00540)

Fire season 0.0526∗∗ -0.0877∗∗∗ -0.00325 0.00335 -0.00982 0.0109∗

(0.0226) (0.0115) (0.00339) (0.0103) (0.0222) (0.00662)

Emissions affected -0.0126 0.0553∗∗∗ -0.00333 -0.000821 0.0840∗∗∗ -0.000121
× Fire season (0.0317) (0.0161) (0.00493) (0.0141) (0.0304) (0.00840)
Observations 3476 3476 3476 3476 3476 3476
R2 0.084 0.039 0.070 0.002 0.078 0.051

Notes: Author’s calculations. Standard errors, clustered at match level, in parentheses. All columns include household controls for
household size, education of household head, religion, housing type, household income, and an urban indictor. All expenditures data
is in Indonesian Rupiah. The exchange rate during the fire season of 2015 was 1 USD=13514 Rupiah. *** p<.01, ** p<.05, * p<.10.

I also examine a continuous difference-in-differences framework, in which I use the

average AI in the month proceeding the interview as my exposure metric. These results

are presented in Appendix Table A.3. Overall, patterns in household response to elevated

average AI in the month following the interview suggests a decrease in entertainment

expenditures of about 2.3 percentage points and an increase in fuel expenditures of about

1.3 percentage points. While the entertainment finding mirrors that of the response to the

binary analysis, a slightly different pattern emerges with respect to cooking fuel. Here, I

find that households spend higher shares of non-consumption expenditures on cooking
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fuels (i.e., LPG); this effect is significant at a marginal level. The directions of the coefficients

on clean cooking fuel and kerosene, while not significant at conventional levels, suggest

further movement away from biomass cooking fuels.

Although it may appear surprising that behavioral responses to pollution exposures do

differ slightly across specifications, it is important to note that these pollution measures–a

one month average air pollution exposure and experience of “extreme pollution” days–may

elicit different behavioral responses. That is, while both appear to trigger the limiting

of discretionary time spend outside, households appear to rely on cleaner cooking fuels

when experiencing increases in average pollution levels (albeit, just across one month),

whereas they only shift away from biomass but not necessarily towards cleaner fuels when

experiencing a few “extreme pollution” days.

1.6.2 Immediate health consequences

While I find evidence of small adjustments to consumption behaviors and activities as

a result of heightened exposure to ambient air pollution, it is not necessarily the case

that these actions are sufficient to protect household members from health consequences

associated with exposure. To investigate the causal impact of exposure to a transitory shock

to ambient air pollution on health, I examine four different health metrics. First, I utilize

a measure of self-identified general health status. Primarily, however, I rely on measured

health outcomes. I examine lung capacity and hemoglobin levels. For the latter, I examine

incidence of low hemoglobin (anemia) and high hemoglobin, as defined by levels outside

of the normal range based on respondent gender and age (Davis, 2018). In all specifications

I control for household averting behaviors, as my previous specifications indicate that

household reactions to short-term increases in ambient air pollution are relevant to actual

levels of pollution experienced by individuals living in affected areas. I estimate the

immediate health effects of exposure on two subsets of the population–children under the

age of 15 and adults over the age of 55–as previous work suggests these age groups may

be particularly vulnerable to ambient air pollution exposure (Arceo et al., 2016; Anderson,
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2019; Frankenberg et al., 2005).28

1.6.2.1 Effects on children

Table 1.5 presents the effects of transient shocks to ambient air pollution exposure on

children’s health. I define children as individuals under the age of 15.29 Table 1.5 reports

the difference-in-differences estimates comparing children living in areas that experienced

high air pollution days and interviewed during the fire season with the rest of the sample.

While I present all results controlling for averting behaviors (including use of clean cooking

fuels and expenditures on fuels), I also considered specifications without these controls. In

no instance are the estimates affected by the exclusion of these controls, suggesting that

the moderate behavioral shifts at the household level resulting from increased exposure to

ambient air pollution are largely insufficient to mediate health impacts. The difference-in-

differences estimates demonstrate health consequences of increased ambient air pollution

exposure caused by forest fire activity among children in the sample. In terms of measured

health outcomes, children experience shifts in levels of hemoglobin. There is evidence of

increasing hemoglobin levels from levels lower than the standard range (based on age and

gender) to higher than the standard range, although only the shift out of lower is significant

at conventional levels. I also find a significant decrease in lung capacity among children

living in emissions-affected areas interviewed during the fire season. Specifically, I find

these children experience, on average, a 6 percent decrease in lung capacity as a result of

forest fire emissions.30

28My age-based groupings for children and elderly adults correspond with age-based sampling in
the IFLS survey and life expectancy in Indonesia, which is 69 years (World Bank, 2017a).

29Across all specifications (expect for lung capacity), the analysis was conducted on a consistent
sample with no missing data related to health outcomes or averting behaviors. Lung capacity
measurements were only collected for individuals above the age of 9, so lung capacity regressions
only include a subset of this sample with children aged 9-15.

30I also estimate a continuous difference-in-differences framework and report the results in Ap-
pendix Table A.4. Here, I find little evidence of health impacts–none of the estimates are significant–
suggesting that health responses are sensitive to extremely high doses of ambient air pollution
exposure rather than elevated average monthly AI.
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Table 1.5: Spikes in fire emissions on child health

(1) (2) (3) (4)
Self-identified health Anemia High hemoglobin Lung capacity

Emissions affected -0.00492 0.0420 -0.0442∗ 5.449
(0.0201) (0.0257) (0.0237) (5.325)

Fire season 0.00368 -0.00230 -0.00382 19.98∗∗∗

(0.0248) (0.0296) (0.0289) (6.396)

Emissions affected -0.000471 -0.0898∗∗ 0.0596∗ -16.47∗∗

× Fire season (0.0286) (0.0353) (0.0344) (7.496)
Observations 2219 2219 2219 862
R2 0.019 0.181 0.184 0.466

Notes: Author’s calculations. Standard errors, clustered at match level, in parentheses. All columns include
individual controls for age and gender and household controls for household size, education of household
head, religion, housing type, household income, and an urban indictor. Lung capacity specifications only
include children above the age of 9. *** p<.01, ** p<.05, * p<.10.

1.6.2.2 Effects on adults above the age of 55

While much of the literature considers impacts on children, there is also evidence that

ambient air pollution exposure can be detrimental to the health of elderly adults (Anderson,

2019; Frankenberg et al., 2005). Thus, I conduct my individual health analysis on adults

above the age of 55. As with the sample of children, I examine effects on self-reported

health, hemoglobin levels, and lung capacity, and I include household averting behaviors

in all specifications.31

Table 1.6 reports the difference-in-differences estimates of the impact of spikes in

ambient air pollution on health among elderly adults. I find that adults above the age

of 55 interviewed during the fire season in emissions-affected areas demonstrate higher

rates of hemoglobin exceeding the normal range of levels based on respondent age and

gender. Unsurprisingly, I also find decreased instances of anemia (low hemoglobin levels),

that balance out this change. While the exact relationship between hemoglobin levels

and ambient air pollution exposure is yet unknown in the medical literature, one of the

main factors associated with hemoglobin levels that exceed the normal range is smoke

exposure (Puente-Maestu et al., 1998), which aligns with the analysis presented here.

31Across all specifications, the analysis was conducted on a consistent sample with no missing data
related to health outcomes or averting behaviors.
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Additionally, high hemoglobin levels are associated with risk of cardiovascular and lung

disease, providing suggestive evidence related to other health consequences of exposure to

spikes in ambient air pollution exposure.32

Table 1.6: Spikes in fire emissions on health of adults > 55

(1) (2) (3) (4)
Self-identified health Anemia High hemoglobin Lung capacity

Emissions affected 0.0573 0.159∗∗ -0.145∗∗ -0.445
(0.0828) (0.0674) (0.0646) (13.55)

Fire season 0.00793 0.0513 -0.0891 0.331
(0.0890) (0.0853) (0.0792) (15.03)

Emissions affected -0.0131 -0.241∗∗ 0.178∗ 3.624
× Fire season (0.109) (0.103) (0.0911) (19.25)
Observations 345 345 345 345
R2 0.038 0.111 0.084 0.388

Notes: Author’s calculations. Standard errors, clustered at match level, in parentheses. All columns include
individual controls for age and gender and household controls for household size, education of household
head, religion, housing type, household income, and an urban indictor. *** p<.01, ** p<.05, * p<.10.

1.6.3 Behavioral responses over time

While I find evidence of moderate behavioral adjustments and health consequences of

ambient air pollution exposure as households and individuals are exposed to high levels

of pollution due to forest fire-related shocks, in Indonesia, ambient air pollution exposure

from forest fires is not a unique event; rather, it is a cyclical occurrence that varies in severity,

but has increased in recent decades. Unfortunately, it becomes increasingly challenging to

identify the causal impacts of ambient air pollution on behavior and health over time as

households can respond to such exposure by locational selection (Anderson, 2019; Tan Soo,

2018). My analysis overcomes these selection concerns by taking advantage of the length

of the IFLS panel and utilizing an instrumental variables approach with household or

individual fixed effects (see Section 1.5 for a discussion of the empirical strategy).

Table 1.7 presents the instrumental variables approach results of the effect of average

32I also estimate a continuous difference-in-differences framework and report the results in Ap-
pendix Table A.5. As with the sample of children, I do not find significant health consequences
when using this continuous exposure measure.
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ambient air pollution exposure on averting behaviors among households in Indonesia.33

In addition to the averting behaviors investigated in my analysis of responses to spikes in

ambient air pollution, here I also consider household behaviors related to averting other

types of environmental risk–water treatment and open defecation–given the theoretical

possibility of households viewing averting behaviors towards environmental risks as

substitutes. I include the first stage F-statistics for each regression in the table, finding that

the first stage of the estimate is quite strong. I find that when households experience higher

levels of average ambient air pollution are more likely to use clean cooking fuels (LPG or

electricity) as their primary fuel. A one unit increase in average AI over the duration of the

panel is associated with a 65 percentage point increase in clean fuel usage; put differently, a

one standard deviation increase in average AI across the panel causes a 20 percent increase

in clean primary fuel use. This is accompanied by a 89 percentage point increase in the

share of non-consumption expenditures on electricity, and a 70 percentage point increase

in the share of expenditures on fuel, and a 57 percentage point increase in the share of

expenditures on transportation caused by a one unit increase in average AI.

Across the other measured household averting behaviors, I do not find evidence of

significant behavioral adjustments to avert environmental risk. Households do not appear

to consider environmental risks in an aggregate sense, as they do not respond to increased

ambient air pollution exposure by investing in behaviors to avert other environmental risks

such as water treatment or improved sanitation. Rather, I find that household exposed

to higher levels of ambient air pollution over time are less likely to invest in water treat-

ment, suggesting that air pollution-related averting behaviors may crowd out behavioral

responses to other environmental risks.

33All regressions are run on one of two consistent sets of households. Fuel and electricity expendi-
tures were only collected in IFLS4 and IFLS5, thus I have a set of households for which there are
no missing data on these expenditures or household controls for analyzing these outcomes. All
other outcomes are collected in IFLS2-IFLS5, thus I have a set of households for which there are
no missing data on these outcomes or household controls for these analyses.
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Table 1.7: Average exposure over time on behaviors

(1) (2) (3) (4) (5) (6) (7) (8)
Water treatment Open defecation Clean cooking fuel Kerosene Electricity Fuel Transportation Entertainment

Average AI -0.68∗∗ -0.59 0.65∗ -0.26 0.89∗∗ 0.70∗∗ 0.57∗ -0.16
(0.30) (0.42) (0.37) (0.37) (0.37) (0.36) (0.31) (0.12)

Observations 27280 27280 27280 20941 19928 19928 27280 27280
Controls Y Y Y Y Y Y Y Y
Year FE Y Y Y Y Y Y Y Y
Household FE Y Y Y Y Y Y Y Y
First stage F-test 145 145 145 358 57 57 145 145
R2 0.008 0.106 0.444 0.528 0.001 0.106 0.013 0.002

Notes: Author’s calculations. Standard errors, clustered at the household level, in parentheses. Average AI instrumented using average AI based on household’s first
location in panel. All columns include household controls for household size, education of household head, religion, housing type, household income, and an urban
indictor as well as year and household fixed effects. All expenditures data is in Indonesian Rupiah. The exchange rate in 2015 was 1 USD=13514 Rupiah. *** p<.01, **
p<.05, * p<.10.
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In an analysis spanning nearly two decades, individuals can take actions over time

to reduce their air pollution exposures, even if these behaviors are not captured at the

household level. While data are insufficient to measure individual responses to ambient air

pollution shocks, I examine how individuals adjust their outdoor activities and smoking

behaviors across the panel. Table 1.8 reports the effects of ambient air pollution exposure

over time on individual behaviors. Column 1 reports the effect on participation in vigorous

outdoor activity; as individuals experience higher average AI over time, they engage in

less outdoor activity compared to those living in areas with relatively cleaner air. This

suggests that not only may individuals face a direct health effect on ambient air pollution

exposure, they also may respond to the threat by limiting their outdoor activities; the direct

health consequences of this activity reduction are theoretically ambiguous.34 I also examine

individual smoking behaviors over time in Columns 2 and 3. When individuals experience

increases in their average ambient air pollution exposures, they are less likely to either

begin smoking (Column 2) and continue smoking (Column 3). This relationship suggests

that individuals may be less likely to engage in activities that expose them to alternative

forms of respiratory stress and localized air pollution when living in areas with higher

average ambient air pollution.

Table 1.8: Average exposure over time on individual behaviors

(1) (2) (3)
Outdoor activity Ever smoked Currently smoke

Average AI -0.564∗∗∗ -0.289∗∗∗ -0.200∗∗∗

(0.140) (0.0560) (0.0585)
Observations 25720 59994 59994
Controls Y Y Y
Year FE Y Y Y
Individual FE Y Y Y
First stage F-test 17324 8019 8019
R2 0.037 0.015 0.002

Notes: Author’s calculations. Standard errors, clustered at the individual level, in
parentheses. Average AI instrumented using average AI based on individual’s
first location in panel. All columns control for age, household size, education of
household head, religion, housing type, household income, and an urban indictor
as well as year and individual fixed effects. *** p<.01, ** p<.05, * p<.10.

34Engagement in vigorous outdoor activity is collected among adult respondents across IFLS4-IFLS5.
Thus, this effect is not merely reflecting a reduction in activity due to age.
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1.6.4 Health consequences over time

I examine stated, measured, and diagnosed health outcomes in my analysis of effects of

average exposures. Table 1.9 presents the results of the instrumental variables, fixed effects

specification of average exposure to ambient air pollution of stated health outcomes.35

Again, as with the analysis of immediate response, I present the results of the analysis with

controls for averting behaviors.36 Furthermore, I show the first stage F-stats to demonstrate

the relevance of the instrument. This is largely due to the fact that while migration is a

feature of this sample, much of the migration is within short distances, leading to limited

migration outside of pollution-defined areas.

Table 1.9 reports the impacts of average air pollution exposure on a self-reported,

general health status as well as four measured health outcomes related to respiratory

health: Body mass index (BMI), lung capacity, anemia, and high hemoglobin. I find that

when individuals are living in more highly polluted areas over time, they report slightly

lower self-identified health. As a second health metric, that is consistently measured over

time, I examine effects on BMI. While this is not a common outcome in the literature, it

is one of the few standardized health metrics relevant across children and adults, which

makes it a feasible outcome to measure across a 19-year panel.37 I find a highly significant,

negative effect of average ambient air pollution over time on BMI. While high levels of BMI

indicate risk for overweight and obesity, within my sample, this decline in BMI appears

35For these analyses, different sets of individuals were used, depending on the data collection for
each outcome. General health status, hemoglobin levels (anemia and high hemoglobin), height
and weight (inputs into the BMI calculation) were collected across IFLS2-IFLS5 for all interviewed
individuals; the same set of individuals–with no missing data on these outcomes, individual or
household controls, or averting behaviors–is used in each analysis. Lung capacity measures were
collected across IFLS2-IFLS5 for individuals above the age of 9; this is a unique set of individuals
used just to analyze lung capacity. Finally, hypertension, stroke, asthma, heart condition, and
lung condition were collected across IFLS4-IFLS5 for all individuals above the age of 15; the same
set of individuals–with no missing data on these outcomes, individual or household controls, or
averting behaviors–is used in each analysis.

36I control for non-biomass fuel use and electricity use as averting behaviors. I do not include
controls for electricity or fuel expenditures as these data are only collected in IFLS4-IFLS5.

37For example, height and weight-for-age z-scores are commonly used to evaluate health among
children, but these metrics are less informative in an individual fixed effects analysis across 19
years.
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driven by individuals with BMIs below the “healthy weight” index levels, suggesting that

air pollution may lead to lower overall health, here manifested by incidence of low BMI.

Turning next to lung capacity, I find that a one unit increase in average AI causes a decrease

in lung capacity of 236.6 L/min. Based on baseline lung capacity measures, this means that

the additional air pollution associated with a one standard deviation increase in the AI

causes, on average, an 8 percent decrease in lung capacity over time. I find that this result

is not influenced by the inclusion of household averting behavior controls.

With regard to hemoglobin levels, I find that average exposure results in decreased

incidence of anemia and increased incidence of hemoglobin levels that exceed the standard

range. While the medical literature appears inconclusive with regard to causes and effects

of elevated hemoglobin, it does suggest that levels above the normal range are unhealthy

and indicative of other health conditions such as heart and lung conditions (Davis, 2018;

Puente-Maestu et al., 1998). Further, one of the main factors that increases risk of high

hemoglobin levels is exposure to smoke–particularly cigarette smoke–over time (Puente-

Maestu et al., 1998). As these regressions include individual fixed effects, the estimates

are based on shifts within individuals from hemoglobin levels below the standard range

(based on age and gender) to above the standard range. Thus, the patterns observed

in these estimates align with evidence in the medical literature. Extending these results

further, a one standard deviation increase in average AI over time causes a 28 percent

increase in cases of high hemoglobin. As high levels of hemoglobin are generally associated

with heart and lung conditions, these results provide suggestive evidence regarding an

increase in non-communicable respiratory and cardiovascular consequences of exposure to

air pollution over time.38

38While I directly test the relationship between ambient air pollution and diagnosed heart and lung
conditions (see Table 1.10), these analyses are limited by data availability, respondent recall, and
low utilization of medical services, all of which suggest under reporting of these conditions and
would bias my results towards zero. Thus, the correlations between high hemoglobin and such
conditions as discussed in the medical literature provide insights into incidence of these diseases
beyond those found in analysis of self-reported diagnoses.
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Table 1.9: Average exposure over time on health

(1) (2) (3) (4) (5)
General health status BMI Lung capacity Anemia High hemoglobin

Average AI -0.665∗∗∗ -7.729∗∗∗ -236.6∗∗∗ -0.316∗∗∗ 0.693∗∗∗

(0.178) (0.461) (14.49) (0.0752) (0.0478)
Observations 88862 88862 74635 88862 88862
Controls Y Y Y Y Y
Year FE Y Y Y Y Y
Individual FE Y Y Y Y Y
First stage F-test 12072 12072 10979 12072 12072
R2 0.241 0.364 0.112 0.014 0.003

Notes: Author’s calculations. Standard errors, clustered at the individual level, in parentheses. Average AI instrumented
using average AI based on individual’s first location in panel. All columns control for age, household size, education
of household head, religion, housing type, household income, and an urban indictor as well as year and individual
fixed effects. *** p<.01, ** p<.05, * p<.10.

Table 1.10 reports the results for diagnosed health outcomes related to air pollution

exposure. In particular, I examine the effects of average air pollution exposure on hyper-

tension, stroke, asthma, heart conditions, and lung conditions–five non-communicable

health consequences that are growing in incidence and contributing to the global burden

of disease attributable to the environment. Each of these outcomes are self-reported, and

respondents are asked to only report conditions diagnosed by medical professionals, which

means they are likely under-reported in the data. As use of medical services is fairly low

across the sample, there could be individuals experiencing these conditions without a

formal diagnosis, which would bias my estimates towards zero. Further, these questions

were added to IFLS4 and IFSL5, but are not available in previous IFLS waves, greatly

decreasing the statistical power of my fixed effects, instrumental variables approach. Given

the low power of these specifications based on limited data availability, these analyses are

meant to be informative regarding the framework through which estimating long-term

effects on chronic conditions may be feasible. Moreover, they illustrate the limitations of

the current state of data availability and the importance of filling this data gap on chronic

and non-communicable diseases in LMIC settings.
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Table 1.10: Average exposure over time on non-communicable disease

(1) (2) (3) (4) (5)
Hypertension Stroke Asthma Heart condition Lung condition

Average AI 0.163 0.0706 0.140∗ 0.0747 -0.104
(0.171) (0.0654) (0.0814) (0.0924) (0.0878)

Observations 15002 15002 15002 15002 15002
Controls Y Y Y Y Y
Year FE Y Y Y Y Y
Individual FE Y Y Y Y Y
First stage F-test 4296 4296 4296 4296 4296
R2 0.044 0.017 0.002 0.012 0.002

Notes: Author’s calculations. Standard errors, clustered at the individual level, in parentheses. Average AI
instrumented using average AI based on household’s first location in panel. All columns control for age,
household size, education of household head, religion, housing type, household income, and an urban
indictor as well as year and individual fixed effects. *** p<.01, ** p<.05, * p<.10.

I find marginally significant evidence that individuals are 14 percentage points more

likely to have been diagnosed with asthma when they have been exposed to higher levels

of average ambient air pollution over time. Scaling by standard deviations, a one standard

deviation increase in average UVAI over time causes nearly a 50 percent increase in asthma;

this large percentage increase is driven by the very low baseline mean of diagnosed asthma

incidence. While none of the other estimates are significant, I find that individuals living

in areas of high average air pollution are more likely to be diagnosed with hypertension

and heart conditions as well as experience strokes. Taken together with my marginally

significant finding related to asthma, these results indicate that all of the leading chronic

conditions associated with air pollution exposure increase in diagnoses with higher average

levels of ambient air pollution exposure over time in my sample (Prüss-Üstün et al., 2016).

For lung conditions the relationship is negative and insignificant.

1.6.5 Treatment and subgroup effects

Finally, I examine individual response to poor health as an indirect behavioral response

to ambient air pollution exposure.39 While individuals and households may engage in

39Due to data limitations across outcomes based on respondent age, I only estimate treatment
responses and interaction effects on the panel sample examining effects of ambient air pollution
over time.
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behaviors to reduce exposure to ambient air pollution, they may also choose to treat

air pollution-related diseases after they occur. Thus, in addition to averting behaviors,

obtaining treatment presents an alternative model of behavioral response. In Table 1.11,

I report the relationship between average ambient air pollution exposure over time and

several metrics of medical treatment including receiving outpatient or inpatient care and

the share of non-consumption expenditures spent on medical care.

Table 1.11: Average exposure on medical treatment

(1) (2) (3) (4)
Outpatient care Inpatient care Any medical treatment Medical

Average AI -0.0342 -0.0917∗∗ -0.0942 -0.0338
(0.0831) (0.0435) (0.0875) (0.0218)

Observations 55691 55691 55691 55691
Controls Y Y Y Y
Year FE Y Y Y Y
Individual FE Y Y Y Y
First stage F-test 7245 7245 7245 7245
R2 0.009 0.007 0.012 0.009

Notes: Author’s calculations. Standard errors, clustered at the individual level, in parentheses. Average
AI instrumented using average AI based on household’s first location in panel. All columns control for
age, household size, education of household head, religion, housing type, household income, and an
urban indictor as well as year and individual fixed effects. *** p<.01, ** p<.05, * p<.10.

I find no evidence of increased medical treatment as a result of higher average ambient

air pollution exposure over time. If anything, I find a negative relationship. While not

significant across all specifications, the trends show that when individuals are living in

relatively more polluted areas, they are less likely to utilize outpatient or inpatient care

and spend lower shares of non-consumption income on medical treatment. While this

is counter-intuitive given the strong evidence for health consequences resulting from

exposure to higher levels of ambient air pollution over time, there are some limitations to

the data used in this analysis. First, the vast majority of respondents cite no use of formal

medical treatment in the past year, leaving little variation on which to estimate the effect.

Second, these questions capture all types of medical treatment, not just treatment related

to respiratory ailments or outcomes caused by exposure to ambient air pollution. Third,

these data cover care at hospitals and clinics, not at traditional healthcare providers. Finally,

I note that while the correlations between non-communicable diseases and ambient air
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pollution exposure (see Table 1.10) suggest a need for medical attention, others–such as

reduced lung capacity–do not necessarily require frequent medical attention to manage.

While investigating behavioral responses and health consequences of ambient air

pollution in isolation provides insight into these avenues of response to air pollution

exposure, it is necessary to also consider how behaviors mediate the relationship between

ambient air pollution and health. As an illustrative analysis, I examine the effects of ambient

air pollution exposure over time on lung capacity (see Table 1.12), building up from a simple

model of the estimated effect without the inclusion of behavioral response (Column 1), to a

model that controls for behavioral response (Column 2), to a set of models that compare

the effects across subgroups defined by behavioral response (Columns 3-6).40

Comparing the estimated effect of ambient air pollution exposure on lung capacity

across Columns 1 and 2, I find that controlling for use of medical treatment and use

of clean cooking fuels reduces the magnitude of the effect, but leaves the direction and

significance unchanged. Importantly, while they should not be interpreted causally, I

find that individuals who seek medical treatment have lower lung capacities and that.

individuals who live in households that use clean cooking fuels have higher lung capacities.

The estimated magnitudes of these correlations are much smaller than the main effect.

Next, I estimate the effect of ambient air pollution exposure on lung capacity across

subgroups defined by the behavioral response. With regard to an averting behavior–use

of clean cooking fuel–I find that the negative effect of pollution on lung capacity is larger

among individuals in households utilizing dirty cooking fuels (Columns 3 and 4). With

regard to a treatment response–use of any medical treatment–I find that the negative effect

of pollution on lung capacity among individuals utilizing medical treatment is larger

among the subsample that had received medical treatment in the previous year (Columns

5 and 6). Finally, the estimated magnitude of the effect is larger among the subsample

utilizing a dirty cooking fuel and not receiving medical treatment compared to the sample

engaged in one or both of these behaviors (Columns 7 and 8).

40I use any medical treatment and clean cooking fuel use as the two behaviors of interest in this
estimation.
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Table 1.12: Ambient air pollution, behavior, and lung capacity

(1) (2) (3) (4) (5) (6) (7) (8)
Clean cooking fuel Dirty cooking fuel Any medial treatment No medical treatment Behavioral response No behavioral response

Lung capacity Lung capacity Lung capacity Lung capacity Lung capacity Lung capacity Lung capacity Lung capacity
Average AI -236.7∗∗∗ -118.6∗∗∗ -40.03 -157.6∗∗∗ -202.7∗∗∗ -121.8∗∗∗ -102.6∗∗∗ -156.9∗∗∗

(14.51) (14.23) (38.64) (28.13) (46.04) (17.04) (27.44) (33.12)

Any medical -6.608∗∗∗

treatment (0.817)

Clean cooking fuel 2.640∗∗∗

(1.001)
Observations 74635 61436 7535 37432 4976 46614 15158 28943
Controls Y Y Y Y Y Y Y Y
Year FE Y Y Y Y Y Y Y Y
Individual FE Y Y Y Y Y Y Y Y
First stage F-test 10872 8344 1283 1816 770 5626 2631 1266
R2 0.112 0.047 0.078 0.034 0.047 0.048 0.055 0.034

Notes: Author’s calculations. Standard errors, clustered at the individual level, in parentheses. Average AI instrumented using average AI based on household’s first location in panel. All columns control for age, household size,
education of household head, religion, housing type, household income, and an urban indictor as well as year and individual fixed effects. *** p<.01, ** p<.05, * p<.10.
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These patterns align with the main results discussed earlier in this section and provide

further insight into the complicated relationship between ambient air pollution exposure

and health outcomes. The difference in magnitude related to averting, rather than treatment,

behaviors is much larger, suggesting that there may be gains to preventing the onset of

respiratory disease rather than treating it ex post. Further analysis of averting behaviors and

health outcomes in a context with more direct measures could provide additional insight

into both the extent of this temporal response trade-off and the averting costs and benefits

households incur as a result of their behavioral adjustments.

1.7 Heterogeneity analysis and robustness checks

The analysis thus far clarifies the causal relationship between ambient air pollution and

behavioral and health outcomes in the short term and over time; however, as demonstrated

by the age-based analysis of immediate effects, there are different types of heterogeneity

which might be important to this analysis. In the following subsection, I include analysis

based on gender subsamples. To further validate these estimates, I then implement a series

of robustness checks. First, as forest fire activity can be indicative of economic activity (i.e.,

burning to remove crop residue or convert forested area for agriculture), I remove the most

fire-prone provinces (Sumatra and Kalimantan) from my sample and re-run the analysis.

While some of the most polluted areas are omitted from this analysis, given the dispersion

of air pollution from the original fire locations, there remains a sufficient sample on which

to estimate these analyses. Second, I consider falsification tests of health outcomes I would

not expect to be affected by ambient air pollution exposure (i.e., stomachache or toothache).

Third, I perform Bonferroni corrections to the standard errors to consider the strength of

the results under a conservative form of multiple hypothesis testing.

68



1.7.1 Health impacts by gender

Environmental health risks and, by extension, investments in environmental health tech-

nologies, often have gender-specific effects due to variation in exposure related to context

and gender norms. For example, in LMICs, indoor air pollution disproportionately affects

women, and the children for whom they care, because women are often responsible for

food preparation (Miller and Mobarak, 2013, 2015). In the context of ambient air pollution,

the gender differences are less predictable; however, engagement in income-generating

activities that require time spent outdoors (i.e., working in agricultural labor) may provide

some insights into feasible aversion to ambient air pollution exposure.

I re-estimate the effects of both shocks in ambient air pollution exposure on child health

and average exposures over time on health on gender-disaggregated subsamples and

report the results in Tables 1.13 through 1.16. Tables 1.13 and 1.14 report the effects of

transient spikes in ambient air pollution on male and female children, respectively. While

the direction of each estimated effect is consistent with the overall sample of children, I do

not find statistically significant evidence of gender-related differences in health outcomes

among children in my sample.

Table 1.13: Spikes in fire emissions on child health (male)

(1) (2) (3) (4)
Self-identified health Anemia High hemoglobin Lung capacity

Emissions affected 0.0391 0.0681∗∗ -0.0375 -5.157
(0.0329) (0.0337) (0.0320) (8.670)

Fire season 0.0603 0.0233 0.0202 9.625
(0.0369) (0.0433) (0.0439) (10.64)

Emissions affected -0.0408 -0.134∗∗∗ 0.0470 -6.745
× Fire season (0.0421) (0.0509) (0.0531) (12.16)
Observations 1141 1141 1141 403
R2 0.027 0.212 0.269 0.522

Notes: Author’s calculations. Standard errors, clustered at match level, in parentheses. All columns include
individual controls for age and household controls for household size, education of household head, religion,
housing type, household income, and an urban indictor. Lung capacity specifications only include children
above the age of 9. *** p<.01, ** p<.05, * p<.10.
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Table 1.14: Spikes in fire emissions on child health (female)

(1) (2) (3) (4)
Self-identified health Anemia High hemoglobin Lung capacity

Emissions affected 0.0211 0.0526 -0.0640∗ 2.447
(0.0295) (0.0357) (0.0371) (6.469)

Fire season 0.00954 0.00466 -0.0503 14.92∗

(0.0346) (0.0443) (0.0437) (7.954)

Emissions affected -0.0235 -0.0806 0.0970∗ -10.57
× Fire season (0.0425) (0.0524) (0.0512) (9.483)
Observations 1076 1076 1076 456
R2 0.020 0.163 0.108 0.342

Notes: Author’s calculations. Standard errors, clustered at match level, in parentheses. All columns include
individual controls for age and household controls for household size, education of household head,
religion, housing type, household income, and an urban indictor. Lung capacity specifications only include
children above the age of 9. *** p<.01, ** p<.05, * p<.10.

Turning next to effects of average ambient air pollution on gender-disaggregated health

over time, I find suggestive evidence of gender differences in effect. Table 1.15 reports the

results for the sample of male respondents; Table 1.16 for the sample of female respondents.

The most evident difference across these estimates is the difference in magnitude of the

decline in lung capacity resulting from elevated exposure between the genders. The

estimated effect for men is 61 percent larger than the estimated effect for women. As

lung capacity is the most direct, measured indicator for respiratory health available in

the IFLS data, this difference in magnitude suggests that males might face higher health

costs to ambient air pollution over time compared to females. Norms in the labor market

suggest that males are more likely to engage in labor outside of the home, and particularly

in agricultural labor; whereas women are responsible for domestic duties. These norms

suggest that it may be relatively more difficult for men to avert ambient air pollution

exposure, as their income-generating prospects often depend on working outside. I also

find that males exposed to higher levels of ambient air pollution over time are more likely

to report poorer overall health compared to females. The magnitude of the BMI result,

however, appears to be driven by the female sample.
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Table 1.15: Average exposure over time on health (male)

(1) (2) (3) (4) (5)
General health status BMI Lung capacity Anemia High hemoglobin

Average AI -0.872∗∗∗ -5.004∗∗∗ -293.0∗∗∗ -0.163 0.682∗∗∗

(0.263) (0.605) (25.21) (0.106) (0.0752)
Observations 42537 42537 34833 42537 42537
Controls Y Y Y Y Y
Year FE Y Y Y Y Y
Individual FE Y Y Y Y Y
First stage F-test 5557 5557 4965 5557 5557
R2 0.252 0.343 0.150 0.020 0.003

Notes: Author’s calculations. Standard errors, clustered at the individual level, in parentheses. Average AI instru-
mented using average AI based on household’s first location in panel. All columns control for age, household size,
education of household head, religion, housing type, household income, and an urban indictor as well as year and
individual fixed effects. *** p<.01, ** p<.05, * p<.10.

Table 1.16: Average exposure over time on health (female)

(1) (2) (3) (4) (5)
General health status BMI Lung capacity Anemia High hemoglobin

Average AI -0.470∗ -10.05∗∗∗ -181.4∗∗∗ -0.438∗∗∗ 0.684∗∗∗

(0.243) (0.670) (14.59) (0.106) (0.0601)
Observations 46254 46254 39775 46254 46254
Controls Y Y Y Y Y
Year FE Y Y Y Y Y
Individual FE Y Y Y Y Y
First stage F-test 6484 6484 6011 6484 6484
R2 0.232 0.385 0.088 0.012 0.001

Notes: Author’s calculations. Standard errors, clustered at the individual level, in parentheses. Average AI instrumented
using average AI based on household’s first location in panel. All columns control for age, household size, education
of household head, religion, housing type, household income, and an urban indictor as well as year and individual
fixed effects. *** p<.01, ** p<.05, * p<.10.

1.7.2 Removing fire-affected areas

Of potential concern is the direct effect of the fires themselves on averting behaviors and

health outcomes. That is, while forest fires in Indonesia do burn out of control, many are

started as controlled burns to clear agricultural land of crop residue or convert forested

areas or peatlands for agriculture. Thus, the fires themselves may have positive economic

effects on the region utilizing burning-methods. Further, the fires themselves may have

negative effects on household asset ownership or may limit the ability to go to work or

school, suggesting potential negative effects of the fires in both the short and long terms.

To examine if my results are driven by the sample directly impacted by the fires, rather

than just the air pollution generated by emissions, I rerun my entire set of main analyses
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omitting households from the provinces in southern Kalimantan and western Sumatra,

the two provinces with the heaviest burning activity both during the 2015 season, but also

across the time series. The main behavioral and health results are presented in Appendix

A (Table A.6-Table A.10). In general, the results among the sample of areas affected by

the emissions but not the fires themselves demonstrate similar patterns to those generated

across the entire sample; however, two interesting patterns surface. First, I do find evidence

of slight differences related to the extent of averting behavior, particularly related to average

exposures over time. Second, if anything, I find evidence of more substantial health and

welfare consequences of exposure to emissions among the sample with the fire-affected

provinces removed. I consider each of these trends in turn.

My main analysis finds minimal evidence of immediate behavioral reactions to am-

bient air pollution exposure resulting from the shock of the 2015 fire season; if anything,

households make slight alterations in patterns of fuel consumption. Among households in

non-fire affected provinces, this immediate behavioral reaction remains, albeit slightly less

precisely estimated. In response to average ambient air pollution exposures over time, I

find that the behavioral response is driven by expenditure shares on electricity and enter-

tainment, with the direction of these effects suggesting reductions in time spent outside

the home. Further, I find the consistent negative effect on water treatment, suggesting, as

in the analysis of the complete sample, that households may limit their responses to one

environmental risk in the presence of another, potentially more visible, threat.

With regard to individual health, my analysis of immediate health consequences during

the 2015 fire season in provinces excluding those most affected by fire activity mirrors the

main analysis in terms of magnitudes and significance. Thus, I do not find evidence that

economic activity driven by the fires is driving the health effects estimated in my main

analysis. In response to average air pollution exposure over time, I find similar trends

in health consequences in this subsample as seen in the main analyses. If anything, the

magnitudes of health consequences among this sample are larger. There are two potential

mechanisms that explain this difference in magnitude, although I am not able to distinguish
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between the two with my analyses. First, it could be that the economic activity driven by

fire-activity also increases household’s abilities to reduce fire exposure using behaviors

and technologies I do not observe in the IFLS data. Second, it could be that ambient air

pollution exposure is less salient for households in non-fire affected provinces. As emissions

increase with proximity to the fire, it is possible that, over time, households in fire-affected

areas adjust their behaviors in response to ambient air pollution as the main and pressing

environmental risk, whereas households in non-fire-affected provinces do not. The latter

is consistent with the more muted behavioral response estimated in the non-fire-affected

sample.

In addition to re-running the analysis removing fire-affected areas, I also empirically

test whether or not there is selective, short-term migration impacting the sample in wave 5

of IFLS. That is, I test to see whether households in areas affected by emissions from the

2015 forest fires show different patterns of migration than households in non-affected areas.

To do so, I implement a standard, binary difference-in-difference framework in which I

compare households in waves 4 and 5 of IFLS (as pre and post groups, respectively) in

areas impacted and not impacted by emissions from the 2015 forest fire season. Observing

different patterns of migration among affected and non-affected groups would suggest

that households may use migration as an averting behavior. The difference-in-difference

analysis reveals no differential patterns of migration between emissions-affected and non-

affected households in the IFLS 4 and IFLS 5 periods.

1.7.3 Placebo outcomes

As a second robustness check, I examine whether or not I identify health effects on outcomes

I would not expect to be influenced by ambient air pollution exposure. In this case, I

consider incidence of toothache and stomachache. I estimate these specifications for both

transient spikes in ambient air pollution exposure as well as average exposures over time.

Columns 1-4 of Table 1.17 reports these results for both children under the age of 15 and

adults over the age of 55. I do not find any evidence that children or adults in emissions-
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affected areas interviewed during the forest fire season experience any higher or lower

incidence of toothache or stomachache. Finally, in columns 5-6 of Table 1.17, I estimate

the effect of average ambient air pollution across my 19-year panel on toothache and

stomachache incidence and find no evidence of an effect over time.

Table 1.17: Placebo health checks

(1) (2) (3) (4) (5) (6)
Children under 15 Adults over 55 Over time

Toothache Stomachache Toothache Stomachache Toothache Stomachache
Emissions affected 0.0308 0.0531∗∗ -0.0513 -0.00622

(0.0212) (0.0268) (0.0653) (0.0720)

Fire season -0.0131 -0.00418 -0.108 -0.0335
(0.0252) (0.0318) (0.0680) (0.0816)

Emissions affected -0.00108 -0.0255 0.0254 -0.0422
× Fire season (0.0304) (0.0385) (0.0814) (0.0957)

Average AI 0.0906 0.139
(0.0781) (0.0980)

Observations 2211 2211 347 347 58723 58723
R2 0.012 0.026 0.055 0.053 0.002 0.008

Notes: Author’s calculations. Standard errors, clustered at the match level (Columns 1-4) or individual level (Columns 5-6),
in parentheses. All columns control for age, household size, education of household head, religion, housing type, household
income, and an urban indictor. Columns 5-6 include year and individual fixed effects; first stage F-test is 7762. *** p<.01, **
p<.05, * p<.10.

1.7.4 Multiple hypothesis testing

Given the need to use multiple proxy variables to consider behavioral adjustments resulting

from ambient air pollution exposure as well as the multiple possible health consequences of

said exposure, concern arises regarding the potential for incorrectly identifying behavioral

or health responses to ambient air pollution. To address this concern, I use the Bonferroni

correction to re-test the significance of my findings (Gordon et al., 2007). In each case, I

consider the set of outcomes measured (i.e., the immediate averting behaviors, the extended

period averting behaviors, and the health implications) as the related hypotheses relevant

for testing family-wise significance. As the Bonferroni correction is a conservative test,

particularly when outcomes are potentially correlated as is the case in the afore-outlined

analysis, I discuss the changes in significance identified by these correction as a robustness

check rather than using them in the main analysis. Taken together, the main results and
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these adjusted results provide a more comprehensive characterization of the behavioral

responses and health implications of ambient air pollution exposure.

In the immediate term, the main analysis finds limited evidence of household averting

behaviors among households interviewed in smoke-affected areas during the fire season.

With the Bonferroni correction, the estimated effects on kerosene and vehicle fuel demand

remain significant at conventional levels. The main analyses also show evidence of changes

in hemoglobin levels among children under 15 and adults over 55 as well as reductions in

lung capacity among children in my main analysis. The Bonferroni-corrected significance

levels suggest that, among children, there is still a significant increase in hemoglobin levels,

but the effect on lung capacity becomes insignificant at conventional levels. Given that the

Bonferroni correction is very conservative in guarding against false positive findings, I take

these results, along with my main analysis, to mean there is suggestive evidence of health

consequences among children exposed to smoke from forest fires in my sample. For the

sample of adults above the age of 55, I find that the elevations in hemoglobin levels are

now marginally significant–at the 10 percent level–with the Bonferroni correction.

I also consider the Bonferroni-corrected significance levels in the analysis of responses

to ambient air pollution over time. With regard to averting behaviors, in my main analysis

I found that demand for clean cook fuels and expenditure shares on electricity, fuel, and

transportation were all higher among households experiencing higher average levels of

ambient air pollution across the panel. The Bonferroni corrected, however, suggests that

these effects are not significant at conventional levels when considering the family-wise

significance, which suggests caution in interpreting the behavioral results from the main

analysis. Turning next to individual averting behaviors and health, the Bonferroni-corrected

significance levels suggest that the effects on individual smoking behaviors and vigorous

activity remain highly statistically significant, as do all the effects on standard health

measures (i.e., self-reported general health, BMI, lung capacity, and hemoglobin levels). Of

course, the Bonferroni correction reveals the impacts on non-communicable diseases to be

insignificant at conventional levels, which mirrors the main analysis.
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1.8 Discussion and policy implications

Emissions from forest fire activity in Indonesia have substantial health consequences both

in terms of exposure to large, yet transitory, shocks in exposure as well as to average

exposures to fine particulates over time. Children living in emissions-affected areas during

the height of the 2015 fire season experienced, on average, a six percent reduction in lung

capacity. The average emissions-affected area experienced average AI exposures that

were approximately 0.3 AI higher than non-affected areas.41 Considering these average

level, I find that a temporary, two standard deviation increase in baseline AI causes a 6

percent decline in respiratory functioning among children under the age of 15. Given

findings in the existing literature relating ambient air pollution and respiratory health to

school attendance and test scores, these respiratory declines present potential mechanisms

through which short-term spikes in ambient air pollution negatively impact productivity

and human capital accumulation (Chen et al., 2018; Ebenstein et al., 2016; Graff Zivin et al.,

2019; Ham and Avol, 2011; Komisarow and Pakhtigian, 2020). Furthermore, given prior

literature that suggests relationships between lung functionality, general health status, and

chronic respiratory disease, there exists the potential for long-term impacts of large spikes

in ambient air pollution exposure. Thus, in addition to exacerbating acute illnesses such

as coughs and respiratory infections, short-term exposures could also have lasting health

and productivity consequences if these exposures lead to declines in lung functionality

(Brunekreef and Holgate, 2002; Schwartz, 2004).

The analysis of ambient air pollution exposure over time provides further insights into

the behavioral responses and health consequences incurred by households and individuals.

I find that individuals who live in areas with relatively higher average levels of AI over time

41This binary emissions-affected designation conceals substantial variation in exposure, particularly
among those exposed to the highest levels of ambient air pollution. Children in households
in the least impacted emissions-affected areas experienced average AI exposure in the month
proceeding the interview that was 0.13 higher than children in low-pollution, non-affected areas
and children in households in the most impacted emissions-affected areas experienced average
AI exposure in the month proceeding the interview that was 1.1 higher than children in high-
pollution, non-affected areas.
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incur sizable and significant declines in respiratory function. A one unit increase in average

AI across the panel–which represents about a ten standard deviation increase in average

AI–causes a 236.6 L/min decline in lung capacity. During the severe forest fire season of

2015, one month average AI increased by approximately two standard deviations; thus,

an increase average AI of the magnitude of the severe fire season would cause a 47 L/min

decline in lung capacity for the average individual, or 16 percent decrease from the baseline

mean. As the fire season in 2015 was particularly severe, I also consider the magnitude of

effect for a one standard deviation increase in average AI. Such an increase would cause

a 24 L/min decline in lung capacity, or an 8 percent decrease from the baseline mean,

for the average individual. The respiratory health consequences are not uniform across

the population. The health consequences are larger among males, individuals exposed to

indoor air pollution, and individuals with compromised health. Finally, while the analysis

falls short of identifying a causal relationship between average ambient air pollution

exposure over time and non-communicable diseases, I find evidence of increased asthma

diagnosis among more exposed individuals. The existing literature suggests productivity

consequences associated with air pollution-induced declines respiratory health as well

as increased incidence of non-communicable health conditions (Borgschulte et al., 2018;

Chang et al., 2016; Graff Zivin and Neidell, 2012). Thus, the long term costs of ambient

air pollution in Indonesia include those related to morbidity, mortality, and decreased

productivity.

To examine productivity costs associated with ambient air pollution exposure in Indone-

sia, I perform back-of-the-envelope calculations based on health consequences outlined

above and further analysis of the relationships between lung capacity, educational attain-

ment, and income across my panel. Importantly, I do not attempt to conduct a complete

cost-benefit-analysis of burning activities in Indonesia; rather, I shed light on the previ-

ously unmeasured productivity costs of emissions from fire activity related to educational

attainment and income.

I estimate these relationships using a simple OLS effects regression using my adult
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sample; the coefficients are reported in Table 1.18. I find strong positive correlations between

lung capacity and annual income as well as higher levels of educational attainment.42 I

also find strong positive correlations between higher educational attainment and annual

income. These correlations, while limited in scope, provide insight into the magnitude

of individual welfare loss incurred as a result of exposure to ambient air pollution. For

example, a one L/min increase in lung capacity is associated with a 26286 INR ($1.95 US)

increase in annual income. My estimates of the impact of ambient air pollution exposure

on lung capacity suggest that a one standard deviation increase in ambient air pollution

would result in a lung capacity reduction of 24 L/min, or be associated with an annual

income reduction of 630,864 INR ($46.80 US), or about 2.8 percent of the mean annual

income across IFLS5.

I also consider productivity losses associated with lowered educational attainment,

a potential mechanism underlying the relationship between lung capacity and annual

income. I find that each additional L/min increase in lung capacity is associated with a 0.03

percentage point reduction in the likelihood that an individual’s educational attainment is

at an elementary school level; a 0.01 percentage point reduction in the likelihood that it is at

a junior high level; a 0.02 percentage point increase in the likelihood that it is at a senior high

level; and a 0.02 percentage point increase in the likelihood that it is at a university level.

The 0.02 percentage point increase in the likelihood of a university education represents a

0.14 percent increase in university education; based on the correlation between university

education and annual income, these associations suggest a one L/min increase in lung

capacity is associated with a 21982 INR ($1.63 US) increase in annual income. Scaling this

by the one standard deviation effect of ambient air pollution over time on lung capacity,

this is associated with an annual income reduction of 527,568 INR ($39.14 US), or about 2.3

percent of the mean annual income across IFLS5.43

42All annual incomes are adjusted to 2014 IDR for comparison.
43I repeat this analysis based on the sample without households in the most fire-affected provinces.

In this sample, I find that the annual income reduction associated with a one standard deviation
increase in ambient air pollution exposure over time is between 2.7 and 3.3 percent, which is
consistent with the estimates across the entire sample.
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Table 1.18: Correlations between lung capacity, education, and income

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Annual income Elementary education Junior high education Senior high education University education Annual income Annual income Annual income Annual income

Lung capacity 26285.6∗∗∗ -0.000251∗∗∗ -0.000108∗∗∗ 0.000171∗∗∗ 0.000227∗∗∗

(1912.9) (0.0000225) (0.0000192) (0.0000224) (0.0000146)

Elementary education -6414416.2∗∗∗

(330898.5)

Junior high -1521280.5∗∗∗

education (397304.2)

Senior high 1940507.3∗∗∗

education (386042.6)

University education 15701108.9∗∗∗

(1084491.1)
Observations 47070 70276 70276 70276 70276 41414 41414 41414 41414
R2 0.089 0.298 0.018 0.108 0.293 0.082 0.075 0.075 0.092

Notes: Author’s calculations. The exchange rate used was 1 US$=13514 Rupiah. Standard errors, clustered at individual level, in parentheses. All columns control for age, household size, education of household head, religion, housing type, and an
urban indictor as well as year fixed effects. *** p<.01, ** p<.05, * p<.10.
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While relying on correlations within my sample, both of these estimates of the edu-

cational and income-related costs of ambient air pollution exposure resulting from lung

capacity reductions alone suggest that the welfare consequences of such exposures are

large, particularly when aggregated across affected populations and over time. My main

analyses demonstrate that lung capacity reductions are not the only consequences of am-

bient air pollution exposure over time. Rather, individuals experience diminished health,

higher incidence of non-communicable conditions such as asthma, and potentially shift

their fuel consumption patterns. All of these responses to ambient air pollution, both the

behavioral and the physical, have associated costs that are critical in understanding the true

distribution of costs associated with ambient air pollution exposure–most often generated

by human activity through agricultural burning and land clearing–in Indonesia.

These estimates of welfare loss associated with incidence of emissions from forest

fires both in response to spikes in fire activity as well as in response to average emissions

exposures over time demonstrate one portion of the individual burden of ambient air

pollution exposure borne by households and individuals. Nevertheless, burning practices

continue. This suggests that either (i) these costs are lower, or perceived lower, than the

benefits afforded by fire activity or (ii) there is a disconnect between those enjoying the

benefits and those bearing the costs of fire burning activities in Indonesia. I briefly consider

each in turn.

While many models of locational sorting based on environmental amenities suggest

individuals avoid locations with high levels of pollution, Tan Soo (2018) demonstrates that,

while heterogeneity based on household composition exists, there is a positive willingness

to pay for pollution exposure among some household in Indonesia. While potentially

counterintuitive, Tan Soo (2018) argues that because fire activity drives both air pollution

exposures and economic activity, households may be willing to bear the costs of ambient

air pollution exposure to enjoy the benefits of increased economic opportunity. My welfare

calculations suggest that economic opportunities would need to exceed 2.3 percent of

annual incomes to justify this type of sorting behavior. Further, my heterogeneity analysis in
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which I remove fire-affected areas but leave emissions-affected regions, does not suggested

that my results are driven by the inclusion of fire-affected areas. Thus, individuals who

are likely too far from the economic stimulation driven by fire activity to benefit directly

nevertheless bear costs associated with emissions exposures.

While household perceptions of the costs and benefits of living in areas affected by

forest fire emissions may shed some light into patterns of exposure, households and small

land-holders are minor contributors to overall fire activity. As detailed in Busch et al.

(2015) and Tan Soo and Pattanayak (2019), large land-holders (firms)–in particular, palm

oil plantations, which employ over 4 million Indonesians and produce about 10 percent of

Indonesia’s total annual exports–are the major actors. While the Indonesian government

has implemented moratoriums in licenses for land conversion for palm oil and have

banned the use of fire for land clearing, the policy has struggled to achieve its goals due to

insufficient enforcement (Tan Soo and Pattanayak, 2019). Unlike the people who work on

the plantations and who live in adjacent areas, firms do not bear the health and welfare

costs of ambient air pollution exposure; they do, however, enjoy the benefit of cost-effective

land clearing for lucrative agricultural production. Thus, policies will only be effective if

these differing behavioral incentives are recognized and incorporated into policy design,

implementation, and enforcement.

Indonesia provides a valuable context for examining the effects of and responses to

ambient air pollution exposure both in terms of transitory spikes in exposure and related

to average exposures across several decades. Unfortunately, it is not a unique case. In

recent years, changes in weather patterns–particularly related to rainfall–have exacerbated

fire activity around the world. Fires in Siberia, Brazil, and the United States, among other

locations, threaten the health and productivity of near-by populations. Given predictions

of future climate patterns based on climate change scenarios, these conditions that have

led to the proliferation of fire activity around the world are expected to continue, if not

intensify (Fernandes et al., 2017; Harvey, 2016; Hu et al., 2015). Importantly, it is not

only major fire episodes that incur health consequences and welfare costs. This chapter
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demonstrates the negative repercussions of average exposures over time on population

health, suggesting additional scope for policy response not only to large-scale fire events,

but also to relatively minor and routine fire activity. By understanding the extent of the

health and welfare burdens imposed by emissions from forest fire activity, policymakers

will be better equipped to design, implement, and enforce policies to respond to threats

posed by fire activity and ambient air pollution exposure around the globe.
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2

Ending open defecation: Do neighbors
influence sanitation behaviors?

Joint with Katie Dickinson and Subhrendu K. Pattanayak

2.1 Introduction

Persistent open defecation among billions of people in low- and middle-income countries

perpetuates inequalities in health and social outcomes. Sanitation choices are recognized as

an important health behavior, with the “sanitary revolution”–the introduction of improved

water and sanitation access–cited among the most critical medical milestones of the last

century (Ferriman, 2007). Despite close connections between sanitation, diarrheal diseases,

and child mortality worldwide (WHO, 2017b), we know little about key drivers of sanitation

choices. Nearly two decades of economics literature has analyzed households’ demand

for improved sanitation technologies (Persson, 2002; Pattanayak et al., 2009; Bennett, 2012;

Gertler et al., 2015; Guiteras et al., 2015; Stopnitzky, 2016, 2017; Yishay et al., 2017; Guiteras

et al., 2019; Spears and Thorat, 2019), yet few studies have addressed the role of social

influences in shaping adoption and use of improved toilets (Shakya et al., 2015). As with

many other health behaviors, the sanitation choices of a household’s neighbors and social

peers may influence decisions about whether to build and use improved toilets or to

continue open defecation.
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These social effects can operate through multiple channels. First, social contacts can

provide information that helps households learn about the potential costs and benefits

of a relatively new and unfamiliar technology (Kremer and Miguel, 2007; Conley and

Udry, 2010; Miller and Mobarak, 2015). In the state of Orissa, India, where approximately

half of all rural households defecate in the open (MDWS, 2019a), opportunities to learn

from peers about toilets (e.g., construction and maintenance costs, health and convenience

benefits) may shape adoption and use decisions. Second, peer groups construct social norms

governing acceptable health behaviors, and enforce these norms through formal or informal

sanctions against group members that violate shared norms (Shakya et al., 2015; Gupta et al.,

2016; Novotný et al., 2018). The Indian “No Toilet, No Bride” campaign is a prime example

of an attempt to shift collective sanitation norms (Stopnitzky, 2017). Finally, sanitation

is an example of an interdependent risk, where individual health outcomes depend on

collective group behaviors and multiple equilibria are possible.1 In such contexts, strategic

decision making can lead to suboptimal investment in risk-reducing technologies (Heal

and Kunreuther, 2007, 2010).

While there are compelling reasons to believe that social influences can affect sanitation

choices, there are well-documented challenges involved in separating causal social effects

(operating through one or more of the pathways outlined above) from other explanations

for correlated outcomes within groups (Manski, 1993; Moffitt, 2001). In this chapter, we

address this challenge in the context of a randomized sanitation intervention that exo-

geneously varied sanitation behaviors among peers. The village-level intervention took

place in 2006 in the rural Bhadrak district of Orissa, India, and emphasized the ways in

which each household’s sanitation behaviors impact the broader community, following

the Community-Led Total Sanitation (CLTS) framework (Kar, 2003). Previous studies

analyzing this intervention found that latrine ownership in treatment villages increased

from 6 percent (pre-intervention) to 32 percent (post intervention) while ownership in

control villages remained unchanged (Pattanayak et al., 2009). Treatment villages also

1Appendix B contains a framework of the interdependent risk concept used in public health
economics (Cornes and Sandler, 1984, 1994).
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experienced both health and welfare benefits of improved sanitation (Dickinson et al., 2015),

though there was substantial variation in the sustainability of toilet ownership and use

(Orgill-Meyer et al., 2019).

To better understand and explain these findings, this chapter looks specifically at

the role that social interactions may have played in shaping sanitation behavior change

following the 2006 campaign. Our approach to identifying peer effects in this context

combines several different methods. First, because we observe changes in behavior within

local, pre-defined neighborhood groups in response to a randomized sanitation campaign,

concerns about locational sorting are minimized. That is, in this setting there is little

concern that households endogenously relocate to live among peers with similar sanitation

preferences to their own.2 These neighborhood groups are constructed using unique spatial

data on village structures. Second, our panel dataset allows us to control for unobserved

time-invariant group-level effects influencing households’ sanitation choices. Third, we

examine a binary outcome variable (open defecation), which minimizes concerns about

“reflection problems” because of the non-linearity of estimation (Brock and Durlauf, 2001a,b).

Finally, we look at how households’ behavior correlates with the behavior of “similar” and

“different” peers, using gender to define these reference groups.

To preview our main results, we consistently find that households are lesss likely to

openly defecate as fewer of their neighbors (defined as share of subvillage hamlet) openly

defecate. These effects are large and stable over time. Consistent with prior analyses, we

also find that the sanitation campaign reduced open defecation in treatment villages relative

to control villages in 2006, but that this effect wanes and is not statistically significant by

2010. When we examine the interaction between treatment status and peer effects, we

find that the short-term effect of the sanitation intervention (in 2006) varies depending on

the share of neighbors who continued open defecation. When a large share of neighbors

stopped open defecation, households in treatment villages were much more likely to stop

open defecation than households in control villages. In villages where a large share of

2Data collected in the years following the 2006 latrine promotion intervention also reveal little
movement among households, providing additional evidence of this argument.
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peers continued to openly defecation, however, the campaign’s effects were insufficient

to push households away from this health behavior. Examining effects within and across

gender groups, we find that both men’s and women’s open defecation behaviors respond

most strongly to neighboring men’s sanitation behaviors in the short term and women’s

behaviors in the longer term. The process of ending open defecation involves initial

purchase and construction of latrines, as well as sustained use and maintenance over

the longer term. If men have more power over household adoption decisions, decisions

and behaviors of other men in the hamlet may be particularly influential at the initial

adoption stage, whereas other women’s behaviors are more relevant in shaping longer-

term sanitation choices.

This chapter advances our knowledge on drivers of health behavior change in at least

three important ways. First, we leverage a randomized community-level experiment to

elucidate causal pathways linking social influences to health behaviors in the relatively

understudied context of sanitation. Second, by examining behaviors over a relatively long

time period, we are able to show that social pressures remain relatively consistent over

time, even in the face of external interventions. Third, by disaggregating results by gender,

we are able to highlight how different reference groups may be relevant at different stages

of the behavior change process. These findings have important implications for the design

of policies to promote improved sanitation practices.

2.2 Methods

2.2.1 Study context

In 2015, about 12 percent of the world’s population–nearly 900 million people–continued

to practice open defecation (WHO, 2017c). The prevalence of this behavior is concentrated

in Southern Asia; in India alone, over 620 million people (48 percent of the country’s

population) lack access to improved sanitation facilities (IIPS, 2016a). Not surprisingly,

there is substantial variation in sanitation conditions within India as well. The share of
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India’s population practicing open defecation in urban areas was only 11 percent in 2016,

compared to a startling 54 percent in rural areas (IIPS, 2016a). In the state of Orissa, the

setting of our study, only about 10 percent of rural households had access to a toilet facility

at the time of the randomized sanitation intervention (IIPS and Macro International, 2008).

At a national scale, India has shown commitment to combating this problem. The

Central Rural Sanitation Program was established in 1986 (DDWS, 2011); however, after

years of policies that focused solely on expanding the supply of sanitation technologies

(i.e., building latrines), it became clear that inadequate attention to demand-side factors

contributed to policy failures (Kar, 2003; Figueroa and Kincaid, 2010). Thus, in 1999,

India restructured its efforts and launched the Total Sanitation Campaign (TSC), with the

expressed goal of targeting both latrine infrastructure needs as well as raising awareness

and demand for the technology (DDWS, 2011). While the technological fix to improving

sanitation is relatively straightforward, successfully motivating demand for latrines has

proved more complicated. That is, for a household and its neighbors to experience benefits

from improved sanitation, it must both invest in a private latrine and use it consistently

over time. In 2014, India launched a third national initiative–the Swachh Bharat Mission

(SBM)–to accelerate latrine coverage and latrine use throughout the country (MDWS,

2019b).

Starting with the TSC, and becoming more central to the SBM, national-level policy

efforts have sought to allocate resources to target increasing demand for improved sanita-

tion through media campaigns, capacity building, and community activities in addition to

resources for infrastructure. This duel policy focus is the result of slow and limited progress

under initial efforts to reduce the practice of open defecation; this recognition and targeting

of social factors in sanitation decisions has led to more success in reducing open defecation

in rural India under the SBM (Hueso and Bell, 2013; Gupta et al., 2019).

Our formative research for this study also highlighted the potential importance of social

norms in the sanitation context. Informal interviews with village members in the study

area revealed a perception that latrines could provide benefits such as privacy, dignity,
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and convenience. Yet, others cited disadvantages of latrine use, such as bad odor or the

presence of flies and mosquitoes. A few people said that open defecation was a tradition,

even something they enjoyed doing. One man told us that, “If it was good enough for the

Maharajas, it’s good enough for me”. Another expressed a preference for nature’s “open

sky latrines” over enclosed, man-made facilities. In another village, women said that going

out together in the evenings for open defecation gave them a chance to spend time together

and gossip. These statements suggest that social norms and social pressure may play an

important role in maintaining the status quo in sanitation practices, and that changing

social norms may be key to shifting behaviors.

2.2.2 Data

The data for this chapter come from a household-level panel dataset from 39 rural villages

throughout the Tihidi and Chandbali blocks of the Bhadrak district of Orissa, India.3 These

data were collected prior to, immediately following, and four years after the randomized

sanitation promotion campaign implemented in conjunction with the TSC in 2006. Baseline

data were collected in all 39 villages in August of 2005. As part of the data collection process,

maps of each village were drawn for household listing and sample selection. Approximately

28 households with at least one child under five were randomly selected and surveyed in

each village; all village members were invited to take part in the community intervention

in treatment villages.

Following the baseline survey, 19 of the sample villages were randomly selected and

assigned to the treatment group while the other 20 villages served as controls. Between

January and May of 2006, treatment villages received the community-level sanitation inter-

vention. This intervention followed the Government of India’s Total Sanitation Campaign

in using the CLTS framework for encouraging demand for and ensuring supply of private

household latrines (Kar 2003). Conducted at the village level, the intervention encouraged

3There were originally 40 villages in the sample. In one treatment village, only 4 household surveys
(out of a planned 28) were completed, so this village has been dropped from the analysis.
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community participation in sanitation-related activities to identify the location and volume

of feces throughout the village and demonstrate the environmental risks posed by unim-

proved sanitation practices (Pattanayak et al., 2009; Dickinson et al., 2015).4 In addition

to social mobilization activities, village production centers were established to produce

the materials needed for latrine construction, such as concrete rings and pans, using local

materials. Finally, while CLTS typically de-emphasizes subsidies, below poverty line (BPL)

households received subsidies that covered 80 percent of construction costs.

Post-intervention data were collected in August and September of 2006. Four years

following the intervention, in 2010, all households in treatment and control villages were

revisited for another round of data collection. Attrition was low across the panel; no house-

hold attrited between baseline data collection (2005) and the post-intervention wave in 2006.

Ninety-seven percent of households were reconnected in the 2010 follow-up wave. Testing

for selective attrition in the 2010 wave, we found no evidence of household attrition based

on observable sanitation behaviors or treatment status. We also tested for attrition based on

observable household characteristics, and found that on most characteristics, households

that stayed in the sample look identical to those that attrited. The only statistically signif-

icant difference was related to gender of household head–attriting households are more

likely to have a female household head (p=0.03). Thus, we are confident that attrition does

not have significant impacts on sample composition, allowing us to generate a household

panel using baseline (2005), post-intervention (2006), and follow-up (2010) data waves on

which to run additional analyses.

The intervention focused on motivating the construction of private, household latrines,

and on encouraging all village members to use latrines consistently over time so that the

village would become “open defecation free” by a community-specified date. Because

latrine construction does not guarantee latrine use, and because community health effects

are contingent on rates of open defecation, in this paper we focus on the health behavior–

open defecation–as our key outcome variable.

4A complete description of the intervention is provided in Appendix C.
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2.2.3 Methods for identifying social effects in open defection

While the intervention has been shown to increase access to household latrines and reduce

the practice of open defecation, the mechanisms by which this transition took place remain

unclear (Pattanayak et al., 2009). Given the context and norms surrounding sanitation in

rural India and the national policy response, we posit that behaviors among a household’s

social network group are influential in determining that household’s sanitation practices.

We take several steps to examine this hypothesis. These methods are summarized in Table

2.1 and discussed in depth in the following subsections.

2.2.3.1 Defining households’ reference groups

A key consideration in studies of social effects involves defining the relevant group of

contacts or peers that can shape individual behaviors (Moffitt, 2001; Conley and Udry,

2010). Several prior studies of peer effects have used administrative units (e.g., schools

or villages) to define these reference groups (Foster and Rosenzweig, 1995; Miguel and

Kremer, 2004; Breza, 2016). A shortcoming of this approach is that these units may be

quite large, and individuals are unlikely to interact with or pay attention to all other

group members’ behaviors in a uniform way. Given the likely peer effect pathways in the

sanitation context–risk interdependency, information, learning, and norms–we expect that

households’ close physical neighbors are likely to be a highly relevant reference group for

this health behavior. We thus define reference groups geographically using unique spatial

data on village structures.

To construct these geographical reference groups, we use maps of each village that

were generated at baseline as part of the listing and mapping process for sample selection.

Figure 2.1a depicts an example of a map of one of the study villages. We use these maps

to define local-level peer reference groups by dividing each village into hamlets based on

spatial characteristics of the villages; they can be thought of as households living within the

same cluster or on the same gully (as shown in Figure 2.1b). For example, families interact

with, and walk past the house of, other families in their hamlet multiple times in a typical
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day. Thus, our main analyses examine how the sanitation behaviors (open defecation) of

other households in the hamlet influence a household’s own sanitation practices.5

(a) Example of a listing map of a village in our
sample

(b) Example of a listing map with hamlets
specified in our sample

Figure 2.1: Village listing maps

As an extension, we use an alternative reference group definition based on gender

subgroups within the hamlet. Many sanitation campaigns, including the one examined

here, tend to emphasize benefits of improved sanitation for women specifically (e.g., privacy,

dignity).6 It thus seems plausible that different norms around open defecation and latrine

use may exist for men and women, and thus that women may pay greater attention to the

behaviors of other women in their neighborhoods in making their own sanitation choices.

We explore this possibility using alternative gender-specific reference group specifications.

For these specifications, peer group behaviors are defined within gender groups; that is, we

examine the peer effects of women’s (men’s) sanitation behaviors on women (men) within

the sample hamlet.

5These are not officially designated clusters, rather, geographical clusterings of houses along a
street or gully.

6Stopnitzky (2017), for example, examines a sanitation-focused social marketing campaign in
Haryana called “No Toilet No Bride” which encouraged girls (and their families) to require
access to improved sanitation before marriage. This campaign focused on the safety, health, and
convenience of private household latrines, especially for women.
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2.2.3.2 Separating causal social effects from correlated group behavior

Once reference groups are defined, the key challenge for studies of social effects is to

identify causal peer effects (the effect of neighbors’ behaviors on a household’s own choices)

from alternative reasons for similar behavior within groups. In the terminology first

used by Manski (1993) which has become standard in most subsequent economic work

on social interactions (Moffitt, 2001), there are three broad explanations for correlated

sanitation behaviors: (1) endogenous social effects, (2) contextual effects, and (3) correlated

effects. In our context, endogenous effects are defined as the causal influence of neighbors’

sanitation behavior on a household’s own choice (our effects of interest). Contextual effects

represent the influence of neighbors’ characteristics (e.g., education, income) on sanitation

choices, while correlated effects correlated effects arise from the fact that individuals within

groups may share individual characters and institutional environments. Our econometric

strategies for separating endogenous social effects from contextual and correlated effects

are summarized in Table 2.1 and discussed below.

The literature on social effects emphasizes that, like endogenous effects, contextual

effects represent a causal influence of peer groups on own outcomes (Katz et al., 2001; Dietz,

2002; Oreopoulos, 2003). Many economic studies seeking to identify endogenous effects,

however, assume no contextual effects (Trogdon et al., 2008). This stance is motivated in

part out of econometric necessity: as Manski (1993) and others have shown, separately

identifying endogenous and contextual effects is difficult for linear outcomes where the

outcome of interest is a linear function of neighborhood/neighbors’ characteristics. In our

case, the nonlinearity in our outcome variable permits us to include controls for observable

neighbors’ characteristics and still identify the endogenous effect (Brock and Durlauf, 2007).

Since any household can only fall into one of two states (open defecation or not), the

outcome variable cannot increase linearly as adoption increases among the peer group

(Brock and Durlauf, 2007).
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Table 2.1: Econometric strategies for measuring social effects

Identification Model Econometric
challenge components strategies References

Contextual effects:
Influence of peers’

characteristics on behavior

Zjt Include neighbors’ characteristics as
control variables; binary outcome

permits identification since Y−ijt is a
nonlinear function of X̄−ijt

Brock and
Durlauf

(2001a,b)

Xijt Include controls for observable
individual characteristics that
influence sanitation choices

Correlated effects:
Homophily, selection, and

sorting

Tijt Exploit randomized sanitation
campaign to observe some change
in group-level adoption that is not

correlated with pre-determined
individual-level fixed effects

Kremer and
Miguel
(2007)

µi Include household fixed effects to
control for unobserved

time-constant household
characteristics

Correlated effects:
Common environmental

influences

Zjt, Tijt Include controls for village-level
variables that influence sanitation

choices
Simultaneity or the

“reflection problem”
Yijt Nonlinear (binary choice) model

breaks reflection problem
Brock and
Durlauf

(2001a,b)
Reference group:
Neighborhoods

Sijt Sijt = share of other households in
neighborhood practicing open defe-
cation

Foster and
Rosenzweig
(1995)

Reference group: Gender
groups

Sijt, Oijt Sijt = share of adults within gen-
der group in neighborhood practic-
ing open defecation; Oijt = share of
adults across gender group in neigh-
borhood practicing open defecation

Duflo and
Saez (2002),
Bandiera and
Rasul (2006),
Munshi and
Myaux (2006)

Turning to correlated effects, one common concern involves endogenous group forma-

tion (sorting, selection, or homophily). For example, households with a taste for cleanliness

may tend to locate in “clean” villages. Our strategy addresses this concern in a few ways.

First, we observe changes in sanitation behavior among households in fixed locations over

multiple time points, so it cannot be the case that all households choose their sanitation

behavior first and then choose their location. It is possible, however, that households origi-

nally sorted into villages or neighborhoods based on factors that are closely correlated with

subsequent demand for latrines and health behaviors. Accordingly, our list of household

covariates includes variables that may indicate sanitation-related preferences and may be
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correlated across households within villages (for example, religion and education). Second,

to address unobserved correlated effects, we exploit another feature of our dataset–the

randomized sanitation campaign. This campaign introduces an exogenous shock to san-

itation practices within villages and hamlets that is not correlated with pre-determined

individual-level unobserved characteristics.

Another type of correlated effect involves common institutional or environmental

factors that are likely to influence sanitation behaviors. For example, the cost of constructing

a latrine will vary across villages as a function of access to roads and markets, as well as

exposure to government sanitation programs and eligibility for subsidies. As above, we

address these effects by including a rich set of observable community-level controls.

2.2.4 Empirical specification

Putting these strategies together, the empirical model that we use to estimate endogenous

peer effects on sanitation behaviors is as follows:

Yijt = α + β1Sijt + β2Tijt + β3Sijt · Tijt + ρXijt + γZjt + ε ijt (2.1a)

Yijt is an indicator that a household practices open defecation that takes a value of one if

any household member openly defecates and zero otherwise. Sijt is the open defecation

behavior of the household’s reference group (measured as the percent of other households

in the hamlet practicing open defecation), Tijt is an indicator for treatment village status,

Xijt is a vector of household characteristics including caste, education, religion, household

demographics (size, gender of household head), housing materials, and ownership of

consumer durables, and Zjt is a vector of village characteristics include population density,

number of hamlets, hamlet size, and all household characteristics averaged at the hamlet

level. We cluster standard errors (ε ijt) at the village level–the sampling frame for the 2006

sanitation intervention. We run Equation 2.1a on the post-intervention cross sections of

our sample (2006 and 2010). In this specification, β1 estimates the effect of the network

group’s open defecation behavior on household open defecation in control villages, β1 + β3
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estimates the effect of the network group’s open defecation behavior on household open

defecation in treatment villages, and β2 estimates the direct treatment effect on open

defecation. Thus, by implementing this specification, we can estimate the role of social

effects on household sanitation behavior and compare these influences in treatment and

control villages.

Recognizing the potential endogeneity of sanitation behaviors within a household’s

social network (i.e., the reflection problem, homophily (Manski, 1993; Moffitt, 2001)), we

also conduct a household fixed effects analysis on our three-wave panel, by estimating the

following triple interaction specification:

Yijt = α + β1Sijt + β2Wt + β3Sijt · Tijt + β4Sijt ·Wijt + β5Tijt ·Wt + β6Sijt · Tijt ·Wt

+ ρXijt + γZjt + µi + ε ijt

(2.1b)

Here, all variables are defined as in Equation 2.1a. In addition, Wt refers to the panel wave

(2005, 2006, or 2010), and µi is a household fixed effect. The treatment indicator drops out

of this panel regression because it is fixed over time, yet our wave-treatment interaction

allows for the estimation of treatment effects over time. This specification allows for the

examination of social effects on sanitation behaviors over time, while also accounting for

differing sanitation contexts across treatment and control villages and for time-invariant

household characteristics driving sanitation decisions. In particular, by estimating all the

interaction terms, we gain insight into how both treatment effects and social effects change

over time across groups.

Given that sanitation practices are likely to vary by gender, and that the sanitation

campaign specifically marketed benefits of latrines for women, we look at variation in

behaviors and peer effects by gender. We expand our social effects analysis to consider

open defecation among adult females and males. Here, we define social network group

behavior based on behavior of the relevant gender group at the neighborhood level. First,

we re-run Equations 2.1a and 2.1b looking at open defecation behavior among adult female

(male) household members–defined as an indicator variable that takes a value of one if

adult female (male) household members report openly defecating and zero otherwise–as a
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function of hamlet rates of open defecation among adult females (males). After examining

the gender-based social effects, we run similar regressions that consider both within-group

and between-group effects. That is, we consider how one’s own social network group

behavior (defined across space and gender) impacts open defecation behaviors as well as

how behavior among the out-of-network group (i.e., male behaviors for our female sample)

further affects the decision-making process. We run the following specification on the 2006

and 2010 cross sections:

Yijt = α + β1Sijt + β2Tijt + β3Sijt · Tijt + β4Oijt + β5Oijt · Tijt + ρXijt

+ γZjt + ε ijt

(2.2a)

where Oijt is the open defecation behavior of the out-of-network group. Similarly, we run

the following specification on the household panel:

Yijt = α + β1Sijt + β2Sijt · Tijt + β3Oijt + β4Oijt · Tijt + β5Wijt + β6Tijt ·Wijt

+ ρXijt + γZjt + ε ijt

(2.2b)

In the panel analysis, we include the wave indicators and treatment-wave interactions as

well as household fixed effects (µi) to account for household or year-specific factors that

influence the outcome. As with our analysis at the household level, analysis across our

household panel allows for examination of changing sanitation practices over time as they

relate to treatment and social influences.

2.3 Results

2.3.1 Descriptive statistics

We report the baseline descriptive statistics of our entire sample, as well as comparisons

between treatment and control villages in Table 2.2. We calculate the standardized differ-

ence between treatment and control households and villages at baseline.7 Overall, these

7We calculate standardized differences according to Bayoumi (2016), who argues that they are
preferable to p-values in comparing treatment and control groups for randomized trials. We
utilize the rule-of-thumb that a standardized difference of absolute magnitude 0.25 or below
denotes similar characteristics; whereas higher absolute values suggest baseline differences.
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calculations demonstrate successful randomization.8

Table 2.2: Village and household characteristics

(1) (2) (3) (4)
Entire sample Treatment Control Difference

Panel A.Village Characteristics
Number of hamlets 4.26 (1.33) 3.93 (1.26) 4.57 (1.32) 0.486
Sample households per hamlet 8.39 (3.86) 9.13 (3.99) 7.67 (3.58) -0.387
Population density 11.65 (26.39) 11.87 (32.04) 11.44 (19.52) -0.016
Campaign quality score NA 2.57 (0.64) NA NA
Panel B. Household Characteristics
BPL (%) 69.4 66.5 72.2 0.117
Hindu (%) 96.9 96.3 97.5 0.071
Scheduled caste/tribe (%) 28.1 29.2 27.0 -0.050
Distance to paved road (m) 45.2 (47.4) 50.8 (46.4) 39.9 (47.8) -0.233
Distance to water (m) 16.1 (25.7) 15.9 (24.1) 16.3 (27.2) 0.015
Male household head (%) 90.1 91.6 88.7 -0.092
Years of household head education 6.60 (4.69) 6.51 (4.71) 6.68 (4.68) 0.039
Household size 6.98 (2.92) 6.97 (2.95) 7.00 (2.89) 0.010
Land value (INR) 153,571 (575023) 142,932 (519451) 164,498 (627414) 0.037
Number of TVs 0.15 (0.38) 0.10 (0.32) 0.19 (0.42) 0.230
Number of cell phones 0.03 (0.31) 0.02 (0.21) 0.04 (0.38) 0.086
Number of mosquito nets 2.68 (1.79) 2.58 (1.77) 2.79 (1.80) 0.115
Filter drinking water (%) 11.2 (31.6) 9.36 (29.1) 13.0 (33.7) 0.114
Hand washing at critical times (max 5) 2.92 (1.19) 2.98 (1.19) 2.86 (1.18) -0.103
Attend Gram Sabha meeting (%) 43.2 (49.6) 40.5 (49.1) 45.9 (49.9) 0.105
Panel C. Sanitation Access (2005)
Own IHL (%) 9.96 (30.0) 7.96 (25.5) 12.9 (33.6) 0.197
Household open defecation (%) 91.2 (28.3) 95.9 (22.0) 87.6 (32.9) -0.258
Male open defecation (%) 89.3 (30.9) 88.1 (32.4) 90.6 (29.2) 0.083
Female open defecation (%) 88.9 (31.4) 87.5 (33.1) 90.4 (29.5) 0.094
Child open defecation (%) 64.3 (47.9) 61.4 (48.7) 67.4 (46.9) 0.132
Panel D. Sanitation Access (2006)
Own IHL (%) 22.7 (41.9) 32.8 (47.0) 12.6 (33.2) -0.485
Household open defecation (%) 81.2 (39.1) 71.8 (45.0) 90.5 (29.3) 0.490
Male open defecation (%) 67.5 (46.9) 61.2 (48.8) 73.7 (44.1) 0.267
Female open defecation (%) 61.3 (48.7) 54.7 (49.8) 67.9 (46.7) 0.272
Child open defecation (%) 26.4 (44.1) 23.8 (42.6) 28.9 (45.4) 0.117
Panel E. Sanitation Access (2010)
Own IHL (%) 30.4(46.0) 41.8 (49.4) 19.2 (39.4) -0.513
Household open defecation (%) 88.7 (31.7) 86.3 (34.5) 91.1 (28.5) 0.155
Male open defecation (%) 79.4 (40.5) 75.0 (43.3) 83.7 (37.0) 0.219
Female open defecation (%) 71.8 (45.0) 62.3 (48.5) 81.2 (39.1) 0.436
Child open defecation (%) 36.8 (48.2) 36.8 (48.3) 36.8 (48.3) -0.001

Notes: Author’s calculations. Standard errors in parentheses. Exchange rate in 2005: US$ 1 = 44 INR. Column (4)
reports standardized differences (Bayoumi, 2016) for covariate comparisons between control and treatment households.

Treatment villages and control villages are comparable in terms of size but have some

8Villages’ treatment status was assigned at a community meeting where strips of paper with village
names were pulled from a bucket. Members of the study team were present at the meeting. We
are therefore confident that treatment assignment was in fact random, and that any differences
between groups are due to chance.
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different geographical compositions, with control village having more hamlets, but with

fewer households in each hamlet (Panel A). In terms of household characteristics (Panel

B) and sanitation practices (Panel C), we do find some noteworthy differences between

treatment and control villages at baseline. Households in treatment villages are somewhat

more economically disadvantaged, as evidenced by a higher percentage of BPL households,

larger distances from main roads, and lower ownership of some consumer goods. Addi-

tionally, we find that households in control villages report lower rates of open defecation at

baseline; while the difference between treatment and control villages is significant, rates of

open defecation are over 87 percent in both treatment and control villages, demonstrating

the pervasiveness of this behavior in 2005. We control for these covariates, as well as

several household and village characteristics that are balanced at baseline, in all of our

specifications. Furthermore, given these chance baseline differences in sanitation coverage,

we employ empirical strategies–both difference-in-differences and panel approaches–on

top of our randomized sample design.

In Panels D and E, we report post-intervention sanitation coverage and behaviors

among treatment and control villages in 2006 and 2010, respectively. Immediately fol-

lowing the intervention, we see large increases in the percentage of households owning

latrines and corresponding reductions in open defecation. In all instances, the rates of

latrine coverage are significantly higher and open defecation behavior (among the entire

household, and among male and female subgroups) are significantly lower in treatment

villages compared to controls. By 2010, we see additional increases in latrine ownership

in both treatment and control villages, with the wedge between ownership in treatment

and control villages caused by the latrine-promotion intervention remaining consistent.

Although this infrastructure exists, we see higher levels of open defecation behavior in

2010, compared to 2006 in both treatment and control villages. Furthermore, by 2010 the

difference in open defecation behavior at the household level and among male household

members between treatment and control villages is no longer significant. For adult females,

however, open defecation remains significantly lower in treatment villages. These results
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highlight the fact that latrine ownership alone does not guarantee an end to open defecation

and that the patterns of sanitation behavior vary both over time and across gender groups.

We present these results graphically in Figure 2.2.

Figure 2.2a shows rates of open defecation among treatment and control villages across

all three waves. We see a large reduction in open defecation among treatment households

in 2006, while open defecation among control households remains consistent over time,

with the exception of a slight uptick in open defecation in 2010, a trend further examined in

Orgill-Meyer et al. (2019). Figure 2.2b shows these trends in open defecation among adult

females and adult males in our sample. We see similarly shaped trends in behaviors among

treatment and control villages, with both the dip in open defecation practices in 2006 and

the subsequent uptick in 2010 also evident in control villages. The movement in sanitation

behaviors, however, is larger in treatment compared to control villages.

(a) By hamlet (b) By hamlet and gender

Figure 2.2: Hamlet open defecation

In Table 2.3, we report a benchmark empirical analysis estimating the treatment effect

of the intervention on open defecation behavior sans social influences. Here, we show that

the direct treatment effect on open defecation of living in a treatment village is greater in

magnitude than that of participating in the campaign itself, providing initial rationale to

consider social spillovers in treatment villages and hamlets. These results also support the

trends in open defecation in treatment and control villages over time depicted in Figures
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2.2a and 2.2b.

Table 2.3: Analysis of open defecation excluding social effects

(1) (2) (3) (4)
Post = 2006 Post = 2010

Open defecation Open defecation Open defecation Open defecation
Post wave 0.00242 -0.0790∗∗ 0.0394 -0.00635

(0.0162) (0.0323) (0.0257) (0.0223)

Treatment 0.0445∗∗ 0.0497∗∗

(0.0214) (0.0218)

Post wave × -0.243∗∗∗ -0.122∗∗∗

treatment (0.0590) (0.0330)

CLTS participation -0.172∗∗∗ -0.0622∗

(0.0635) (0.0309)

Scheduled 0.0590∗∗ 0.0607∗∗ 0.0494∗∗∗ 0.0507∗∗∗

caste/tribe (0.0255) (0.0254) (0.0104) (0.0104)

Male household head 0.0410 0.0398 0.0242 0.0257
(0.0306) (0.0303) (0.0242) (0.0240)

Hindu -0.0832∗∗∗ -0.0716∗∗ 0.0276 0.0326
(0.0252) (0.0295) (0.0364) (0.0373)

Years of education -0.00546∗∗∗ -0.00491∗∗∗ -0.00616∗∗∗ -0.00594∗∗∗

(0.00177) (0.00179) (0.00169) (0.00169)

Household size 0.00727∗∗ 0.00652∗ 0.000867 0.000773
(0.00347) (0.00352) (0.00285) (0.00290)

Number of mosquito -0.0353∗∗∗ -0.0337∗∗∗ -0.0225∗∗∗ -0.0229∗∗∗

nets (0.00698) (0.00695) (0.00696) (0.00711)

TV ownership -0.214∗∗∗ -0.223∗∗∗ -0.131∗∗∗ -0.129∗∗∗

(0.0419) (0.0434) (0.0277) (0.0273)

Number of hamlets -0.00956 -0.00900 -0.0166 -0.0176
(0.0155) (0.0143) (0.0129) (0.0135)

Sample households -0.00236 -0.00300 -0.00164 -0.00166
per hamlet (0.00235) (0.00258) (0.00249) (0.00245)

Population density -0.000634∗∗ -0.000617∗∗ -0.000349 -0.000335
(0.000258) (0.000250) (0.000337) (0.000327)

Observations 2082 2082 2063 2063
R2 0.150 0.128 0.102 0.095

Notes: Authors’ calculations. Standard errors, clustered at the village level, in parentheses. Regressions control for the
following household characteristics: caste, gender of household head, religion, education, household size, mosquito
net ownership, and television ownership. They also control for hamlet characteristics including population density,
number of hamlets, households per hamlet, and household characteristics aggregated at the hamlet level. *** p<.01,
** p<.05, * p<.10.
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Average treatment effects, however, are insufficient to explain the cross-village variation

in successful impacts on sanitation behaviors in treatment villages. Figures 2.3a and 2.3b

show rates of open defecation among all treatment (2.3a) and control (2.3b) villages in 2005,

2006, and 2010. The most striking pattern across treatment villages is the dipping trend in

open defecation in 2006, followed by reversion back to open defecation in 2010. This trend

is largely absent in control villages, although there are some control villages that experience

counterintuitive patterns themselves with open defecation spikes in 2010. Relatedly, the

figures show that in some treatment villages, open defecation dropped quite dramatically

following the intervention and stayed low, while in others the intervention was largely

unsuccessful or had no sustainable impact.

(a) Open defecation across treatment villages
in 2005, 2006, 2010.

(b) Open defecation across control villages in
2005, 2006, 2010

Figure 2.3: Village open defecation over time

In addition to shifting sanitation practices, the intervention was effective in generating

short-term changes in key sources of sanitation information. We present this evidence in

Table 2.4, which demonstrates that, immediately following the intervention, households in

treatment villages reported increases in access to sanitation-related to information from

“technical sources”, including healthcare workers, television and radio advertisements,

and school lessons (Column 1). By 2010, however, sources of sanitation information are

statistically indistinguishable between treatment and control villages (Column 2). When we

consider social sources of sanitation information–family and friends, community groups,
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local tales, etc.–we see no evidence of shifting information sources following the improved

sanitation campaign (Columns 3-4). Finally, in considering whether or not these information

sources generated short-term behavioral change (Columns 5-6), our analysis shows that

households in treatment villages reported the adoption of improved sanitation and hygiene

practices following the intervention based on technical information sources. Again, we find

no evidence of shifting impacts of socially-garnered sanitation information. Taken together,

these analyses suggest that the intervention was effective in disseminating information,

upon which households acted in the short term. The intervention, however, did not

change processes of social information sharing, nor generate long-term shifts in information

sources.

Table 2.4: Analysis of changes in information sources

(1) (2) (3) (4) (5) (6)
Receipt of information Receipt of information: Behavioral Behavioral

Technical sources Social sources change: technical change: social
. sources sources

2006 2010 2006 2010 2006 2006
Post wave 0.113∗∗∗ 0.083∗∗ -0.074∗∗ 0.048 0.052∗∗ -0.063∗

(0.022) (0.032) (0.032) (0.049) (0.025) (0.034)
Treatment -0.038 -0.034 0.065 0.064 -0.046 0.013

(0.031) (0.030) (0.054) (0.054) (0.034) (0.050)
Post wave × 0.057∗ 0.055 -0.039 -0.054 0.152∗∗∗ 0.053
Treatment (0.034) (0.045) (0.054) (0.078) (0.039) (0.053)
Observations 2083 20864 2083 20864 2083 2083
R2 0.063 0.049 0.033 0.011 0.064 0.018

Notes: Authors’ calculations. Standard errors, clustered at the village level, in parentheses. Regressions control for the
following household characteristics: caste, gender of household head, religion, education, household size, mosquito net
ownership, and television ownership. *** p<.01, ** p<.05, * p<.10.

These trends underscore four important considerations guiding subsequent analyses

in this chapter. First, average treatment effects mask significant variation in sanitation

outcomes across villages, with large changes in sanitation behaviors in some villages

and smaller effects in others. As noted previously, interdependent risks in contexts like

sanitation give rise to multiple equilibria (see Appendix B), which may explain the divergent

outcomes we observe across villages. Second, there may be important intrahousehold

behavioral practices and sanitation preferences that analysis under a unitary household

model obfuscates. This motivates our analysis that looks at peer effects within and across
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gender groups. Third, latrine ownership alone is not sufficient to generate behavioral

change–household members must choose to use latrines and stop open defecation. We thus

use the behavioral indicator of open defecation as our outcome measure in subsequent

models. Finally, short-term behavioral change may not be sustained over time, so we

examine changes in behavior immediately following the campaign and four years later.

2.3.2 Estimated social effects

Given the trends in sanitation behaviors depicted above, we analyze how social effects in-

fluence sanitation practices against the backdrop of an experimental sanitation intervention

using the methods for causal identification outlined in Table 2.1. Table 2.5 presents results

from cross-sectional analyses of households’ open defecation in 2006 (Column 1), 2010

(Column 2), and across the three-wave panel (2005, 2006, 2010) (Column 3). Turning first to

the main effects of peers’ sanitation behaviors, we find that households are more likely to

engage in open defecation if the share of other households in the hamlet practicing open

defecation increases. The effect is nearly identical in magnitude across the 2006 and 2010

cross section specifications, and the “Hamlet open defecation × Year” interaction terms in the

panel specification are small and insignificant, indicating that these peer effects are fairly

stable over time. Collectively, we find that a one percentage point increase in the share of

neighbors practicing open defecation increases a household’s own likelihood of practicing

open defecation by about 0.21 percentage points (panel model) to 0.38 percentage points

(cross-sectional models), on average.

With regard to the effect of the sanitation campaign (“Treatment”), we find evidence of

the expected negative effect on open defection in 2006: households in treatment villages

are 36 percentage points (cross-sectional model) to 57 percentage points (panel model) less

likely to practice open defecation compared to those in control villages, on average. By

2010, the treatment effect point estimates are still negative but are smaller in magnitude

(13 percentage points in the cross-section and 24 percentage points in the panel) and are

no longer statistically significant at conventional levels. As noted previously, this is due
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to both reversion to open defecation among some treatment village households, and a

moderate trend of decreasing open defecation in control villages (Figure 2.2a).

Table 2.5: Social effects on household open defecation

(1) (2) (3)
2006 2010 2005-2010

Hamlet open 0.380∗∗∗ 0.357∗∗∗ 0.205∗∗

defecation (0.0840) (0.0929) (0.0861)

Treatment -0.359∗∗∗ -0.132
(0.0996) (0.123)

Hamlet open 0.319∗∗ 0.103 -0.0179
defecation × Treatment (0.119) (0.133) (0.140)

Hamlet open 0.00195
defecation × 2006 (0.0758)

Hamlet open 0.103
defecation × 2010 (0.113)

Treatment × 2006 -0.568∗∗∗

(0.143)

Treatment × 2010 -0.239
(0.154)

Hamlet open 0.511∗∗∗

defecation × Treatment × 2006 (0.158)

Hamlet open 0.182
defecation × Treatment × 2010 (0.165)

2006 0.0347
(0.0663)

2010 -0.0852
(0.103)

Observations 1025 1006 3077
R2 0.281 0.134 0.188
Household FE N N Y

Notes: Authors’ calculations. Standard errors, clustered at the village level,
in parentheses. Regressions control for the following household character-
istics: caste, gender of household head, religion, education, household size,
mosquito net ownership, and television ownership. They also control for ham-
let characteristics including population density, number of hamlets, house-
holds per hamlet, and household characteristics aggregated at the hamlet
level. *** p<.01, ** p<.05, * p<.10.

Finally, we assess how social effects vary between treatment and control villages over

time. In 2006, we find large, positive, and significant interactions between treatment status

and hamlet open defecation levels. These interactions are still positive but smaller and not
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statistically significant in 2010. To help interpret these results, Figure 2.4 plots households’

likelihood of open defecation in 2006 against the percent of hamlet neighbors practicing

open defecation, for both treatment and control households (i.e., it plots β1 from Equation

2.1a for control villages and β1 + β2 + β3 from Equation 2.1a for treatment villages).

Figure 2.4: Joint effect size of hamlet open defecation by treatment
and control village in 2006.

Several trends appear. First, households in treatment villages have a consistently

lower likelihood of open defecation in 2006 compared to those in control villages, at

all levels of neighbors’ open defecation, due to the direct treatment effect. Second, as

hamlet rates of open defecation increase, the difference in the likelihood of open defecation

between treatment and control village households diminishes. In other words, the treatment

becomes less effective (induces smaller changes in a household’s likelihood of practicing

open defecation) in contexts where very few of a household’s neighbors stop practicing open

defecation. The combined treatment and social effects are negative (pushing households

away from open defecation) in hamlets with rates of open defecation below 52 percent; in

hamlets with higher rates of open defecation, peer effects (encouraging continued open
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defecation) may overshadow the treatment effect of the intervention.9

Our next analyses disaggregate sanitation outcomes and peer effects by gender, report-

ing results of within-gender-group (Table 2.6) and cross-gender-group analyses (Table 2.7).

Within-gender-group results consistently show that females in hamlets with high open

defecation rates among other females are also more likely to engage in this behavior. In

cross-sectional results, this peer effect is actually somewhat larger in 2010 than in 2006.

We also find a negative and significant treatment effect among females, and, in contrast to

household-level results, this reduction in open defecation persists (though it is smaller) in

2010.

This suggests that behavioral change may be “stickier” among certain subsets of the

population, i.e., for adult females. Further, among the female sample we find evidence of

a short-term interaction effect between treatment and social effects, suggesting that the

treatment may have made social effects more salient for females immediately following the

intervention. The panel analysis (Column 3) shows similar trends; the peer effect among

adult females is strong, and the treatment effect persists through 2010.

Patterns for adult males in Table 2.6 are fairly similar. We see a strong relationship

between sanitation behaviors of adult males residing in the same hamlet; this effect is stable

across time. Treatment effects are more variable over time and across model specifications.

In the cross-sectional models (Columns 4-5), we see negative and significant in 2006, but

these effects dissipate in 2010. In our panel analysis (Column 6), however, treatment

effects are not significant in either year. Similar to females, we observe a positive and

significant interaction between treatment and social effects in 2006 only, suggesting that the

intervention may have made males more responsive to the sanitation behaviors of other

males in the immediate aftermath of the campaign.

9Among hamlets in treatment villages in our sample, the 25th, 50th, and 75th percentiles of hamlet
open defecation rates are 56%, 78%, and 92%, respectively. For hamlets in control villages, the 25th,
50th, and 75th percentiles of hamlet open defecation rates are 80%, 100%, and 100% respectively.
Thus, about three-quarters of the hamlets in our treatment sample fall above the point where the
direct treatment effect dominates the social influence.
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Table 2.6: Within-gender-group social effects on sanitation behaviors

Female open defecation Male open defecation

(1) (2) (3) (4) (5) (6)
2006 2010 2005-2010 2006 2010 2005-2010

Hamlet open 0.352∗∗∗ 0.504∗∗∗ 0.286∗∗∗

defecation (Female) (0.0854) (0.0761) (0.098)

Hamlet open 0.439∗∗∗ 0.450∗∗∗ 0.502∗∗∗

defecation (Male) (0.0739) (0.0821) (0.082)

Treatment -0.265∗∗∗ -0.185∗∗ -0.258∗∗∗ -0.125
(0.0790) (0.0804) (0.0756) (0.0937)

Hamlet (Female) open 0.291∗∗ 0.121 -0.024
defecation × Treatment (0.115) (0.0975) (0.186)

Hamlet (Male) open 0.279∗∗∗ 0.0821 -0.181
defecation × Treatment (0.101) (0.111) (0.156)

Hamlet (Female) open 0.085
defecation × 2006 (0.106)

Hamlet (Male) open 0.014
defecation × 2006 (0.102)

Hamlet (Female) open 0.1346
defecation × 2010 (0.101)

Hamlet (Male) open -0.025
defecation × 2010 (0.107)

Treatment × -0.229 -0.326∗∗

2006 (0.177) (0.151)

Treatment × -0.190 -0.232
2010 (0.163) (0.148)

Hamlet (Female) open 0.231
defecation × Treatment × 2006 (0.211)

Hamlet (Male) open 0.349∗

defecation × Treatment × 2006 (0.174)

Hamlet (Female) open 0.117
defecation × Treatment × 2010 (0.183)

Hamlet (Male) open 0.214
defecation × Treatment × 2010 (0.163)

2006 -0.161∗ -0.063
(0.091) (0.086)

2010 -0.142 0.011
(0.102) (0.102)

Observations 1025 1006 2969 1025 1006 2969
R2 0.184 0.275 0.166 0.210 0.200 0.170
Household FE N N Y N N Y

Notes: Authors’ calculations. Standard errors, clustered at the village level, in parentheses. Regressions control for
the following household characteristics: caste, gender of household head, education, household size, mosquito net
ownership, and television ownership. They also control for hamlet characteristics including population density,
number of hamlets, households per hamlet, and household characteristics aggregated at the hamlet level. *** p<.01, **
p<.05, * p<.10.
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Figure 2.5 provides the graphical 2006 results by gender, with Figure 2.5a depicting

differences in social effects in treatment and control villages among adult females and Figure

2.5b showing the same for adult males. Similar to overall household open defecation, open

defecation among adult females and males is lower in treatment villages due to the direct

treatment effect. Differing from overall household open defecation, however, we find

that social effects are stronger within gender groups compared, with the treatment effect

counteracting the social influences at rates of by-gender hamlet open defecation at rates of

by-gender hamlet open defecation above 41 percent and 35 percent for adult females and

males, respectively. Additionally, at very high rates of by-gender hamlet open defecation

(> 90 percent), we find that the the treatment effect is completely dominated by the social

influence, with the social effects larger in treatment compared to control villages.10

(a) Adult females (b) Adult males

Figure 2.5: Joint effect size of hamlet open defecation (by gender) by treatment and control village
in 2006.

10Among hamlets in treatment villages in our sample, the 25th, 50th, and 75th percentiles of hamlet
open defecation rates among adult females are 33%, 60%, and 77%, respectively. For hamlets in
control villages, the 25th, 50th, and 75th percentiles of hamlet open defecation rates are 50%, 67%,
and 86% respectively. Thus, just over two-thirds of the hamlets in our treatment sample fall above
the point where the direct treatment effect dominates the social influence for adult females. For
adult males, among hamlets treatment villages in our sample, the 25th, 50th, and 75th percentiles
of hamlet open defecation rates are 56%, 72%, and 100%, respectively. For hamlets in control
villages, the 25th, 50th, and 75th percentiles of hamlet open defecation rates are 50%, 67%, and
86% respectively. Thus, just under four-fifths of the hamlets in our treatment sample fall above
the point where the direct treatment effect dominates the social influence for adult males.
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Table 2.7: Within- and cross-gender-group social effects on sanitation behaviors

Female open defecation Male open defecation

(1) (2) (3) (4) (5) (6)
2006 2010 2005-2010 2006 2010 2005-2010

Hamlet open 0.188 0.313∗∗ 0.171∗ 0.0450 0.339∗∗∗ -0.0123
defecation (Female) (0.115) (0.131) (0.0916) (0.0891) (0.121) (0.0925)

Hamlet open 0.207∗∗ 0.238 0.251∗∗∗ 0.406∗∗∗ 0.113 0.510∗∗∗

defecation (Male) (0.0891) (0.149) (0.0640) (0.0990) (0.150) (0.0979)

Treatment -0.269∗∗∗ -0.187∗∗ -0.255∗∗∗ -0.104
(0.0790) (0.0878) (0.0745) (0.0949)

Hamlet (Female) open 0.117 0.204 0.192 0.171 -0.0278 0.0959
defecation × Treatment (0.223) (0.157) (0.131) (0.134) (0.161) (0.124)

Hamlet (Male) open 0.162 -0.0863 -0.0615 0.128 0.127 -0.00522
defecation × Treatment (0.208) (0.166) (0.141) (0.126) (0.205) (0.149)

Treatment × -0.0518 -0.0537
2006 (0.0459) (0.0392)

Treatment × -0.108∗∗∗ -0.0362
2010 (0.0394) (0.0307)

2006 -0.101∗∗∗ -0.0491∗

(0.0330) (0.0245)

2010 -0.0270 -0.0173
(0.0325) (0.0233)

Observations 1025 1006 2969 1025 1006 2969
R2 0.191 0.277 0.167 0.212 0.210 0.165
Household FE N N Y N N Y

Notes: Authors’ calculations. Standard errors, clustered at the village level, in parentheses. Regressions
control for the following household characteristics: caste, gender of household head, education, household
size, mosquito net ownership, and television ownership. They also control for hamlet characteristics
including population density, number of hamlets, households per hamlet, and household characteristics
aggregated at the hamlet level. *** p<.01, ** p<.05, * p<.10.

Patterns become more interesting when we include cross-gender-group effects in ad-

dition to within-group effects (Table 2.7). In the cross-sectional specifications, for both

women (Columns 1-2) and men (Columns 4-5), we find that rates of open defecation among

other men in the hamlet appear to be the relevant social influence immediately following

the intervention; four years later, however, both women and men appear to be influenced

by the sanitation behaviors of adult women. In the panel model for women (Column

3), we find that sanitation behaviors of both women and men are significantly related to

open defecation behaviors, but that social effects of male behaviors are larger. In the panel
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specification for men (Column 6), social effects are only significant for other men. On the

whole, these results indicate that there are some interesting within- and cross-gender group

social effects at play in this context, and that the extent to which men and women were

influenced by same-gender vs different-gender neighbors varied over time.

2.4 Robustness checks

Given the concerns regarding the endogeneity of social influence described above, we sup-

plement the main analysis with additional analyses, which address various identification

concerns. While none of these analyses fully address all identification challenges, taken

together, they provide additional evidence regarding the role of social influences on open

defecation in rural Orissa. We discuss each analysis briefly, in turn, noting that across all of

these supplementary analysis, we consistently find evidence of a significant role of social

influences playing a role in determining a household sanitation behaviors. Further, for

the sake of brevity, we present these supplementary analyses only for household open

defecation and not split by gender.

2.4.1 Village fixed effects

Our first supplementary analysis, reported in Table 2.8, adds village fixed effects to our

main specification. As the treatment was at the village level, it is impossible to estimate

treatment effects within a village fixed effects model. Accordingly, we replace the treatment

indicator with an indicator for whether or not the household participated in the CLTS

campaign. Thus, this variable represents a more stringent definition of treatment; rather

than measuring intent-to-treat as the village treatment indicator does, this variable is

dependent on a household’s decision to participate. As such, selection into participation

within treatment villages becomes a concern, which we address in model with household

and village fixed effects.

110



Table 2.8: Village fixed effects

(1) (2) (3)
2005-2006 2005-2010 2005, 2006, 2010

Hamlet open 0.323∗∗∗ 0.158∗ 0.338∗∗∗

defecation (0.115) (0.0871) (0.0717)

CLTS participation -0.290∗ -0.240∗∗

(0.150) (0.116)

Hamlet open 0.218 0.196
defecation × CLTS participation (0.174) (0.124)

Hamlet open 0.229∗

defecation × 2006 (0.132)

Hamlet open 0.0524
defecation × 2010 (0.108)

CLTS participation -0.268
× 2006 (0.179)

CLTS participation -0.218
× 2010 (0.161)

Hamlet open 0.186
defecation × CLTS participation × 2006 (0.212)

Hamlet open 0.176
defecation × CLTS participation × 2010 (0.179)

2006 -0.0315∗ -0.204
(0.0181) (0.122)

2010 -0.00503 -0.0503
(0.0196) (0.0978)

Observations 2071 2052 3077
R2 0.153 0.097 0.579
Household FE N N Y
Village FE Y Y Y

Notes: Authors’ calculations. Standard errors, clustered at the village level, in parentheses. Re-
gressions control for the following household characteristics: caste, gender of household head,
religion, education, household size, mosquito net ownership, and television ownership. They also
control for hamlet characteristics including households per hamlet, and household characteristics
aggregated at the hamlet level. *** p<.01, ** p<.05, * p<.10.

In the models examining effects in 2006 and 2010 (Columns 1 and 2, respectively), we

find similar patterns to our main results. In particular, households are more likely to engage

in open defecation if a larger share of households in their hamlet do as well. The magnitude

of this estimated social effect in the fixed effect model is similar to the model without fixed

effects in 2006; in 2010 it is smaller in magnitude. We also find the familiar pattern of a

negative treatment effect–that is, households that participated in the CLTS intervention are
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less likely to openly defecate. This treatment effect holds in both 2006 and 2010, suggesting

that the sustainability of treatment effect may last longer for households that actually

participated in the intervention. In these models we do not precisely estimate the effect

of the interaction between hamlet open defecation and CLTS participation; however, the

point estimates are similar to the main results. Finally, we find that the panel regression

including both household and village fixed effects mirrors the cross sectional specifications

in terms of magnitude and direction, although several of the estimates are not significant

at conventional levels. Importantly the main effect of interest–the effect of hamlet open

defecation–remains significant and positive, suggesting the relevance of social influences.

2.4.2 Changes in sanitation behaviors

While we argue that in our main specification we overcome the reflection problem by

exploiting the nonlinearities in outcome and by controlling for observable household and

hamlet characteristics–as well as time invariant characteristics in our fixed effects models–to

identify social influences, the simultaneous measurement of sanitation behaviors leaves

space for concern. Accordingly, we examine how changes in rates of hamlet open defecation

between survey waves impact household open defecation.

Table 2.9 presents the results for 2006, 2010, and the two-wave panel (2006-2010).11 This

analysis reveals that reductions in open defecation among a household’s hamlet neighbors

between survey waves reduce current-wave household open defecation: a one percentage

point reduction in hamlet open defecation between 2005 and 2006 leads to a 0.68 percentage

point reduction in likelihood of household open defecation in 2006. The significance and

interpretation of the social effect is consistent for the 2010 wave and the panel analysis.

112005 data are not used in this analysis as it is impossible to generate a change in hamlet open
defecation variable for the baseline data.
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Table 2.9: Effects of changes in open defecation over time

(1) (2) (3)
2006 2010 2006-2010

Hamlet open -0.676∗∗∗ -0.969∗∗∗ -0.356∗∗

defecation reduction (0.195) (0.123) (0.154)

Treatment 0.0137 -0.0866∗∗∗

(0.0288) (0.0256)

Hamlet open -0.305 0.211 -0.374∗∗

defecation reduction × Treatment (0.200) (0.136) (0.180)

Hamlet open -0.812∗∗∗

defecation reduction × 2010 (0.183)

Treatment × -0.030
2010 (0.023)

Hamlet open 0.291
defecation reduction × Treatment × 2010 (0.270)

2010 -0.011
(0.016)

Observations 1025 1006 2031
R2 0.368 0.149 0.286
Household FE N N Y

Notes: Authors’ calculations. Standard errors, clustered at the village level, in parentheses.
Regressions control for the following household characteristics: caste, gender of household
head, religion, education, household size, mosquito net ownership, and television ownership.
They also control for hamlet characteristics including population density, number of hamlets,
households per hamlet, and household characteristics aggregated at the hamlet level. ***
p<.01, ** p<.05, * p<.10.

2.4.3 Effects within treatment villages

As treatment occurred at the village level, variation in exposure to the CLTS treatment

does not exist within a hamlet, making it challenging to disentangle direct treatment effects

and social influence. Accordingly, we propose two types of within-treatment variation,

which impact the intensity of the treatment received. First, we consider CLTS intervention

participation, rather than assignment to treatment village. Second, we consider poverty

status–that is, whether a household is below the poverty line (BPL) or above the poverty

line (APL).12 We run each of the subsequent analyses only among households in treatment

villages.

12The intervention provided subsidies to BPL households, which were not available to APL house-
holds. This introduces differential treatment among APL and BPL households.
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2.4.3.1 CLTS Participation

Table 2.10 measures the effect of reductions in hamlet open defecation among participant

households on household open defecation among households in treatment villages who

did not participate in the CLTS-inspired intervention. Given their status as non-participants,

the intervention should not have had a direct impact on their sanitation practices; rather, the

sanitation behaviors of neighbors (who participated in the campaign) within their hamlets

may be an important factor in determining their own sanitation behaviors. As there is

selection into intervention participation, we control for observable household characteristics

that might be correlated with household sanitation practices and participation as well as

include a model with household fixed effects (Column 3).

Columns 1 and 2 report the results for the 2006 and 2010 cross sections, while Column 3

reports the panel specification with household fixed effects. For each of these specifications,

we construct a new hamlet open defecation variable, which is the reduction in open

defecation among neighbors in the hamlet who participated in the 2006 intervention.13

We find that households that did not participate in the latrine promotion intervention are

significantly less likely to openly defecate if they live in hamlets with high reduction in

open defecation among intervention participants. This result is driven by the immediate

response to the intervention in 2006; by 2010, we do not find evidence that a reduction

among participants generates social spillovers–if anything, the relationship is positive.

We do note, however, that the reduction in open defecation between 2005 and 2006 was

substantial (mean of 28 percentage points) whereas the reduction between 2006 and 2010

was minimal (mean of 3 percentage points). Thus, this analysis provides evidence of social

spillovers on campaign non-participants around the time the campaign was implemented.

13We construct this variable as the difference between rates of open defecation among hamlet
participants in 2005 and 2006 for the 2006 cross sectional analysis and the difference between
rates of open defecation among hamlet participants in 2006 and 2010 from the 2010 cross sectional
analysis.
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Table 2.10: Social effects on CLTS non-participants

(1) (2) (3)
2006 2010 2006-2010

Hamlet open defecation -0.570∗∗∗ 0.459∗∗ -0.344∗∗∗

reduction among participants (0.120) (0.175) (0.112)

Hamlet open defecation reduction -0.251
among participants × 2010 (0.372)

2010 0.013
(0.045)

2005 hamlet 1.652∗∗∗ 0.047
open defecation (0.304) (0.366)
Observations 248 242 490
R2 0.341 0.163 0.208
Household FE N N Y

Notes: Authors’ calculations. Standard errors, clustered at the village level, in
parentheses. Regressions control for the following household characteristics:
caste, gender of household head, religion, education, household size, mosquito
net ownership, and television ownership. They also control for hamlet char-
acteristics including population density, number of hamlets, households per
hamlet, and household characteristics aggregated at the hamlet level. *** p<.01,
** p<.05, * p<.10.

2.4.3.2 APL Households

A second form of treatment variation relates to BPL-APL status. In addition to the informa-

tion, education, and communication campaign that took place in all treatment villages and

was open to all households, regardless of poverty status, BPL households also qualified for

a substantial latrine building subsidy. This subsidy was intended to reduce the financial

constraints that might impede BPL households from investing in private latrines. For ana-

lytical purposes, we utilize this differential treatment to estimate the effects of hamlet open

defecation rates among APL households in treatment villages. Specifically, we measure

how the change in open defecation rates among BPL households in a hamlet influence open

defecation behaviors of APL households.14 These results are reported in Table 2.11.

14We construct this variable as the difference between rates of open defecation among hamlet BPL
households in 2005 and 2006 for the 2006 cross sectional analysis and the difference between rates
of open defecation among hamlet BPL households in 2006 and 2010 from the 2010 cross sectional
analysis.
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Table 2.11: Social effects on APL households

(1) (2) (3) (4) (5) (6)
Lower Bound APL Households Upper Bound APL Households

2006 2010 2005-2010 2006 2010 2005-2010
Hamlet open defecation -0.716∗∗∗ -0.078 -0.521∗∗∗ -0.573∗∗∗ -0.078 -0.546∗∗∗

reduction among BPL (0.157) (0.157) (0.248) (0.118) (0.157) (0.199)

Hamlet open defecation reduction 0.377 0.335
among BPL × 2010 (0.333) (0.314)

2010 -0.006 0.034
(0.050) (0.270)

2005 hamlet 0.393 0.246 0.320 0.246
open defecation (0.563) (0.318) (0.348) (0.318)
Observations 121 195 316 197 195 670
R2 0.383 0.300 0.321 0.315 0.297 0.291
Household FE N N Y N N Y

Notes: Authors’ calculations. Standard errors, clustered at the village level, in parentheses. Regressions control for the
following household characteristics: caste, gender of household head, religion, education, household size, mosquito net
ownership, and television ownership. They also control for hamlet characteristics including population density, number of
hamlets, households per hamlet, and household characteristics aggregated at the hamlet level. *** p<.01, ** p<.05, * p<.10.

As BPL status can be a sensitive topic, approximately 200 households across our sample

declined to answer this question during the 2005 and 2006 data collection efforts. Thus, we

have estimated these models using a lower bound of APL classification (Columns 1-3) in

which all households that refused to answer the question were classified as BPL households

and using an upper bound of APL classification (Columns 4-6) in which all households

that refused to answer were classified as APL households. Similarly to the participation

metric, we find that APL households in treatment villages respond to changes in open

defecation behavior among BPL households in their hamlets. In particular, we find that the

reduction in open defecation among BPL households between baseline data collection and

the first follow-up in 2006 generates a reduction in open defecation among APL households

in their hamlets. This result is consistent regardless of the APL sample composition. While

the estimate is substantially smaller in magnitude and not precisely measured for the

2010 cross section, we again note that the mean reduction in open defecation among BPL

households between 2005 and 2006 was substantially larger than the reduction between

2006 and 2010 (mean percentage point reductions of 25 and 5, respectively). The models

including both 2006 and 2010 data as well as household fixed effects demonstrate the same

trend; reductions in open defecation among more intensely treated households generate

social spillovers in open defecation behavior among less intensely treated households.
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2.4.4 Lagged analysis using baseline open defecation

To provide further insight into how village sanitation characteristics, outside of the variation

introduced by the treatment, impacts the analysis, we implement an analysis that utilizes

baseline rates of open defecation. Following the approach in Field (2007), we implement

difference-in-difference and triple difference frameworks to estimate the impact of baseline

hamlet open defecation rates on household open defecation. We report these results in

Table 2.12. Columns 1 and 2 include the difference-in-difference style analysis including

the baseline rate of hamlet open defecation and village treatment status for 2006 and 2010,

respectively, and Columns 3 and 4 present the triple difference framework.

Table 2.12: Effects of baseline open defecation

(1) (2) (3) . (4)
2006 2010 2005-2006 2005-2010

2005 hamlet open 0.266∗ 0.0894 0.184 0.281∗∗

defecation (0.136) (0.105) (0.133) (0.125)

Treatment -0.114 -0.273 0.130 0.193
(0.300) (0.329) (0.170) (0.165)

2005 hamlet open -0.114 0.211 -0.106 -0.171
defecation × Treatment (0.299) (0.338) (0.181) (0.178)

Post -0.106 0.218∗∗

(0.0726) (0.100)

2005 hamlet open 0.136∗ -0.205∗

defecation × Post (0.0730) (0.105)

Treatment × -0.213 -0.456∗

Post (0.247) (0.256)

2005 hamlet open -0.0413 0.370
defecation × Treatment × Post (0.244) (0.263)

Observations 1024 1005 2070 2051
R2 0.157 0.089 0.177 0.119
Household FE N N N N

Notes: Authors’ calculations. Standard errors, clustered at the village level, in paren-
theses. Regressions control for the following household characteristics: caste, gender
of household head, religion, education, household size, mosquito net ownership, and
television ownership. They also control for hamlet characteristics including population
density, number of hamlets, households per hamlet, and household characteristics
aggregated at the hamlet level. *** p<.01, ** p<.05, * p<.10.

In the cross sectional analyses, we find evidence that, for the 2006 cross section, house-
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hold open defecation is more common in hamlets with higher baseline rates of open

defecation; the effect is smaller in magnitude and not precisely measured by 2010, suggest-

ing that baseline rates of open defecation may not be a good metric of social influence half a

decade later. We find no evidence, however, of differential treatment effects, nor treatment

effects by baseline open defecation, again providing evidence of the importance of social

influences in the context of sanitation. In the panel regressions, which incorporate the 2005

wave, our estimates are less precise. While we find some evidence that baseline rates of

open defecation within hamlets are influential on household open defecation in 2006, the

effect is actually negative in 2010. Furthermore, we do not find evidence of differential

effects of baseline open defecation by treatment status.

2.4.5 Expanded sample

Finally, in addition to data from 2005, 2006, and 2010, data were collected from households

in 2016 to get a sense of the sustainability of the sanitation intervention after a decade.

In an evaluation of the long-term sustainability of this intervention, Orgill-Meyer et al.

(2019) find that, by 2016, there are no differences in private latrine functionality or in open

defecation between households in treatment and control villages. Given this distinctive

difference between the 2016 data and the previous three waves (2005, 2006, and 2010), we

constrain our main analysis to the first three waves; however, we expand our main analysis

for household open defecation as well as open defecation among adult female and adult

male household members using the 2016 wave in this supplementary analysis (Table 2.13).

Our results across household, female, and male open defecation in 2016–both in cross

sectional analyses (Columns 1, 3, and 5) as well as models with household fixed effects

(Columns 2, 4, and 6)–demonstrate the relevance of hamlet open defecation rates on

household open defecation. We find that a one percentage point increase in hamlet open

defecation causes a 0.56 percentage point increase in likelihood of household open defeca-

tion. In line with findings in Orgill-Meyer et al. (2019), we find no evidence of a treatment

effect in 2016; further, we find no differential social impacts by treatment status. These
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effects are consistent across adult females and adult males as well.

Table 2.13: Effects on (very) long-term sanitation practices

(1) (2) (3) (4) (5) (6)
Household Female Male

2016 2005-2016 2016 2005-2016 2016 2005-2016
Hamlet open 0.558∗∗∗ 0.256∗∗∗ 0.610∗∗∗ 0.296∗∗∗ 0.533∗∗∗ 0.429∗∗∗

defecation (0.0767) (0.0723) (0.0576) (0.083) (0.102) (0.081)

Treatment 0.0484 -0.0377 0.00214
(0.104) (0.0754) (0.106)

Hamlet open -0.0627 -0.123 0.026 -0.081 -0.031 -0.153
defecation × Treatment (0.117) (0.153) (0.087) (0.170) (0.122) (0.151)

Hamlet open 0.0252 0.070 0.057
defecation × 2006 (0.0773) (0.111) (0.109)

Hamlet open 0.0706 0.097 -0.004
defecation × 2010 (0.106) (0.096) (0.100)

Hamlet open 0.234∗ 0.198∗ 0.081
defecation × 2016 (0.116) (0.110) (0.141)

Treatment × -0.579∗∗∗ -0.276 -0.311∗∗

2006 (0.145) (0.168) (0.154)

Treatment × -0.250 -0.260∗ -0.209
2010 (0.155) (0.152) (0.145)

Treatment × -0.0730 -0.079 -0.059
2016 (0.168) (0.156) (0.179)

Hamlet open 0.512∗∗∗ 0.288 0.331∗

defecation × Treatment × 2006 (0.156) (0.200) (0.176)

Hamlet open 0.182 0.192 0.180
defecation × Treatment × 2010 (0.164) (0.170) (0.159)

Hamlet open 0.0297 0.090 0.055
defecation × Treatment × 2016 (0.178) (0.174) (0.202)

2006 0.00487 -0.154 -0.104
(0.0661) (0.092) (0.092)

2010 -0.0418 -0.095 -0.0004
(0.0993) (0.094) (0.097)

2016 -0.182∗∗ -0.146 -0.029
(0.0877) (0.105) (0.120)

Observations 1019 4096 1019 3988 1019 3988
R2 0.202 0.152 0.259 0.161 0.186 0.156
Household FE N Y N Y N Y

Notes: Authors’ calculations. Standard errors, clustered at the village level, in parentheses. Regressions control for the
following household characteristics: caste, gender of household head, religion, education, household size, mosquito
net ownership, and television ownership. They also control for hamlet characteristics including population density,
number of hamlets, households per hamlet, and household characteristics aggregated at the hamlet level. *** p<.01, **
p<.05, * p<.10.

Finally, we note that the interaction term between hamlet open defecation rates and

panel waves (2006, 2010, and 2016) is most precisely estimated for the 2016 wave for
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both household open defecation as well as for open defecation among adult females.

Given the null findings of a sustainable treatment effect, this finding is consistent with the

interpretation that while the CLTS-inspired intervention did generate short-term variation

in sanitation behaviors, these changes were not sustained, nor were they sufficient to change

social norms.

2.5 Discussion and conclusions

Open defecation persists among 12 percent of the world’s population and is especially

prevalent in rural India. We examine the role of social effects in household sanitation

choices using a three-wave panel dataset from a randomized sanitation intervention in

Orissa, India. Our most striking result is that, across a variety of econometric models

we estimate, social effects are positive and highly significant. They remain an important

determinant of household sanitation practices in the context of a randomized latrine

promotion intervention that introduced greater awareness of and access to improved

sanitation technology. Immediately following the intervention, there was a large decrease

in open defecation; however, the treatment was less effective in neighborhoods with higher

rates of open defecation due to the strong social effects. Further, while the treatment effect

on open defecation wears off after four years, the social effects remain consistent and strong

across our five-year window of analysis.

We also find strong evidence that the reference group matters. First, we find that

households in close proximity to one another–that is, living in the same hamlet–are strongly

influential in determining sanitation practices. Comparing open defecation of women and

men, we find that both genders appear to pay more attention to the behaviors of men in

the short term and women in the longer term. This result could be driven by the two-stage

decision-making process related to sanitation practices and to differing roles of men and

women at different stages in this process. For households without latrines–over 90 percent

of our sample at baseline–ending open defecation requires first investing in private latrines,
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and then using them consistently over time. As men are more likely to make financial

decisions in this context, it is plausible that the behavior of adult males was more influential

as households made adoption decisions in 2006. By 2010, however, our results suggest

that women in treatment villages were still less likely to openly defecate; the result does

not persist for men. Thus, in the longer term, variation in sanitation among neighboring

women may be the more relevant social influence.

As we argued above, the consistency of our results and the patterns of within-group

effects we find in Bhadrak lead us to conclude that households are more likely to stop

the practice of open defecation when (similar) neighbors adopt this behavior. Can we say

anything about whether the effects we observe are due to risk interdependency, learning

and information effects, or social norms? While we do not separately estimate each of these

effects, we can infer amongst these options based on our results.

. The social effects we estimate are consistently positive: as more of a household’s neigh-

bors stop open defecation, the household’s own probability of open defecation reduces.

Other sanitation research has implied that positive social spillovers in adoption are likely

in this context (Kar, 2003; Pattanayak et al., 2009; Shakya et al., 2015). Our analyses expand

on these studies, consistent with the approach in Guiteras et al. (2015, 2019), by drawing on

an experiment to estimate social effects over time.

Our results contrast, however, with findings related to social effects in a different envi-

ronmental health context in rural Kenya–deworming drugs that generate positive health

externalities (Kremer and Miguel, 2007). The authors find that as more of a household’s

contacts use the drugs, the less likely that household is to do so, possibly because of learning

effects. Households initially held overly high expectations about the benefits of the drugs,

and revised their expectations downward (and thus, were less likely to use the drugs)

as their contacts acquired more experience. These contrasting results suggest that social

spillovers may operate differently across environmental health contexts.

Another way to tease apart different types of social effects is to recognize that these

effects are likely to operate within different types of networks. Interdependent prevention
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and infection risks operate across physical space, while learning and social pressure happen

within social groups. In our analysis, we consider how spatially near households influence

one another’s sanitation practices, both at the household level and among adult men

and women in the household. The differences in social effects that we observe across

gender groups may provide evidence of the idea that social channels (learning and norms),

rather than purely epidemiological or environmental effects operating through the physical

network, are at play in Bhadrak.

Our evidence that social effects play a role in households’ sanitation decisions in

Bhadrak has important implications for both research and policy. From a research per-

spective, the analyses presented illustrate how randomization can facilitate examination of

the mechanisms in addition to the estimating average treatment effects (Ravallion, 2007;

Deaton, 2010). We believe social effects are a potentially critical mechanism and exploit

the exogenous variation in open defecation prompted by the randomly assigned CLTS

campaign to produce social effect estimates. Partly due to this randomization, we are

ultimately more confident that the effects we estimate are due to causal social effects, rather

than, for example, sorting of households into villages based on their sanitation preferences.

In this way, our analysis goes beyond simply estimating average treatment effects to help

explain some of the heterogeneity in impacts across villages exposed to this campaign.

While study villages are similar in terms of observable characteristics (fundamentals), some

villages show high levels of behavior change while others show very little. Social effects

are one possible explanation for this heterogeneous outcome.

From a policy perspective, the magnitude of social effects is informative for the design

of programs to promote improved sanitation and reduce open defecation. Point estimates

indicate that when the proportion of village members practicing open defecation falls by

one percentage point, an individual household’s probability of open defecation reduces

by 0.38 percentage points, suggesting the presence of a social multiplier (Glaeser et al.,

2003; Scheinkman, 2008). Given that the sanitation intervention in Bhadrak reduced open

defecation by 24 percentage points, our estimated social effect implies that a household
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observing this treatment-induced reduction in open defecation among its neighbors would

be approximately 9 percentage points more likely to stop open defecation as a result of these

social pressures. As this social effect exists in tandem with the direct treatment effect, it may

be possible to generate even greater reductions in open defecation by recognizing these

social mechanisms at play, including the possibility of a social multiplier. Thus, instead

of focusing strictly on private incentives, subsidies, training, and other social marketing

efforts should target social drivers of behavior change (Evans et al., 2014).
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3

Collective action for sanitation: Evidence
from experimental games in rural India

3.1 Introduction

Despite efforts to market and expand access to environmental health technologies, rates of

adoption and use remain low, particularly in low and middle-income countries (LMICs). In

these settings, households are faced with decisions regarding how and where to allocate

scarce consumption resources; deciding to invest in an improved cookstove, an individual

household latrine, or an insecticide-treated bednet may necessitate large trade-offs in other

consumption activities. Thus, to make these investment decisions, households rely on

information from a variety of sources–including their social contacts such as family and

friends; their sources of external or technical information including school and trainings;

and their own experiences (Pattanayak et al., 2018; Somanathan, 2010).

Further complicating the understanding of the household decision-making process

with regard to environmental health technologies is the often-cited disconnect between

ownership and use. Technology stacking, depreciation or failure, and abandonment have all

been offered as explanations for this own-use gap (Jeuland et al., 2015a; Orgill-Meyer et al.,

2019). There are many reasons a household may own an environmental health technology

but not exclusively use it. Chief among them include differing intra-household preferences,

negative learning through experience, and subsidy wedges (Ashraf et al., 2010; Dupas, 2009,
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2014; Kremer and Miguel, 2007; Miller and Mobarak, 2013, 2015). Thus, fully characterizing

the environmental health technology use trajectory requires monitoring of patterns in

adoption, maintenance, and abandonment across a long time horizon. While exceptions

in the economics literature exist (see Hanna et al. (2016) and Orgill-Meyer et al. (2019) for

evidence regarding the sustainability of improved cookstove and latrine ownership and

use, respectively), much of the literature focuses on the first stage–adoption.

This chapter responds to this gap by examining the mechanisms of sanitation prefer-

ences and behaviors in rural India. In this chapter, I ask if households are more likely to

contribute to collective action for improved improved sanitation–and, thus, generate posi-

tive public health externalities–if these investments will benefit their social peers. Given the

linkages between sanitation, water quality, and poor health outcomes, increasing access to

improved water sources and improved sanitation technologies remain critical components

of the global development agenda. Sustainable Development Goal 6 targets an end to open

defecation and universal access to adequate and equitable sanitation technologies by 2030.

While significant progress has been made towards achieving this target, 55 percent of the

global population lacks access to safely managed sanitation services and 27 percent of the

population has no sanitation access at all. Further over 700 million people around the

world continue to practice open defecation, and over 3 billion people do not have access to

adequate handwashing facilities at home (United Nations Economic and Social Council,

2019).1 The prevalence of open defecation is highest in Sub-Saharan Africa and south

Asia, where about 20 percent of the population continuing to practice defecation (World

Bank, 2017b). These numbers are troubling, as unimproved sanitation practices and open

defecation present substantial risks to public health. Many diseases including diarrhea,

trachoma, schistosomiasis, and hepatitis, as well as a variety of microbial infections, spread

through contact with human excreta, putting communities without access to improved

sanitation at heightened risk for contracting and transmitting these illnesses (UNICEF and

1Since 2000, use of safely managed sanitation facilities has increased from 28 percent to 45 percent
of the global population, and the proportion with no sanitation access at all decreased from 44
percent to 27 percent (United Nations Economic and Social Council, 2019).
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WHO, 2015). As diarrhea kills nearly half a million children under the age of five each

year, it remains clear that open defecation and unimproved sanitation practices continue to

contribute substantially to the global burden of disease caused by environmental factors in

developing countries (Prüss-Üstün et al., 2016).

There are many examples of creative policy- and research-led initiatives to promote

investment in and use of latrines among households in areas of sub-Saharan Africa and

Southern Asia where improved sanitation usage remains stubbornly low (Ben Yishay

et al., 2017; Dickinson et al., 2015; Gertler et al., 2015; Guiteras et al., 2016; Luby et al., 2006;

Pattanayak et al., 2009; Spears, 2014; Stopnitzky, 2016). Many of these interventions follow a

variant of the Community-Led Total Sanitation (CLTS) approach developed in Bangladesh,

which emphasizes the community’s primary role in determining a need for and demanding

improved sanitation practices (Kar, 2005). While some of the CLTS-inspired initiatives do

include a subsidy component to the intervention (Gertler et al., 2015; Pattanayak et al.,

2009), financial subsidization is not emphasized in the CLTS literature, which argues that

communities and households must be financially responsible for their investments in

improved sanitation facilities to motivate sustained behavioral change (Kar, 2005). Given

the observed success of CLTS and CLTS-inspired interventions in some locations and the

lack thereof in others (Gertler et al., 2015), questions remain as to how to most effectively

motivate and sustain use of improved sanitation facilities, particularly in areas with deeply

ingrained beliefs surrounding sanitation practices.

In this chapter, I analyze household preferences for sanitation behaviors, and specifically

the role of peer group composition on collective action for sanitation, using experimental

games. These public goods games were played among 1,746 households in rural Bihar and

Orissa, India.2 As part of the game, a short training was given to participants describing

how household sanitation behaviors affect one’s own household as well as neighboring

households through a shared public health environment. Individuals participated in the

2The Orissa sample in this study is comprised of the same households that made up the sample
in Chapter 2. All of these households, along well as the new, expanded sample in Bihar, were
revisited in 2019 to collect the data used int is chapter.

126



games either in groups that were intentionally set-up to take advantage of existing social

connections within a village or to avoid such connections. As part of the experimental

game protocol, group composition was randomized at the village level. Group composition

was based on participant gender, with half of the groups composed of either entirely male

or entirely female participants and the other groups containing a mix of genders among

participants. Given the social context in rural India, which traditionally distributes decision-

making power to males (Routray et al., 2017) and the evidence of differing demand for

sanitation technologies across genders (Khanna and Das, 2016; Stopnitzky, 2017), gender-

based group composition is a reasonable proxy for social networks or peer groups in

the sanitation space.3 Thorough household surveys collecting information on household

sanitation practices and technology access were enumerated for approximately 88 percent

of the households that participated in the experimental games, leading to a sample size of

1,542 households with both types of data that I use for in the analysis for this chapter.

I exploit variation in the the compositions of those who would benefit from the positive

externalities associated with investments in improved sanitation–randomized at the village

level through the experimental game groupings–to identify how social context affects

household sanitation investments. I couple this analysis with the examination of the

relationship between sanitation preferences elicited during the experimental games with

actual household sanitation behaviors to shed light what insights experimental games in

the field can provide on real behaviors in this context. Finally, given the two-state sample

and the availability of data for Orissa spanning 2005-2019, I run separate analyses for Orissa

3Other definitions of peer group composition were tested during piloting. In particular,
geographically-based groups (i.e., games played amongst neighbors and games played amongst
non-neighbors) were considered; however, implementation of this group formation in the
field–arranging for participants to travel to a centralized location for non-neighbor games–
demonstrated the logistical infeasibility of this approach. The literature on experimental games
implemented in LMIC field contexts takes a variety of approaches to define groups. In rural
Uganda, Baldassarri and Grossman (2013) play games between pairs that either live in the same
village, belong to the same agricultural collective, or are strangers; in Ethiopia, Paul et al. (2016)
randomize groups for a trust experiment; in Egypt, Binzel and Fehr (2013) ask sampled game
participants to bring a friend along and either match friends or intentionally pair strangers;
in Haiti, Turiansky (2017) play games among farmers with neighboring parcels; and in India,
Meinzen-Dick et al. (2016) and Stopnitzky (2016) exploit variation in communication allowance to
track social connectivity.
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to examine how variation in experience with improved sanitation technology, household

risk preferences, and community participation affect sanitation preferences elicited during

thee experimental games.

To preview the main findings, I find that group composition does play a role in will-

ingness to contribute to collective action for improved sanitation in rural India, and that

participants in gender homogeneous groups–a proxy for social connections–are more likely

to contribute at levels that generate positive externalities for others in their group. Im-

portantly, however, composition appears to play a larger role among female participants

compared to males and in earlier rounds of game play compared to later rounds–suggesting

there may be scope for increasing trust within groups across the rounds, with positive

implications for collective action behaviors. Further supporting the idea that trust plays

a role, expectations of successfully reaching the threshold, and thus receiving the public

portion of the payoff, appear to increase contributions. I find additional evidence of pos-

itive correlations between preferences for collective action for sanitation and household

sanitation practices. Finally, using the Orissa subsample for which four previous waves

of data dating back to 2005 are available, I show that historical experience with improved

sanitation is informative of current sanitation preferences.

This chapter contributes to a growing literature on the elicitation of preferences through

experimental games in the field (Baldassarri and Grossman, 2013; Binzel and Fehr, 2013;

Meinzen-Dick et al., 2016; Paul et al., 2016; Stopnitzky, 2016; Turiansky, 2017). Specifically,

it demonstrates the feasibility of connecting experimental games in the field to actual

decisions households face, with meaningful results. Furthermore, this chapter focuses

not only on initial adoption of improved sanitation but also examines how exposure to

improved sanitation over time affects how households are willing to invest in collective

action for sanitation. Finally, building on the findings of social influences on sanitation

practices in Chapter 2, this chapter specifically examines how collective action for sanitation

is impacted by socially-constructed groups.

The rest of this chapter is as follows. Section 3.2 describes the sanitation context in rural
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India. Section 3.3 provides a framework of household sanitation-related decision-making

that informs the experimental public goods game implemented in the field. Section 3.4

describes the data used in this study, and Section 3.5 presents the empirical strategy. Section

3.6 presents the empirical results, and Section 3.7 concludes with a discussion.

3.2 Background

3.2.1 Sanitation in rural India

Rates of access to and use of improved sanitation technologies in India, particularly in rural

areas, lag compared to neighboring countries and those with similar socioeconomic profiles.

Recent estimates from the WHO/UNICEF Joint Monitoring Programme show that while

rates of open defecation in South Asia as a whole hover around 21 percent, this is largely

driven by open defecation among 26 percent of the Indian population. Across the rest of

South Asia, rates of open defecation are highest in Nepal (21 percent) and Afghanistan (13

percent); prevalence of open defecation is below 10 percent in all other countries (World

Bank, 2017b).4 Sanitation access and use varies within India and has improved over time.

Figure 3.1 shows rural (top row) and urban (bottom row) rates of open defecation by state

at three points over time: 2001, 2011, and 2016 (Census of India, 2011; IIPS/India and ICF,

2017). Several clear trends appear from these maps. First, for the last two decades, the

prevalence of open defecation has been consistently much higher in rural areas compared to

urban areas. Second, over time, all states have made progress on reducing open defecation.

Third, despite significant improvements, in the most recent year with data available at the

state-level (2016) there are several states–particularly in northeast India–in which open

4These trends are particularly stark in rural areas, with the rate of open defecation in India at 36
percent and rates in Nepal, Afghanistan, and Pakistan at 25, 17, and 16 percent, respectively. As
an alternative comparison, countries with comparable GDP per capita, rates of open defecation in
India are higher than those in Bolivia (13 percent), Laos (21 percent), Uzbekistan (0 percent), or
Vietnam (3 percent) (World Bank, 2017b).
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defecation remains widespread, with rural rates above 60 percent.5 In fact, compared to the

rest of the country, rates of open defecation in Bihar and Orissa are among the highest, in

both rural and urban areas.

Figure 3.1: Open defecation rates in rural (top row) and urban (bottom row) areas, by state. Data to
generate figure from Census of India, 2011 and IIPS/India and ICF, 2017.

A number of studies the public health and economics literatures examine determinants

and outcomes of sanitation behaviors in India, particularly related to open defecation

and latrine adoption. Key to identifying the impact of improved sanitation practices and

technologies on health outcomes is first understanding the process by which household

adopt latrines. The literature suggests that there may be different factors that contribute to

this decision, some of which are unique to the Indian context. First, resource constraints still

act as a barrier to improved sanitation access both with regard to the resources necessary to

invest in and maintain an individual household latrine as well as with regard to accessing

5Rural rates of open defecation are above 60 percent in Bihar (73 percent), Chhattisgarh (72
percent), Jharkhand (85 percent), Orissa (72 percent), Tamil Nadu (61 percent), and Uttar Pradesh
(70 percent) (IIPS/India and ICF, 2017). More recent data collected in round 2 of the National
Annual Rural Sanitation Survey (2018-2019) measures toilet access, rather than open defecation.
It finds that 26 percent and 28 percent of households in Bihar and Orissa, respectively, lack toilet
access. The next lowest coverage by state is Jharkhand, with reported 15 percent of households
without toilet access (MDWS, 2019a).
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masons with the materials and expertise to construct it (Jain et al., 2019; Pattanayak et al.,

2009; Spears, 2014). Second, there is growing evidence, both within the sanitation space as

well as in technology adoption more generally, that social influences and social learning

play critical roles in the decision-making process (Dickinson et al., 2020; Guiteras et al.,

2019; Jain et al., 2019; Shakya et al., 2015). Third, and related to social influences, social

norms and traditions aree influential in sanitation-related decisions (Coffey et al., 2017;

Hathi et al., 2016; Spears and Thorat, 2019). Relatedly, the presence of these social norms

may compound the challenge of promoting improved sanitation due to the externalities

and complementarities in this space (Duflo et al., 2015; Geruso and Spears, 2018; Guiteras

et al., 2019). Fourth, studies of the sustainability of improved sanitation behavior suggest

scope for changing behaviors over time, both in terms of movement from unimproved

to improved sanitation practices and with regard to latrine abandonment (Dickinson

et al., 2020; Orgill-Meyer and Pattanayak, 2019). Thus, policy makers should not only

be concerned about initial adoption; rather, they should consider how policy design and

implementation can motivate use and sustain behavioral change once access to technology

is no longer a barrier.

Turning next to the consequences of sanitation behaviors, there is evidence of health

benefits of adopting improved sanitation technologies. These findings are, unsurpris-

ingly, accompanied by evidence that the continued practice of open defecation has health

consequences. Within this body of work, several studies seek to identify the causal link

between sanitation practices and health outcomes, and other, descriptive work speaks to

the relationship and more broadly to determinants of health related to sanitation practices

(Augsburg and Rodríguez-Lesmes, 2018; Dickinson et al., 2015; Duflo et al., 2015; Geruso

and Spears, 2018; Patil et al., 2014; Rah et al., 2015; Spears et al., 2013; Spears and Lamba,

2013). Many of these health-related studies focus on measures such as height and stunting,

incidence of diarrheal disease, and infant health including infant mortality.

For example, Rah et al. (2015) find evidence of a strong relationship between sanitation

and hygiene and reduced stunting in Maharashtra, estimating that children under two
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living in households with toilet facilities had 16-39 percent lower odds of stunting compared

to those living in households with improved sanitation access. Rah et al. (2015) further

find that benefits of sanitation and hygiene investments appear complementary, with the

greatest health gains to hand washing appearing among children living in households

with improved sanitation access. Similarly, Dickinson et al. (2015) find increased height-

for-age and weight-for-age scores in areas that experienced an exogenous shock to latrine

access through a randomized sanitation intervention, and Spears et al. (2013) find that

variation in open defecation accounts for between one third and one half of the stunting

gap between high and low performing districts across India. Similarly, Augsburg and

Rodríguez-Lesmes (2018) and Orgill-Meyer et al. (2019) find evidence of long-term health

gains to improved sanitation, particularly among female children. Using an instrumental

variables approach, Augsburg and Rodríguez-Lesmes (2018) demonstrate that increasing

latrine coverage increases child height among slum households in Madhya Pradesh, with

this result driven almost exclusively by benefits to female children; Orgill-Meyer et al.

(2019) show that there are long-term cognitive benefits that result from household latrine

ownership, with their results among female children also much stronger than those among

male children. Spears and Lamba (2013) also find evidence of cognitive returns to improved

sanitation, although their analysis does not focus on gender aside from consistently finding

poorer cognitive functioning among female children, regardless of treatment status.

There is increasingly evidence of health externalities related to household sanitation

practices–that is, a household’s own behaviors are not the sole determinant of sanitation-

related health outcomes, but behaviors among nearby households also play a role (Guiteras

et al., 2019). In evaluating a village-wide water and sanitation improvement program,

Duflo et al. (2015) find that villages in which the program was implemented experienced

a 30-50 percent decrease in treated diarrhea, with these benefits sustaining over at least

five years. Importantly, these benefits only began to appear once nearly the entire village

has received its improved water and sanitation connections. In a review article examining

outcomes across WASH interventions in South Asia and Sub-Saharan Africa, Cumming
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et al. (2019) find that health effects of such programs are nonlinear and that they are often

insufficient to motivate widespread and sustained behavioral change, thus limiting the

scope of benefits. Finally, while Patil et al. (2014) find modest increases in latrine coverage

in rural Madhya Pradesh, they find no evidence of health improvements, suggesting that

the behavioral changes were insufficient to improve the public health environment. These

studies argue that the community and social aspects of improved sanitation interventions

are critical to program sustainability and impact.

Health benefits are insufficient to fully characterize either the benefits of improved

sanitation or the determining factors of household sanitation behaviors. In addition to im-

provements to health, households may see access to private, improved latrines as providing

convenience, privacy, and safety benefits; furthermore, in some instances latrines may be

seen as a status symbol (Guiteras et al., 2019; Pattanayak et al., 2009; Routray et al., 2015;

Shakya et al., 2015). In fact, these benefits and pressures to invest in and use improved

latrines may overshadow appeals to health benefits or information provision related to the

health consequences of open defecation (Dickinson et al., 2020; Pattanayak et al., 2009). On

the other hand, there is evidence that some of the lags in adoption of improved sanitation

technologies in India results from social and cultural norms, suggesting that motivating

deviations from traditional behaviors may require addressing not only the health context,

but the social context as well (Spears and Thorat, 2019; Geruso and Spears, 2018).

3.2.2 Three decades of sanitation policy

The Government of India has responded to the challenge of open defecation–and partic-

ularly its consequences for public health–through a series of nationally-developed and

locally-implemented policy programs. The Central Rural Sanitation Program (CRSP) began

in 1986 with the explicit aims of promoting improved sanitation and hygiene and safe waste

disposal in rural India. This policy was health-focused, promoting health related rationale

for latrine building and use, and it used a combination of central and state-provision of

subsidies, infrastructure construction, and supply-side attention to promote its objectives

133



(Ministry of Rural Development, 1993). While broad-reaching in its aims, the CRSP was

largely ineffective in stimulating sanitation progress in rural India; despite construction

of over 9 million latrines at a cost around 144 million USD (Rs. 660 crore), it did little to

increase rural latrine use which increased by just 1 percent annually throughout the 1990s

(Hueso and Bell, 2013; Water and Sanitation Program, 2011)

In 1999, the CRSP was replaced by the Total Sanitation Campaign (TSC) (Hueso and Bell,

2013). While the objectives of the TSC remained fairly similar to those stated under the CRSP,

the approach and implementation of the policy differed. First, while still focused on rural

latrine construction (with a goal of constructing 120 million latrines and achieving universal

sanitation coverage), it incorporated policy initiatives to motivate behavioral change in

tandem with its infrastructure approach. It also sought behavioral change at the community

level, addressing previous challenges associated with social norms surrounding sanitation

and health externalities. Specifically, this “software” (media campaigns, capacity-building,

community activities, etc.) was key to the Information, Education, and Communication

(IEC) activities that were part of the implementation of the TSC (Water and Sanitation

Program, 2011). In addition to the IEC and infrastructure components, the TSC provided

subsides to below poverty line (BPL) households to reduce latrine investment costs. Both

national and state governments put substantial financial resources into the TSC, committing

over 3 billion USD to the sanitation “hardware” and “software” initiatives. While both types

of initiatives played a role in the TSC, resources for infrastructure substantially dominated

those for IEC; the average government “hardware” investment was approximately 11 times

the “software” expenditure (Water and Sanitation Program, 2011).

There is mixed evidence regarding the implementation and outcomes of the TSC. While,

in theory, the TSC improved upon the failures of the CRSP in focusing on sanitation

demand and latrine use, rather than exclusively on latrine construction, the process of

policy implementation suggests that, in practice, the demand-side may have been neglected

(Hueso and Bell, 2013). While reported rates of sanitation coverage from 2000-2010 vary

significantly based on the data source, the 2011 National Census found that rural sanitation
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coverage was at 31 percent, far below the TSP’s stated goal of universal coverage by 2012

(Hueso and Bell, 2013; Kapur and Ibrahim, 2013). Importantly, however, as supported in

maps of sanitation coverage presented earlier (Figure 3.1), the TSC saw more success in

some states compared to others. As the policy and interventions were implemented under

the directions of state governments, not as a centralized policy, these varied outcomes

suggest scope for understanding which approaches to motivating sanitation behavioral

change were effective, and which less so.

Given the failures of the TSC to achieve its sanitation coverage goals, the national

government transitioned and restructured the policy into new phases–first the Nirmal

Bharat Abhiyan (2012-2014) and then the Swachh Bharat Mission (SBM) (2014-2019). As

with previous sanitation policies, the SMB is a national-level policy implemented by state

governments. It contains both “software” and “hardware” components, with even more

attention on and resources dedicated to the non-infrastructure components of motivating

sanitation behavioral change. Subsidies for BPL households, up to Rs.12,000 per house-

hold for latrine construction, were funded through national and state commitments; APL

households were not eligible for subsidies. While the “hardware” subsidization was only

for the most resource constrained households, “software” initiatives targeted sanitation

behaviors of all households, a notable change from the approach taken under the TSC

(Public Health Engineering Department, 2017). Recent data suggests that the SBM has been

much more effective in improving toilet access compared to previous policy undertakings.

While coverage statistics vary by source and implementation varied by state (Gupta et al.,

2019), the government reports that over a million toilets have been built since 2014 and that

rates of open defecation across all states are approaching zero. While evidence suggests

that access is not universal (Gupta et al., 2019; MDWS, 2019a), trends in coverage suggest

improvements under SBM.
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3.2.3 Thirteen years of sanitation practices in Orissa

In 2006, a randomized latrine promotion campaign and study was implemented in 40

villages in the Bhadrak district of Orissa, India. In half of the villages, an IEC campaign

was implemented, which comprised of village-level, sanitation related activities including

a “walk of shame”, defecation mapping, and core fecal counts. Village members were

invited to participate in these activities, which were designed in accordance with the CLTS

framework (Kar, 2005). In addition to the village activities, subsidies of up to Rs 1700 ($42.50

US) were provided for below poverty line (BPL) households.6 Following the baseline and

follow-up data collection efforts preceded and following the intervention (in 2005 and 2006,

respectively), households in Orissa were revisited two additional times, first in 2010 and

then in 2016. The newest wave of data collected in 2019–detailed in Section 3.4–is the fifth

wave of this panel.

The main takeaways from the papers analyzing this intervention and its impact over

time are three-fold. First, as demonstrated in Pattanayak et al. (2009), latrine ownership

increased from 6 percent prior to the IEC campaign to 32 percent following it in treatment

villages while remaining unchanged in control villages. Second, increasing access to im-

proved latrines increases health and welfare among those in treatment villages. Dickinson

et al. (2015) show that children in treatment villages have higher height-for-age and weight-

for-age z-scores following the intervention, suggesting nutritional improvements. Further,

they show time-savings and satisfaction benefits among treatment households, providing

supportive evidence to the idea that health is not the only mechanism that is important in

determining household sanitation behaviors. Third, sanitation decisions are not static nor

permanent. Orgill-Meyer et al. (2019) find that a decade following the intervention, sanita-

tion behaviors (i.e., open defecation and latrine use) look identical among treatment and

control villages, even though latrine ownership remains higher among treatment villages.

6The CLTS framework does not include subsidies. As this intervention was implemented in
conjunction with the Total Sanitation Campaign, subsidies were offered for BPL households. BLP
households paid Rs 300 ($7.50 US) of the overall latrine construction costs which, on average,
were approximately Rs 2000 ($50 US) (Pattanayak et al., 2009). See Chapter 2 and Appendix C in
this dissertation or Pattanayak et al. (2009) for additional details about this intervention.
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These findings suggest that households may revert their sanitation practices if the benefits

of latrine use do not outweigh its costs; further, evidence of a lack of latrine maintenance

points to the importance of considering technological sustainability in policies related to

adoption (Orgill-Meyer et al., 2019).

3.3 Sanitation preferences in a public goods game

Given what government statistics, policy reports, and the existing literature reveal about

sanitation behaviors in rural India–that infrastructural investments are insufficient to

motivate behavioral change and that levers outside of health, including social norms and

pressures, are influential in household decision-making–I designed and implemented

experimental public goods games related to household sanitation. The purpose of these

games is two-fold. First, they elicit preferences related to collective action for sanitation

within the context of social norms and pressures with, albeit small, consequential outcomes.

Second, they provide a short, sanitation-related informational intervention. Drawing on

evidence from experimental lab-in-the-field games conducted related to groundwater use,

irrigation infrastructure management, and sanitation practices, it is possible that these

activities designed to highlight the interconnectedness of decisions related to management

of common-pool resources and public goods influence actual behavior (Meinzen-Dick et al.,

2018; Stopnitzky, 2016; Turiansky, 2017). Thus, this context provides the opportunity to

better understand the relationship between preferences elicited during lab-in-the-field

experiments and actual household practices.7

The context of sanitation behavior in rural India, more specifically, the associated public

health environment, lends itself to a public goods type game. In many public goods games,

individuals are rewarded for contributing to the common good only if group contributions

exceed a certain threshold. In this case, the total group contributions are increased by

7While analysis of behavioral response to the game itself is beyond the scope of this chapter, I
do examine the relationship between current sanitation practices and preferences for collective
action elicited during the games.
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some factor α and redistributed equally among participants regardless of contribution

to mimic the non-excludible and non-rival characteristics of a public good. Given that

there are private returns to sanitation decisions–that is, they represent an impure public

good (Cornes and Sandler, 1984; Dickinson et al., 2020)–I maintain the threshold-based

public benefit structure to the game as well as include a small private return to individual

sanitation and hygiene investments in the payoff structure.

3.3.1 A framework of sanitation investments

I motivate a household’s decision to allocate resources to improved sanitation and hygiene

practices with a simple, conceptual framework. A household has the opportunity to

allocate consumption resources towards improved sanitation and/or hygiene practices

(e.g., construction of a private latrine, soap purchases, payments to use public or neighbors’

latrines) or other private, health consumption goods (e.g., other environmental health

technologies, medicine, medical care). When households invest in improved sanitation,

the public health environment improves due to a reduction of germs and fecal material in

the environment. Such benefits accrue to any households that would have otherwise been

exposed to these germs. Thus, the public health environment is a function of all household

sanitation choices. A household’s private health return is a function of both the public

health environment and all other investments it makes in health.

A household has a health-consumption endowment, ρi, which it splits between invest-

ments in private health ai and individual contributions ei to to public health E. E is then a

function of the sum of all individual contributions to public health

E = f (∑
i

ei) (3.1)

To simplify the framework I consider one contribution to public health, that is, an invest-

ment in a private latrine si. Thus, Equation 3.1 is rewritten

E = f (∑
i

si) (3.2)
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Importantly, given the quasi-public good status of investments in sanitation technologies

due to their private and public health benefits, investments in private health will be a

function of sanitation choices si, other private health-improving consumption xi, and the

public health environment

ai = g(si, xi, E) (3.3)

In Equation 3.3, health is concave and increasing in latrine investments, private health

investments, and the public health environment (which is also concave and increasing in

individual latrine investments).

I define a household’s utility as an additive function of the utility gained from health

production and the utility gained from contributing to public health beyond the direct

health benefit. In theory, this latter term could be zero, but I include it to consider explicitly

how social factors play a role in sanitation decision-making.8 Here, the function h is the

utility from household health, and the function k is the utility from a public contribution,

“social utility”. All components of this utility function are as defined above. C−i captures

characteristics of others in household i’s public health environment who would benefit

from household i’s investment in sanitation. Intuitively, it is the case that a household’s

decision to contribute to a public good may depend not only on others’ contributions to

that public good (s−i) but also how beneficiary households are or are not connected.

Ui = h(g(si, xi, f (∑
i

si))) + k(si, ∑
j 6=i

sj, C−i) (3.4)

The household maximizes its utility by allocating resources across si and xi constrained by

the initial health resource constraint ρi. That is, it solves

max
si ,xi

h(g(si, xi, f (∑
i

si))) + k(si, ∑
j 6=i

sj, C−i)

s. t. si + xi = ρi

(3.5)

Solving this maximization problem, the household will allocate resources so that the

marginal utility from investing in sanitation is equal to the marginal utility from investing in

8This follows the approach outlined in Turiansky (2017) who notes that public goods contributions
in practice are often larger than theoretical predictions and so argues for the inclusion of this term
to capture altruism.
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other health-improving consumption. Assuming the components of the health production

are additive, the marginal utility of sanitation investments has three parts: (i) the effect

from private sanitation investment; (ii) the effect from the household’s own contribution to

public health through sanitation investment; and (iii) the effect of contributing to public

health based on the social context. The marginal utility of non-sanitation investments is

simply the effect from private investment.

∂h
∂g

∂g
∂si

+
∂h
∂g

∂g
∂ f

∂ f
∂si

+
∂k
∂si

=
∂h
∂g

∂g
∂xi

(3.6)

Disentangling the left hand side of Equation 3.6, I expect the first term to be (weakly)

positive–that is, a household’s utility is increasing in health and private health is (weakly)

increasing in improved sanitation investments. The second term is also (weakly) positive.

Again, a household’s utility is increasing in health, a household’s health is increasing in

improvements to public health, and the public health environment is (weakly) increasing

in improved sanitation investments. The sign of the third term is ambiguous. A household

may experience non-health increases in “social utility” from sanitation investments, may

experience no change in utility, or may experience disutility. In the last case, and depending

on the magnitude of health-related gains in utility, a household may choose to forgo

investments in improved sanitation. In the sections to follow, I consider how this framework

aligns with preferences for sanitation practices in rural Bihar and Orissa, with a particular

focus on “social utility”.

3.4 Data

3.4.1 Sample and data collection

The setting for this study is two states in northeast India, Bihar and Orissa (see Figure 3.2),

which, according to recent toilet coverage statistics from the national government, have

the worst rural improved sanitation coverage across all Indian states (MDWS, 2019a). In

Bihar, data were collected from 901 households across 30 villages in two blocks–Mahua and
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Patedhi Belsar–of the Vaishali district, and in Orissa data come from 1053 households across

39 villages in the Chandabali and Tihidi blocks of the Bhadrak district. The household

sample in Orissa was predetermined due to the prior work done in this study area.9 Village

selection for the Bihar sample followed the criteria first used to select villages for the initial

study area in Orissa: Villages had fairly low latrine coverage relative to alternative areas

(even though access to construction materials and expertise was available) and villages had

between 70-500 households. Household selection was conducted as part of the complete

listing done in each village in the Bihar sample to ensure geographical representation of

the village.

All households that participated in the household survey were invited to participate as

part of the experimental games sample as well. Importantly, the same household member

who completed the household survey was not required to also participant in the game;

any adult household member could represent the household for the experimental game.

In the sample, approximately one-quarter of game participants were also the household

survey respondent; for three-quarters of the households a different household member

participated in the experimental game. Half of the villages in each block in the sample

were randomly assigned to play experimental games in gender homogeneous groups

and the other half to gender heterogeneous groups. Household surveys and games were

implemented in each village at the same time; data collection occurred in tandem in Bihar

and Orissa in September-October 2019. Surveys were enumerated by a team of 45 trained

local enumerators who were fluent in Hindi or Oriya (the local languages in Bihar and

Orissa, respectively). Games were facilitated by a subset of these enumerators where were

specifically trained on their implementation.

9The original (2005) Orissa sample contained 1086 households. Ninety-five percent of these
households were revisited during the 2019 wave. Comparison on baseline characteristics between
attritting and non-attritting households reveal that attritting households were less likely to
be Hindu, had fewer household members, and were less likely to have attended Gram Sabha
meetings (at the p=0.05 or lower level) than non-attritting households. Twenty-six new households
were added during this wave to maintain the minimum sample size in each village.
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Figure 3.2: Bihar and Orissa, India

3.4.2 Household surveys

The household survey covered household demographics; health histories of diarrheal

disease for the entire household; knowledge of the causes an symptoms of diarrhea; water

storage, hygiene, and sanitation practices, with a particular focus on access to different

types of sanitation technologies and beliefs and preferences across a choice set of behaviors;

social networks and interactions within the village; and participation in community groups

and service. Table 3.1 reports sample statistics for households in Bihar and Orissa separately,

as well as for the entire combined sample. While there were a total of 1954 households

surveyed across the Bihar and Orissa samples, I include only descriptive statistics from the

households that also participated in the experimental game–a total of 1542 households (see

Section 3.4.3 for a discussion of the experimental games).10

10The total number of game participants was 1746; 204 participants were not from households
that participated in the household survey. Furthermore, there were 412 households that did not
participate in the experimental games but did participate in the household survey. Covariate
comparisons between non-game-participating households and game-participating households
reveal that non-game-participating households are less likely to have female household heads
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Table 3.1: Sample descriptive statistics

(1) (2) (3) (4) (5) (6)
Bihar Orissa Entire Sample

Mean Obs. Mean Obs. Mean Obs.
Panel A. Participant characteristics

Male 0.50 782 0.46 760 0.48 1,542
(0.50) (0.50) (0.50)

Age 43.75 782 42.01 760 42.89 1,542
(13.92) (13.97) (13.97)

Household size 5.54 782 5.42 760 5.48 1,542
(2.11) (1.93) (2.02)

Household head primary education 0.65 782 0.71 758 0.68 1,540
(0.48) (0.46) (0.47)

Household head male 0.94 782 0.82 760 0.88 1,542
(0.24) (0.38) (0.32)

BPL 0.82 757 0.70 725 0.76 1,482
(0.38) (0.46) (0.43)

Water treatment 0.12 782 0.08 759 0.10 1,541
(0.32) (0.27) (0.30)

TV ownership 0.46 782 0.72 760 0.58 1,542
(0.50) (0.45) (0.49)

Improved cookstove ownership 0.56 782 0.70 760 0.63 1,542
(0.50) (0.46) (0.48)

Panel B. Sanitation behaviors and preferences

Open defecation 0.47 782 0.55 760 0.51 1,542
(0.50) (0.50) (0.50)

Latrine ownership 0.55 782 0.50 760 0.53 1,542
(0.50) (0.50) (0.50)

Years since latrine construction 5.12 430 4.82 381 4.98 811
(6.51) (5.51) (6.06)

Satisfied with village cleanliness 0.50 774 0.48 759 0.49 1,533
(0.50) (0.50) (0.50)

Belief latrine ownership is prestigious 0.88 782 0.80 760 0.84 1,542
(0.33) (0.40) (0.37)

Belief latrine use is village norm 0.62 782 0.52 760 0.57 1,542
(0.49) (0.50) (0.50)

Belief outside help is needed to improve sanitation 0.78 782 0.83 760 0.81 1,542
(0.41) (0.38) (0.40)

Notes: Author’s calculations. Standard deviations in parentheses. Descriptive statistics generated from sample of
households surveys that corresponds with experimental game participants.

Panel A presents characteristics of the game participants and their households. About

half of game participants are male and the average age of the sample is 43 years. A majority

of the households from which participants come are headed by males, and income levels

are low as demonstrated by three quarters of the sample reporting they had BPL cards. The

compared to game-participating households (p-value = 0.001); no other comparisons revealed
significant differences between these two populations.
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sample is characterized by fairly low education, with nearly 70 percent of household heads

having only a primary school education or lower. Households have, on average between

5-6 members.

Panel B reports access to and beliefs over sanitation practices. Approximately half

of households report practicing open defecation, and slightly more than half–53 percent–

report owning a private latrine. Among households with latrines, the average length of

ownership is just under five years. Beliefs and perceptions surrounding sanitation collected

during the household survey suggest that households in the sample villages see benefits of

investing in improved sanitation but may believe these benefits do not outweigh the costs.

For example, 84 percent of the sample believes that owning a private latrine is a sign of

prestige in the village, suggesting that ownership is far from universal. Further, only 57

percent of households agree that latrine use is the village norm, suggesting that behavioral

norms may not have shifted away from open defecation in these areas. Finally, over 80

percent of households believe that outside expertise and financing is necessary to improve

the sanitation situation in their village. Specifically, households believe that government

financing is essential to achieve universal access to improved sanitation technologies.

3.4.3 Public goods games in the field

The same game was implemented in both Bihar and Orissa. Participants played in groups

of five to seven individuals; games were either played among groups that were homoge-

neous in terms of gender mixed. Table 3.2 provides means comparisons, with p-values

for the difference in means, for a number of observable participant and household charac-

teristics, behaviors, and preferences. Overall, participants and households of participants

in the homogeneous-by-gender villages look similar to their heterogeneous-by-gender

group counterparts, with a few important exceptions. First, the participants in gender

homogeneous groups come from households with slightly higher improved cookstove

ownership (66 percent of households compared to 60 percent of households), suggesting a

higher familiarity with environmental health technologies. In addition, these households
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have marginally significant higher rates of latrine ownership compared to participants

from households in villages that played in mixed-gender groups; they have also had these

latrines for approximately one year longer. Finally, in line with this higher familiarity with

latrine technology, households in the villages in which the games were played in gender

homogeneous groups are less inclined to believe latrine ownership is prestigious, although

across the sample this belief is pervasive. Each participant was part of one game session,

which consisted of a total of 6 game rounds (3 practice rounds and 3 payoff rounds). The

entire game session took approximately 60 minutes to complete. The game that was imple-

mented, though structurally different, follows a similar approach to the sanitation-related

experimental games implemented in Tamil Nadu and analyzed in Stopnitzky (2016).

Table 3.2: Covariate balance: Socially connected vs. Non-connected villages

(1) (2) (3)
Within-gender groups Mixed-gender groups p-value

Panel A. Participant characteristics
Male 0.49 0.47 0.67
Age 42.83 42.95 0.87
Household size 5.59 5.38 0.04∗∗

Household head primary education 0.68 0.68 0.72
Household head male 0.88 0.88 0.90
BPL 0.78 0.75 0.25
Water treatment 0.10 0.09 0.49
TV ownership 0.60 0.57 0.14
Improved cookstove ownership 0.66 0.60 0.03∗∗

Panel B. Sanitation behaviors and preferences
Open defecation 0.49 0.52 0.27
Latrine ownership 0.55 0.50 0.08
Years since latrine construction 3.12 2.13 0.00∗∗∗

Satisfied with village cleanliness 0.47 0.51 0.17
Belief latrine ownership is prestigious 0.82 0.86 0.01∗∗∗

Belief latrine use is village norm 0.56 0.57 0.64
Belief outside help is needed to improve sanitation 0.79 0.82 0.18

Notes: Author’s calculations. Group means reported along with the p-value on their difference.

Another dimension of experimental game selection is related to game participants

themselves. While limited data were collected during the experimental games to decrease

their duration, it is possible to compare household characteristics of households that sent

game participants with those that did not participant in the experimental games. Mean

comparisons of all household characteristics included in Table 3.2 reveal few observable

differences between participant and non-participant households. Only the gender of

household head is significantly different, with participant households more likely to have
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male household heads (p < 0.001).

It is also possible that the comparisons between the average participant household

and non-participant households obscures potential heterogeneity in participant selection.

Most notably, this could vary along gender lines, if households differ in their willingnesses

to allow female household members to participate. While I cannot directly measure

this potential selection, I can compare male-participant households to non-participant

households and female-participant households to non-participant households. Mean

comparisons of all household characteristics included in Table 3.2 show the same trend

in household head gender as observed across the entire sample: both male and female

participants come from households that are more likely to have male household heads

compared to non-participant households (p < 0.001 for both male and female comparisons).

The only other imbalance is related to water filtration: female game participants come from

households that are slightly less likely to filter drinking water compared to non-participant

households (p = 0.04). These means comparisons provide some evidence that observable

household characteristics are not driving game participation in a meaningful way.

3.4.3.1 Game play sequence

The game was facilitated as follows. First groups were formed in each village. To do

so, every household that participated in the household survey was invited to send one

household member to participate in the game.11 Households were given a flyer with

the date and time of the game as well as their household identification number after

the survey and were asked to bring the flyer to the game. Among those who agreed to

participate, facilitators assigned them to groups of 5-7 players. These groups were either

homogeneous by gender or heterogeneous by gender. The facilitator began the game by

collecting basic information about the participants on a pre-survey form. Participants

introduced themselves to the rest of their group and gave their flyer to the facilitator to

11In some villages, there were a small number of participants that did not belong to households
that were part of the household survey either due to interest or having insufficient participation
from survey households.
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identify their household.12 Next, facilitators read the instructions to the participants; a

complete version of these instructions is available in Appendix D. Participants engaged in

three practice rounds to clarify how the game was played and the payoff structure. After

the practice rounds, enumerators provided a short training in which they explained to

participants the relationship between the public goods game and their actual sanitation

choices. The training emphasized the relationships between household sanitation choices

and the public health environment and the ways in which households were impacted by

the sanitation choices of their neighbors and friends. The training also identified how the

contribution allocations participants were being asked to make during the experimental

game could be tied to actual household decisions related to sanitation and hygiene that

households face everyday. After this training, the groups played three additional rounds

of the game; in these rounds, participants were instructed to make decisions that aligned

with their preferences across sanitation and hygiene behaviors, as explained during the

instructional training. The game concluded with a brief, individual survey about decision-

making during the game. Once a participant finished this brief survey, he/she was given

the payoff accrued during the three payoff rounds, and the game concluded.

3.4.3.2 Payoff structure

In each round, participants were allocated Rs. 35, from which they could contribute to

a group contribution.13 Their payoffs were dependent on both their own contribution

decisions as well as the aggregate group contribution. Any of the original Rs. 35 allocation

that a participant chose not to contribute to the group contribution earned a constant payoff.

Thus, participants who chose to contribute nothing were assured a minimum payoff of

Rs. 35. The group contribution yielded an equal payoff across all game participants: if

the aggregate contribution exceeded the threshold level set at the onset of the game, the

threshold value was multiplied by 1.5 and redistributed equally across all participants.

12Some participants forgot their flyers. In these cases, participants were asked to identify their
household on village maps drawn as part of the village listing.

13At the time of the experimental games, the exchange rate was US $1 = Rs. 71.
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Finally, any contribution an individual made to the group was multiplied by 0.5 and

returned to the participant. These three components of the payoff relate to the conceptual

framework outlined in Section 3.3.1. First, aggregated contributions to a public good

generate benefits shared by everyone, regardless of individual contributions, assuming a

sufficient amount is contributed to ensure its provision; second, there are private benefits

to contributing to a public good; and third, participants may make different contributions

to the public good depending on group composition.

Table 3.3: Payoff Matrix

Payoffs

Individual Group contribution Group contribution
contribution below threshold above threshold

0 35 65
5 30 60

10 25 55
20 20 50
25 15 45
35 10 40

Given the context in which the game was implemented and the need to have easily

calculable and distributable denominations for payoffs, the actual payoffs deviated slightly

(rounded to nearest Rs. 5) from the set-up described above.14 Table 3.3 shows that payoff

matrix used for the game. There are two important features about this matrix, which are

consistent with payoffs used in all public goods games. First, collectively, participants

receive higher payoffs if the group contribution exceeds the threshold. Second, individually,

participants have an incentive to free-ride off the contributions of the rest of their group.

3.4.3.3 Adding the sanitation context

The purpose of the implementing both the household survey and the experimental game

was to gain deeper insight into the role of group composition on contributions to public

goods within the context of sanitation as well as understand how preferences elicited by

14In addition, to accommodate the sanitation context for the payoff rounds (see Section 3.4.3.3),
participants were constrained to six possible contributions when making their decisions.
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the games relate to actual household sanitation practices. The experimental game provides

the context for the former. The main payoff rounds were played in the context of decision-

making surrounding sanitation and hygiene investments; these choices were articulated to

participants following a short training that clarified the ways in which sanitation practices

contribute to the public health environment. Participants were instructed to select among

the following sanitation and hygiene behaviors: (i) do nothing, (ii) wash hands with

soap sometimes, (iii) wash hands with soap always, (iv) ensure household children do

not practice open defecation, (v) ensure all household members use public or neighbor’s

latrines, or (vi) build and ensure all household members use a private latrine.

Each of these behavior options was associated with a different price contribution out

of the participants’ initial Rs. 35 budget. Contributions ranged from Rs. 0 (do nothing)

to Rs. 35 (build private latrine). The threshold was set to reflect an average contribution

of Rs. 20 per game participant, which corresponds to the behavior of ensuring children

use improved sanitation technologies. This mid-range contribution was selected to reflect

findings from the empirical literature that sizable investments in improved sanitation and

hygiene practices are needed to realize benefits to public health environment. As part of

the game instructions, facilitators reminded participants about their choice set for the game,

the rationale behind the “costs” of different behaviors, and the potential benefits associated

with different contributions. Further, while the training emphasized that the choices were

decisions households make in their everyday lives, participants did not have to choose

contributions that aligned with their actual household sanitation practices.

3.5 Empirical strategy

3.5.1 Contributions to collective action for sanitation

The experimental games were designed to exogenously vary group composition across

participants. This allows for the identification of how the composition of individuals to

whom externalities accrue–which could be positive or negative, depending on the chosen
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behavior–affects contributions to collective action for sanitation. I estimate the following

linear regression for each round

Bir = α + β1hi + ρxi + ε ir (3.7)

Bir is a measure of contributions to collective action in the sanitation context of participant

i in payoff round r (where r = 1, 2, or 3), hi is an indicator for being in a group that

was homogeneous by gender, and xi is a vector of participant and household controls,

which includes observable characteristics not balanced between gender homogeneous and

gender heterogeneous group participants. Standard errors are clustered at the village level

to match the group composition randomization. The coefficient of interest, β1 identifies

the causal effect of group composition on contributions to collective action for sanitation.

Identification is achieved through the successful randomization process; however, noting

that some household and participant characteristics were not balanced, these are included

as controls. In addition, I estimate Equation 3.7 at the game level. In this case, i refers to

the game, rather than the participant, and all unbalanced controls are aggregated to the

game-group-level. Finally, I run this analysis both for the entire sample as well as by gender

subsamples to better understand heterogeneity by gender.

Although Equation 3.7 provides insight how group composition–a proxy for social

connectivity–affects contributions in the experimental games, it is important to acknowl-

edge that the game rounds are not independent. Following Binzel and Fehr (2013), I also

estimate a framework that incorporates participant expectations. Specifically, I estimate the

following linear regression for each round

Bir = α + β1hi + β2eir + β3hi × eir + ρxi + ε ir (3.8)

Everything is as defined above, and eir is the expectation that the group will reach the

threshold in round r. This variable is constructed based on whether the group reached the

threshold in the previous round, using the last practice round to set the expectation for

r = 1. This specification exploits both the randomized design of group construction as well

as the multiple rounds of game play in which each participant engaged. Thus, β3 identifies
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the effect of the interaction between group composition and the expectation that the group

will surpass the required threshold to receive the public benefit portion of the payoff. As

with the above analysis, I run this analysis at the individual level and the game group level,

and I estimate this specification on the entire sample as well as on gender subsamples.

3.5.2 Game preferences and household sanitation behaviors

In addition to examining how social factors influence stated sanitation preferences, I

estimate the relationship between willingness to contribute to collective action for sanitation

in the experimental game setting and actual household sanitation practices. I estimate the

following linear regression

si = α + β1Bir + β2si + ρxi + ε i (3.9)

The outcome variable si is an indicator for the household use of improved sanitation.

All variables are as defined above. β1 identifies the correlation between preferences for

improved sanitation–as proxied by contributions during the experimental game—and

household sanitation practices. I control for group composition and other participant

characteristics; standard errors are clustered at the village level.

3.5.3 Expanding the analysis for Orissa

My third set of analyses examines trends in sanitation preferences for the Orissa subsample.

In addition to the data collected during the household surveys and experimental games,

four waves of survey data, spanning 2005-2016, have been collected for the Orissa sample.

This panel of data provides a long history of information about household sanitation

behaviors over time as well as other household characteristics. In the Orissa analysis, I use

this historical data to examine how risk preferences, experience with improved sanitation

over time, and previous community engagement affect contributions to collective action

for sanitation.
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To estimate the role of risk preferences, I construct a household-level indicator of risk

aversion. In previous survey rounds in Orissa, risk preferences were elicited using lotteries

in which survey respondents selected between options of receiving a lower payoff with

certainty or a higher payoff with uncertainty, with the potential to receive nothing. These

questions allow for the classifications of households as “risk averse”–those who selected

the certain outcome–and “risk loving”–those who selected the uncertain outcome. I interact

this risk aversion indicator with group composition and expectations in the following

specification

Cir = α + β1hi + β2eir + β3ai + β4hi × eir + β5hi × ai

+ β6eir × ai + β7hi × eir × ai + ρxi + ε ir

(3.10)

The outcome variable Cir measures the actual contribution (in rupees) made by participant

i in round r and ai is an indicator for risk aversion. All other variables are defined as above.

Including household risk aversion into the analysis provides additional insight into how

participants view risk in the sanitation decision-making process.

I also examine how historical experiences with sanitation affect contributions during

the experimental games. The panel of Orissa data has extensive histories of improved

sanitation access as well as exogenous variation in access to improved sanitation as a result

of the improved sanitation campaign that took place in treatment villages in Orissa in 2006.

I implement an instrumental variables empirical specification to examine how experience

with improved sanitation affects current sanitation preferences–measured through game

contributions. I use 2006 treatment status as an instrument for the key explanatory variable:

an indicator for whether the household has ever owned a latrine. As this randomized

campaign had large treatment effects, the exclusion restriction is likely to hold in this setting

(Orgill-Meyer and Pattanayak, 2019). I run the following specification

Cir = α + β1 l̂i + β2hi + β3eir + ρxi + ε ir (3.11)

where li is an indicator for household latrine ownership, which is instrumented using 2006

campaign treatment status.
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Finally, I examine whether or not previous community participation is correlated with

game contributions. I run the following specification

Cir = α + β1 pi + β2hi + β3eir + ρxi + ε ir (3.12)

where pi is an indicator for historical collective action or community group membership,

and all other variables are as defined above. While this historical community participation

measure is endogenous, this specification provides insight into whether willingness to

collaborate to collective action is domain specific, or more general in nature.

3.6 Results

First, I describe the behaviors during the experimental games. Figure 3.3 depicts the

average bids across all game sessions in each of the three payoff rounds. The horizontal

line at Rs. 20 shows the average contribution necessary for the group to attain the threshold

value to receive the public benefit portion of the payoff. Across these games, many groups

were able to hit or exceed this average contribution and reach the threshold contribution.

Descriptively, the trends in this figure suggest that average bids were highest and most

similar between the within gender and mixed gender groups in round one; decreased

slightly among both groups in round two; and increased again in both magnitude and

variation in round three.These average contributions align with sanitation investments

that fall between ensuring children do not practice open defecation (Rs. 20) and ensuring

that all household members use neighbors’ or shared latrines (Rs. 25). This suggests that

households demonstrate preferences for improved sanitation but may be unwilling to

invest their entire game budget in a private latrine. By keeping at least a portion of the

initial allocation, participants could ensure they received a payoff each round.
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Figure 3.3: Average sanitation contribution in each game session in
payoff rounds 1, 2, and 3. Average contribution required to meet
contribution threshold for receipt of public benefit indicated at Rs. 20.

Of course, these average contributions obfuscate variation within groups. In each

round, there were participants who chose contributions across the entire distribution of

potential bids. Figure 3.4 clarifies this point. In round one, nearly 40 percent of participants

contributed Rs. 35 and only less than 5 percent contributed Rs. 0. In rounds two and three,

however, this composition changed. In round two, for example, there was a decline in

participants contributing their entire budget in favor of lower contribution options. In

round three, the maximum contributions return to round one levels, but there are small

increases to participants contributing very low amounts as well. Aggregating across all

three rounds, the average total payoff was Rs. 130 (US$ 1.83).15

15The average daily agricultural wage (for men) in 2017 was Rs. 235 in Bihar and Rs. 239 in Orissa.
Thus, the average payoff was just over half the daily agricultural wage (Ministry of Agriculture
and Farmers’ Welfare, 2017).
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Figure 3.4: Distribution of contributions across bid options in each
payoff round

3.6.1 Are contributions sensitive to group composition?

While the game contribution descriptions provide insight into patterns of game play

across the three payoff rounds, they do not directly address whether contributions to

collective action vary with group composition, nor do they take into account potential

gender differences in game play behavior. To address these questions, I present results from

game-level and participant-level analyses. In each of these analyses, I examine contributions

at or above the threshold contribution required for groups to receive the public portion of

the payoff to better align with the conceptual framework guiding the analysis of collective

action.

3.6.1.1 Trends in group behavior

I examine contributions at the game-level to provide insight into how group composition

affects likelihood of reaching the contribution threshold, and, thus, all game participants

enjoying the public payoff benefit. Figure 3.5 depicts these analyses visually for all groups

155



(Figure 3.5a) and split for male (Figure 3.5b) and female (Figure 3.5c) participants. Among

games played in gender homogeneous groups, I find descriptively similar contributions

across all three rounds–approximately 90 percent of these groups hit the threshold contri-

bution in each round. Among games played in mixed gender groups, however, there is

more variation across the rounds. In each subsequent round, a higher percentage of groups

hit the threshold contribution, providing initial, suggestive evidence of learning across the

rounds in the mixed gender groups. Further, in rounds one and two, gender homogeneous

groups are more likely to reach the threshold contribution than mixed gender groups; in

round three, the likelihood of reaching the threshold is nearly identical.

Splitting the analysis by male and female groups, I find that all-male and all-female

groups display somewhat different behaviors across the rounds. In rounds one and two, all-

male groups are more likely to reach the contribution threshold compared to mixed gender

groups; whereas, in round three, they are less likely. This dip in all-male groups reaching

the threshold in round three suggests the presence of a slight increase in willingness to

free-ride in round three, as this was the final round of the experimental game, so within-

game consequences were minimal. This behavior is not pervasive, as a large percentage

of all-male groups still reach the threshold; however, it does signal a differential trend

in contributions over time in all-male groups compared to mixed gender groups. The

contribution trends for all-female groups look somewhat different. Across all three rounds,

all-female groups are more likely to reach the threshold contribution compared to mixed

gender groups. The percentage of all-female groups reaching the contribution threshold is

fairly consistent across all three rounds, with a slight uptick in round three. Furthermore,

the gap between all-female and mixed gender groups is substantially larger and more

pervasive compared the gap between all-male and mixed gender groups.
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(a) Share of groups above threshold contribu-
tion, total

(b) Share of groups above threshold contribu-
tion, male

(c) Share of groups above threshold contribu-
tion, female

Figure 3.5: Share of groups above threshold contribution

I formalize the analysis of group-level contributions to collective action with the results

presented in Table 3.4. Here, I examine the effect of randomized group composition on

reaching the threshold; the analysis is at the group-level. Across all participants (Columns

1-3), the point estimates show that games played within gender groups were more likely to

reach the contribution threshold, with the largest estimate for round one; however, none of

the estimates are significant at conventional levels. Breaking down the results by gender,

I find that the point estimates match the descriptive trends from Figure 3.5. Although

insignificant, the point estimates show all-male groups are slightly more likely to reach the
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threshold in rounds one and two, with the sign reversing in round three (Columns 4-6).

Among female participants, I consistently find that all-female groups are more likely to

reach the contribution threshold; this result is significant for in round one (Columns 7-9).

Table 3.4: Collective contributions above threshold

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Across all participants Across male participants Across female participants

Round 1 Round 2 Round 3 Round 1 Round 2 Round 3 Round 1 Round 2 Round 3
Within gender group 0.05 0.02 0.01 0.01 0.04 -0.04 0.09∗∗ 0.03 0.05

(0.04) (0.04) (0.03) (0.05) (0.05) (0.05) (0.04) (0.04) (0.03)
Observations 297 297 297 214 214 214 226 226 226
R2 0.04 0.02 0.05 0.05 0.03 0.05 0.05 0.03 0.04

Notes: Author’s calculations. Standard errors, clustered at the village level, are in parentheses. All specifications control for participant and
household characteristics, behaviors, and sanitation beliefs aggregated to the game-group average that were not balanced between groups as
well as a state indicator. *** p<.01, ** p<.05, * p<.10.

Of course, contributions in each round are not independent; rather, experiences in

previous rounds likely inform decision-making. Following Binzel and Fehr (2013), I include

expectations in the analysis presented in Table 3.5. Specifically, I examine how reaching the

threshold in the previous round impacts contributions to collective action. Furthermore,

as there may be differential group pressures depending on composition, I examine the

interaction effect between group composition and expectation as well. The results suggest

that, once again, gender heterogeneity plays an important role in contributions to collective

action in the sanitation context. In the analysis across all participants (Columns 1-3), I find

little evidence of differential likelihood of reaching the contribution threshold by group

composition or based on expectations. In comparing all-male to mixed gender groups

(Columns 4-6), however, I find that expectations set by the outcomes of previous rounds do

appear to matter. In particular, in rounds two and three groups are more likely to reach the

contribution threshold if they reached the threshold in the previous round. In the analysis

comparing all-female to mixed gender groups (Columns 7-9), I find evidence that both

group composition and expectations play a role, particularly in round three. Specifically, I

find that all-female groups are more likely to reach the threshold in round three and that

groups that reached the threshold in round two are more likely to reach the threshold in

round three. The interaction term, however, suggests that all-female groups are actually

motivated to contribute at higher levels if they failed to reach the threshold in the previous
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round, suggesting that participants were motivated to help their groups access the public

portion of the payoff.

Table 3.5: Collective contributions above threshold, with expectations

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Across all participants Across male participants Across female participants

Round 1 Round 2 Round 3 Round 1 Round 2 Round 3 Round 1 Round 2 Round 3
Within gender group 0.08 -0.15 0.04 -0.03 0.02 -0.16 0.17∗∗ -0.32 0.31∗∗

(0.09) (0.15) (0.17) (0.12) (0.16) (0.21) (0.08) (0.22) (0.12)

Expectation 0.08 0.13 0.22∗ 0.07 0.20∗ 0.21∗∗ 0.08 0.11 0.25∗∗

(0.07) (0.10) (0.12) (0.08) (0.12) (0.10) (0.07) (0.09) (0.12)

Within gender group -0.05 0.19 -0.04 0.04 0.01 0.12 -0.12 0.37 -0.29∗∗

× Expectation (0.10) (0.16) (0.17) (0.13) (0.17) (0.21) (0.10) (0.23) (0.12)
Observations 297 297 297 214 214 214 226 226 226
R2 0.05 0.10 0.09 0.06 0.09 0.11 0.06 0.11 0.10

Notes: Author’s calculations. Standard errors, clustered at the village level, are in parentheses. All specifications control for participant and
household characteristics, behaviors, and sanitation beliefs aggregated to the game-group average that were not balanced between groups as
well as a state indicator. *** p<.01, ** p<.05, * p<.10.

3.6.1.2 Trends in individual behavior

As group-level analyses limit the power of the analysis, I also examine contributions to

collective action in the sanitation context at the participant-level using the same estimation

frameworks as I implemented for the group-level analyses. Within these analyses, I consider

an outcome that is comparable to groups reaching the threshold level–that is, contributions

at Rs. 20 or higher. An individual contribution at this level increases the likelihood that the

group will hit the threshold and receive the public portion of the benefit; thus, I use this as

a proxy for willingness to contribute to collective action.

Considering first the role of group composition on individual contributions to collective

action in the sanitation context (Table 3.6), I find that participants in gender homogeneous

groups were about 4 percentage points more likely to contribute at a level that would assist

their groups in reaching the contribution threshold. This effect is significant in rounds one

and two; the point estimate is slightly lower and insignificant in round three. I find that the

effect in round one appears to be driven by female participants and the effect in round two

appears to be driven by male participants.
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Table 3.6: Individual contributions above threshold

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Entire sample Male Female

Round 1 Round 2 Round 3 Round 1 Round 2 Round 3 Round 1 Round 2 Round 3
Within gender group 0.04∗ 0.04∗∗ 0.003 0.0001 0.05∗ -0.02 0.07∗∗ 0.02 0.02

(0.02) (0.02) (0.02) (0.03) (0.03) (0.04) (0.03) (0.03) (0.03)
Observations 1542 1542 1542 740 740 740 802 802 802
R2 0.01 0.02 0.01 0.02 0.02 0.02 0.02 0.03 0.02

Notes: Author’s calculations. Standard errors, clustered at the village level, are in parentheses. All specifications control for participant and
household characteristics, behaviors, and sanitation beliefs that were not balanced between groups as well as a state indicator. *** p<.01, **
p<.05, * p<.10.

As with the group analysis, I consider the role of past game experience on current

round contributions by including expectations set in the previous round in the analysis. The

results, presented in Table 3.7, demonstrate three main trends. First, across the entire sample

as well as the male and female subsamples, I find consistent evidence that expectations are

most relevant in the second round. Specifically, I find that participants from groups that

reached the threshold in round one are 10 to 12 percentage points more likely to contribute

at a level that helps their group reach the threshold in round two. The relationship between

expectations and contributions to collective action are generally positive in rounds one

and three; however, they are less precisely estimated and insignificant. Second, I find that

the round one trend of higher contributions to collective action among all female groups

holds at the individual participant level as well. In round one, females playing in all-female

groups are 11 percentage points more likely to contribute at or above the threshold average

compared to those playing in mixed gender groups. Third, the results among males in

round three helps to explain the trends in contribution behavior in all-male groups. In

round three, I find that males are significantly less likely to contribute at a level that would

help their group reach the threshold contribution. This effect, however, is entirely negated

by the interaction between group composition and interactions. That is, participants in

all-male groups that reached the threshold in round two are much more likely to contribute

an amount that would help their group reach the threshold in round three. Diving deeper,

this result suggests that the potential small increase in willingness to free-ride in round

three exhibited in all-male groups is driven by contributions from participants in groups

that struggled to reach the threshold in previous rounds.
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Table 3.7: Individual contributions above threshold, with expectations

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Entire sample Male Female

Round 1 Round 2 Round 3 Round 1 Round 2 Round 3 Round 1 Round 2 Round 3
Within gender group 0.06 0.07 -0.17 0.003 0.12 -0.38∗∗∗ 0.11∗∗ 0.01 0.07

(0.05) (0.08) (0.11) (0.06) (0.10) (0.14) (0.05) (0.10) (0.11)

Expectation 0.05 0.11∗∗∗ 0.07 0.07∗ 0.12∗∗∗ -0.01 0.03 0.10∗∗ 0.14
(0.03) (0.04) (0.07) (0.04) (0.06) (0.07) (0.05) (0.05) (0.10)

Within gender group -0.02 -0.04 0.19∗ 0.01 -0.08 0.40∗∗∗ -0.05 0.01 -0.05
× Expectation (0.05) (0.09) (0.11) (0.07) (0.11) (0.14) (0.07) (0.120) (0.11)
Observations 1542 1542 1542 740 740 740 802 802 802
R2 0.01 0.02 0.03 0.03 0.03 0.06 0.03 0.04 0.03

Notes: Author’s calculations. Standard errors, clustered at the village level, are in parentheses. All specifications control for participant and
household characteristics, behaviors, and sanitation beliefs that were not balanced between groups as well as a state indicator. *** p<.01, **
p<.05, * p<.10.

3.6.2 How do games relate to sanitation behaviors?

In addition to providing insight into how group composition–and, by extension, the compo-

sition of individuals who could benefit from the positive or negative externalities resulting

from an individual’s sanitation investments–this chapter also examines how preferences

for collective action for sanitation exhibited during the experimental game match actual

household sanitation behaviors. Using household survey data, I assign households to one

of six “sanitation categories” based on the sanitation and hygiene practices they report.

These categories roughly correspond with the sanitation choices offered in the experimental

games. Households that report all household members using improved latrines and no

household members openly defecating are in the highest sanitation category; households

that report all members using latrines at least half of the time in the second highest; house-

holds that report all children exclusively using latrines in the third highest; households that

report handwashing with soap multiple times a day in the fourth highest; households hat

report handwashing with soap at least once a day are in the fifth highest; and households

that report none of these behaviors are in the lowest. Importantly, households are put in the

highest category for which they qualify. For example, if a household reports all members

exclusively using latrines and no open defecation, that household’s handwashing behavior

is not considered in part of the classification.
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Figure 3.6 depicts the relationship between sanitation category and contributions dur-

ing the first round of the experimental game. As with the previous analysis, the y-axis

represents the percent of individual participants that contribute above Rs. 20, or the average

contribution needed for a group to reach the threshold level. Overall, the rates of contri-

butions at this level are high across all sanitation categories. There is, however, a slight

upward trend in rates across the sanitation categories. This is most evident in comparing

contributions made among participants in the lowest sanitation category to everyone else.

Furthermore, the rate of contributions at this level is highest among participants from

households in the highest sanitation category.

Figure 3.6: Likelihood of contributing above the threshold (in round 1) by
household sanitation practices

To understand the patterns between contributions during the experimental games

and household sanitation practices more fully, I estimate the correlation between making

a contribution above Rs. 20 and sanitation category, as reported in Table 3.8. In this

analysis, I create a binary sanitation category outcome that is an indicator households in
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the highest sanitation categories–those that correspond with partial or exclusive use of

latrines among all household members. As with the previous analyses, I run this analysis

for the entire sample and then separately for male and female participants. While I find

no evidence of a positive correlation between contribution levels and reported sanitation

practices among the entire sample, the heterogeneity analysis by gender reveals there may

be different relationships for male and female participants. In particular, male respondents

who contribute above the Rs. 20 threshold are approximately 9 percentage points more

likely to belong to households in a higher sanitation category–reflecting actual household

latrine use–compared to those that contribute below this amount. This effect is significant in

rounds one and two; in round three the point estimate is smaller and imprecisely measured.

This deviation in round three is not unexpected, given the differing patterns of behavior

among male participants as reported in previous analyses. I also find a negative correlation

between household utilization of improved sanitation and contributions above the Rs. 20

threshold among female participants in rounds two and three. The correlation is significant

in round two. In the context of rural India, males traditionally have more decision-making

power over investments in environmental health technologies, even though the benefits

often disproportionately benefit females (Orgill-Meyer and Pattanayak, 2019; Routray

et al., 2017; Stopnitzky, 2017). Thus, this negative correlation could reflect dissatisfaction

with current sanitation access among females in households that are not using improved

sanitation.

Table 3.8: Sanitation practices by contributions above threshold

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Entire sample Male Female

Round 1 Round 2 Round 3 Round 1 Round 2 Round 3 Round 1 Round 2 Round 3
Above threshold 0.04 -0.02 -0.02 0.09∗∗ 0.08∗∗ 0.03 0.001 -0.13∗∗∗ -0.08
contribution (0.03) (0.03) (0.04) (0.04) (0.04) (0.05) (0.04) (0.04) (0.05)
Observations 1479 1479 1479 707 707 707 772 772 772
R2 0.03 0.03 0.03 0.06 0.06 0.06 0.02 0.03 0.03

Notes: Author’s calculations. Standard errors, clustered at the village level, are in parentheses. All specifications control for participant
and household characteristics as well as assignment into gender homogeneous or mixed gender game group composition and a state
indicator. *** p<.01, ** p<.05, * p<.10.
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3.6.3 Sanitation in Orissa

To this point, the analysis in this chapter has examined contributions to collective action

in the context of sanitation in both Orissa and Bihar. The sample in Orissa, however, has

the analytical advantage of being part of a five-wave panel, which started in 2005 and

had subsequent waves in 2006, 2010, 2016, and 2019. For the final set of analyses in this

chapter, I constrain the analysis to the Orissa sample to gain further insights into how past

experiences with improved sanitation influence preferences for collective action around

sanitation elicited during the experimental games.

3.6.3.1 Risk preferences

The analyses presented thus far demonstrate that group composition–that is, who stands

to benefit or be harmed by a sanitation investment decision–and group expectations play

a role in contributions to collective action in the experimental games. It is possible that

risk attitudes are also a contributing factor to the decision-making process. Risk attitudes

may enter the calculus in different ways; ex ante it is not obvious how they will impact

contributions during the experimental games. First, risk averse individuals may be hesitant

to contribute during the experimental game, out of concern that the group will not reach

the threshold; alternatively, they may seek to make larger contributions to aid their group

in reaching the threshold. Further, interactions between risk aversion, social pressures, and

expectations may mediate this relationship. If individuals are concerned about other group

members “punishing” them through lower contributions in future rounds, risk attitudes

may push participants towards higher contributions.

I examine the role of risk preferences using an, albeit imperfect, measure of risk aversion

available only for the Orissa sample. In previous waves of the survey, risk preferences were

elicited using lotteries in which survey respondents selected between options of receiving a

lower payoff with certainty or a higher payoff with uncertainty, with the potential to receive

nothing. These questions allow for the classifications of households as “risk averse”–those

who selected the certain outcome–and “risk loving”–those who selected the uncertain
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outcome. Unfortunately, however, risk preferences were not elicited for all household

members, meaning that a household risk preference classification is the finest resolution

data available for this analysis.

Table 3.9 shows the results of the analysis that includes risk preference parameters. It

shows how risk preferences, game group composition, and expectations–as well as their

interactions–affect contributions to the experimental game across all three rounds. Turning

first to round one, I find that each of the terms, in isolation, is positively related to game

contributions. Participants from households that exhibited risk aversion contribute about

Rs. 4.5 more, on average, compared to those from households that did not exhibit risk

aversion. Additionally, participants playing in gender homogeneous groups contribute

nearly Rs. 7 more, and those playing in groups that they expect will reach the threshold

based on previous games contribute Rs. 5 more.

Table 3.9: Role of risk preferences

(1) (2) (3)
Round 1 Round 2 Round 3

Risk averse 4.47∗∗ -0.19 2.43
(2.21) (2.54) (1.95)

Within gender group 6.72∗∗ 5.65∗ -14.51∗∗∗

(2.79) (2.83) (3.87)

Expectation 5.07∗∗∗ 3.27 5.96
(1.70) (2.70) (4.01)

Risk averse -4.57∗∗ 0.87 -3.15
× Expectation (1.88) (3.21) (3.38)

Within gender group -10.16∗∗∗ -4.69 13.19∗∗

× Expectation (2.79) (3.49) (4.98)

Risk averse × -7.01∗∗ -6.28∗ 11.41∗∗

Within gender group (2.73) (3.58) (5.62)

Risk averse × Expectation 10.54∗∗∗ 5.54 -9.40
×Within gender group (3.05) (3.96) (6.37)
Observations 714 714 714
R2 0.02 0.05 0.04

Notes: Author’s calculations. Standard errors, clustered at the village
level, are in parentheses. All specifications control for participant and
household characteristics not balanced between groups. *** p<.01, **
p<.05, * p<.10.

The interaction terms, however, provide a more complicated story. Participants from
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households that exhibit risk aversion and whose groups reached the threshold in the previ-

ous (practice) round make lower contributions. Similarly, participants from households

that exhibit risk aversion playing in gender homogenous groups make lower contributions,

as do participants playing in gender homogenous groups that have a history of reaching the

threshold. Finally, the triple interaction term is positive and significant, which suggests that

individuals from households that exhibit risk aversion may be considering the potential for

future “punishment” in group contributions when making their round one decisions. In

round two, many of these estimates are no longer significant and, in round three, some-

what different patterns emerge. In particular, with the absence of future “punishment” in

subsequent game rounds, risk aversion appears to be a less relevant factor in determining

the level of contribution compared to group composition and expectations.

3.6.3.2 Experiences with improved sanitation over time

In addition to having a five-wave panel for the Orissa sample, the sanitation campaign that

took place in half of the Orissa sample villages in 2006 provides exogenous variation in

experience with improved sanitation technology over time. In this supplementary analysis,

I use campaign treatment status as an instrument for household latrine use during the

period of 2005-2019 to address the endogeneity of latrine ownership. Treatment had a

large impact on latrine access in Orissa, and the randomization itself and time between

treatment and experimental games both provide evidence that the exclusion restriction

likely holds in this setting (Pattanayak et al., 2009). Further, this campaign has been used as

an instrument for latrine access in previous work (Orgill-Meyer et al., 2019). Importantly, I

consider a household as having been a latrine-using household if it reported household

latrine use during at least one of the survey waves. In this way, I capture all households

who have experience with improved sanitation in the last 14 years. I examine how this

experience with improved sanitation informs preferences for sanitation, as proxied by game

contributions. While in many experimental game applications (Paul et al., 2016; Stopnitzky,

2016; Turiansky, 2017), and in my own previous analyses of game behavior in the chapter,
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the relationship is measured in the opposite direction–that is, how sanitation preferences

relate to sanitation behavior–here I instead consider historical experiences and how they

might inform the sanitation preferences elicited during the experimental games.

Table 3.10 reports the results from this instrumental variables analysis. To provide

evidence as to the other identification assumption–relevance–the first stage F-stat is pro-

vided for each round; in each case, the F-stat exceeds 10.16 In round one, I find evidence

that participants from households with experience using improved sanitation make higher

game contributions. This result, however, does not persist through rounds two and three.

In addition to (instrumented) latrine use, I control for group composition, expectations,

and risk preferences–as these factors have been relevant in determining contributions

during the games–along with other household and participant controls. Consistent with

results presented throughout the chapter, expectations are positively correlated with game

contributions.

Table 3.10: Role of improved sanitation experience

(1) (2) (3)
Round 1 Round 2 Round 3

Latrine use (ever) 9.15∗ -2.00 3.06
(5.47) (4.03) (4.92)

Within gender 0.78 0.24 0.10
group (0.98) (0.76) (0.89)

Expectation 1.54 3.64∗∗∗ 5.16∗∗∗

(1.09) (0.97) (1.51)

Risk averse 1.75 -0.51 0.94
(1.19) (0.87) (1.07)

Observations 714 714 714
R2 0.01 0.03 0.01
First stage F-stat 18.21 20.55 18.60

Notes: Author’s calculations. Standard errors, clustered
at the village level, are in parentheses. All specifications
control for participant and household characteristics not
balanced between groups. *** p<.01, ** p<.05, * p<.10.

16The F-stats vary slightly in each analysis because expectations vary across each round.
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3.6.3.3 Community engagement and contributions to collective action

In the final supplementary analysis run on the Orissa sample, I examine how participation

in other types of collective action over time relate to game contributions. As collective action

is endogenous, this analysis is descriptive. As with exposure to improved sanitation, I again

utilize the previous waves of Orissa data to better understand community involvement. I

create two measures of community engagement–the first is an indicator for participating in

collective action activities in the village, and the second is an indicator for being a member

of a village group.17 Table 3.11 reports the results of these analyses, which show a positive

correlation between community participation and contributions during the experimental

games.

Table 3.11: Role of community participation

(1) (2) (3) (4) (5) (6)
Collective action Group membership

Round 1 Round 2 Round 3 Round 1 Round 2 Round 3
Collective 1.58∗ 1.85∗∗ 0.09
action (0.88) (0.73) (0.63)

Community group 0.21 0.38∗ 0.34
membership (0.27) (0.22) (0.21)

Risk averse 1.26 -0.40 0.76 1.30 -0.31 0.85
(1.07) (0.98) (1.13) (1.04) (0.94) (1.13)

Within gender 0.06 0.57 -0.15 0.004 0.54 -0.04
group (0.92) (0.68) (0.79) (0.90) (0.64) (0.78)

Expectation 0.55 3.85∗∗∗ 4.89∗∗ 0.50 3.86∗∗∗ 4.89∗∗

(0.97) (1.17) (1.87) (0.96) (1.17) (1.84)
Observations 714 714 714 714 714 714
R2 0.01 0.06 0.03 0.01 0.05 0.03

Notes: Author’s calculations. Standard errors, clustered at the village level, are in parentheses. All
specifications control for participant and household characteristics not balanced between groups. ***
p<.01, ** p<.05, * p<.10.

For the measure of community participation that includes collective action activities

(Columns 1-3), I find that participants from households who have engaged in their villages

17Collective action activities include sweeping streets, cleaning drains, cleaning collective water
sources, cleaning school areas, removing trash, planting trees, and cleaning community latrines.
Examples of village groups include cooperative associations, credit/financing groups, women’s
groups, youth clubs, water users’ associations, education committees, and water and sanitation
committees.
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in this way make contributions that are, on average, Rs. 1-2 larger than to those from

households that have not. With regard to group membership, I find limited evidence of a

relationship; furthermore, the point estimates are extremely small. Finally, as with the pre-

vious analyses, I include risk preferences, group composition, and expectations as controls,

along with household and participant characteristics. I find that group expectations based

on previous rounds are positively associated with game contributions.

3.7 Discussion and conclusion

This chapter uses experimental games in the field to elicit preferences for collective action

in the sanitation space. It examines the factors that shape these preferences–with particular

attention to the composition of peers who might benefit from or bear the consequences of

externalities of household sanitation behaviors–and the implications for investments in

improved sanitation. There are four main findings. First, I show that group composition

does play a role in contributions to collective action for sanitation. Specifically, when game

participants are part of groups that contain their social peers–here proxied by gender–they

are more willing to contribute to improved sanitation. Given that household investments in

improved sanitation generate positive externalities for those around them, I interpret these

findings to suggest that individuals are more willing to generate these positive externalities–

that is, invest in behaviors from which they will not reap all the benefits–when the positive

spillovers accrue to social peers. This result is largely driven by female participants.

Second, I find evidence of learning across game rounds. This learning is supported by the

importance of expectations set in previous rounds in determining contribution levels as well

as the differences in contributions observed across the rounds. Specifically, participants

in mixed gender groups demonstrate increasing willingness to contribute to collective

action for sanitation across subsequent game rounds, whereas participants in gender

homogeneous groups exhibit consistently high contributions across all rounds. Third, this

chapter demonstrates the applicability of utilizing experimental games in the field to elicit
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preferences related to environmental health technologies. Further supporting this claim,

I find positive correlations between game contributions and household use of improved

sanitation. Finally, making use of a subsample of the population for which panel data

related to sanitation practices are available, I show that preferences for improved sanitation

as elicited during the experimental games are shaped by household experiences with

improved sanitation over time.

These findings have several insights for policy. First, group composition matters, partic-

ularly when there are externalities related to the decisions households must make. This

finding suggests that policies that target externality-generating activities, such as the adop-

tion and use of environmental health technologies, should identify the populations–outside

of the adopting household itself–to which these positive externalities may accrue. Impor-

tantly, if there are close social ties between targeted households and potential beneficiaries,

this might further motivate adoption and use. This insight supports policy designs such

as Community-Led Total Sanitation, which attempts to draw on these social ties (Kar,

2005). The analysis in this chapter, however, suggests that community-wide efforts may

lose some of the benefits of motivating behavioral change within small peer groups which

may be essential for policy impact and sustainability. Guiteras et al. (2019) also argue for

the importance of demand complementarities in the sanitation space, providing further

evidence to support this policy implication. The related finding that group composition

may be particularly relevant for decision-making among females also suggests that policy

targeting among small social groups may be an effective behavior-change tool, especially

in environmental health domains.

Second, the analysis suggests that repetition is a tool that can be used to move from

lower to higher levels of coordination. Examining contributions in gender homogeneous

and mixed gender groups across rounds of the experimental game, I find fairly consistent

contributions in homogenous groups and increased contributions in mixed gender groups.

Given the use of gender as a proxy for peer group, this finding suggests that even in

a low-stakes setting, individuals from different peer groups can effectively coordinate
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for collective action. Scaling up from this finding, policies that target behavioral change,

specifically those related to the adoption and use of environmental health technologies,

may require repetition to be effective, particularly if targeted populations are not naturally

socially cohesive. Of course, repetition can also instill negative learning (Hanna et al.,

2016; Kremer and Miguel, 2007; Orgill-Meyer and Pattanayak, 2019), and policy design

must be sensitive to contexts in which multiple equilibria, including low-adoption, low-use

equilibria, can occur.

Experimental games in the field present the opportunity to better understand and elicit

preferences in a number of domains. Looking forward, researchers can expand the scope

and impact of these games by working to evaluate impacts of participation of such lab-in-

the-field activities as is implemented by Meinzen-Dick et al. (2018), Stopnitzky (2016), and

Turiansky (2017). By designing experimental games to mimic actual decisions households

face every day and examining the preferences elicited through these activities, researchers

can not only expand the understanding of these complex decision-making processes, but

also increase local capacity. More research is needed to understand how experimental

games can be used as a tool to motivate behavioral change, particularly related to the use

of environmental health technologies, and the sustainability of this behavioral change.
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Conclusion

The environment provides vital resources, necessary for human survival. Yet, the interac-

tions between human behavior and the environment are not always positive. Infectious and

non-communicable disease, injury, and threats due to natural disasters and climate change

pose substantial environmental risk, with a disproportionate burden falling on populations

in LMICs. In the face of these environmental risks, individuals and households make

decisions regarding the types of behaviors they can take and investments in environmental

health technologies they can make to reduce risk exposure and limit its consequences. This

dissertation identifies the factors that influence how households in LMICs make decisions

to reduce their exposures to environmental risk and the health consequences of insufficient

investments.

In the first chapter, I ask how individuals respond, in terms of behavioral choices and

health consequences, to transitory spikes in ambient air pollution. I extend this analysis to

consider whether these short-term responses differ to the actions and health consequences

of average ambient air pollution exposure over time. I examine these questions in the

context of ambient air pollution exposure stemming from forest fire activity in Indone-

sia. Largely driven by residue removal and land conversion, forests fires are a common

byproduct of Indonesian agriculture. Depending on weather conditions and the timing

of rains, these fires can burn out of control, destroying large swaths of tropical rainforest

and peatlands and emitting vast quantities of greenhouse gases and particulate matter. In

the last two decades, fire activity has increased, largely a result of the high demand for

palm oil on global markets and the suitability of converted rainforest land for growing
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this crop. Accordingly, Indonesia has seen annual variation in ambient air pollution across

the last two decades that is highly correlated with the severity of the forest fire season.

In 2015, the forest fire season was particularly severe. This combination of variation in

emissions from forest fire activity over time and a particularly severe, yet transitory, spike

in ambient air pollution during one specific season provides a quasi-experimental setting

in which to estimate the behavioral responses and health consequences of ambient air

pollution exposure in a LMIC setting. Consistent with the existing literature, I find that

spikes in ambient air pollution cause respiratory consequence; however, my analysis builds

on this short-term finding to demonstrate that these health consequences are not fleeting.

Individuals exposed to higher levels of ambient air pollution across my 19-year analysis

exhibit lower lung capacity and other health consequences of exposure, many of which

have economic consequences.

In the second chapter, I consider household decision making in the face of a different

type of environmental risk–that posed by the lack of improved sanitation. Specifically, I ask

whether the sanitation practices of household’s geographical neighbors impact their own

choices surrounding open defecation. I estimate the social effects on sanitation practices

within the context of a randomized sanitation campaign implemented in rural Orissa,

India in 2006. This campaign, which promoted improved sanitation and latrine building

through a combination of interactive community activities, supply-side support, and latrine

building subsidies, introduced exogenous variation in village sanitation practices, making

this context one in which the identification of social effects is possible. By considering open

defecation practices–a non-linear behavioral outcome–and by using a variety of household

and village-level fixed effects and considering different reference groups, the set of analyses

in this chapter demonstrates that social influences play an important and persistent role in

determining sanitation practices. Furthermore, by utilizing the randomized design of the

sanitation campaign, I show that in places where social norms surrounding sanitation are

strongly established and pervasive, interventions designed to target these practices may be

limited in scope, particularly in motivating sustained behavioral change.
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In the final chapter, I use data from experimental games I designed and implemented

across 70 villages in rural Orissa and Bihar, India to examine preferences for collective

action for sanitation. In particular, I examine how the presence of positive and negative

externalities in public health affect individuals’ willingness to contribute to public goods

within their communities. First, in an experimental game setting, I examine if households

are more likely to invest in improved sanitation and hygiene practices if those that would

benefit from the positive externalities generated by these behaviors are their close social

peers. I augment this main analysis by examining the relationships between the sanitation

preferences elicited in the experimental games and actual sanitation preferences and be-

haviors exhibited by the households of game participants. I find that, particularly in early

game rounds and among female participants, individuals are willing to contribute more

to collective action when those who stand to benefit from their contributions are social

peers. From a methodological perspective, I demonstrate the applicability of implementing

experimental games in the field that address actual choices households face every day. As I

find positive relationships between contributions for collective action for sanitation and

actual use of improved sanitation at the household level, these games–and ones designed

and implemented in a similar way–could provide insight into household preferences for

environmental health technologies beyond the sanitation space.

There are several themes that emerge, connecting these three chapters. First, by ex-

amining factors such as experience and exposure over time, social influences, and the

externalities associated with environmental health decisions, these chapters offer methods

and approaches appropriate for identifying household responses to environmental risks

across multiple risk domains. Second, across each chapter, I develop and implement rigor-

ous quantitative analyses of household responses to environmental risks in experimental

or quasi-experimental settings in LMIC contexts. Given the disproportionate mortality

and morbidity burdens of environmentally-attributable disease in LMICs, additional un-

derstanding of the factors that motivate–and those that de-incentivize–investments in

environmental health technologies is essential for designing policies to reduce exposure to
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environmental risk and promote sustainable development.

While this dissertation focuses on certain types of environmental risks in specific

locations–namely ambient air pollution in Indonesia and risks associated with water and

sanitation in India–environmental risks are not limited to infectious disease or constrained

to particular regions. Looking forward, the methods and approaches utilized in this dis-

sertation provide frameworks for examining other challenges in environmental health

economics. As trends in the evaluation of the environmental burden of disease suggest,

overcoming certain environmental risks–such as curtailing the mortality and morbidity bur-

dens of infectious disease–does not necessarily reduce the environmental burden. Rather,

additional challenges related to chronic and non-communicable disease and the impacts of

climate change present new contexts of environmental risk exposure and health burden.

It is by addressing these current and pending public health challenges–including those

examined in this dissertation–that policy can contribute to the pace and scope of sustainable

development.
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Appendix A

Additional Tables

A.1 Locational endogeneity checks

Table A.1: Selection on observables

(1) (2) (3) (4) (5) (6) (7) (8)
Household size Above secondary educ Muslim Metal roof Urban Annual income Age Male

Panel A: Household
Average AI 6.468∗∗∗ 0.00515 -0.0495∗∗ -0.0959∗∗∗ 0.171∗∗∗ 49235616.1∗∗∗

(0.260) (0.0360) (0.0197) (0.0262) (0.0348) (5371250.6)
Household Observations 39075 39075 39075 39075 39075 39075
Panel B: Individual
Average AI 5.777∗∗∗ 0.0263 -0.117∗∗∗ -0.105∗∗∗ 0.271∗∗∗ 12508101.6∗∗∗ 11.34∗∗∗ -0.0268

(0.159) (0.0207) (0.0113) (0.0149) (0.0200) (3183787.6) (1.061) (0.0273)
Individual Observations 136740 136740 136740 136740 136740 136740 136740 136740

Notes: Author’s calculations. Standard errors in parentheses. All specifications include year and Kabupaten fixed effects. The exchange rate during the fire season of 2015
was 1 USD=13514 Rupiah. *** p<.01, ** p<.05, * p<.10.
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Table A.2: Selection into migration

(1) (2) (3) (4)
Household Individual

Migrated Migrated Migrated Migrated
Average AI -1.683∗∗∗ -1.760∗∗∗ -1.683∗∗∗ -1.755∗∗∗

(0.0985) (0.218) (0.111) (0.227)

Average AI × 0.0458∗∗∗ 0.0508∗∗∗

Household size (0.0138) (0.0120)

Average AI × 0.00213∗∗∗ 0.00128∗∗∗

Above secondary education (0.000232) (0.000221)

Average AI × 0.152 0.209
Muslim (0.150) (0.147)

Average AI × -0.0183 -0.0427
Metal roof (0.130) (0.136)

Average AI × -0.0270 -0.0144
Urban (0.108) (0.108)

Average AI × -9.25e-10 -2.98e-09∗∗∗

Income (9.15e-10) (7.01e-10)

Average AI × 0.00305
Male (0.00348)

Average AI × -0.00363∗∗∗

Age (0.000178)
Observations 37962 37962 132639 132639
R2 0.215 0.273 0.213 0.265

Notes: Author’s calculations. Standard errors, clustered at initial Kecamatan level, in paren-
theses. All specifications include year and Kabupaten fixed effects. The exchange rate during
the fire season of 2015 was 1 USD=13514 Rupiah. *** p<.01, ** p<.05, * p<.10.

A.2 Continuous difference-in-difference

Table A.3: One month average exposure on behaviors

(1) (2) (3) (4) (5) (6)
Clean cooking fuel Kerosene Fuel Transportation Vehicle fuel Entertainment

1 month AI average 0.0256 0.0124 0.0138∗∗ -0.00825 0.0285 -0.0240∗∗∗

(0.0407) (0.0270) (0.00658) (0.0174) (0.0366) (0.00915)
Observations 3476 3476 3476 3476 3476 3476
R2 0.085 0.048 0.074 0.012 0.079 0.055

Notes: Author’s calculations. Standard errors, clustered at Kecamatan level, in parentheses. All columns include household controls
for household size, education of household head, religion, housing type, household income, and an urban indictor as well as monthly
FE. All expenditures data is in Indonesian Rupiah. The exchange rate during the fire season of 2015 was 1 USD=13514 Rupiah. ***
p<.01, ** p<.05, * p<.10.
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Table A.4: One month average exposure on child health

(1) (2) (3) (4)
Self-identified health Anemia High hemoglobin Lung capacity

1 month AI average 0.0107 0.0508 -0.00241 -1.605
(0.0326) (0.0470) (0.0423) (8.970)

Observations 2219 2219 2219 862
R2 0.024 0.183 0.187 0.467

Notes: Author’s calculations. Standard errors, clustered at Kecamatan level, in parentheses. All columns
include individual controls for age and gender and household controls for household size, education of
household head, religion, housing type, household income, and an urban indictor as well as monthly FE.
Even columns also include controls for averting behaviors including use of non-biomass cooking fuels and
expenditures on electricity and other fuels. Lung capacity specifications only include children above the age
of 9. *** p<.01, ** p<.05, * p<.10.

Table A.5: One month average exposure on health of adults > 55

(1) (2) (3) (4)
Self-identified health Anemia High hemoglobin Lung capacity

1 month AI average -0.0786 -0.0751 -0.0600 3.319
(0.122) (0.0865) (0.0770) (18.12)

Observations 345 345 345 345
R2 0.064 0.183 0.087 0.409

Notes: Author’s calculations. Standard errors, clustered at Kecamatan level, in parentheses. All columns
include individual controls for age and gender and household controls for household size, education of
household head, religion, housing type, household income, and an urban indictor as well as monthly FE.
Even columns also include controls for averting behaviors including use of non-biomass cooking fuels and
expenditures on electricity and other fuels. *** p<.01, ** p<.05, * p<.10.

A.3 Removal of fire-affected provinces

Table A.6: Spikes in fire emissions on child health in non fire-affected provinces

(1) (2) (3) (4)
Self-identified health Anemia High hemoglobin Lung capacity

Emissions affected -0.0140 0.0306 -0.0269 3.324
(0.0238) (0.0282) (0.0276) (5.827)

Fire season -0.000542 0.0102 0.0198 19.50∗∗

(0.0267) (0.0395) (0.0366) (7.729)

Emissions affected 0.000000722 -0.101∗∗ 0.0461 -15.24∗

× Fire season (0.0320) (0.0448) (0.0426) (8.702)
Observations 1887 1887 1887 751
R2 0.018 0.185 0.189 0.464

Notes: Author’s calculations. Standard errors, clustered at Kecamatan level, in parentheses. All columns
include individual controls for age and gender and household controls for household size, education of
household head, religion, housing type, household income, and an urban indictor. Even columns also
include controls for averting behaviors including use of non-biomass cooking fuels and expenditures on
electricity and other fuels. Lung capacity specifications only include children above the age of 9. *** p<.01,
** p<.05, * p<.10.
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Table A.7: Spikes in fire emissions on health of adults > 55 in non fire-affected provinces

(1) (2) (3) (4)
Self-identified health Anemia High hemoglobin Lung capacity

Emissions affected 0.0699 0.161∗∗ -0.170∗∗ 7.731
(0.0913) (0.0724) (0.0775) (15.04)

Fire season -0.000798 0.0762 -0.133 4.826
(0.112) (0.0897) (0.0860) (17.51)

Emissions affected -0.0220 -0.265∗∗ 0.214∗∗ -4.818
× Fire season (0.129) (0.106) (0.0967) (21.54)
Observations 312 312 312 312
R2 0.039 0.125 0.091 0.382

Notes: Author’s calculations. Standard errors, clustered at Kecamatan level, in parentheses. All columns
include individual controls for age and gender and household controls for household size, education of
household head, religion, housing type, household income, and an urban indictor. Even columns also
include controls for averting behaviors including use of non-biomass cooking fuels and expenditures on
electricity and other fuels. *** p<.01, ** p<.05, * p<.10.
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Table A.8: Average exposure over time on household behaviors in non fire-affected provinces

(1) (2) (3) (4) (5) (6) (7) (8)
Water treatment Open defecation Clean cooking fuel Kerosene Electricity Fuel Transportation Entertainment

Average AI -1.07∗∗ 0.08 0.55 0.33 1.58∗∗∗ 0.74 0.51 -0.33∗∗

(0.44) (0.56) (0.47) (0.46) (0.56) (0.46) (0.39) (0.14)
Observations 22229 22229 22229 17054 16272 16272 22229 22229
Controls Y Y Y Y Y Y Y Y
Year FE Y Y Y Y Y Y Y Y
Household FE Y Y Y Y Y Y Y Y
First stage F-test 108 108 108 229 38 38 108 108
R2 0.015 0.111 0.449 0.538 -0.018 0.116 0.020 0.011

Notes: Author’s calculations. Standard errors, clustered at the household level, in parentheses. Average AI instrumented using average AI based on household’s first
location in panel. All columns include household controls for household size, education of household head, religion, housing type, household income, and an urban
indictor as well as year and household fixed effects. All expenditures data is in Indonesian Rupiah. The exchange rate in 2015 was 1 USD=13514 Rupiah. *** p<.01, **
p<.05, * p<.10.
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Table A.9: Average exposure over time on individual behaviors in non fire-affected
provinces

(1) (2) (3)
Outdoor activity Ever smoked Currently smoke

Average AI -0.639∗∗∗ -0.297∗∗∗ -0.218∗∗∗

(0.168) (0.0675) (0.0692)
Observations 20988 49801 49801
Controls Y Y Y
Year FE Y Y Y
Individual FE Y Y Y
First stage F-test 13501 7251 7251
R2 0.039 0.012 0.002

Notes: Author’s calculations. Standard errors, clustered at the individual level, in
parentheses. Average AI instrumented using average AI based on individual’s
first location in panel. All columns control for age, household size, education of
household head, religion, housing type, household income, and an urban indictor
as well as year and individual fixed effects. *** p<.01, ** p<.05, * p<.10.

Table A.10: Average exposure over time on health in non fire-affected provinces

(1) (2) (3) (4) (5)
General health status BMI Lung capacity Anemia High hemoglobin

Average AI -0.789∗∗∗ -8.348∗∗∗ -279.2∗∗∗ -0.384∗∗∗ 0.716∗∗∗

(0.213) (0.574) (17.38) (0.0919) (0.0558)
Observations 73195 73195 61572 73195 73195
Controls Y Y Y Y Y
Year FE Y Y Y Y Y
Individual FE Y Y Y Y Y
First stage F-test 11405 11405 10466 11405 11405
R2 0.290 0.357 0.111 0.013 0.004

Notes: Author’s calculations. Standard errors, clustered at the individual level, in parentheses. Average AI instrumented
using average AI based on individual’s first location in panel. All columns control for age, household size, education
of household head, religion, housing type, household income, and an urban indictor as well as year and individual
fixed effects. *** p<.01, ** p<.05, * p<.10.
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Appendix B

Modeling interdependent risk

Following Cornes and Sandler (1984, 1994) we construct a model of latrines as an impure

public good. Adopting and using a latrine (g) generates β units of a private characteristic

(x = privacy) and γ units of the public characteristic (Z = reduced microbial contamination

of the environment). Households have utility over the private and public characteristics, as

well as a numeraire consumption good (c) with pc = 1. The price of adopting a latrine is p,

and households have income I. Writing utility maximization problem over characteristics

gives:

max
c,x,z

ui(ci, xi, Z−i + zi) (B.1a)

subject to (
1
β

)
xi =

(
1
γ

)
zi and ci +

(
p
β

)
xi = Ii (B.1b)

Alternatively, we can write utility over the goods c and g:

max
c,g

vi(ci, βgi, Z−i + γzi) (B.2a)

subject to

ci + pgi = Ii (B.2b)

The standard result from Equation B.2a is that consumers will choose c and g such that

p = MRSgc =

∂u
∂g
∂u
∂c

. (B.3)

Meanwhile, Equation B.1a produces the analogous condition that

p = βMRSxc + γMRSzc (B.4)
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Combining these results shows that MRSgc = βMRSxc + γMRSzc–that is, the marginal

rate of substitution between g and c is a weighted sum of the marginal rates of substitution

between x and c and z and c.

Suppressing individual notation for the moment, for a given equilibrium outcome of x,

Z, and u, define MRSxc = πx(x, Z, u) and MRSzc = πz(x, Z, u). Cornes and Sandler (1984,

1994) demonstrate that we can alternatively think of these functions as:

1. the partial derivates with respect to x and Z of a conditional cost. function, c(x, Z, u) =

minc[c|u(c, x, Z) ≥ u];

2. virtual prices for x and Z at the equilibrium allocation; or

3. inverse demand functions for x and Z at the equilibrium allocation.

We consider now a two-person community, so that Z = z1 + z2 = γ(g1 + g2). For individual

1, Equation B.4 implies that

p = βπx(x1, Z, u1) + γπz(x1, Z, u1)

= βπx(βg1, γ(g1 + g2), ui) + γπz(βg1, γ(g1 + g2), ui)
(B.5)

Our goal is to determine the response of individual 1, dg1, to a change in the behavior of

individual 2, dg2. To derive this response function, we take the total differential of equation

B.5, which yields:

0 = β[βπxxdg1 + πxz(γ(g1 + g2)) + πxudu1]

+ γ[βπxxdg1 + πzz(γ(g1 + g2)) + πzudu1].
(B.6a)

Rearranging gives:

dg1

dg2
=

[
γ(βπxz + γπzz)

Φ

]
+

[
(βπxu + γπzu)

Φ

]
du1

dg2
(B.6b)

where

Φ ≡ −(βγ)

πxx πxz

πzx πzz

β

γ

 > 0 (B.6c)
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The second term on the right-hand side of Equation B.6b is a real income term, capturing

the fact that individual 1 enjoys an increase in real income when individual 2 contributes

to the public good. Assuming that x and Z are normal goods, πxu and πzu will both be

positive, so that this income term will generally be positive. The first term on the right-

hand side of B.6b is more complicated. As Cornes and Sandler (1984) explain using the

cost function interpretation of πx(x, Z, u) and πx(x, Z, u), positive semidefiniteness of the

Hessian matrix, −πxx −πxz

−πzx −πzz


implies that πxx and πzz are non-positive. Depending on the relationship between x and Z,

however, πxz = πzx may be positive or negative. In particular, if x and Z are complementary

in g, then xxz > 0, whereas if x and Z are substitutes in g, then πxz < 0.

The application of this impure public goods model to household sanitation decisions

has a few key implications. First, one basic implication from the response function given

by Equation B.6b is that household 1’s sanitation decision (adopting a latrine) will depend

on the decisions of other households in the village. The presence of a public good alone

(ignoring learning etc.) is sufficient to generate social interactions in households’ sanitation

decisions. Relatedly, this could lead to multiple equilibria in sanitation behaviors. That is, a

village could experience a high-sanitation equilibrium, in which it is optimal for households

to adopt improved sanitation in response to (many) neighbors’ adoption; alternatively,

a village could experience a low-sanitation equilibrium, in which it is not optimal for

households to invest. The equilibrium into which a village falls is an empirical question,

and how to push villages from a low-sanitation equilibrium to a high-sanitation equilibrium,

and sustain it, is a policy (and empirical) question.

Second, the impure public goods model is ambiguous with respect to the sign of

social effects. In particular, reaction curves (the response of household 1 to household

2’s sanitation choice) may be upward or downward sloping depending on the specific

parameters. Most notably, the relationship between the private characteristic, x, and the

public characteristic, Z, plays a central role. Taking the case of latrines, the public benefit
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of improved environmental cleanliness is combined with private attributes that include

increased privacy (it could also be dignity and or convenience). On the one hand, healthier

individuals that are exposed to less environmental contamination may derive greater

utility from having a greater degree of privacy and increased time availability, leading to

a complementarity between x and Z. On the other hand, increased productivity due to

decreased disease may substitute for the greater amount of time required to walk to open

defecation sites. The former hypothesis initially seems more compelling to us, although the

precise relationship is an empirical matter. Assuming a strong complementarity is present

between privacy and improved health (due to a cleaner environment), positive reaction

curves are possible, implying that the bundling of public and private characteristics may

generate positive social effects and help to reduce easy ridership.
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Appendix C

Latrine promotion intervention description

The intervention that was applied in the treatment villages was a modified version of the

Government of India’s Total Sanitation Campaign, modeled after the “Community-led

Total Sanitation” (CLTS) approach initiated in Bangladesh (Kar, 2003) and subsequently

employed in Indian states like Maharashtra (Sanan and Moulik, 2007). The CLTS approach

focuses on “empowering local people to analyze the extent and risk of environmental

pollution caused by open defecation” (Kar, 2003).

In Bhadrak, the intervention involved a number of participatory activities designed

to create a sense of shame about open defecation and of pride in achieving an “open

defecation free” village. For example, in the “walk of shame” activity, a procession of

village members paraded through the village as motivators from the Delhi-based NGO

Knowledge Links helped draw attention to the volume and location of feces, and the

impact on the village environment. Other activities that made up the intervention included

village defecation mapping and fecal calculations. Importantly, the campaign targeted

entire villages rather than individual households, and the stated goal was to inspire villages

to commit to becoming open-defecation free by a community-defined date. All households

in each village were invited and encouraged to participate in the intervention activities.

While campaign activities varied somewhat from village to village, a similar protocol was

followed across the intervention villages and the end goal–community consensus to end
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open defecation–was the same.

In addition to social mobilization activities, village production centers were established

to produce the materials needed for latrine construction, such as concrete rings and pans,

using local material. This was intended to decrease constraints on investment stemming

from a lack of access to materials. Further, by training individuals in each village to

construct latrines, the campaign also sought to increase knowledge related to latrine

construction and maintenance. Finally, while CLTS typically de-emphasizes subsidies,

trying instead to motivate households to adopt latrines on their own, subsidies were

employed in the Bhadrak intervention. The typical cost of construction for the type of

latrine (off-pit) promoted under this campaign was Rs. 1500 (about US$30), of which

households below the poverty line (BPL) were only required to pay Rs. 300 (about US$6).

Direct subsidies were not provided to households above the poverty line (APL).
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Appendix D

Experimental games protocol

Introduction

1. We are conducting this experimental game in your community to elicit your prefer-

ences regarding different sanitation and hygiene technologies and practices. This

experimental game is being played along with a survey to collect information about

your household’s characteristics and sanitation options, which you or a household

member may have participated in.

2. Your participation in this exercise is completely voluntary, and you can decide to stop

your participation at any time. We ask that you sign the informed consent, indicating

that you are voluntarily participating in this game. (Facilitator: Get informed consent

from every game participant.)

3. We would like you to introduce yourself to the other members of your group. Please

share your name and age with the group. (Facilitator: Have each group member go

through in turn, record the information on experimental game pre-survey. Also collect any

flyers that households may have brought along.)

4. We will explain the basic structure and rules to the game. Once we finish the

instructions, you will have the opportunity to ask any questions you may have.

Additionally, your group will have the opportunity to play a few practice rounds
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before playing rounds with monetary payoffs.

5. You are playing this game in a group with others from your community. Just as

decisions you make every day affect those in your community, the decisions you

make during this game will affect the payoffs of the entire group. Similarly, everyone

else’s decisions in the group will affect your own payoff.

6. Your decisions in this game, as with decisions you make in everyday life, will cost

you money. We will provide you with an initial budget to use during the game, but

you will be able to make this amount increase or decrease depending on your own

decisions and the decisions within your group.

Game Play (Practice Rounds)

1. These rounds are just practice rounds. While you will be asked to make decisions

and be told the payoffs, you will not receive the payoffs from these rounds. We will

let you know what your payoff would have been in each round, so you can use this

information to make decisions in future rounds. These practice rounds will allow

you and your group to practice and understand the game.

2. You should only use the budget given to you each round to play the game. You

should not use your budget from earlier rounds or any outside money.

3. You will be asked to make a choice regarding how much of the budget we provide

you that you want to contribute to the group. (Facilitator: Show a blank practice payoff

sheet and/or practice visual sheet here. Demonstrate where and how they will make a selection

in each round.) You can contribute anywhere from 0 Rs. to 35 Rs.. You can think of

this contribution as going towards (Facilitator: Go through different contexts, starting

with context A. If group reaches the threshold during practice rounds, try a different context.)

A. Improving the cleanliness of your village

B. Maintaining a shared water source
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C. Sweeping the street outside of your house

4. Of course, in reality contributing to A/B/C (Facilitator: select correct context) may cost

your household much more that the 35 Rs. budget we have provided. For the game,

please consider this budget to be the maximum amount you would contribute to

A/B/C (Facilitator: select correct context).

5. Everyone else in the group will also make a choice about how much to contribute

at the same time. On your individual sheet, you will select the amount you wish to

contribute to A/B/C (Facilitator: select correct context). Please do not discuss your

contributions with anyone else in your group.

6. Your payoff from each round will depend on how much you personally contribute

as well as how much the entire group contributed. Your payoff is composed of three

parts. First, you will receive a payoff based on the total contributions within your

group. If, as a group, you contribute over 100/120/140 Rs. (Facilitator: select appropri-

ate amount based on group size 5, 6, or 7, participants), the total amount contributed will

be increased and then equally distributed back to you. If, as a group, you contribute

less than 100/120/140 Rs. (Facilitator: select appropriate amount based on group size

5, 6, or 7, participants), you will not receive a public benefit. Second, regardless of

everyone else’s contributions, you will receive a payoff benefit based on your private

contribution. Third, you will keep whatever portion of the original 35 Rs. budget you

are given that you do not contribute to your group. So, if you choose to contribute

nothing to A/B/C (Facilitator: select correct context), you would keep the entire 35 Rs.

as your payoff.

7. You will be told your payoff and the minimum contribution within your group at the

end of each round but remember these are just practice rounds. Your entire group

will know the group’s total contribution; only you will know your individual payoff.

You have the opportunity to receive a payoff between 10 and 65 Rs. each round

depending on your own choices and the choices of your group. You can think of this
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payoff as the benefits your household enjoys from (Facilitator: select appropriate benefit

based on context)

A. Living in a cleaner community

B. Having access to your shared water source

C. Trash removal in your community

(Facilitators: Pass out practice round payoff sheets here)

8. If you have any questions about the game, or there is anything you do not understand,

please ask during these practice rounds.

9. At this time, please make your private contribution selection by noting your choice

on your practice sheet. Once you have made your choice, please give your sheet to

the facilitator. (Facilitator: Collect sheets and add up total contributions. Note if group is

over or under the threshold amount. Fill in individual payoffs for each participant and return

sheets.)

10. Please look at your individual payoffs on the sheets we just passed back. As a group,

you contributed: (Facilitator: fill in correct amount). This was over/under (Facilitator:

select correct) the threshold set for your group to receive the public benefit.

A. IF ABOVE: This means that, as a group, you contributed enough to receive the

benefit of (Facilitator: select correct option based on context)

i. Living in a cleaner community

ii. Having access to your shared water source

iii. Trash removal in your community

B. IF BELOW: This means that, as a group, you did not contribute enough to

receive the benefit of (Facilitator: select correct option based on context)

i. Living in a cleaner community

ii. Having access to your shared water source
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iii. Trash removal in your community

11. Remember that in each round, you have the opportunity to receive as much as 65 Rs.

or as little as 10 Rs..

(Facilitator: Repeat practice round instructions (8-11) in between practice rounds. Update context if

necessary and provide answers to questions as they arise. Play a total of 3 practice rounds.)

Instructional Training

1. You noticed that when you played the practice rounds, your payoffs depend on your

own decisions as well as the decisions within your group. The payoffs increase with

the effort the entire group puts into the game, as measured by their contributions. If

one person in the group chooses to contribute a small amount or nothing at all, the

payoffs are much smaller.

2. This is similar to your household’s sanitation and hygiene decisions. Not only do

these choices impact your own household, they also impact the entire village.

3. Your household must make many decisions about sanitation and hygiene every day.

For example, each member of your household decides where he or she will defecate.

Each member of your household also decides when to wash his or her hands and

whether or not to use soap or ash when washing.

4. These sanitation and hygiene decisions cost your household time and money. For

example, your household has to pay for soap and must pay to access or build a

latrine. In the next five rounds of the game, we are going to attach a sanitation or

hygiene practice to your contribution decisions.

5. This sheet (Facilitator: show sheet) illustrates the sanitation and hygiene choices you

can make along with how much these choices will cost. You can choose to do nothing,

wash hands sometimes, wash hands always, make sure household children do not
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defecate in the open, make sure all household members use public or neighbor’s

latrines, or build and use a private latrine.

6. You can think about the costs being in terms of hardware (soap, latrine construction,

payments for public latrine use, etc.) or in terms of time (handwashing time, travel

time to public latrine, etc.).

7. Your household’s sanitation decisions and the decisions of your neighbors can also

provide benefits. For example, your household may enjoy benefits associated with

health, privacy, and convenience, depending on your decisions. While you may not

always receive a monetary benefit, in this game you can consider the payoff you

receive as the benefits associated with:

a. The public health environment and cleanliness of your village

b. Your private benefits associated with your sanitation choice

c. The money you saved from your initial budget

Game Play (Payoff Round)

1. For these rounds, you will receive the accumulated payoffs once you have completed

the game.

2. You should only use the budget given to you each round to play the game. You

should not use your budget from earlier rounds or any outside money.

3. You are asked to make a decision regarding your household’s sanitation and hygiene.

There is a cost associated with each decision you make, as illustrated by this sheet

(Facilitator: show same visual sheet). Of course, your actual costs for each sanitation

option would be much different than the costs we are showing you here. For each

round, please consider the 35 Rs. budget as the most you would contribute to

improving your household’s sanitation options (i.e., by building a private latrine).
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4. Everyone in your group will be asked to make the contribution at the same time, and

the facilitator will collect and record your contribution. You should not discuss your

contribution with anyone else beforehand.

5. Everyone’s payoff will depend on how much they personally contributed as well

as how much the entire group contributed. Your payoff is composed of three parts.

First, you will receive a payoff based on the total contributions within your group. If,

as a group, you contribute over 100/120/140 Rs. (select appropriate amount based

on group size 5, 6, or 7, participants), the total amount contributed will be increased

and then equally distributed back to you. If, as a group, you contribute less than

100/120/140 Rs. (Facilitator: select appropriate amount based on group size 5, 6, or 7,

participants), you will not receive a public benefit of improved sanitation in your

village. Second, regardless of everyone else’s contributions, you will receive a payoff

benefit based on your private contribution. Third, you will keep whatever portion of

the original 35 Rs. budget you are given that you do not contribute to your group.

So, if you choose to contribute nothing to your household’s sanitation options, you

would keep the entire 35 Rs. as your payoff.

6. You will be told your payoff and the total contribution within your group at the

end of each round. Your entire group will know the group’s total contribution; only

you will know your individual payoff. You have the opportunity to receive a payoff

between 10 and 65 Rs. each round depending on your own choices and the choices of

your group. You can think of this payoff as the benefits your household enjoys from

a. Lower rates of open defecation in your village and the health benefits of this

reduction

b. Private health, convenience, or privacy benefits your household enjoys depend-

ing on your sanitation practices

c. The money you saved from your initial budget

(Facilitator: At this time collect the completed payoff sheets from the practice round. Pass out
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payoff sheets for the payoff round now.)

7. At this time, please make your private contribution selection by noting your choice on

your sheet. Once you have made your choice, please give your sheet to the facilitator.

(Facilitator: Collect sheets and add up total contributions. Note if group is over or under the

threshold amount. Fill in individual payoffs for each participant and return sheets.)

8. Please look at your individual payoffs on the sheets we just passed back. As a group,

you contributed: (Facilitator: say correct amount). This was over/under (Facilitator:

select correct) the threshold set for your group to receive the public benefit.

a. IF ABOVE: This means that, as a group, you contributed enough to receive

benefits associated with improved sanitation and a reduction of open defecation

in your village.

b. IF BELOW: This means that, as a group, you did not contribute enough to

receive the benefit associated with improved sanitation and a reduction of open

defecation in your village.

9. Remember that in each round, you have the opportunity to receive as much as 65 Rs.

or as little as 10 Rs..

(Facilitator: Repeat payoff round instructions (8-9) in between rounds. Play a total of 3 rounds.

After the third round, return payoff sheets to respondents as usual. Once they have had a chance to

look at their payoffs from the third round, collect the payoff sheets.)

Post-Game Procedure

1. While we are calculating the payoffs from your decisions, we will ask each of you a

few questions about how you made your decisions during the game.

2. We will ask you to individually answer these questions (Facilitator: fill out on post-game

survey), and then we will give you your payoff.
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3. Thank you for participating in this activity!

(Facilitators: Each participant receives a minimum of 50 Rs. for participating. If the payoff from the

three rounds is below this amount, please revise the payoff to be 50 Rs..)

Visuals used during experimental games

Figure D.1: Practice round visual aid

Figure D.2: Main round visual aid
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