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Abstract

This dissertation consists of three papers, which examine the causes of environmental pollution,

the impacts of environmental pollution on human health, and effective interventions to mitigate

environmental pollution in the context of water and sanitation.

The first paper shows the unintended negative consequences of sanitation investment. Devel-

oping countries have increased sanitation investment to reduce diarrheal diseases. However, the

direct health benefits of latrine construction can be offset by water pollution and negative health

effects due to poor treatment of fecal sludge. I estimate these negative externalities of a sanitation

policy in India that subsidized the construction of over 100 million latrines. Exploiting geographical

variation in soil characteristics and the differential increase in latrine coverage across districts, I find

that the policy increases river pollution by 72%. While it reduces diarrheal mortality overall, this

positive health effect is two-thirds smaller in areas with lower capacities for the treatment of fecal

sludge.

The second paper shows the negative consequences of municipal mergers on environmental qual-

ity. Municipal mergers are widely adopted by policymakers to improve local public services, in-

cluding pollution control. Municipal mergers can improve environmental quality by internalizing

pollution spillovers to neighboring municipalities, but coordination costs and unbalanced political

power among pre-merger municipalities can work in the opposite direction. By using the staggered

implementation of municipal mergers and 30-year water quality data in Japan, we find that mu-

nicipal mergers increase water pollution, and the effects persist for 15 years. Our results point to

weaker pollution control through coordination cost and political economy channels.

The third paper shows that extreme temperatures can persistently improve human health by in-

ducing adaptive investment in health technologies. Extreme temperatures negatively affect economic
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activity and health in the short run, but little is known about the persistent effects of tempera-

ture shocks over time. Using district-level daily weather and annual latrine construction data, I

find that an additional day with extremely hot and cold temperatures within a three-year period

cumulatively increases latrine investment by about 1-10% in rural India. This result is consistent

with the discomfort channel where households build latrines to avoid open defecation under extreme

weather.
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1

Chapter 1

Unintended Consequences of Sanitation:

Negative Externalities on Water Quality

and Health in India

Abstract:

Developing countries have increased sanitation investment to reduce diarrheal diseases. However,

the direct health benefits of latrine construction can be offset by water pollution and negative health

effects due to poor treatment of fecal sludge. I estimate these negative externalities of a sanitation

policy in India that subsidized the construction of over 100 million latrines. Exploiting geographical

variation in soil characteristics and the differential increase in latrine coverage across districts, I

find that the policy increases river pollution by 72%. While it reduces diarrheal mortality overall,

this positive health effect is two-thirds smaller in areas with lower capacities for treatment of fecal

sludge where water pollution externalities are consequently larger.
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1.1 Introduction

The importance of sanitation investment for improving human health in developing countries is

widely recognized by policymakers and researchers. Poor access to sanitation facilities and the

associated practice of open defecation adversely affect child health by increasing the occurrence of

diarrheal diseases. Worldwide, according to the WHO/UNICEF data, 688 million people practiced

open defecation in 2016, which is estimated to have caused 432,000 deaths in that year (Prüss-Ustün

et al., 2014). To address these issues, developing countries such as India and China have provided

significant subsidies for the construction of latrines.1 Their sanitation policies aim to improve child

health by reducing open defecation and exposure to fecal matter near human habitation. These

direct health benefits of latrine construction have been well-documented (Cameron et al., 2022,

2019, 2021; Geruso and Spears, 2018; Hammer and Spears, 2016; Spears, 2018).

But little is known about the unintended negative externalities of latrine construction due to

poor treatment of fecal sludge, which can offset the direct health benefits. The constructed latrines

accumulate a large volume of fecal sludge, which must be emptied periodically by vacuum trucks

or by hand. The emptied fecal sludge should then be treated by wastewater treatment plants to

disinfect the remaining active pathogens. However, due to insufficient infrastructure, the emptied

fecal sludge is instead, in many cases, dumped into rivers, thus polluting the rivers. These water

pollution externalities may decrease the overall effectiveness of latrine construction in improving

human health. In the extreme, latrine construction can, in fact, worsen health outcomes if water

pollution externalities offset any direct positive effects from reduced open defecation.

Therefore, I examine such negative externalities of latrine construction on water quality and

health in the context of India’s nationwide sanitation policy, the Swachh Bharat Mission (SBM).

Since its inception in 2014, the SBM has allocated about 6 billion US dollars to subsidize the

construction of over 100 million latrines at the household level in rural India.2 As the largest

sanitation policy in the world, the SBM’s impacts deserve careful examination. I use administrative

panel datasets on the district-level number of latrines from 2012 to 2019 under the SBM and the
1 Like the Indian government’s Swachh Bharat Mission examined in this paper, the Chinese government’s “Toilet

Revolution” built and upgraded over 10 million rural toilets in 2018 to increase sanitary toilets with sealed and covered
septic tanks.

2 The most widely adopted latrines in rural India are pit latrines, which are not connected to sewer pipes and
accumulate fecal sludge. Emptied fecal sludge can cause water pollution externalities.
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water quality of 1,189 monitoring stations along rivers in 337 districts from 2007 to 2019 to examine

the negative externality on water quality. I combine these with panel data on district-level diarrheal

mortality estimates to examine the effect on health.

My analysis captures the differential effects of latrine construction relative to open defecation,

which can also cause water pollution externalities. Open defecation, practiced before the latrine

construction, generates small amounts of stool in a wide range of locations. These stools will be

flushed into rivers only if it rains and if open defecation sites are close to rivers. On the other hand,

constructed latrines concentrate a large volume of fecal sludge that may be dumped directly into

rivers. Thus, the volume of fecal sludge that reaches rivers may increase after latrine construction.

To identify the causal effects of latrine construction under the SBM on water quality and health,

I use two identification strategies. First, I adopt an instrumental variable (IV) design that uses

geographical variation in Available Water Capacity (AWC), a proxy for the soil infiltration rate,

interacted with a post-SBM indicator, as an instrument for the number of latrines.3 This IV

design is conceptually similar to the difference-in-differences (DID) design, where the reduced-form

regression in this IV design uses AWC as a continuous treatment variable. Higher infiltration rates

(lower AWC) increase the risk of groundwater contamination from the fecal sludge accumulated

in latrines. To address this risk, an official technical guideline (CPHEEO, 2013), which became

effective since the SBM’s inception in 2014, requires either greater distances between latrines and

wells or the addition of impervious materials inside latrines in areas with high infiltration rates. So,

lower AWC increases the difficulty and cost of latrine construction after the SBM started in 2014.

Indeed, I find that lower AWC is associated with a smaller increase in latrines during the post-SBM

period in the first stage.

Second, I adopt an additional DID design to examine the dynamic evolution of the effects on

water quality. In this design, I use a differential increase in latrine coverage across districts with

different levels of baseline coverage. All districts had, according to the SBM database, achieved

almost universal latrine coverage by the target date of 2019, regardless of their baseline latrine

coverage.4 Therefore, districts with lower baseline latrine coverage have experienced a larger increase
3 Soil infiltration rate is the velocity or speed at which water enters the soil. Conversely, AWC is the amount of

water that a soil can store that is available for use by plants.
4 Although there are some debates over whether the universal latrine coverage has actually been achieved under

the SBM, a recent survey found that 85% of the rural population used toilets in 2019-2020 (DDWS, 2020).



4

in latrine coverage, which may lead to a larger increase in water pollution. The DID event study

based on this approach allows me to examine how effects on water quality evolve over time.

My results show that latrine construction under the SBM degrades river water quality while

improving health overall. I find that one additional latrine per square kilometer increases fecal

coliform in rivers by 3% in the IV design. The total effect of the SBM is estimated to be a 72%

increase in river pollution. This negative externality on water quality is similarly found in the DID

design. However, one additional latrine per square kilometer reduces the diarrheal post-neonatal

mortality per 1,000 people by about 0.029, which is a 1.3% reduction in the IV design. The total

effect of the SBM is a 36% decrease in diarrheal mortality. This positive overall health effect

suggests that the direct positive health effect outweighs the negative externality on health due to

water pollution.

To identify the mechanism behind these negative externalities, I show that the effects of latrine

construction on water quality vary by the level of complementary investment in the treatment of

fecal sludge. Sufficient infrastructure to treat fecal sludge can prevent the dumping of fecal sludge,

which is the main mechanism of the negative externalities. The most common such infrastructure

takes the form of sewage treatment plants (STPs), which co-treat both urban sewer and rural fecal

sludge in India. So, I compare the effects between areas with higher and lower treatment capacities

of STPs than the median in the pre-SBM period. I find that the negative externality on water quality

is eliminated in areas with higher treatment capacities in both IV and DID designs.5 Conversely,

in areas with lower treatment capacities, the negative externality on water quality is found to be

substantial, and this effect has become larger over time, which suggests that the dumping of fecal

sludge is the mechanism.

The heterogeneous health effects by the treatment capacity of fecal sludge suggest that water

pollution externalities offset positive health effects. I find that the total effect of the SBM is a 26%

decrease in diarrheal mortality in states with lower treatment capacities, about two-thirds less than

the 71% decrease in states with higher treatment capacities in the IV design. This smaller positive

health effect in areas with lower treatment capacities suggests that water pollution externalities

reduce the overall effectiveness of latrine construction under the SBM. The negative externality on
5 This null result in areas with higher treatment capacities suggests a low probability that other mechanisms,

e.g., the direct seepage of fecal matter from latrines into rivers, affect water quality.
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health through the water pollution channel is further supported by the finding that the negative

externality on health is disproportionally borne by people who are more highly exposed to river

pollution. Specifically, I find a smaller positive effect on diarrheal mortality in districts where a

higher proportion of people live near rivers in the IV design.

I then show that these negative externalities of latrine construction spill over to downstream

districts. Dumped fecal sludge from latrines in upstream districts can flow downstream along

rivers, causing negative externalities in downstream districts. I test these spillover effects in the

modified IV design, where I estimate the effects of upstream latrine construction on downstream

outcomes by instrumenting the upstream latrine construction with upstream AWC. I find that

upstream latrine construction increases downstream river pollution, especially when upstream areas

have lower treatment capacities. Upstream latrine construction decreases downstream diarrheal

mortality overall because the positive health effect that comes from the corresponding increase in

downstream latrine construction outweighs the water pollution externalities. However, I find that

the positive health effect is eliminated in the case of lower treatment capacities, which suggests a

large negative externality on health due to the spillover of water pollution.

A variety of tests corroborate my findings on the negative externalities of latrine construction.

First, in an indirect test of the exclusion restriction, I find that AWC has no effects on outcomes prior

to the SBM policy (before the technical guideline on infiltration rates was published). Second, in a

falsification test, I do not find effects on unrelated water quality indicators and malaria mortality.

Third, my results are robust to the consideration of spillovers from neighboring districts, influence

from urban areas, and a balanced panel.

My findings suggest that policymakers should consider the possibility of unintended water pol-

lution externalities of latrine construction that offset positive health effects. Although the back-

of-the-envelope cost-benefit analysis shows that net mortality benefits are worth the subsidy cost

of the SBM policy, complementing the latrine construction with sufficient sewage treatment plants

would increase the mortality benefits even more with low additional construction and operating

costs of sewage treatment plants. This cost-benefit analysis suggests that an enabling environment

that includes effective treatment of fecal sludge can make sanitation policies more effective.

This paper makes three contributions. First, I contribute to the literature on the effects of sanita-

tion interventions by revealing the negative externalities of latrine construction on the environment
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and health. Previous studies focused on the direct positive effects of sanitation interventions on child

health and mortality (Alsan and Goldin, 2019; Cameron et al., 2022, 2019, 2021; Clasen et al., 2014;

Duflo et al., 2015; Flynn and Marcus, 2021; Geruso and Spears, 2018; Hammer and Spears, 2016;

Patil et al., 2014; Spears, 2018).6 I complement these findings by showing that latrine construction

additionally causes unintended water pollution externalities, which offset the direct positive health

effects. The district-level analysis leveraging policy variation across hundreds of districts in India

allows me to examine these externalities that extend beyond villages, which was not captured in

most past studies relying on village-level field experiments. Moreover, this paper provides new

evidence on the environmental and health effects of the SBM policy, which is the world’s largest

program of latrine construction.

Second, I contribute to the literature on the causes and effects of water pollution by providing

the first causal estimates of the effects of latrine construction on river water quality.7 Previous

literature has studied how water quality is affected by water quality regulations (Greenstone and

Hanna, 2014; Keiser and Shapiro, 2019) and political boundaries (Kahn et al., 2015; Lipscomb and

Mobarak, 2016; Motohashi and Toya, 2022). Another set of studies has investigated the effects

of industrial and agricultural wastewater on digestive cancer (Ebenstein, 2012), infant mortality

(Brainerd and Menon, 2014; Do et al., 2018), and birth outcomes (Dias et al., 2019). This paper

shows that latrine construction substantially increases river pollution (by 72% in the case of the

SBM, which is larger than most past studies’ estimates) and that this increased domestic wastewater

from latrines offsets positive health effects on the rate of diarrheal mortality.

Third, more broadly, this paper advances the literature on the unintended negative effects of

health policies in developing countries by showing that the negative effects due to the displacement

of pollution sources can be minimized with sufficient complementary investment. Past literature

documented how health policies unintentionally worsen health outcomes due to the reduction in

complementary health behaviors (Bennett, 2012; Jeuland et al., 2021), switching to alternative
6 Past literature also showed the positive effects of such interventions on educational outcomes (Adukia, 2017;

Orgill-Meyer and Pattanayak, 2020; Spears and Lamba, 2016), labor supply (Wang and Shen, 2022), and violence
against women (Hossain et al., 2022). Another strand of literature examined the constraints behind latrine adoption,
including financial constraints, inadequate information concerning the benefits of latrines and costs of open defecation
(Guiteras et al., 2015; Lipscomb and Schechter, 2018; Orgill-Meyer et al., 2019; Pattanayak et al., 2009; Yishay et al.,
2017), and religious and caste beliefs that discourage latrine use (Adukia et al., 2021; Spears and Thorat, 2019).

7 Public health literature has examined the association between pit latrines and groundwater quality based on a
limited sample of a few hundred latrines (Graham and Polizzotto (2013) reviewed these studies). This paper estimates
the causal effects of latrines on river water quality based on nationwide administrative data.
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unsafe water sources (Buchmann et al., 2019), and abandonment of and delays in project completion

(Bancalari, 2020). This paper shows the unintended negative effects of health policies can also be

caused by the displacement of pollution sources from open defecation sites to rivers. I then show

that these effects can be eliminated with sufficient complementary investment in infrastructure for

controlling pollution sources (e.g., sewage treatment plants).

The rest of the paper is organized as follows. Section 1.2 describes the SBM and its potential

effects on water quality and health. Section 1.3 lays out a simple conceptual framework to guide

the subsequent empirical analysis. Sections 1.4 and 1.5 describe the data and empirical strategies.

Section 1.6 presents the baseline results of the effects on water quality and health. Section 1.7

presents the heterogeneous effects of latrine construction. Section 1.8 concludes.

1.2 Background

1.2.1 Latrine Construction under Swachh Bharat Mission in India

To eliminate open defecation, the Indian government has subsidized the construction of over 100

million latrines in rural India under the Swachh Bharat Mission (SBM), the largest sanitation policy

in the world.

In India, a large number of people have historically practiced open defecation, which adversely

affects child health by increasing the occurrence of diarrheal diseases. About 470 million people

in India practiced open defecation in 2013, according to the WHO/UNICEF Joint Monitoring

Programme. As such, India had the highest number of people practicing open defecation in the

world, more than 10 times that of the country with the second-highest number, Nigeria, in 2013

(Appendix Figure A1).

To eliminate open defecation and improve human health, the Indian government has imple-

mented a nationwide sanitation policy that subsidizes latrine construction, the SBM.8 Since its

inception in 2014, the SBM has set an ambitious goal of achieving universal latrine coverage by Oc-

tober 2nd, 2019, the 150th anniversary of Mahatma Gandhi’s birth. To achieve this goal, the SBM
8 Swachh Bharat Mission (SBM) is the most recent policy out of four consecutive sanitation policies at the central

government level. Although state governments have primary responsibility for public health and sanitation, these
central government-level policies were meant to influence the state-level sanitation policies through policy guidance
and budget allocation.
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significantly increased the amount of subsidy to about 150 US dollars (12,000 INR) per household.

This subsidy covers most of the initial cost of basic latrines in rural India.

With this big push to construct latrines, the SBM has become the largest sanitation policy in

the world, building over 100 million latrines in rural India by spending about 6 billion US dollars.9

Latrine coverage dramatically increased from 39.2% in 2013 to almost 100% in 2019, according to the

administrative database of the SBM (Figure 1.1). A recent government-commissioned survey also

found that 85% of the rural population used toilets in 2019-2020, which suggests almost universal

latrine coverage had been achieved under the SBM as shown in the administrative database (DDWS,

2020). As the largest sanitation policy in the world, the SBM’s impacts on water quality and health

deserve careful examination.

1.2.2 Negative Externality of Latrine Construction on Water Quality

The large-scale latrine construction under the SBM may cause a negative externality on river water

quality due to poor treatment of fecal sludge emptied from latrines.

Dumping fecal sludge emptied from latrines can cause river pollution. Latrines accumulate a

large volume of fecal sludge, which must be emptied either by vacuum trucks or manually. The

emptied fecal sludge should then be transported to and treated at the wastewater treatment plants to

disinfect the remaining active pathogens.10 However, due to insufficient infrastructure, the emptied

fecal sludge is instead frequently dumped into rivers, which can cause water pollution in rivers.11

My analysis captures the differential effects of latrine construction relative to open defecation,

which can also cause water pollution externalities. Open defecation, practiced before the latrine

construction, generates small amounts of stool in a wide range of locations. These stools decompose

in sunlight and will be flushed into rivers only if it rains and if open defecation sites are close to

rivers. On the other hand, latrines accumulate a large volume of fecal sludge that may be emptied

and dumped directly into rivers. Thus, the volume of fecal sludge that reaches rivers may increase
9 According to the actual expenditure shown in the annual budgets of the Indian government, the central govern-

ment has spent about 6.37 billion US dollars (497 billion INR) from 2014 to 2019. The data source on the number
of built latrines is the SBM website (https://swachhbharatmission.gov.in/SBMCMS/about-us.htm).

10 Although the fecal sludge contained in pits degrades to some degree with time, pathogens can be present even
after long-term storage. The primary objective of pit latrines is fecal containment rather than pathogen reduction
(Orner et al., 2018).

11 An ethnographic study on 32 truck operators that clean latrines showed that these operators practice illegal
dumping, although this study focuses on urban areas in Bangalore, Karnataka (Prasad and Ray, 2019). Illegal
dumping and associated water pollution have also been pointed out by news media.

https://swachhbharatmission.gov.in/SBMCMS/about-us.htm
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after latrine construction.

1.2.3 Negative Externality of Latrine Construction on Health

The latrine construction under the SBM may also result in a negative externality on health through

the unintended consequence of increasing river pollution. Exposure to polluted water increases the

risks of diarrheal diseases and mortality for people who uses river water in their daily lives.

These water pollution externalities of latrine construction may offset direct positive health effects

from reduced open defecation. Latrine construction has direct positive effects on health by reducing

open defecation and exposure to fecal matter near human habitation, while at the same time, latrine

construction may indirectly cause negative externality on health due to increased river pollution.

The magnitudes of both the direct positive health effects and the indirect negative externality

determine the sign of the overall health effect. My analysis investigates this overall health effect in

terms of diarrheal mortality.

1.2.4 Complementary Investment in Treatment of Fecal Sludge

The magnitude of negative externalities of latrine construction on water quality and health varies

by the level of complementary investment in the treatment of fecal sludge. The adequate treatment

of emptied fecal sludge prevents the dumping of fecal sludge, which is the main mechanism of the

negative externalities of latrine construction.

In India, local governments are tasked with developing infrastructure that treats emptied fecal

sludge, i.e., sewage treatment plants (STPs) and fecal sludge treatment plants (FSTPs). STPs are

large-scale facilities that have been available in India for a long time. India had about 500 STPs

in operation in 2015 (CPCB, 2015). STPs are typically designed to treat urban sewage, but they

are also increasingly used to co-treat fecal sludge due to the underutilization of STP capacities

in India.12 On the other hand, FSTPs are newly developed small-scale facilities for treating fecal

sludge. FSTPs started operating in 2014, and there were only about only 30 FSTPs in operation

at the end of 2019 (Rao et al., 2020).
12 Although the data on the actual prevalence of co-treatment is not available, case studies are available for STPs

in Panaji (Goa), Kanpur (Uttar Pradesh), and Chennai (Tamil Nadu). Also, policies and guidelines mentioning the
co-treatments at STPs are available in multiple states, such as Punjab, Madhya Pradesh, Jharkhand, and Rajasthan
(Gupta et al., 2018).
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I use geographical variation in STP capacity in the pre-SBM period to examine the heterogeneous

effects on water quality and health.13 The negative externality on water quality is expected to be

substantial in areas with lower treatment capacities. Thus, in these areas, the negative externality

on health is also expected to be larger, which suggests a smaller overall positive health effect.

Conversely, I expect to find smaller negative externalities in areas with high treatment capacities.

In the following sections, I first construct a conceptual framework to derive these predictions and

then test them in empirical analysis.

1.3 Conceptual Framework on Negative Externalities of Latrine

Construction

I present a simple conceptual framework to show how latrine construction under the SBM causes

negative externalities that offset direct health benefits. A decrease in a latrine price under the

subsidy increases the number of constructed latrines, which increases the marginal damage (negative

externalities), which offsets the marginal benefit (health benefits). The magnitude of these negative

externalities depends on the treatment capacity of fecal sludge.

I consider a district that has N households which can decide whether or not to construct latrines.

I suppose that a given household can build a latrine by paying a fixed price (ppre).14 I denote the

maximum number of latrines that can be built in this district as Qmax = N .

The fecal sludge emptied from latrines in this district is treated by sewage treatment plants

(STPs). I give the treatment capacity of fecal sludge as Qstp ∈ [0,Qmax] where Qstp can be in-

terpreted as the number of latrines whose fecal sludge can be treated by STPs. Thus, when the

number of latrines (Q) exceeds Qstp, Q −Qstp amount of fecal sludge is dumped into rivers, which

causes negative externalities on water quality and health. In this conceptual framework, I analyze

two cases: (i) low treatment capacity (Qstp ≤ Qmax

2 ) and (ii) high treatment capacity (Qstp > Qmax

2 ).

Figure 1.2 shows the marginal benefit (MB), marginal cost (MC), marginal damage (MD),

and social marginal cost (SMC) of latrine construction for low treatment capacity case (Panel A)
13 I use STP capacities in the pre-SBM period in 2013 to address the concern of endogenous construction of

infrastructure due to increased water pollution. I do not consider FSTP capacities because there were no FSTPs in
the pre-SBM period.

14 The latrine price can include both the initial construction cost of a latrine and the present value of marginal
costs for emptying fecal sludge periodically.
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and high treatment capacity case (Panel B).

Both panels show the same MB and MC curves. The MB curve represents direct health benefits

that come from reduced open defecation and exposure to fecal matter near human habitation.15

This curve is downward-sloping because some households benefit more than other households —

for instance, if they have more infants who are vulnerable to diarrhea. As for MC, the pre-SBM

curves are constant at the constant price of latrines (MCpre = ppre). The MC curves are shifted

down by subsidy under the SBM. Households receive a subsidy of about 150 US dollars for latrine

construction, so the post-SBM effective price of latrines (MCpost = ppost) becomes significantly lower

than ppre.

The main difference between Panels A and B is SMC. If the treatment capacity (Qstp) is low

(Panel A), the MD, i.e., the negative externality on health due to river pollution, becomes non-zero,

starting from the lower number of latrines. On the other hand, if the treatment capacity (Qstp) is

high (Panel B), the MD occurs only at a larger number of latrines. Here I assume the non-linear

dose-response relationship: the larger the volume of dumped fecal sludge (Q −Qstp), the larger the

marginal negative externality on health (MD). The SMC curves reflect the differences in MD

curves because SMC =MC +MD.

Based on this conceptual framework, I examine the welfare effects of latrine construction under

the SBM in Figure 1.2. If the treatment capacity is low (Panel A), pre-SBM market equilibrium

quantity is Qe
pre at the intersection of MB and MCpre, and pre-SBM optimal quantity is Q∗pre

at the intersection of MB and SMCpre. The wedge between Qe
pre and Q∗pre, caused by MD

(negative externality), generates deadweight loss (DWLpre). Then, the effect of the SBM is to

decrease the marginal cost from MCpre to MCpost through subsidy. Thus, the number of latrines

increases significantly from Qe
pre to Qe

post. This increase in latrines causes a large increase in negative

externality due to low treatment capacity. Deadweight loss significantly increases from DWLpre to

DWLpost. On the other hand, if the treatment capacity is high (Panel B), the increase in deadweight

loss due to latrine construction is limited because the negative externality only occurs at a large

number of latrines. The comparison of Panels A and B suggests that subsidies under the SBM

adversely impact welfare more significantly in the case of low treatment capacity.
15 In this conceptual framework, MB is assumed to only represent direct health benefits, i.e., reduction in the risks

of diarrhea and diarrheal mortality, although there could be other benefits, including an improvement in educational
outcomes and reduction in violence against women.



12

Moreover, I examine the effects of latrine construction under the SBM on water quality and

health in Figure 1.3, which is based on the welfare analysis in Figure 1.2. In Figure 1.3, the total

benefit represents the total direct health effects, while the total damage represents the total negative

externality on health due to water pollution.16 The difference in the total benefit and total damage

(net benefit) is examined as a health outcome in the empirical analysis.17 The total damage can be

interpreted as a degree of water pollution, which corresponds to the water quality outcome in the

empirical analysis.

The subsequent empirical analysis estimates the effects of the increase in the number of latrines

at market equilibrium from Qe
pre to Qe

post on water quality and health under the SBM. As shown

in Figure 1.3, there are three testable hypotheses in the empirical analysis. The first hypothesis is

tested in the baseline analysis (Section 1.6), and the second and third hypotheses are tested in the

heterogeneity analysis (Section 1.7).

1. In general, the SBM improves health overall (increase in net benefit) and increases water

pollution (increase in total damage) regardless of treatment capacity.

2. The magnitude of health effects is smaller in the case of low treatment capacity.

3. The magnitude of water pollution is larger in the case of low treatment capacity.

1.4 Data

I combine administrative datasets on the water quality of rivers and latrines across India to exam-

ine the negative externality of latrine construction on water quality. I use district-level diarrheal

mortality estimates as an additional outcome to examine the negative externality on health. In the

IV design, I use Available Water Capacity (AWC) as an instrument for latrines. Moreover, I control

for other district characteristics that might affect latrine construction and outcomes. All of these

data are spatially matched based on the 2011 district-level boundary data.
16 The total benefit in Figure 1.3 is the area under the MB curves of Figure 1.2. The total damage in Figure 1.3

is the area bounded by the SMC and MC curves of Figure 1.2.
17 I assume that the total benefit is larger than the total damage. In this case, the net benefit is positive, which

means that latrine construction improves health overall. This is consistent with the empirical results of this paper.
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1.4.1 Water Quality

This paper adopts two outcome variables: water quality and health. As a first outcome, I use

detailed water quality data from 1,189 monitoring stations along rivers in India from 2007 to 2019

(Figure 1.4). The data is based on the National Water Quality Monitoring Programme (NWMP),

managed by the Central Pollution Control Board (CPCB).18

Among multiple water quality indicators, I use fecal coliform as a main indicator because fecal

coliform is a direct measurement of the fecal contamination caused by the fecal sludge emptied

from latrines.19 A higher value of fecal coliform means a higher level of fecal contamination. In the

analysis, I use the average of maximum and minimum values of fecal coliform because mean values

are only available up to 2014.20 Lastly, since the distribution of fecal coliform is approximately log

normal, I use the log of fecal coliform as a water quality outcome in the analysis.

1.4.2 Health

Another outcome variable is health. I use the diarrheal mortality estimates (per 1,000 people) from

2000 to 2019, provided as 5-kilometer raster data by the Institute for Health Metrics and Evaluation

(IHME, 2020b). This dataset includes estimates of diarrheal mortality in five age groups, i.e., early-

neonatal (0-6 days), late-neonatal (7-27 days), post-neonatal (28 days - 1 year), ages 1-4, and

under age 5. These estimates are constructed based on the datasets of multiple household surveys,

including the India Demographic and Health Survey, the India District Level Household Survey,

and the India Human Development Survey. For the analysis, I compute the district-level mean of

these estimates based on this raster data and district boundary data.

1.4.3 Latrines

The treatment variable is the number of latrines. I use the administrative data on the district-level

number of household latrines from 2012 to 2019 in rural India, which are scraped from the database
18 I additionally identify the basin of each monitoring station by using the GPS coordinates of monitoring stations

and the “Watershed Map of India” of the ML Infomap.
19 I do not use other common water quality indicators such as Biological Oxygen Demand (BOD) and Dissolved

Oxygen (DO) because they capture the overall level of water contamination from various pollution sources, including
agricultural and industrial wastewater.

20 The correlation between mean values and average values of fecal coliform is 0.9973, which suggests that average
values are good proxies of mean values.



14

available on the SBM website. Based on this dataset, I compute the number of latrines per square

kilometer for the IV design. Moreover, I compute the 2013 latrine coverage by dividing the number

of household latrines in 2013 by the total number of recorded households in each district for the

DID design.21

One concern about this dataset is that the number of latrines may be systematically overesti-

mated because the data are collected by the Indian government under the SBM policy, whose aim

is to achieve universal latrine coverage. I deal with this potential measurement error by adopting

an IV design. Furthermore, it should be noted that the DID design, relying on the variation in

baseline latrine coverages, could yield lower-bound estimates because actual latrine coverages could

be lower than those in the administrative data.

1.4.4 Available Water Capacity

In the IV design, I use Available Water Capacity (AWC) as an instrument for the number of

latrines. AWC is the amount of water that a soil can store that is available for use by plants. AWC

represents a soil infiltration rate, i.e., the velocity or speed at which water enters the soil. Higher

AWC is associated with a lower soil infiltration rate. The AWC data is available in the Harmonized

World Soil Database v1.2 provided by the Food and Agriculture Organization of the United Nations

(FAO). This database provides 30 arc-second raster data of AWC across the globe. I compute the

district-level mean of AWC based on this raster data and district boundary data.

1.4.5 Other District Characteristics

I supplement the above information with further data to account for district characteristics that

might affect water quality and health.

First, I use 0.25-degree raster data of precipitation from 2007 to 2019, provided by the India

Meteorological Department (Pai et al., 2014). I aggregate daily raw data into annual data. Then,

I construct the district-level mean of precipitation based on this raster data and district boundary

data.

Second, I use 15 arc second (<500m at the Equator) raster data of nighttime light to account
21 I do not consider whether constructed latrines are used due to a lack of district-level panel data on latrine usage.

Because the usage rate of constructed latrines can be lower than 100% in India, my estimates represent the lower
bound of the effect of the increase in latrine usage.
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for the size of the economy at the district level. Specifically, I use the V.2 annual composites of

Visible and Infrared Imaging Suite (VIIRS) Day Night Band (Elvidge et al., 2021).22 I compute the

district-level mean of nighttime luminosity in the pre-SBM period based on the annual composite

of 2013.

Lastly, I use data on district-level socio-demographic characteristics, including population, the

proportions of Scheduled Caste and Scheduled Tribe members, and literacy rates in rural India, in

the 2011 Census of India.

1.4.6 Data Matching and Sample Construction

To match water quality data with other data, I first use the 2011 district-level boundary data

of the ML Infomap and the GPS coordinates of monitoring stations to identify the districts where

monitoring stations are located. Then, I match water quality data with latrine data based on district

names.23 All other data are similarly matched to water quality and latrine data by following the

2011 district boundary.

After the data matching, I construct an unbalanced panel data of 1,189 water quality monitoring

stations in 337 districts from 2007 to 2019.24 In the IV design, I use data of 1,189 stations from 2012

because latrine data is only available from that year. In the DID specification, which relies only on

latrine coverage in 2013 as a treatment, I use longer panel data of the same stations from 2007 to

2019. When I examine the health effects, I focus on the same 337 districts used in the analysis of

water quality. Specifically, I construct a balanced panel of 337 districts from 2012 to 2019.

Table 1.1 shows the summary statistics of all variables used in the analysis. Time-varying

variables are shown separately for both pre-SBM and post-SBM periods.
22 I use the values of masked average radiance that represents stable lights from which background noises, biomass

burning, and aurora are removed.
23 I deal with the changes in the district boundary by ensuring that all data are organized according to the 2011

boundary. Latrine data based on the 2019 boundary are aggregated to follow the 2011 boundary by considering the
district splits from 2011 to 2019.

24 In the main specification, I use an unbalanced panel data of water quality to cover as many districts as possible
to enhance the external validity. As a robustness check, I run the same analysis on a balanced panel in Section 1.6.4.
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1.5 Empirical Strategy

I empirically examine the effects of latrine construction under the SBM on river water quality

and health. Estimates of ordinary least squares (OLS) might be biased due to reverse causality

and omitted variables. For example, increased water pollution may impede latrine construction to

prevent further water pollution, leading to reverse causality. Moreover, spurious correlations may

be caused by unobservables that affect both latrine construction and water quality. For example,

unobserved persistent belief in open defecation may reduce the probability of latrine construction

and affect water quality due to the associated practice of open defecation.

Therefore, I use two identification strategies to estimate the causal effects of latrine construction.

First, I adopt an IV design, which uses geographical variation in Available Water Capacity (AWC)

interacted with a post-SBM indicator as an instrument for the number of latrines. Second, I

additionally adopt a DID design to examine the dynamic evolution of the effects, where I use a

differential increase in latrine coverage across districts with different levels of baseline coverage. In

both designs, I include monitoring station fixed effects in the case of water quality and district fixed

effects in the case of health to control for time-invariant unobservables.

1.5.1 Instrumental Variable Design

In the IV design, I use geographical variation in Available Water Capacity (AWC), a proxy for the

soil infiltration rate, interacted with a post-SBM indicator, as an instrument for latrine construction

to examine the effects of latrine construction on water quality and health.

Higher soil infiltration rates (lower AWC) increase the risk of groundwater contamination from

the fecal sludge accumulated in pit latrines, the most widely adopted type in rural India. Pit latrines

consist of a hole, called a pit, that accumulates fecal sludge without a completely sealed wall. So,

pathogens inside the fecal sludge can percolate into soils, potentially causing fecal contamination

of groundwater sources such as wells.25 The degree of this fecal contamination depends on the soil

infiltration rates.

To address the risk of groundwater contamination, an official technical guideline (CPHEEO,
25 This fecal contamination of groundwater sources is different from the river pollution that is caused by the

dumping of fecal sludge emptied from latrines. The former is considered to motivate the IV design, while the latter
is the effect I investigate in this paper.
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2013), which became effective since the SBM’s inception in 2014, requires additional precautionary

measures for latrine construction in areas with high infiltration rates (lower AWC). So, lower AWC

increases the difficulty and cost of latrine construction after the SBM started in 2014. If the effective

size (ES) of the soil is 0.2 mm or less, i.e., a lower infiltration rate (higher AWC), pits can be located

at a minimum distance of 3 meters from water sources such as wells. However, for coarser soils with

ES greater than 0.2 mm, i.e., a higher infiltration rate (lower AWC), the minimum distance must

be greater than 3 meters. In cases where the requirement for minimum distance cannot be met,

additional investments are mandated for latrine construction. Specifically, the bottom of the pits

must be sealed off with impervious materials such as puddle clay and plastic sheeting, and a 500

mm thick envelope of fine sand of 0.2 mm effective size must surround the pit. In short, higher

infiltration rates (lower AWC) make it more difficult to find the space for latrines or increase the

cost of their construction due to these additional investments after the SBM started in 2014.26

Therefore, I use AWC interacted with a post-SBM indicator as an instrument for the number of

latrines. Figure 1.5 shows substantial variation in AWC across districts in India. In the first stage,

an area with lower AWC, i.e., a higher infiltration rate, is expected to experience a smaller increase in

the number of latrines. As expected, Column 2 of Tables 1.2 and 1.3 show that one mm/m decrease

in AWC is associated with a smaller increase in the number of latrines per square kilometer by 0.283

and 0.244, respectively. The F-statistics of the first stage regressions are relatively high (29.954 and

33.374).

In the analysis of effects on water quality, I adopt the following two-stage least squares regres-

sions, where equations 1.2 and 1.3 are second stage and first stage regressions, respectively. This

IV design is conceptually similar to the DID design, where the reduced-form regression in this IV

design uses AWC as a continuous treatment variable.

Yi,d,t = α + βIV Latrined,t + γ1Precipd,t + δi + θt + εi,t (1.2)

Latrined,t = π1 + π2AWCd ⋅ Postt + π3Precipd,t + δi + θt + νi,t (1.3)
26 Noncompliance with these requirements in the technical guideline can weaken the first-stage relationship. I

discuss the F-statistics of the first-stage relationship below, as well as show the confidence interval of the Anderson
and Rubin (1949) test that is robust to the weak instrument in Section 1.6.1.
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where Yi,d,t is a water quality indicator, represented by the logarithm of fecal coliform, at monitoring

station i inside district d in year t. Latrined,t is the number of latrines per square kilometer at

district d of monitoring station i in year t. Precipd,t is precipitation at district d in year t, which is

added to control for the rainfall and associated floods that may affect both water quality and latrine

construction. A time-variant instrument for the panel data analysis is constructed by interacting

time-invariant AWC at district d with a post-SBM indicator that takes the value one after 2014

when SBM started. δi is monitoring station fixed effects, and θt is year fixed effects. Standard

errors are clustered at the district level because the variation in the number of latrines is observed

at the district level. The coefficient of interest is βIV , and I expect it to be positive.

In the analysis of health effects, I adopt similar regressions, where the outcome variable, Yd,t,

is changed to district-level diarrheal mortality. As an outcome, I focus on post-neonatal mortality

because it is the closest available measure to infant mortality, which is often used as an outcome

in the context of sanitation and water pollution (Do et al., 2018; Geruso and Spears, 2018).27 I

use district fixed effects instead of monitoring station fixed effects. Standard errors are similarly

clustered at the district level. In this health analysis, the sign of the coefficient of interest, βIV , is

determined by the magnitudes of both positive health effects and negative externality.

1.5.2 Validity of Exclusion Restriction

The IV design builds on a key assumption of exclusion restriction. The instrument, AWCd ⋅Postt,

must affect water quality and health only through the channel of latrine construction after controlling

for precipitation, monitoring station (district) fixed effects, and year fixed effects.

When water quality is an outcome, one potential concern is that AWC affects the agricultural

yield of crops, which in turn affects the volume of agricultural runoff, leading to a change in the

water quality. To address this concern, I choose fecal coliform as a water quality indicator because

fecal coliform is unrelated to the production of crops.

There are also legitimate concerns that AWC can affect health outcomes through other channels.

For instance, AWC might affect the agricultural yield of crops, which in turn determines a house-

hold’s income, which in turn affects the level of health investments, leading to changes in health
27 Post-neonatal mortality and infant mortality refer to the probabilities of a child dying between 28 days after

birth and the age of one year and dying between the birth and the age of one year, respectively.
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conditions.28 Moreover, AWC might affect the level of groundwater pollution resulting from open

defecation, which in turn affects health outcomes.

As a formal test of the validity of the exclusion restriction, I run reduced-form regressions of the

outcomes of water quality and health on the interaction of AWC and year dummies. The exclusion

restriction suggests that AWC should not affect the outcomes prior to the SBM policy. During

the pre-SBM period, AWC is unlikely to affect latrine construction because the official technical

guideline that requires the consideration of soil infiltrations had not been published until 2013, just

before the start of the SBM. Thus, the association of AWC and outcomes during the pre-SBM

period captures the causal pathways other than through latrines. Conversely, AWC is expected to

have strong relationships with outcomes after the SBM started to incentivize latrine construction

in 2014. Indeed, Figure 1.7 shows no differential effects of AWC on both outcomes of water quality

and health up to 2013. In contrast, starting from 2014, larger AWC leads to an increase in fecal

coliform and a decrease in diarrheal post-neonatal mortality.

As a second test of the validity of the exclusion restriction, I conduct falsification tests that

examine the effects on other water quality and health indicators unrelated to fecal contamination.

Specifically, I examine the effects of latrine construction on water temperature, pH, and malaria

mortality for ages 0-4.29 The exclusion restriction suggests that latrine construction should not

affect these irrelevant outcomes. As expected, I do not find effects on water temperature, pH, and

malaria mortality in either IV or DID designs (Columns 1-4 and 11 of Appendix Table B4).30

1.5.3 Upstream-Downstream Specification in Instrumental Variable Design

The negative externalities on water and health may spill over to downstream districts because

dumped fecal sludge can flow downstream along rivers. Thus, I additionally examine the effects of

upstream latrine construction on downstream water quality and health in the modified IV specifi-

cation.
28 Although district fixed effects control for the time-invariant agricultural productivity across districts, differential

growth in the agricultural yield caused by different levels of AWC might be present, leading to potential differential
increases in income and health investment.

29 This analysis is based on the water quality data of the NWMP and the malaria mortality estimates of IHME
(2020a).

30 As an additional analysis, I adopt the BOD, DO, and Nitrate-Nitrite, which measure water contamination
from various pollution sources, as outcomes. I do not find effects on these variables in most cases (Columns 5-10 of
Appendix Table B4). These results suggest that there are no other substantial sources of water contamination due
to other programs implemented at the same time as the SBM.
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This upstream-downstream specification addresses the concern of exclusion restriction in the

baseline specification of the IV design. In this specification, I use upstream AWC as an instrument

for upstream latrine construction and examine the impacts on downstream outcomes. The upstream

AWC is not expected to affect downstream health outcomes through a change in income because the

upstream AWC is unlikely to be associated with the downstream agricultural output. Thus, using

upstream AWC unrelated to downstream health outcomes as an instrument enhances the validity

of the exclusion restriction.31

I identify upstream-downstream relationships among monitoring stations and districts using the

elevation data along 43 major rivers.32 Thus, this specification focuses on a subset of districts

(stations) located along major rivers that have further upstream districts.33 The upstream districts

of a given district (station) are selected as the districts that intersect with river segments whose

elevations are higher than the elevation of the given district (station).

The definition of upstream districts, i.e., how far upstream I should search for districts, matters

because the pollution decays as it flows downstream. Because the decay rates depend on the

temperature and other environmental factors of rivers, I adopt a variety of distances from a given

district (station) for identifying upstream districts. Specifically, for a given district (station), the

upstream districts are selected from districts that fall within a range of [X,Y ] kilometers from the

given district (station), where X ∈ {0,50,100}, Y ∈ {100,150}, and X < Y . I use a range of [0,150]

kilometers as the baseline specification, and I conduct robust checks which use either alternative

buffer sizes or all upstream districts without buffers.34

In this analysis, I use the following regressions 1.4 and 1.5 modified from the baseline specifica-

tion. The independent variable is changed to the upstream number of latrines per square kilometer,

and the instrument is changed to the upstream AWC.35 I also control for AWC in the reference
31 To test the validity of the exclusion restriction, I run reduced-form regressions of outcomes on upstream AWC

as in Section 1.5.2. Appendix Figure A2 encouragingly shows no effects of upstream AWC on both water quality and
health outcomes during the pre-SBM period.

32 I focus on major rivers included in the Version 4.1.0 GIS polygons of rivers provided by the Natural Earth.
Upstream-downstream relationships along major rivers are less susceptible to measurement errors because the river
systems are simpler than those that include hundreds of rivers. I use 90-meter raster digital elevation data, called
the Shuttle Radar Topography Mission (SRTM) data Version 4.1 (Reuter et al., 2007).

33 The focus on major rivers results in a sample of 365 stations in 154 districts in the water quality analysis. In
the district-level health analysis, I further drop districts where more than one major rivers flow due to the complexity
of determining the upstream-downstream relationships, resulting in a sample of 103 districts.

34 The same procedure is repeated to identify downstream districts for a placebo test. These are selected as the
districts that intersect with river segments whose elevations are lower than the elevation of the given district (station).

35 If there are multiple upstream districts, I compute the aggregated values of latrines and AWC for upstream
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district because the instrument (upstream AWC) can be spatially correlated with AWC in the ref-

erence district, which can also affect outcomes. The coefficient of interest, βU
IV , captures the effect

of upstream latrine construction, which is the composite of two underlying effects: (i) the direct

effect of upstream latrine construction on outcomes and (ii) the indirect effect of upstream latrine

construction on outcomes via latrine construction in the reference district. To examine the latter

channel, I also test the effect of upstream latrine construction on the latrine construction in the

reference district.36

Yi,d,t = α + βU
IV Upstream_Latrined,t + γ1Precipd,t + γ2AWCd ⋅ Postt + δi + θt + εi,t (1.4)

Upstream_Latrined,t = π1 + π2Upstream_AWCd ⋅ Postt + π3Precipd,t

+ π4AWCd ⋅ Postt + δi + θt + νi,t
(1.5)

1.5.4 Difference-in-Differences Design

I additionally adopt the DID design to examine the dynamic evolution of the effects of latrine

construction on water quality.

In the DID design, I exploit the fact that all districts had achieved almost universal latrine

coverage by the target date of 2019, regardless of their baseline latrine coverage. Thus, districts

with lower baseline latrine coverage have experienced a larger increase in latrine coverage. This fact

allows me to adopt a DID design that uses baseline latrine coverage as a continuous treatment.37 As

shown in Figure 1.6, there are substantial differences in the baseline latrine coverage across districts

in 2013, which suggests a differential increase in the number of latrines by 2019. This first-stage

relationship is empirically shown in the Appendix Figure A3. Then, I expect that districts with

higher latrine non-coverage in 2013 experienced a higher increase in water pollution due to a larger

increase in latrine coverage.

districts by taking the average of their values.
36 Another approach would be to regress outcomes on upstream latrine construction and the latrine construction

in a reference district and instrument them with AWC in each area. I do not adopt this approach due to the issue of
a weak instrument in the first stage.

37 This DID design that uses variation in baseline degree of policy implementation is in the same vein as Duflo
(2001) and Bleakley (2007).
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In this DID design, I adopt the following baseline regression.38

Yi,d,t = α + βDID(1 −Latrinepred ) ⋅ Postt + γXd,t + δi + θb,t + εi,t (1.7)

where Yi,d,t is a water quality indicator, represented by the logarithm of fecal coliform, at monitoring

station i inside district d in year t. Latrinepred is a latrine coverage in district d in 2013, which was

one year before the SBM started. Postt is an indicator that takes the value one after 2014 when

SBM started. Xd,t are a set of control variables, which are time-varying precipitation and time-

invariant district characteristics, including VIIRS nighttime luminosity in 2013, population, the

proportions of Scheduled Caste and Scheduled Tribe members, and literacy rates in 2011. Time-

invariant variables are added as control variables after being interacted with year dummies. Lastly,

monitoring station fixed effects, δi, and basin-year fixed effects, θb,t, are included. Standard errors

are clustered at the district level since the baseline latrine coverage varies across districts. The

coefficient of interest is βDID, and I expect it to be positive.

To examine pre-trends and the dynamic evolution of the treatment effects, I also adopt the

following event-study specification.

Yi,d,t = α +
2019

󱮦
l=2007

βl(1 −Latrinepred ) ⋅ Tl + γXi,t + δi + θb,t + εi,t (1.9)

where the baseline year is 2013, and Tl is a year dummy variable. Standard errors are similarly

clustered at the district level. The coefficients of interest are the βl’s, that measure the treatment

effects on water quality in each year relative to 2013. The βl’s of 2007-2012 are examined to test

the assumption of parallel pre-trends, while the βl’s of 2014-2019 capture the dynamic evolution of

the treatment effects. Based on the test of parallel pre-trends, I use this DID design only for the

water quality outcome.
38 Recent literature shows that the DID design with a continuous treatment is subject to biased estimates unless

alternative (typically stronger) assumptions, other than the parallel trends assumption, are satisfied (Callaway et al.,
2021). Therefore, I conduct a robustness check by adopting an alternative design with a binary treatment that
compares districts whose baseline latrine coverage is lower than the national median with districts whose baseline
coverage is higher than the national median.
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1.6 Results

1.6.1 Effects on Water Quality

I find that latrine construction under the SBM degrades river water quality in both IV and DID

designs.

In the IV design, Table 1.2 shows that one additional latrine per square kilometer increases

fecal coliform by 3% on average (Column 3). This estimate of the effect on water quality in the IV

design is substantially larger than in the OLS regression, which is about 0.6% (Column 1). This

difference comes from the downward bias from the endogeneity in the OLS regression, possibly due

to reverse causality if increased water pollution negatively affects the latrine construction to avoid

further pollution.

The result of the first stage shows the positive association between AWC and the number of

latrines as expected (Column 2 of Table 1.2). Although the F-statistics of the first stage are not

low (29.954), I also compute the 95% confidence interval of the Anderson and Rubin (1949) test

that is robust to the weak instrument. Reassuringly, the positive left and right ends of the 95%

confidence interval ([0.15, 0.49]) show that the result is robust to this Anderson and Rubin (1949)

specification.39

A total effect of the SBM (hereinafter called “average policy effect”) is a 72% increase in fecal

coliform, which shows a substantial negative externality on the water quality (Column 3 of Table

1.2). The average policy effect is calculated by multiplying the estimated coefficient by the difference

between the mean number of latrines per square kilometer during the pre-SBM (2012-2013) period

and during the post-SBM period (2014-2019).40

I find a similar result in the DID specification. The positive coefficient in Column 4 of Table 1.2

suggests that latrine construction increases water pollution, although the effect becomes imprecise.

In this DID design, the water pollution effects become larger and more precise when I focus on areas

with lower STP treatment capacities in the heterogeneity analysis in Section 1.7.1. On the other

hand, I find a null effect in areas with higher treatment capacities, which renders the overall effect
39 The Anderson and Rubin (1949) confidence intervals are shown for all following IV results.
40 This average policy effect is an upper-bound estimate because some constructed latrines may not be attributed

to the SBM subsidy. Moreover, when I calculate average policy effects for other results, I use the difference in the
mean number of latrines per square kilometer in each sample.
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in Table 1.2 imprecise.

These results are consistent with my theoretical prediction that the SBM increases water pollu-

tion due to the dumping of fecal sludge from increased latrines.

1.6.2 Effects on Health

I find that latrine construction under the SBM improves health overall in the IV design, which

suggests that the direct positive health effect outweighs the negative externality on health due to

increased water pollution.

Table 1.3 reports the positive net health effects of latrine construction. One additional latrine

per square kilometer reduces the diarrheal post-neonatal mortality per 1,000 people by about 0.029

on average in the IV design, which is a 1.3% reduction from the pre-SBM period.41 The average

policy effect of the SBM is calculated to be a 0.827 reduction in diarrheal post-neonatal mortality

per 1,000 people, which amounts to a 36% reduction from the pre-SBM period (Column 3). This

positive health effect result is robust to the adoption of diarrheal mortality in other age groups

(Appendix Table B3).42

These results capture the overall health effect, which is the difference between the direct positive

health effect and the negative externality on health due to water pollution. Thus, the overall positive

health effect in my analysis suggests that the direct positive health effect outweighs the negative

externality on health, as shown in the conceptual framework.

1.6.3 Effects of Upstream Latrine Construction on Downstream Outcomes

I find that upstream latrine construction degrades downstream water quality while improving down-

stream health overall in Table 1.4 in the IV design.43

First, I find that upstream latrine construction increases fecal contamination of rivers in the

reference district only when upstream areas have lower treatment capacities (examined more in
41 The magnitude of the effect on health in the IV design is substantially larger than in the OLS regression, which

is about 0.007 (Column 1). This difference comes from the endogeneity in the OLS regression, possibly due to reverse
causality if higher diarrheal mortality positively affects the latrine construction to reduce diarrheal mortality.

42 The magnitude of the health effect differs across age groups because of the difference in the mean value of each
type of diarrheal mortality.

43 Table 1.4 reports results when upstream and downstream districts are defined as those within the range of
[0,150] kilometers from a reference station (district). The results are robust to alternative buffer sizes as shown in
Appendix Table B2.
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detail in Section 1.7.1), although the effect becomes imprecise when I use all observations (Columns

1 and 3-6 of Panel A). This heterogeneity in the effects shows water pollution externalities of

latrine construction that extend to downstream districts. On the other hand, I find a null effect of

downstream latrine construction on water quality in the reference district, as there should be no

water pollution externalities from downstream to upstream districts (Column 2 of Panel A).

Second, I find that upstream latrine construction has reduced diarrheal mortality in the refer-

ence district overall (Column 1 of Panel B). Although upstream latrine construction causes water

pollution externalities to the reference district, it improves health outcomes in the reference district

overall due to separate benefits arising from increased latrine construction in the reference district

(Column 1 of Panel C). The positive net health effect that comes from increased latrine construction

outweighs the water pollution externalities. The positive spillover effect of latrine construction from

upstream to reference districts can be explained by the fact that these districts are usually located

in the same state, given that the buffer sizes for identifying upstream districts are less than or equal

to 150 kilometers. Because states play a central role in implementing sanitation policies in India,

districts within the same state are likely to undertake a similar level of latrine construction.44 On

the other hand, I find a null effect of downstream latrine construction on health in the reference

district (Column 2 of Panel B).

1.6.4 Robustness Checks

The results are robust to the consideration of spillovers from neighboring districts, influence from

urban areas, and a balanced panel.45

Spillovers from Neighboring Districts.—The analysis of the baseline specification assumes that

water quality in a given monitoring station is affected only by the latrine construction in the district

where that monitoring station is located. However, monitoring stations can be situated on rivers

that flow along the border of several districts. In this case, water quality in those stations is likely
44 To directly test this claim, I estimate the intra-cluster correlation coefficient, which measures the proportion of

the overall variance that is explained by within-state variance in the number of latrines per square kilometer between
2013 and 2019. The coefficient is estimated to be 0.704. This high coefficient suggests that districts within the same
state behave similarly in terms of latrine construction.

45 I mainly test the robustness of the baseline specification that serves as the basis for the heterogeneity analysis
in Section 1.7, although I include results of heterogeneous effects for the robustness checks on the spillovers from
neighboring districts and a balanced panel.
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to be affected by several neighboring districts.

I conduct an additional analysis that incorporates spillover effects from neighboring districts.

For the monitoring stations that are located within 2 kilometers of more than one district, I compute

the weighted average of variables of neighboring districts by using district areas as weights. The

data of other monitoring stations remain unchanged. Then, I run the regressions 1.2, 1.3 of the IV

design and the regression 1.7 of the DID design.

As shown in Column 1 of Appendix Table B5, I find results that are similar to the baseline

specification. I find a negative effect on water quality, and the estimated coefficients are very

similar to those in the baseline specification.

Influence from Urban Areas.—While my focus is on the effects of latrine construction in rural

India, it is possible that the baseline specification results are partly driven by latrine construction

in urban areas. Therefore, I conduct a robustness check that estimates the effects of the SBM

after excluding monitoring stations and districts that are close to urban areas from the sample.

Specifically, I drop monitoring stations and districts that are within 50/100/150 kilometers of cities

with a population of 1 million and above, according to the 2011 Census.

As shown in Appendix Table B6, the results are robust to excluding urban areas regardless of

distance in both IV and DID designs. As in the baseline specification, I find a negative effect on

water quality and an overall positive health effect in the IV design.

Balanced Panel.—The baseline specification uses unbalanced panel data on water quality, so I

conduct a robustness check using a balanced panel. Using the balanced panel mitigates the concern

that monitoring stations may have been endogenously installed in less polluted locations over the

sample periods. As shown in Column 1 of Appendix Table B7, I similarly find a negative effect on

water quality in both IV and DID designs.

1.7 Heterogenous Effects of Sanitation

To explore the mechanism behind the negative externalities, I test the heterogeneous effects of

latrine construction. Specifically, I show that the main mechanism is the water pollution from poor

treatment (dumping) of fecal sludge because the negative externalities are larger in areas with lower
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capacities for treatment of fecal sludge and in areas with higher exposure to river pollution.

1.7.1 Heterogenous Effects by Treatment Capacity of Fecal Sludge

As in the theoretical hypotheses regarding the differential effects of latrine construction under the

SBM, I show that negative externalities on water quality and health vary by the level of complemen-

tary investment in the treatment of fecal sludge. The negative externalities are found to be larger

in areas with lower treatment capacities, where dumping of fecal sludge is more likely to happen.

This result suggests that poor treatment (dumping) of fecal sludge is the main mechanism of the

negative externalities.

In this analysis, I use geographical variation in the treatment capacities of STPs. Based on

the inventory of STPs compiled by the CPCB (CPCB, 2015), I calculate the STP capacities at

both state and district levels in 2013, one year before the SBM started.46 In the baseline specifi-

cation, I compare effects in states/districts that have higher treatment capacities than the median

in the sample with those in states/districts with lower treatment capacities.47 In the upstream-

downstream specification, I similarly examine the heterogeneous effects by the different levels of

treatment capacities in upstream states/districts.

Effects on Water Quality.—I find that the negative externality on water quality is substantial

in areas with lower treatment capacities in the IV design. As shown in Panel A of Table 1.5,

one additional latrine per square kilometer increases fecal coliform by 3.7% in states with lower

treatment capacities (Column 3). On the other hand, I find no effect in states with higher treatment

capacities (Column 2). Similarly, I find that one additional latrine per square kilometer increases

fecal coliform by 5.1% in districts with lower treatment capacities (Column 5), although the effect

becomes insignificant in districts with higher treatment capacities (Column 4). In the upstream-

downstream specification, I similarly find a negative externality of upstream latrine construction on

downstream water quality when upstream states/districts have lower treatment capacities (Columns

4 and 6 of Panel A of Table 1.4).
46 The district-level STP capacities are highly susceptible to measurement errors due to missing observations

of STPs in the CPCB inventory. Some districts may be flagged as districts with zero treatment capacity due to
missing observations, even if they actually have STPs. Therefore, I also use state-level STP capacities, which are less
susceptible to measurement errors due to further aggregation.

47 The median value is calculated after setting zero capacity for the states/districts with no STP.



28

I find similar results in the DID design in Panel B of Table 1.5. The coefficients of (1−Latrinepred )⋅

Postt show that a district with baseline latrine coverage of 50% would experience an increase in

fecal coliform of about 75-90%, relative to a district with 100% baseline latrine coverage, in areas

with lower treatment capacities (Columns 3 and 5). Considering the fact that the baseline latrine

coverage was 39.2% in 2013, the average effects of the SBM in states with lower treatment capacities

can be calculated as (1 − 0.392) × 1.790 = 1.088 in the DID design, which is relatively close to the

average policy effect (0.976) in the IV design. On the other hand, consistent with the results of the

IV design, I do not find negative externality in the areas with higher treatment capacities (Columns

2 and 4).

The DID event study design shows the negative externality on water quality in areas with lower

treatment capacities has become substantial two years after the start of SBM, and this effect has

become larger over time. The estimated coefficients from the event-study specification in equation

1.9 are reported in Figure 1.8. First, Figure 1.8 reassuringly shows no differential pre-trends for all

panels, which enhances the validity of the parallel pre-trends assumption. Second, Figure 1.8 high-

lights that the negative externality in states with lower treatment capacities has become substantial

since 2016, two years after the start of the SBM (Panel B).48 This lagged effect is consistent with

the fact that a differential increase in the number of latrines among districts with different levels of

baseline coverage starts around 2016 in Appendix Figure A3.49 Moreover, this negative externality

on water quality become larger over time from 2016 to 2019.

These differential effects of the SBM by the treatment capacity of fecal sludge suggest that

the dumping of fecal sludge emptied from latrines is the main mechanism accounting for increased

river pollution. These findings are consistent with the theoretical prediction that the magnitude

of water pollution is larger in the case of lower treatment capacity due to larger marginal damage.

Conversely, the null effect on water quality in areas with higher treatment capacities suggests it

is unlikely the effect is caused by other channels (e.g., the seepage of fecal matter from latrines to

rivers).
48 Appendix Figure A4 shows event study plots that compare districts with higher and lower treatment capacities.

Because I find differential pre-trends in the case of districts with lower treatment capacities (Panel B), I focus on the
results based on state-level variation in treatment capacities.

49 These results are robust to an alternative specification of a binary treatment indicator that takes the value one
when district’s baseline latrine coverage is lower than the national median (Appendix Table B1 and Appendix Figure
A5).
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Effects on Health.—The analysis of heterogeneous effects allows me to explicitly investigate the

negative externality on health. The negative externality can be captured as a difference between

the health effect of areas with lower treatment capacities (significant river pollution) and that of

areas with higher treatment capacities (insignificant river pollution).

Panel C of Table 1.5 shows the results of heterogeneous effects on diarrheal post-neonatal mor-

tality by treatment capacities at both state and district levels in the IV design. I find that the

magnitude of the positive health effect is 0.064 (3% decrease) in states with higher treatment ca-

pacities (Column 2), while the magnitude reduces to 0.020 (1% decrease) in states with lower

treatment capacities (Column 3). The average policy effect of the SBM is a 0.625 decrease (26%

decrease) in diarrheal mortality in states with lower treatment capacities, which is about two-thirds

smaller than the effect of a 1.507 decrease (71% decrease) in states with higher treatment capacities

(Columns 2-3). This difference in the magnitude of positive health effects is statistically significant

(p-value = 0.003). The difference in the coefficients becomes imprecise when I compare the effects

by district-level treatment capacities (Columns 4-5).

In the upstream-downstream specification of the IV design, I find that the upstream latrine

construction has smaller positive health effects of decreasing diarrheal mortality in the reference

district when the upstream states/districts have lower treatment capacities (Columns 4 and 6 of

Panel B of Table 1.4). In these cases of lower treatment capacities, the positive health effect of

upstream latrine construction becomes null, which suggests that the positive net health effect that

comes from increased latrine construction in the reference district is completely offset by the water

pollution externalities.

These results, together with those on water quality effects, suggest that the increased water

pollution due to the SBM, which is substantial in areas with lower treatment capacities, has negative

health consequences. Although the overall health effect is positive, the water pollution externalities

reduce the magnitude of this positive health effect, as predicted in the theoretical prediction.

1.7.2 Heterogenous Effects on Health by Exposure to River Pollution

I show that the health effects of latrine construction vary by the intensity of exposure to river

pollution. The positive health effects are found to be smaller for those with greater exposure to

river pollution. This result suggests that the latrine construction under the SBM has a negative
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externality on health through the water pollution channel.

In this heterogeneity analysis, I use proximity to rivers as a proxy for exposure to river pollution.

Proximity to rivers increases exposure to river pollution because people living close to rivers are

more likely to use river water for bathing, consumption, household use, etc. Thus, I examine how

health effects vary by the proximity to rivers.

To measure the proximity to rivers, I construct an indicator of how many people live near rivers

based on the VIIRS nighttime light data in 2013. First, I calculate the total nighttime luminosity of

each district. Second, I calculate the total nighttime luminosity of areas within 5/10/15 kilometers

of rivers for each district.50 Third, I calculate the district-level ratio of nighttime luminosity within

specified distances from rivers by dividing the value of the second step by the value of the first

step.51

Based on this constructed indicator, I compare health effects in districts with higher exposure

to river pollution with those in districts with lower exposure in the IV design. A given district is

defined as highly exposed to river pollution if its ratio of the total nighttime luminosity of the area

close to rivers is higher than the sample median.

I find that positive health effects are smaller in districts with a higher proportion of nighttime

luminosity near rivers, i.e., higher exposure to river pollution. As shown in Table 1.6, the positive

health effects in higher exposure districts (Columns 1, 3, and 5) are about half of those in lower

exposure districts (Columns 2, 4, and 6), regardless of different distances from rivers. These differ-

ential effects suggest that the negative externality on health is caused by increased water pollution

due to latrine construction.

1.8 Conclusion

My analysis documents an unintended negative consequence of latrine construction in India. Al-

though open defecation has been commonly blamed for causing negative externalities, I show that
50 I use rivers ≥30-meter wide at mean annual discharge, available in the Global River Widths from Landsat

(GRWL) Database (Allen and Pavelsky, 2018). This dataset covers more rivers, including smaller ones, than the
dataset of major rivers used in the upstream-downstream analysis.

51 One limitation of using nighttime light data as a proxy of population density near rivers is that this data cannot
distinguish urban from rural populations. If the population density near rivers is different for urban and rural areas
within a district, this paper does not reflect that difference.
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latrine construction has larger water pollution externalities than open defecation due to poor treat-

ment of fecal sludge. I then show that investments in latrines are less effective at improving child

health in areas where the water pollution effects are larger.

Specifically, I examine the consequences of India’s nationwide sanitation policy, the SBM. I

exploit two features of the SBM to identify its causal effects on water quality and health. First, the

fact that soil infiltration rates determine the cost and difficulty of latrine construction according to

the official technical guidelines during the post-SBM period renders soil infiltration rates suitable

as an instrument for latrine construction. Second, the fact that all districts had achieved almost

universal latrine coverage by the target date, regardless of their baseline latrine coverage, allows me

to use the baseline coverage as a continuous treatment.

Based on these two identification strategies, I find that the SBM increases river pollution by

72%, which is a substantial effect. The negative externality on water quality exists only in areas with

lower treatment capacities, where the dumping of fecal sludge is more likely to happen. Moreover, I

show that the SBM reduces diarrheal mortality by 36% overall. However, this positive health effect

is two-thirds smaller in states with lower treatment capacities (26% reduction) than in states with

higher treatment capacities (71% reduction).

The back-of-the-envelope calculations show that the health benefits are worth the cost of the

SBM policy. The health benefits, i.e., reduction in diarrheal post-neonatal mortality, are calculated

to be 16.9 million USD,52 almost equivalent to the subsidy cost for latrine construction (17.4 million

USD) at the district level.53 The health benefits would be larger than this estimate if I took into

account the health effects for other age groups and other benefits such as improved educational

outcomes. Although this result suggests that the SBM is successful overall, sufficient treatment of

fecal sludge would increase the health effects even more with a low additional cost. The additional

benefits of higher treatment capacity are similarly calculated to be 18.1 million USD, which is larger

than the additional cost of constructing and operating more sewage treatment plants (11.5 million
52 The health benefits are estimated by multiplying the total number of reduced mortalities under the SBM (30.3)

by the estimate of the value of a statistical life in India (0.56 million USD according to Majumder and Madheswaran
(2018)). The total number of reduced mortalities is calculated based on the estimated average policy effect (0.827
per 1,000 people) and the estimate of the district-level mean population of age 0-1 (0.36 million people). This
population estimate is calculated from the district-level mean population (1.57 million people) and the percentage of
the population of age 0-4 (9.32%) in the 2011 Census.

53 The cost is calculated by multiplying the amount of the SBM subsidy (150 USD) by the mean change in the
number of latrines (0.11 million).
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USD).54

My results present several policy implications for developing countries promoting sanitation and

other similar policies. The first clear implication is that policymakers should consider the possi-

bility of negative externalities of sanitation investment on water quality and health. An enabling

environment that includes effective treatment of fecal sludge can make sanitation policies more

effective, which should be considered in the second phase of the SBM that started in 2020. The

need for better fecal sludge management is also a common issue in South Asian countries, including

Bangladesh, Nepal, and Pakistan, where sewage and fecal sludge have been inadequately treated

regardless of making good progress in improving access to toilets (WaterAid, 2019). Future stud-

ies may investigate the causal effects of the treatment of fecal sludge on water quality and health

because my approach herein is to examine heterogeneous effects by the baseline variation in the

treatment capacity of fecal sludge.

Second, my findings on the negative externalities have implications for other policies, such as

waste management. Waste management policy similarly requires consideration of the various stages

involved, ranging from the collection of waste to safe recycling and disposal of waste. Focusing only

on the collection of waste may cause negative externalities on the environment due to untreated

waste. Investigating the existence of negative externalities associated with other similar policies

may be a fruitful area for future research.

54 Additional benefits are calculated based on the difference in the estimated average policy effects between
higher and lower treatment capacities at the state level (1.507-0.625=0.882 per 1,000 people). Additional costs are
calculated based on the capital and O&M cost for 15 years (0.23 million USD/million liter per day) of the most
common technology, Upflow Anaerobic Sludge Blanket (estimated based on CPCB (2013)), and the district-level
difference in STP capacity between states with higher and lower treatment capacities.
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1.9 Figures and Tables

1.9.1 Figures
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Figure 1.1: Latrine Coverage in Rural India

Notes: This figure documents the proportion of households that have latrines in rural India
between 2012 and 2019. A vertical dashed line shows the starting year of the Swachh Bharat
Mission.
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Panel A. Treatment Capacity Low

Panel B. Treatment Capacity High

Figure 1.2: Welfare Effects of the Swachh Bharat Mission

Notes: This figure examines how the subsidy under the SBM changes the deadweight loss (DWL) in two cases:
(A) low treatment capacity (low Qstp) and (B) high treatment capacity (high Qstp). The subsidy shifts down the
marginal cost (MC) from MCpre to MCpost. Marginal damage (MD) represents the negative externality on health,
which occurs when the number of latrines is larger than the treatment capacity level (Qstp). Marginal benefit (MB)
represents direct health benefits because of reduced open defecation. This figure shows that DWL increases more
significantly in the case of low treatment capacity in Panel A.
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Panel A. Treatment Capacity Low

Panel B. Treatment Capacity High

Figure 1.3: Effects of the Swachh Bharat Mission on Water Quality and Health

Notes: This figure examines how the SBM affects water quality and health in two cases: (A) low treatment capacity
(low Qstp) and (B) high treatment capacity (high Qstp). Total benefit and total damage in this figure are based on
the marginal benefit and marginal damage plotted in Figure 1.2. Effects on health and water quality are represented
by the changes in net benefit and total damage, respectively. This figure shows that SBM improves health overall
and increases water pollution. In the case of low treatment capacity in Panel A, the magnitude of health effects is
smaller, and the magnitude of effects on water quality is larger.
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Figure 1.4: Distribution of Water Quality Monitoring Stations in India

Notes: This figure shows water quality monitoring stations in orange dots, district boundaries in black lines,
and rivers in blue lines. The data source of river lines is Allen and Pavelsky (2018).
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Figure 1.5: Available Water Capacity (mm/m) across Districts

Figure 1.6: Latrine Coverage (%) in 2013 across Districts

Notes: Districts with no data on latrine coverage are displayed to be blank. These districts correspond to
urban areas where latrine data are not recorded under the SBM.
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Figure 1.7: Event Study Plots of Reduced-Form Regressions of Available Water Capacity

Notes: This figure shows the regression coefficients of the logarithm of fecal coliform (Panel A) and diar-
rheal post-neonatal mortality per 1,000 people (Panel B) on the interaction terms between Available Water
Capacity and year dummies. The 95% confidence intervals are shown with dashed lines. Standard errors
are clustered at the district level. Panel A includes monitoring station fixed effects, year fixed effects, and
precipitation as a control, while Panel B includes district fixed effects, year fixed effects, and precipitation
as a control.
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Figure 1.8: The Dynamic Effects on Water Pollution (Log of Fecal Coliform)

Notes: This figure shows the regression coefficients of the logarithm of fecal coliform in equation 1.9. The
95% confidence intervals are shown with dashed lines. Standard errors are clustered at the district level.
All regressions include monitoring station fixed effects, basin-year fixed effects, and the following controls:
precipitation, VIIRS nighttime luminosity, population, the proportions of Scheduled Caste and Scheduled
Tribe members, and literacy rates.
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1.9.2 Tables

Table 1.1: Summary Statistics

Mean SD Min Max Observations

Panel A. Time-varying variables: 2007-2013

Fecal coliform - average (thousand MPN/100ml) 2606.42 143774.77 0 10000035 4939
Diarrheal early-neonatal mortality (per 1000 people) 20.2 13.65 0.5 71.86 2359
Diarrheal late-neonatal mortality (per 1000 people) 9.22 6.19 0.23 32.41 2359
Diarrheal post-neonatal mortality (per 1000 people) 2.69 1.8 0.07 9.48 2359
Diarrheal age 1-4 mortality (per 1000 people) 0.48 0.34 0.01 1.83 2359
Diarrheal under 5 mortality (per 1000 people) 1.07 0.72 0.03 3.87 2359
Malaria age 0-4 mortality (%) 0.02 0.04 0 0.38 2359
Number of latrines (ten thousand) 12.93 13.39 0.01 89.7 586
Number of latrines per sq. km 35.55 41.92 0.03 283.01 586
Latrine coverage (%) 43 25.48 0.08 100 586
Precipitation (mm) 1341.98 778.05 214.05 5589.17 1946

Panel B. Time-varying variables: 2014-2019

Fecal coliform - average (thousand MPN/100ml) 722.17 30385.66 0 1750013 5553
Diarrheal early-neonatal mortality (per 1000 people) 9.79 7.28 0.29 35.57 2022
Diarrheal late-neonatal mortality (per 1000 people) 4.64 3.44 0.14 16.76 2022
Diarrheal post-neonatal mortality (per 1000 people) 1.46 1.07 0.05 5.21 2022
Diarrheal age 1-4 mortality (per 1000 people) 0.2 0.15 0.01 0.73 2022
Diarrheal under 5 mortality (per 1000 people) 0.51 0.38 0.02 1.86 2022
Malaria age 0-4 mortality (%) 0.01 0.04 0 0.33 2022
Number of latrines (ten thousand) 22.52 18.96 0.01 146.87 1814
Number of latrines per sq. km 59.06 57.05 1.12 430.09 1814
Latrine coverage (%) 76.78 27.43 3.58 100 1814
Precipitation (mm) 1312.23 878.46 196.09 10061.3 1814

Panel C. Variables not varying over time

Available water storage capacity (mm/m) 128.03 25.91 19.79 150 337
District-level capacity of sewage treatment plants (MLD) - 2013 28.17 105.03 0 947.5 337
State-level capacity of sewage treatment plants (MLD) - 2013 709.5 782.06 0 2307.75 337
Population (thousand) - 2011 1572.08 1077 28.99 6074.19 337
% Scheduled caste population - 2011 16.75 9.69 0 53.39 337
% Scheduled tribe population - 2011 16.98 25.24 0 98.10 337
% Literate population - 2011 61.16 10.44 28.66 88.7 337
VIIRS nighttime luminosity (nW/cm2/sr) - 2013 0.71 1.57 0.01 17.98 337
Ratio of total nighttime luminosity within 5 km of rivers - 2013 0.38 0.23 0 1 317

Notes: This table shows summary statistics of time-varying variables for pre-SBM periods (2007-2013) in Panel A and
post-SBM periods (2014-2019) in Panel B, and summary statistics of time-invariant variables in Panel C. The latrine data
are available only from 2012-2019, while data of other time-varying variables are available from 2007-2019. MPN and MLD
denote “most probable number" and “million liters per day," respectively.
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Table 1.2: The Effect on Water Quality (Log of Fecal Coliform (FCf))

OLS IV - First Stage IV - Second Stage DID

(1) (2) (3) (4)
Log(FCf) # of Latrines per sq. km Log(FCf) Log(FCf)

Number of latrines 0.006∗∗∗ 0.030∗∗∗

per sq. km (0.002) (0.008)

AWC * Post (=1) 0.283∗∗∗

(0.052)

(1 - 2013 Latrine 0.647
Coverage) * Post (= 1) (0.527)

Observations 7,201 7,201 7,201 10,385
R2 0.020 0.091 - 0.860
Number of Stations 1,189 1,189 1,189 1,187
Number of Districts 337 337 337 335
KP F-Stat - 29.954 - -
AR 95% CI - - [.015, .049] -
Average Policy Effect 0.142 - 0.719 -

Notes: The coefficients are reported. Standard errors, clustered at the district level, are in paren-
theses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. Regressions
of Columns 1-3 include monitoring station fixed effects, year fixed effects, and precipitation as a
control. A regression of Column 4 includes monitoring station fixed effects, basin-year fixed effects,
and the following controls: precipitation, VIIRS nighttime luminosity, population, the proportions
of Scheduled Caste and Scheduled Tribe members, and literacy rates. The KP F-Stat refers to the
Wald version of the Kleibergen and Paap (2006) rk-statistic on the excluded instrumental variables
for non-i.i.d. errors. The AR 95% CI reports the 95% confidence interval, which is robust to the
weak instrument based on the Anderson and Rubin (1949) test. Average policy effects are calcu-
lated by multiplying the estimated coefficients by the change in the number of latrines per square
kilometer after the SBM started in 2014.
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Table 1.3: The Effect on Health (Diarrheal Post-neonatal Mortality (per 1,000 people))

OLS IV - First Stage IV - Second Stage

(1) (2) (3)
Diarrheal Mortality # of Latrines per sq. km Diarrheal Mortality

Number of latrines -0.007∗∗∗ -0.029∗∗∗

per sq. km (0.001) (0.005)

AWC * Post (=1) 0.244∗∗∗

(0.039)

Observations 2,696 2,696 2,696
R2 0.657 0.131 -
Number of Districts 337 337 337
KP F-Stat - 39.248 -
AR 95% CI . - [-.042, -.021]
Mean of Dep. Variable 2.282 33.374 2.282
Average Policy Effect -0.188 - -0.827

Notes: The coefficients are reported. Standard errors, clustered at the district level, are in paren-
theses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. All
regressions include district fixed effects, year fixed effects, and precipitation as a control. The
sample is limited to districts that have monitoring stations used in the specification of water qual-
ity. The KP F-Stat refers to the Wald version of the Kleibergen and Paap (2006) rk-statistic on the
excluded instrumental variables for non-i.i.d. errors. The AR 95% CI reports the 95% confidence
interval, which is robust to the weak instrument based on the Anderson and Rubin (1949) test.
Average policy effects are calculated by multiplying the estimated coefficients by the change in the
number of latrines per square kilometer after the SBM started in 2014.
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Table 1.4: Upstream-Downstream Analysis

All State-level Capacity District-level Capacity

(1) (2) (3) (4) (5) (6)
All All High Low High Low

Panel A. Dependent Variable: Log(Fecal Coliform)

Upstream number of 0.015 -0.046 0.031∗∗∗ -0.004 0.037∗

latrines per sq. km (0.011) (0.031) (0.011) (0.011) (0.023)

Downstream number 0.050
of latrines per sq. km (0.042)

Observations 2,228 2,215 1,109 1,117 1,097 1,131
Number of Stations 365 365 171 194 180 185
Number of Districts 154 147 73 84 75 93
KP F-Stat 50.475 2.391 19.519 41.162 53.262 15.137
AR 95% CI [-.008, .039] [..., ...] [-.111, .037] [.010, .063] [-.033, .018] [-.014, .121]

Panel B. Dependent Variable: Diarrheal Post-neonatal Mortality (per 1,000 people)

Upstream number of -0.011∗ -0.041∗∗∗ -0.010 -0.014∗∗ -0.000
latrines per sq. km (0.006) (0.010) (0.006) (0.007) (0.010)

Downstream number of -0.025
latrines per sq. km (0.016)

Equality Test (Upstream) p = 0.015 p = 0.280

Observations 824 760 432 392 456 368
Number of Districts 103 95 54 49 57 46
KP F-Stat 78.696 2.375 33.304 33.484 59.873 18.756
AR 95% CI [-.023, .001] [..., .023] [-.073, -.024] [-.026, .002] [-.030, -.000] [-.029, .026]
Mean of Dep. Variable 2.576 2.621 2.534 2.623 2.428 2.759

Panel C. Dependent Variable: Number of Latrines per sq. km in Reference District (district-level analysis)

Upstream number of 0.726∗∗∗ 1.327∗∗∗ 0.684∗∗∗ 0.649∗∗∗ 0.907∗∗

latrines per sq. km (0.154) (0.214) (0.160) (0.170) (0.358)

Downstream number of 1.637∗∗

latrines per sq. km (0.740)

Notes: The coefficients are reported. Standard errors, clustered at the district level, are in parentheses. ***, **, and *
indicate significance at the 1%, 5%, and 10% levels, respectively. The sample is limited to monitoring stations (Panel A)
and districts (Panels B and C) located along major rivers in India. Observations, number of districts, and KP F-Stat of
Panel C are the same as Panel B. Upstream and downstream districts are defined as those within the range of [0,150]
kilometers from a reference station/district. Panel A includes monitoring station fixed effects, year fixed effects, and the
following controls: precipitation and the interaction of Available Water Capacity and post-SBM indicator of a reference
district. Panels B and C include district fixed effects, year fixed effects, and the same controls as Panel A. Column 3
reports a result in upstream states where treatment capacities of sewage treatment plants are higher than the median,
while Column 4 reports a result in upstream states with lower treatment capacities. Similarly, Columns 5 and 6 compare
results based on the different levels of upstream treatment capacities at the district level. The KP F-Stat refers to the
Wald version of the Kleibergen and Paap (2006) rk-statistic on the excluded instrumental variables for non-i.i.d. errors.
The AR 95% CI reports the 95% confidence interval, which is robust to the weak instrument based on the Anderson and
Rubin (1949) test. The open-ended confidence intervals show that the searched grids do not extend far enough to capture
the point where the rejection probability crosses above the 95%.
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Table 1.5: The Effects on Water Quality and Health by Fecal Sludge Treatment Capacity

All State-level Capacity District-level Capacity

(1) (2) (3) (4) (5)
All High Low High Low

Panel A. Dependent Variable: Log(Fecal Coliform) - IV Design

Number of latrines 0.030∗∗∗ -0.031 0.037∗∗∗ 0.014 0.051∗∗∗

per sq. km (0.008) (0.025) (0.007) (0.009) (0.017)

Observations 7,201 3,453 3,748 2,902 4,299
Number of Stations 1,189 579 610 466 723
Number of Districts 337 182 155 96 241
KP F-Stat 29.954 7.576 39.516 13.648 11.931
AR 95% CI [.015, .049] [-.123, .018] [.025, .054] [-.012, .034] [.023, .105]
Average Policy Effect 0.719 -0.666 0.976 0.286 1.342

Panel B. Dependent Variable: Log(Fecal Coliform) - DID Design

(1 - 2013 Latrine 0.647 0.372 1.790∗∗∗ 0.496 1.496∗∗

Coverage) * Post (= 1) (0.527) (0.775) (0.660) (0.911) (0.654)

Observations 10,385 5,075 5,281 4,240 6,110
R2 0.860 0.869 0.883 0.881 0.879
Number of Stations 1,187 577 606 465 719
Number of Districts 335 182 151 95 238

Panel C. Dependent Variable: Diarrheal Post-neonatal Mortality (per 1,000 people)

Number of latrines -0.029∗∗∗ -0.064∗∗∗ -0.020∗∗∗ -0.023∗∗∗ -0.032∗∗∗

per sq. km (0.005) (0.013) (0.004) (0.006) (0.008)

Equality Test p = 0.003 p = 0.384

Observations 2,696 1,096 1,600 768 1,928
Number of Districts 337 137 200 96 241
KP F-Stat 39.248 16.295 37.216 22.345 18.092
AR 95% CI [-.042, -.021] [-.110, -.045] [-.030, -.013] [-.044, -.013] [-.057, -.021]
Mean of Dep. Variable 2.282 2.132 2.386 1.753 2.493
Average Policy Effect -0.827 -1.507 -0.625 -0.570 -0.960

Notes: The coefficients are reported. Standard errors, clustered at the district level, are in parentheses. ***,
**, and * indicate significance at the 1%, 5%, and 10% levels, respectively. Panel A includes monitoring
station fixed effects, year fixed effects, and precipitation as a control. Panel B includes monitoring station
fixed effects, basin-year fixed effects, and the following controls: precipitation, VIIRS nighttime luminosity,
population, the proportions of Scheduled Caste and Scheduled Tribe members, and literacy rates. Panel C
includes district fixed effects, year fixed effects, and precipitation as a control. Column 2 reports a result in
states where treatment capacities of sewage treatment plants are higher than the median, while Column 3
reports a result in states with lower treatment capacities. Similarly, Columns 4 and 5 compare results based
on the different levels of treatment capacities at the district level. The KP F-Stat refers to the Wald version
of the Kleibergen and Paap (2006) rk-statistic on the excluded instrumental variables for non-i.i.d. errors.
The AR 95% CI reports the 95% confidence interval, which is robust to the weak instrument based on the
Anderson and Rubin (1949) test. The open-ended confidence interval shows that the searched grids do not
extend far enough to capture the point where the rejection probability crosses above the 95%. Average policy
effects are calculated by multiplying the estimated coefficients by the change in the number of latrines per
square kilometer after the SBM started in 2014.
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Table 1.6: The Effects on Health by Exposure to River Pollution (Diarrheal Post-neonatal Mortality
(per 1,000 people))

Proximity to Rivers - 5km Proximity to Rivers - 10km Proximity to Rivers - 15km

(1) (2) (3) (4) (5) (6)
High Low High Low High Low

Number of latrines -0.024∗∗∗ -0.043∗∗ -0.025∗∗∗ -0.040∗∗ -0.024∗∗∗ -0.044∗∗

per sq. km (0.004) (0.021) (0.004) (0.016) (0.004) (0.019)

Observations 1,264 1,272 1,280 1,288 1,296 1,296
Number of Districts 158 159 160 161 162 162
KP F-Stat 50.344 4.199 36.650 6.929 38.835 5.270
AR 95% CI [-.033, -.017] [..., -.019] [-.036, -.017] [..., -.019] [-.034, -.017] [..., -.022]
Mean of Dep. Variable 2.513 2.163 2.461 2.182 2.499 2.125
Average Policy Effect -0.792 -1.057 -0.831 -0.966 -0.782 -1.086

Notes: The coefficients are reported. Standard errors, clustered at the district level, are in parentheses. ***,
**, and * indicate significance at the 1%, 5%, and 10% levels, respectively. All regressions include district fixed
effects, year fixed effects, and precipitation as a control. Column 1 reports a result in districts where the ratios
of total nighttime luminosity within 5 kilometers of rivers are higher than the median, while Column 2 reports a
result in districts with lower ratios. Columns 3-6 similarly report results when the distance is changed to 10 and
15 kilometers. The KP F-Stat refers to the Wald version of the Kleibergen and Paap (2006) rk-statistic on the
excluded instrumental variables for non-i.i.d. errors. The AR 95% CI reports the 95% confidence interval, which is
robust to the weak instrument based on the Anderson and Rubin (1949) test. The open-ended confidence interval
shows that the searched grids do not extend far enough to capture the point where the rejection probability crosses
above the 95%. Average policy effects are calculated by multiplying the estimated coefficients by the change in the
number of latrines per square kilometer after the SBM started in 2014.



46

Chapter 2

The Impact of Municipal Mergers on

Pollution Control: Evidence of River

Pollution in Japan

Co-authored with Michiyoshi Toya

Abstract:

Municipal mergers are widely adopted by policymakers to improve local public services, including

pollution control. Municipal mergers can improve environmental quality by internalizing pollu-

tion spillovers to neighboring municipalities, but coordination costs and unbalanced political power

among pre-merger municipalities can weaken pollution control. Using the staggered implementa-

tion of Japan’s municipal mergers that halved the number of municipalities, we find that municipal

mergers increase river pollution by 5.5%, and the effect persists for about 15 years. These negative

effects are concentrated in mergers entailing high coordination costs and in pre-merger municipali-

ties with small political power. We do not find spatial patterns of river pollution suggested by the

negative externality theory.
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2.1 Introduction

The optimal level of decentralization and centralization, i.e., distribution of power between local

and central governments, has been long debated in academics (Besley and Coate, 2003; Oates, 1972;

Tiebout, 1956). Under decentralized governance, competition among municipalities is hypothesized

to ensure Pareto-efficient allocation of local public services, but the allocation can become inefficient

when local public services within a jurisdiction have spatial spillover effects on neighbors without

inter-jurisdictional coordination (Jannin and Sotura, 2020; Oates, 1972; Tiebout, 1956). One key

example of this type of spillover is a negative externality of weak pollution control that affects

the environmental quality of neighboring municipalities. In accordance with this argument, an

increase in local jurisdictions under decentralized governance has been recently shown to negatively

affect environmental quality in developing countries (Burgess et al., 2012; Lipscomb and Mobarak,

2016). However, there is little research on the opposite scenario, the effect of a decrease in local

jurisdictions, which is more prevalent in developed countries, on environmental quality. Do fewer

larger-sized municipalities facilitate the internalization of negative externalities, thus improving

environmental quality?

In this paper, we examine how municipal mergers, where two or more municipalities combine

to form a new municipality, affect environmental quality by changing pollution control efforts. Mu-

nicipal mergers have been widely adopted in 20 developed countries, including Denmark, Germany,

France, Japan, and the United States. This policy aims to provide local public services with higher

quality at a lower cost based on economies of scale — a larger municipality can provide local public

services at lower unit costs (OECD, 2014). A negative externality theory suggests that municipal

mergers can improve environmental quality by internalizing pollution spillovers, which exist across

pre-merger municipalities before the mergers. On the other hand, coordination costs and unbalanced

political power among pre-merger municipalities may hamper the pollution control effort of merged

municipalities, leading to the deterioration of environmental quality. The relationship between

municipal mergers and environmental quality appears ambiguous and deserves careful empirical

examination.

We test this relationship in the context of Japan’s municipal mergers and river pollution in

the late 1990s to 2000s. The municipal mergers in Japan have unique characteristics to effectively
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investigate our research question. First, this policy drastically reduced the number of municipalities

by about 50%, from 3,238 in 1998 to 1,725 by 2012. This large-scale and nationwide occurrence of

municipal mergers in all prefectures in Japan increases the external validity of our results. Second,

the universal occurrence of municipal mergers allows us to use water quality data from 3,000 moni-

toring stations across Japan. We use rich water quality data over 30 years to examine the long-run

impact of municipal mergers on water quality. Lastly, municipal mergers occurred over time from

1999 to 2011. Thus, we exploit the staggered implementation of municipal mergers as a setting of

a quasi-natural experiment to examine the causal effects of mergers on river pollution.

We investigate the effects of municipal mergers on river water quality by exploiting the stag-

gered implementation of municipal mergers. The existence of both merged municipalities and never-

merged municipalities and the variation in the timing of municipal mergers among merged munic-

ipalities allow us to adopt difference-in-differences (DID) and event study specifications. Here, we

compare the outcomes of municipalities that merged and municipalities that did not merge, as well

as comparing the outcomes of municipalities that merged earlier and municipalities that merged

later. In this staggered-adoption DID design, a two-way fixed effects estimator may be subject to

the bias which comes from the bad comparison between early merged municipalities and late merged

municipalities (Goodman-Bacon, 2021). Thus, we adopt recently-developed alternative estimators

(Callaway and Sant’Anna, 2021; Sun and Abraham, 2021) that are robust to this concern as the

baseline specification.

Contrary to the narrative of the negative externality theory, we find that municipal mergers

increase river pollution on average by 5.5%. This negative effect persists for about 15 years in the

event study specification. The causality of this effect hinges on the assumption that the treated

municipalities and untreated municipalities would move in parallel in the absence of municipal

mergers. A plot comparing the raw water quality of never-merged versus merged municipalities

supports the parallel pre-trends, and event study plots do not show differential effects on water

quality before the mergers. Moreover, the results are robust to an alternative specification that

only uses variation in merger timings among municipalities that have ever experienced mergers.

Consistent with the negative effect of municipal mergers on water quality, we do not find spa-

tial patterns of the negative externality theory that would predict the internalization of pollution

spillovers. The negative externality theory predicts that pollution increases as the river travels



49

towards the downstream border of a municipality because there is less harm caused to people in

that municipality by polluting farther downstream (Lipscomb and Mobarak, 2016). We directly

test this negative externality theory by using the river distance specification of Lipscomb and Mo-

barak (2016). Specifically, we examine how river distances from monitoring stations to their closest

upstream and downstream municipality borders affect the water quality by exploiting the changes

in distances after the municipal mergers. We find that pollution levels do not change as a river

flows downstream within a municipality, a pattern inconsistent with the negative externality the-

ory. Without the evidence of the negative externality theory, municipal mergers are unlikely to

internalize pollution spillovers and improve water quality.

Heterogeneity analysis by merger types and involved municipalities suggests that the mecha-

nisms behind the negative effects of municipal mergers are coordination costs and unbalanced po-

litical power among pre-merger municipalities. We first test whether municipal mergers with higher

coordination costs lead to larger water pollution because insufficient coordination of public services

after mergers can weaken pollution control. We show that pollution increases for “equal-footing”

mergers that entail higher coordination costs but not for “incorporating” mergers with lower coordi-

nation costs (coordination cost channel).1 Second, we examine whether incorporated municipalities

with less political power experience more water pollution than incorporating municipalities with

greater political power, where mayors continue to hold the same position after municipal mergers

and can reduce pollution control efforts in incorporated municipalities (political economy channel).

We find that incorporated municipalities experience increased water pollution while incorporating

municipalities do not experience a change in water pollution.

We do not find evidence of an alternative explanation, a change in land use, which could lead

to increased water pollution without changing the pollution control. Municipal mergers can in-

crease economic activities (Egger et al., 2018), which leads to changes in land use, e.g., increased

industrial and residential areas. This increase in new water pollution sources may drive the river

pollution after the mergers. To test this alternative explanation, we examine the impacts of munic-

ipal merges on land use near water quality monitoring stations. We do not find effects on any land

use classifications, including agriculture, built-up, and forest.
1 Equal-footing mergers involve mergers between municipalities of similar size, with a new municipality name

given after the merger. On the other hand, incorporating mergers involves a larger municipality incorporating other
smaller municipalities, with the resulting municipality inheriting the name of the incorporating municipality.
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Taken together, our analysis shows that municipal mergers can have unintended negative effects

on environmental quality when coordination costs and unbalanced political power among pre-merger

municipalities weaken pollution control. Future municipal mergers, which are expected to increase

due to population decline in many countries, should take these negative effects into account in

the cost-benefit analyses. Moreover, the coordination costs and unbalanced political power among

pre-merger municipalities may similarly weaken the implementation of other policies managed by

municipalities, so the careful consideration of these underlying mechanisms will be important in

future municipal mergers across a range of policies.

Our paper makes three contributions. First, we contribute to the literature on decentralization

and fiscal federalism by showing that spillovers across jurisdictions may not be resolved by consoli-

dations of municipalities, and coordination costs and balance of political powers matter. Previous

studies show that splits of local jurisdictions exacerbate pollution spillovers along rivers in Brazil

(Lipscomb and Mobarak, 2016), and conversely, mergers internalize spillovers of air pollution in

China (Wang and Wang, 2021), which are consistent with the negative externality theory. However,

we find no evidence of the negative externality theory, and instead, mergers increase river pollution

in Japan. We show alternative underlying mechanisms, i.e., weaker pollution control due to coor-

dination costs and unbalanced political power among pre-merger municipalities, which should be

newly considered in the discussion of decentralization.

Second, we contribute to the literature on the impacts of municipal mergers by showing negative

effects on the environment. Most previous studies investigate the fiscal and macroeconomic effects

of municipal mergers on local public finance (Hinnerich, 2009; Hirota and Yunoue, 2017; Miyazaki,

2018; Moisio and Uusitalo, 2013; Pickering et al., 2020; Reingewertz, 2012) and economic activity

(Egger et al., 2018), as well as determinants of municipal mergers (Weese, 2015). We instead focus on

the environmental impacts of municipal mergers, where only a little evidence exists. A particularly

relevant paper is Wang and Wang (2021), which showed that township mergers in China internalized

the negative externalities of air pollution by reducing emissions by firms. We complement this paper

in two ways: (i) we show that municipal mergers can increase pollution and that negative externality

theory may not hold in a developed country context; (ii) our 30-year panel data on water quality

enables us to examine the long-term impacts of municipal mergers, and we show that the negative
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impacts of municipal mergers persist for about 15 years.2

Third, we broadly contribute to the literature on the causes of and measures against water pol-

lution by providing first causal estimates of the effects of municipal mergers on water quality. Past

studies show that water pollution increases with political boundaries (Kahn et al., 2015; Lipscomb

and Mobarak, 2016; Sigman, 2002) and sanitation investment without complementary investment

in the treatment of fecal sludge (Motohashi, 2022). Another set of studies has examined the effec-

tiveness of interventions in reducing pollution, including water pollution regulations (Greenstone

and Hanna, 2014; Keiser and Shapiro, 2019) and court rulings (Do et al., 2018). This paper shows

that a decrease in political boundaries, i.e., municipal mergers, can also cause water pollution due

to weaker pollution control.

The rest of the paper is organized as follows. Section 2.2 provides background information on

municipal mergers and water quality in Japan. In Sections 2.3 and 2.4, we explain the data and

empirical strategy, respectively. Section 2.5 discusses the results. In Section 2.6, we analyze the

underlying mechanisms behind our results. Section 2.7 concludes.

2.2 Background

2.2.1 The “Great Heisei Municipal Mergers” in Japan

The “Great Heisei municipal mergers” took place in Japan predominantly in the late 1990s to 2000s.

They are large-scale municipal mergers that occurred in all prefectures in Japan (Figure 2.1). The

number of municipalities in Japan drastically decreased by about 50% from 3,238 in 1998 to 1,725

by 2012.

The financial incentives under the revisions of the “Act on Special Provisions of the Merger

of Municipalities” in 1995 and 1999 played a key role in fostering these municipal mergers.3 The

1995 revision announced that the purpose of the Act was to push forward municipal mergers and

introduced five-year preferential treatment in local tax allocation for merging municipalities. Mu-

nicipalities, especially those in rural areas, were experiencing dwindling birth rates, aging, and
2 Another relevant paper is Mizunoya et al. (2021), which examined the impacts of municipal mergers on watershed

management of the Lake Kasumigaura Basin using the simulation of a dynamic expanded input-output model. This
paper is a case study of one water body and relies on a simulation based on the model. Instead, we examine the
causal effects of municipal mergers across Japan adopting a quasi-experimental design.

3 The Act had been in place since 1965, and the focus of the Act was originally on facilitating merger procedures.
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declining population, as well as increasingly difficult fiscal conditions following the burst of the

bubble economy in the early 1990s. Municipal mergers were seen as a tool to rejuvenate such

municipalities.

The 1999 revision further strengthened financial incentives. The above preferential treatment in

local tax allocation was extended to 10 years. Furthermore, merged municipalities were now allowed

to issue “Special Provision Bonds” for up to 10 years after merging to fund public projects included

in their merger proposals. These municipalities were only asked to pay back 30 percent of what they

borrowed using these bonds, and the central government paid the remaining 70 percent. The bonds

were essentially a 70 percent public project subsidy for merging municipalities. The government

initially announced that, in order to be eligible for these benefits, municipalities had to merge by

March 2005. However, this was later extended by one year to March 2006 in order to provide more

time for municipalities that were struggling to complete mergers by the original deadline.

Thanks to the strong push by these financial incentives, the number of municipal mergers in

Japan increased over time from the late 1990s. Figure 2.2 illustrates the frequency of municipality

mergers since 1995. The first merger occurred in 1999 when financial incentives were strengthened.

However, merger counts remained low for the next few years. The vast majority of mergers took

place between 2004 and 2006. This not only reflects the fact that it can take several years to

complete the merger process but also indicates bunching behavior by municipalities to meet the

initial and final deadlines of 2005 and 2006, respectively. Municipal mergers continued even after

2006 until 2011. As discussed here, there is a variation in the timings of municipal mergers. Also,

the “Great Heisei municipal mergers” were not mandatory for municipalities, so we have a variation

between municipalities that experienced municipal mergers and those that did not. We use these

variations in the difference-in-differences and event-study specification as explained in Section 2.4.1.

The municipal mergers under the 1995 and 1999 revisions were not a forced policy. The autonomy

of municipalities was respected, and municipalities could choose whether or not to negotiate mergers

and which municipalities to negotiate with. The merger process took the following steps. Firstly,

“interested” municipalities were to vote and form a panel to discuss potential mergers. Secondly, the

panel was to negotiate and formulate merger proposals. Finally, a merger was formally announced

and implemented after final voting by the municipalities involved and administrative approval by

the prefectural governor and the Minister of Internal Affairs and Communications.
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Lastly, municipal mergers can be categorized into two types: “equal-footing” mergers and “in-

corporating” mergers. The former type involves mergers between municipalities of similar size, with

a new municipality name given after the merger. A mayor of the new municipality will be newly

elected in the election held after the completion of the municipal merger. On the other hand, “in-

corporating” mergers involve a larger municipality incorporating other smaller municipalities, with

the resulting municipality inheriting the name of the incorporating municipality. A mayor of an in-

corporating municipality continues to be the mayor of the newly created municipality, while mayors

of incorporated municipalities lose their jobs after municipal mergers.

2.2.2 Water Quality and Pollution Control in Japan

Water quality in Japan is regulated by the Environmental Quality Standards for Water Pollution.

One important regulated indicator of water quality is BOD (Biochemical oxygen demand). BOD is

the amount of dissolved oxygen needed by aerobic biological organisms to break down the organic

material present, which captures the overall level of water contamination from various sources such

as domestic, agricultural, and industrial wastewater. These standards set the limit values of BOD

to be from 1 up to 10 mg/L in rivers, which depends on the usage of water in a given location.

Under these environmental standards, water quality in Japan has generally improved over time.

The average BOD of rivers declined from about 3.5 to 1.5 mg/L from 1979 to 2018 (Ministry of

the Environment, Government of Japan, 2019), which is within the range of limit values of BOD.

Thus, our analysis examines whether the magnitude of the improvement in the water quality of

rivers becomes larger or not after municipal mergers.

The main sources of water pollution can be categorized into three sources: (i) domestic wastew-

ater (sewage), (ii) industrial wastewater, and (iii) agricultural wastewater. Municipalities in Japan

are responsible for controlling pollution from domestic wastewater and industrial wastewater. Do-

mestic wastewater is usually treated in sewage treatment plants which are managed by municipal-

ities. Effluent standards on industrial wastewater are enforced through reporting and inspections

by prefectures and designated cities.4 On the other hand, agricultural wastewater is a non-point

source that is diffused over a wide area as a result of factors such as precipitation, and thus it is
4 A designated city is a city that has a population greater than 500,000 and has been designated by the ordinance

of the Japanese government under the Local Autonomy Law. A designated city is delegated many of the functions
normally performed by prefectural governments.
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more difficult to control this source. Municipalities do not have an explicit responsibility to control

agricultural wastewater.

2.2.3 How Do Municipal Mergers Affect Water Quality?

Municipal mergers can affect water quality through several channels. One channel which has been

examined in the past literature is negative externalities along rivers (Lipscomb and Mobarak, 2016).

Lipscomb and Mobarak (2016) develop a theoretical framework where pollution within a munici-

pality located upstream of a river adversely affects other municipalities located downstream. They

show that decentralization, i.e., having more municipalities along a river path, worsens water pol-

lution. Based on their model, we may expect that municipal mergers, which decrease the number

of municipalities along a river path, would improve water quality in rivers.

The key to the negative externality theory is the spatial pattern of river pollution within a

municipality. As in Appendix Figure C1, based on Lipscomb and Mobarak (2016), consider a

municipality, which spans an area from 0 to 1 on the horizontal axis, that is located along a river

with a population uniformly populated in this area. The river flows from 0 to 1, and thus 0 and

1 are the upstream and downstream municipality borders, respectively. A local governor chooses

how much economic activity to pursue and hence how many pollutants to emit at each point within

his/her municipality. Because the local mayor wishes to minimize the negative effect of emissions

on his/her population and does not care about people living in other municipalities, including those

downstream, he/she will choose to focus most of the economic activity and emissions near the

downstream border, 1. Most of his/her population would be living upstream of this point and

would not be adversely affected by emissions that take place at this point.

Thus, the Lipscomb and Mobarak (2016) model predicts, among others, that pollution will

increase exponentially as the river flows downstream within a municipality and that there will be

a structural break in the slope of the pollution function at the municipality border. The latter

prediction follows from the fact that emission is high just upstream of a municipality border but

is low just downstream of a municipality border. We test the presence of such spatial patterns by

using specifications in the spirit of Lipscomb and Mobarak (2016).

In addition to the negative externality theory, we hypothesize that two additional channels,
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namely the coordination cost channel and the political economy channel, have weakened the pollu-

tion control of municipalities. First, as for the coordination cost channel, post-merger surveys indi-

cate a lack of organization and solidarity among municipality officials, including difficulty and delay

in policy coordination, as negative consequences of the “Great Heisei Municipal Mergers” (Nakazawa

and Miyashita, 2016; National Association of Towns and Villages, 2008). If coordination costs among

merging municipalities are high, a newly created municipality will have difficulties in reformulating

public services, which were separated by each pre-merger municipality, into newly coherent public

services. Thus, the quality of pollution control in merged municipalities with higher coordination

costs may deteriorate. In terms of the types of municipal mergers, “equal-footing” mergers between

municipalities of similar size are expected to have higher coordination costs than “incorporating”

mergers when a large municipality will incorporate other small municipalities. Therefore, we expect

that water pollution is substantial in the case of “equal-footing” mergers with higher coordination

costs.

Second, as for the political economy channel, municipal mergers can cause unbalanced political

power between incorporating and incorporated municipalities in the case of “incorporating” mergers.

A mayor of an incorporating municipality continues to be the mayor of the newly created munici-

pality, while mayors of incorporated municipalities lose their jobs after municipal mergers. Because

the mayor of the newly created municipality has an electoral base in the former incorporating mu-

nicipality, he or she may prioritize pollution control in that area. Similarly, post-merger, council

members of the new municipality may consist mainly of members from the incorporating munici-

pality. Indeed, reports by the National Association of Towns and Villages note that the voices of

people living in incorporated municipalities were not adequately reflected after mergers took place

(National Association of Towns and Villages, 2008). As a result, pollution control of incorporated

municipalities may be weakened. Thus, we may expect that incorporated municipalities experience

larger water pollution due to weaker efforts to control water pollution.

Finally, another channel could be the change in land use, which results from increases in economic

activity as suggested by Egger et al. (2018). For example, if enhanced economic activity leads to

deforestation and increases in built-up areas, river pollution may increase after mergers due to an

increase in industrial wastewater.
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2.3 Data

In this paper, we combine novel datasets on ambient water quality and detailed information on mu-

nicipal mergers to examine the effects of municipal mergers on water quality. We also use geospatial

data, including municipality boundaries and river lines, to identify the changes in distances between

monitoring stations and municipality borders and test the negative externality theory.

2.3.1 Water Quality

The main outcome variable is water quality. We use data from water quality monitoring stations,

which are provided by the Ministry of Environment, Government of Japan. These water quality

data are originally collected by each prefecture in Japan under Article 15 of the Water Pollution

Prevention Act and reported to the Minister of the Environment. Then, the Ministry of Environ-

ment publicizes these reported data on its website. These data include yearly average indicators of

water quality, which are measured at monitoring stations in Japan. Among multiple water quality

indicators, we use the yearly average BOD (Biochemical oxygen demand) as a representative indi-

cator in the analysis. As explained in Section 2.2.2, BOD is a standard measure of water quality

that is being monitored under the “Environmental Water-Quality Standard” in Japan. A higher

level of BOD values means a higher level of water pollution.

In our analysis, we use balanced panel data of 3,309 water quality monitoring stations along

rivers in Japan from 1990 to 2018 (Figure 2.3). We drop stations whose water quality data are

only partially available during this period to address the concern of endogenous construction of

monitoring stations. Thanks to the large panel of thousands of stations across Japan over 30 years,

we are able to assess the dynamic effects of municipal mergers on water quality over a long period.

We complement this dataset with geospatial data of water basins in Japan, provided by the

Ministry of Land, Infrastructure, Transport, and Tourism, to identify the basin where a given

monitoring station is situated.

2.3.2 Municipal Merger

The key treatment variable in our analysis is an indicator of whether a municipal merger occurred in

the municipality where a given monitoring station is located in a given year. We obtain data on the
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timing of municipal mergers and on the involved municipalities from the Ministry of Internal Affairs

and Communications. The data allow us to compare the change in water quality between merged

municipalities and non-merged municipalities, as well as between municipalities that merged earlier

and those that merged later.

This dataset also includes information on the types of municipal mergers (“equal-footing” mergers

versus “incorporating” mergers) and whether the municipality is incorporating municipality or in-

corporated municipality in the case of “incorporating” mergers. We use this information to examine

the heterogeneous effects of municipal mergers by merger types in the analysis of the coordination

cost channel and political economy channel.

2.3.3 River Distance

To test the negative externality theory as in Lipscomb and Mobarak (2016), we calculate the changes

in distances between monitoring stations and new versus old municipality borders.

As for data sources, we obtain pre-merger (1984) and post-merger (2018) municipality boundary

data provided by Kirimura et al. (2011). We also obtain detailed river node data with elevation

information, as well as river line data, provided by the Ministry of Land, Infrastructure, Transport,

and Tourism. Lastly, we use the locations of water monitoring stations in the water quality data.

In the analysis of negative externality theory, we construct two distance variables, U and D,

in the spirit of Lipscomb and Mobarak (2016). U refers to the distance along the river from a

monitoring station to its closest upstream municipality border. Likewise, D indicates the river dis-

tance between a monitoring station and its closest downstream border. U and D require calculating

distances along rivers instead of Euclidean distance and judging flow direction.

For constructing U and D, we use the river node data, which contains elevation information,

to compute fine-resolution elevation raster data. Based on this elevation data, we identify the

upstream-downstream relationships among monitoring stations and municipality borders. Then, we

calculate these two distance variables along rivers.5

5 Detailed steps are written in the Appendix 4.2.3.1.
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2.3.4 Other Municipality Characteristics

We supplement the above information with further data to account for municipality characteristics

that might affect both water quality and the likelihood of municipal mergers. Specifically, we use

an economic indicator and population.

As an economic indicator, we use “Product shipment values” in the manufacturing sector from

1990 to 2018 from the Census of Manufacture provided by the Ministry of Economy, Trade, and

Industry.

We use population data from the Census. Because the Census is conducted every five years, we

compute the yearly population from 1990 to 2015 based on the linear interpolation of the reported

population in 1990, 1995, 2000, 2005, 2010, and 2015.

For a balance check of municipality characteristics in the pre-merger period, we use (i) agricul-

tural output values from the Statistics of Agricultural Income Produced provided by the Ministry

of Agriculture, Forestry and Fisheries and (ii) financial capability index from the Annual Statistics

on Local Public Finance provided by the Ministry of Internal Affairs and Communications.6

2.3.5 Data Matching and Sample Construction

For matching water quality data with municipal merger data, we use municipality boundary GIS

data provided by the Ministry of Land, Infrastructure, Transport, and Tourism. We first use this

boundary data and the GPS coordinates of monitoring stations to identify the most recent prefecture

and city names of these stations. Then, we match both data based on these prefecture and city

names. All other data, including water basins and other municipality characteristics, are similarly

merged based on the latest prefecture and city names.

After data matching, we construct a balanced panel of 3,309 water quality monitoring stations

in 983 municipalities from 1990 to 2018 for the difference-in-differences specification. The baseline

specification in the analysis uses panel data starting in 1996, five years before the first municipal

merger was observed in our dataset in 2001. We also conduct robustness checks by using alternative

sample periods, (i) 1990-2018 and (ii) 1999-2018, as discussed in Section 2.5.2.
6 Financial capability index is computed by dividing basic financial revenues by basic financial needs and averaging

these values over the past three years. A higher financial capability index means a better financial condition of the
local government.
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In the specification that uses river distance to test the negative externality theory, we only

use monitoring stations that are situated along the river lines used in our data construction. We

also exclude monitoring stations that are situated either in uppermost municipalities or furthest-

downstream municipalities because one of the distance measures (U or D) cannot be calculated. We

use observations until 2015 since we use population as a control, and population data are available

until 2015. With these restrictions, the final sample for the river distance specification becomes 700

monitoring stations in 382 municipalities from 1996 to 2015.

2.3.6 Summary Statistics

Summary statistics of all variables in the pre-merger period (before 2001 in our sample) are shown

in Table 2.1. In the pre-merger period, merged municipalities (treatment group) are different from

non-merged municipalities (control group) in BOD level, product shipment values, agricultural

output values, financial capability index, and land use. Specifically, the differences in means of

these variables suggest that merged municipalities focus more on the agricultural sector than the

manufacturing sector, and they had weaker financial conditions and better water quality before the

mergers. Although level differences in outcomes and municipality characteristics are observed, we

rely on the assumption of parallel trends in the difference-in-differences specification to derive causal

estimates. We test this assumption later in Section 2.4.1 and Section 2.5.1.

Moreover, as shown in Figure 2.4, BOD levels decrease in the post-merger period both in the

treatment and control groups. However, the magnitude of the decrease in BOD level is smaller

in the treatment group, which implies that municipal mergers cause water pollution. A formal

econometric analysis of this effect is conducted in the following sections.

2.4 Empirical Strategy

We examine the impact of municipal mergers on water pollution in two ways. First, we directly

assess the impact of municipal mergers on water pollution by adopting a difference-in-differences

model with two-way fixed effects. Simple ordinary least squares (OLS) estimates are subject to bias

due to potential endogeneity through potential reverse causality and omitted variables. Municipal
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mergers could be implemented to better mitigate the water pollution in those municipalities, al-

though this would be highly implausible because the decisions of municipal mergers are primarily

based on the condition of local public finance. Also, spurious correlations may be caused by omitted

unobservables, such as different priorities on water pollution control across municipalities. Thus, we

adopt a difference-in-differences model to deal with potential endogeneity. By including monitor-

ing station fixed effects and basin-year fixed effects, we control for the time-invariant unobservable

differences across monitoring stations and secular time trends, which may vary across river basins.

Second, using a specification similar to Lipscomb and Mobarak (2016), we test whether re-

lationships between locations along the river and pollution predicted by the negative externality

theory hold in the case of Japan. Similar to the difference in difference specification, we include

station-fixed effects and basin-year fixed effects to control for station-specific characteristics that

are constant over time and annual trends that vary across river basins.

2.4.1 Difference-in-Differences Specification

We first adopt a difference-in-differences model with two-way fixed effects:

Log(BODi,t) = α + βDIDMergeri,t + λXi,t + δi + θb,t + εi,t (2.1)

where the dependent variable, Log(BODi,t), is a logarithm of BOD at monitoring station i in year

t. Mergeri,t is an indicator variable that switches on and stays on for all subsequent years when

a merger takes place in the municipality associated with station i. Xi,t is a vector of time-varying

control variables, including a municipality-level economic indicator (product shipment values) and

population. Given the “bad control” concerns of these variables, which may be affected by municipal

mergers, we only include them as a robustness check. We include monitoring station fixed effects

(δi), which control for time-invariant characteristics of each monitoring station, including positions

(downstreamness) along rivers. To account for any secular trends in water quality across years,

which may vary across river basins, we include year dummies interacted with indicators for each of

the river basins b (θb,t). Lastly, standard errors are clustered at the municipality level because the

variation in municipal mergers is observed at the municipality level.

The coefficient of particular interest is βDID. If municipal mergers decrease river pollution, as
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negative externality theory would suggest, then βDID should be negative. On the other hand, βDID

could be positive if the negative externality theory does not hold, and high coordination costs and

unbalanced political power among pre-merger municipalities cause an increase in river pollution.

Note that we examine a staggered policy: municipal mergers took place in different years. Thus,

the estimate of βDID in the regression (2.1) is a weighted average of all possible two-group/ two-

period difference-in-differences estimators (Goodman-Bacon, 2021). In other words, the estimate

reflects all possible cases with different definitions of treatment and control groups. One case could

be comparing monitoring stations in municipalities that experienced mergers (treatment group)

with monitoring stations in municipalities that never experienced mergers (control group). Another

case could be comparing monitoring stations in municipalities that experienced mergers in the early

years (treatment group) with monitoring stations in municipalities that experienced mergers in later

years (control group).

The difference-in-differences specification hinges on the parallel trend assumption between treat-

ment and control groups. A simple comparison of the evolution of BOD values between the merged

and not merged municipalities encouragingly shows signs of parallel pre-trends (Figure 2.4).7 To

empirically test the parallel trend assumption, we adopt the following event-study specification.

This specification also allows us to examine the long-run dynamic impacts of municipal mergers up

to 17 years.

Log(BODi,t) = α +
17

󱮦
τ=−14

βτMergerτ,i + λXi,t + δi + θb,t + εi,t (2.2)

where Mergerτ,i is an indicator for each year τ relative to the municipal merger, where τ is zero in

the year that the municipal merger was implemented. τ ranges from -14 to 17 in our sample years.

For monitoring stations where municipal mergers did not take place, all Mergerτ,i’s are set equal

to zero. τ = −1 is set as a reference year.

The βτ ’s are the parameters of interest. βτ ’s should be around zero and statistically insignificant

from τ = −14 to τ = −2 to satisfy parallel pre-trends. After τ = 0, βτ ’s capture the dynamic treatment

effects in the short and long runs.

Recent literature indicates that, in the case of staggered difference-in-differences designs where
7 The same pattern is also observed when we plot the trends of logarithms of BOD values that are used for the

analysis (Appendix Figure C2).
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treatment effects vary over time, standard two-way fixed effect regression estimates and event study

estimates are subject to bias. As mentioned above, two-way fixed effect estimates are weighted

averages of all possible two-group/ two-period difference-in-differences estimators. However, com-

parisons between the early merger group (as a control group) and the late merger group (as a

treatment group) become problematic if treatment effects vary over time, i.e., when we have a trend

break rather than a level shift. This comparison leads to bias from negative weights (Callaway and

Sant’Anna, 2021; Goodman-Bacon, 2021; Sun and Abraham, 2021). To overcome this issue and

obtain unbiased estimates, we apply an alternative estimator of Callaway and Sant’Anna (2021)

that is robust to negative weights as the baseline specification throughout this paper.8 We present

the results of Callaway and Sant’Anna (2021) estimator together with the results of two-way-fixed

effects specification of the regressions (2.1) and (2.2).

2.4.2 River Distance Specification

To formally test the negative externality theory predictions, we investigate spatial patterns of pol-

lution using the following specification:

Log(BODi,t) = α + η1Downstreami,t + η2Downstream2
i,t + λXi,t + δi + θb,t + εi,t (2.3)

We first obtain distances along the river from monitoring station i to its closest upstream munic-

ipality border in year t (Ui,t) and to its closest downstream municipality border (Di,t), as outlined

in Section 2.3.3. We then construct a variable Downstreami,t = Ui,t󳆋(Ui,t +Di,t). Downstreami,t

takes a value between 0 and 1 and measures the relative “downstreamness” of a monitoring station

within its municipality. The closer the value is to 1, the more downstream a station is within its

municipality. As before, Xi,t is a vector of control variables consisting of a municipality-level eco-

nomic indicator (product shipment values) and population. Likewise, δi and θb,t are station fixed

effects and basin-year fixed effects, respectively. Standard errors are clustered at the station level

to address the serial correlation.

The coefficients of prime interest here are η1 and η2. Negative externality theory predicts that

pollution rises at an increasing rate as we go downstream along a municipality, as illustrated in Ap-

pendix Figure C1. In such a case, the first and second derivatives with respect to “downstreamness”
8 We also adopt estimator of Sun and Abraham (2021) as a robustness check, as discussed in Section 2.5.2.
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would both be positive, and we expect a convex relationship with η1 > 0 and η2 > 0.

A specification following Lipscomb and Mobarak (2016) is also considered:

Log(BODi,t) = α + γ1U i,t + γ2U2
i,t + γ3Di,t + γ4D2

i,t + λXi,t + δi + θb,t + εi,t (2.4)

where the variables are as explained above. According to the negative externality theory in Lipscomb

and Mobarak (2016), pollution should increase exponentially as the distance from the downstream

border gets smaller (i.e., the further downstream within the municipality), so we expect γ3 < 0 and

γ4 > 0. Also, the existence of a structural break in the pollution function at the municipality border

implies that γ1 should be different from γ3.

2.5 Results

2.5.1 Difference-in-Differences Specification

The results of the difference-in-differences specification are reported in Table 2.2. Panel A uses

the Callaway & Sant’Anna estimator, and it is our preferred specification. The results for the

two-way fixed effect specification are provided for reference in Panel B. Looking at our baseline

specification (Column 1) for Panel A, we find that municipal mergers do not improve water quality

but rather increase water pollution on average by 5.5%. This is in stark contrast to what the negative

externality theory and results of Lipscomb and Mobarak (2016) would suggest. These negative

effects on water quality are robust when we include product shipment values and population as

controls in the regression, although these variables can be “bad controls” that are affected by the

treatment (Column 2).

The result of the event study specification, using the Callaway and Sant’Anna (2021) estimator,

is shown in Figure 2.5. The estimates for pre-merger years are largely insignificant, which suggests

that parallel pre-trends hold. After period 0, which corresponds to the beginning of municipal

mergers, statistically significant impacts of increased water pollution are observed. The effects

become larger over time and remain statistically significant for about 15 years, which suggests that

the negative impacts on water quality exacerbate in short to medium run after mergers. After 15

years, the effects become smaller and statistically insignificant, which suggests that the increase in

pollution is being mitigated in the long term. However, it should be noted that estimates become
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imprecise over time with larger standard errors, which is due to the smaller sample sizes that consist

of only municipalities that merged very early.

2.5.2 Robustness Checks: Difference-in-Differences Specification

The results of the difference-in-differences specification are robust to alternative estimators and

sample periods, as well as to analysis that only uses variation in merger timings among merged

municipalities.

Alternative estimators and sample periods.—The negative effects of municipal mergers on water

quality are similarly found when we adopt alternative estimators, including the Sun and Abraham

(2021) estimator, although the magnitude of the effects is slightly smaller in alternative estimators

(Appendix Figure C4).

Moreover, the results are robust to the adoption of alternative sample periods, including (i)

1990-2018 (longer period) and (ii) 1999-2018 (shorter period), as shown in Appendix Figure C5.

The negative effects of municipal mergers are consistently found, and the magnitude of the effects

is similar.

Analysis comparing early versus late mergers.—The baseline specification relies on the com-

parison between merged municipalities and never-merged municipalities, which are different in the

shares of manufacturing and agricultural sectors and financial conditions as discussed in Section

2.3.6. This difference can lead to the concern of selection bias, although the evidence on parallel

pre-trends supports the causal interpretation of the baseline results. However, as a robustness check

to address the concern of selection bias, we run the regressions (2.1) and (2.2) by restricting our

sample to municipalities that have experienced mergers. This analysis relied on the comparison

between municipalities that merged earlier (treatment group) and those that merged later (control

group), which are expected to be more similar and balanced in characteristics.

As shown in an event study plot (Appendix Figure C3) of this specification, we similarly find

that municipal mergers increase water pollution, especially six years after municipal mergers. The

DID results show the negative effects on water quality in our preferred specification without controls,

although the estimate becomes imprecise, possibly because of insignificant short-run effects (Column
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1 of Appendix Table D1).

2.5.3 River Distance Specification

Table 2.3 reports the results of the spatial analysis that uses the changes in river distances between

monitoring stations and municipality borders. First, the results on the relative downstreamness

(regression (2.3)) are provided in Columns 1 and 2. The coefficients on both the downstream

indicator and its squared term are both statistically insignificant. Also, the sign of the coefficient for

the downstream indicator is positive, which is contrary to the prediction by the negative externality

theory.

Second, results for the Lipscomb and Mobarak (2016) specification (regression (2.4)) in Columns

3 and 4 are not supportive of the negative externality channel either. In our preferred specification

with basin-year fixed effects (Column 4), the coefficient of D is again positive and not statistically

significant. Furthermore, we cannot reject the equality of the coefficients of U and D when we test

the structural break in the pollution function at the municipality border.

In sum, the negative externality channel of Lipscomb and Mobarak (2016) does not hold true

in the case of municipal mergers in Japan. This may be partly due to differences between devel-

oping/emerging countries (Lipscomb and Mobarak, 2016) and developed countries like Japan. In

a developed country case, it may be more difficult or costly to relocate polluting sources (to inter-

nalize any externality) after municipal mergers, where for instance, property rights are more rigid,

and there is less available land area for relocation. Null effects of municipal mergers on land use in

Section 2.6.4 are consistent with this explanation.

2.6 Mechanisms

The negative effects of municipal mergers on water quality and the lack of supporting evidence for

the negative externality theory show that the negative externality channel does not apply in our

setting of municipal mergers in Japan. As the main mechanisms, heterogeneity analysis by merger

types and involved municipalities suggests that municipal mergers weaken pollution control due to

coordination costs and unbalanced political power among pre-merger municipalities. We do not

find evidence of an alternative explanation, which is a change in land use (e.g., increased industrial
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and residential areas), which could lead to increased water pollution without changing the pollution

control.

2.6.1 Coordination Costs

We test the coordination cost channel by comparing the case of “equal-footing” mergers which entail

higher coordination costs, with “incorporating” mergers which have lower coordination costs. We

expect that “equal-footing” mergers result in larger water pollution because of higher coordination

costs. We estimate the impacts of “equal-footing” mergers by the regression (2.1) after only keeping

the municipalities that have experienced “equal-footing” mergers and never-merged municipalities.

The same procedure is repeated for the case of “incorporating” mergers.

Columns 1 and 2 in Table 2.4 reports the effects of municipal mergers of both types. We find a

statistically significant negative effect in the case of “equal-footing” mergers. “Equal-footing” mergers

increase water pollution by 6.7% (Column 1 of Panel A), but the effect becomes insignificant in the

case of “incorporating” mergers (Column 2). As expected, the negative effects are more substantial

in the case of “equal-footing” mergers, which entail higher coordination costs among pre-merger

municipalities.

2.6.2 Political Economy

We also test the political economy channel by comparing the change in water quality of incorporating

municipalities with that of incorporated municipalities. We expect that incorporated municipali-

ties experience larger water pollution due to neglect by a mayor originally from the incorporating

municipality. We estimate the impacts of municipal mergers in incorporating municipalities by the

regression (2.1) after only keeping the incorporating municipalities and never-merged municipalities.

The same procedure is repeated for the case of incorporated municipalities.

Columns 3 and 4 in Table 2.4 report the results. Incorporated municipalities experience a

large increase in water pollution by 8.5% (Column 3 of Panel A). But we find no effect for the

incorporating municipalities (Column 4). This difference in results aligns with the argument of the

political economy channel, where incorporated municipalities with less political power incur negative

effects.
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2.6.3 Pollution Sources Subject to Weaker Control

In the coordination cost and political channels, we show that municipal mergers can weaken wa-

ter pollution control. Concretely, this could take the form of insufficient treatment of domestic

wastewater in sewage treatment plants and industrial wastewater in factories, which are under the

responsibility of municipalities (Section 2.2.2). In an effort to explicitly test the change in pollu-

tion control, we examine the change in the quality of treatment of domestic wastewater at sewage

treatment plants.

Treated wastewater from sewage treatment plants is discharged into rivers. Hence, if merged

municipalities reduce their efforts to treat wastewater, water quality in rivers may deteriorate. This

weaker pollution control can occur in the form of delaying the renewal of aging sewage treatment

plants, which can inhibit sufficient wastewater treatment at these plants.9

To test this possibility, we compute the BOD values of effluent and influent10 of sewage treatment

plants from 1996 to 2017 in Japan. We use the Sewage Statistics compiled by the Japan Sewage

Works Association and aggregate plant-level data into municipality-level data by computing the

mean of BOD values. In this analysis, we adopt the difference-in-differences specification that is

similar to the baseline specification in Section 2.4.1, although we include municipality fixed effects

and cluster the standard errors at the municipality level.

Appendix Table D3 and Appendix Figure C7 report the results of this analysis. We do not find

statistically significant effects of municipal mergers on effluent water quality, which suggest that

pollution control efforts are not weakened by delaying renewal. The placebo check, which looks

at the effect on influent water quality, also shows null effects, as expected. These null results of

sewage treatment plants suggest that municipal mergers may cause weaker pollution control on

other pollution sources, i.e., either industrial wastewater or agricultural wastewater. However, as

discussed in Section 2.2.2, agricultural wastewater is a non-point source that is not well controlled

by the municipality’s policy.
9 The aging of sewage treatment plants is a growing issue in Japan. More than 80% sewage treatment plants

have been operating for 15 years since their inception and need to be renewed to maintain the quality of wastewater
treatment.

10 Effluent is wastewater flowing out of a sewage treatment plant, while influent is wastewater entering a sewage
treatment plant.
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Hence, the results from this analysis on sewage treatment plants, combined with the charac-

teristics of agricultural wastewater as well as the relevance of the coordination cost and political

economy channels, offer indirect and suggestive evidence that the most likely source of weaker

pollution control is industrial wastewater.

2.6.4 Alternative Explanation: Change in Land Use

We do not find evidence of an alternative explanation, which is a change in land use, which could

lead to increased water pollution without changing the pollution control. Municipal mergers can

increase economic activities (Egger et al., 2018), which leads to a change in land use. This may, for

instance, involve turning forest areas near rivers into industrial and residential areas. This change in

land use may lead to an increase in water pollution sources, i.e., industrial and domestic wastewater,

which eventually increase river pollution.

To test this alternative explanation, we examine the impact of municipal mergers on land use

patterns. This analysis uses the 100-meter raster data of land use over six periods in 1991, 1997,

2006, 2009, 2014, and 2016 from the dataset of the Ministry of Land, Infrastructure, Transport,

and Tourism. We focus on the land use pattern within the 150-meter buffer from each monitoring

station. Our analysis uses the following four classifications of land use: agriculture, forest, built-up,

and non-use.11 Then, we construct the share of each land use classification and the binary indicator

of which land use classification is major for each monitoring station.12

Based on the constructed panel of land use patterns over six periods, we adopt the same

difference-in-differences approach as the baseline specification in Section 2.4.1 with the shares and

binary indicators of four land use classifications as the outcome variables. In this case, the panel

data does not cover consecutive years, so we cannot use the Callaway and Sant’Anna (2021) estima-

tor, which requires a balanced panel with consecutive years. Thus, we use the two-way fixed effects

specification and Sun and Abraham (2021) estimator in this analysis.

As shown in Appendix Table D2 and Appendix Figure C6, we do not find statistically significant

effects of municipal mergers on land use patterns (agriculture, built-up, forest, and non-use). Thus,
11 Built-up areas include residential or urban areas where buildings are densely built up, and athletic fields,

airports, racetracks, baseball fields, schools, and harbor areas. Non-use areas include wasteland, wasteland, cliffs,
rocks, perennial snow, wetlands, and mined land.

12 Detailed steps are written in the Appendix 4.2.3.2.
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the river pollution induced by municipal mergers cannot be explained by this land use channel.

2.7 Conclusion

We document that municipal mergers, where two or more municipalities combine to form one munic-

ipality, increase river pollution. This result runs counter to the prediction of the negative externality

theory emphasized in past studies, i.e., municipal mergers can facilitate the internalization of pol-

lution spillovers across pre-merger municipalities.

Specifically, we investigate the case of Japan’s large-scale municipal mergers in the late 1990s

to 2000s, which drastically reduced the number of municipalities by about 50%. Based on 30-year

water quality data on more than 3,000 monitoring stations and detailed information on municipal

mergers, we investigate the long-run impacts of municipal mergers on water quality across Japan.

To examine the effects of municipal mergers on river water quality, we adopt two main identi-

fication strategies. First, we adopt the difference-and-differences and event study specifications by

using variations in the occurrence and timings of municipal mergers. Second, we adopt the river

distance specification in Lipscomb and Mobarak (2016), which directly tests the negative externality

theory by examining how pollution levels change as a river flows downstream within a municipality.

Here, we exploit the change in distances from monitoring stations to their closest upstream and

downstream municipality borders along rivers after the mergers.

Contrary to the prediction of the negative externality theory, we find that municipal mergers

increase river pollution by 5.5% percent, and this negative effect persists for about 15 years. We

also find no evidence of negative externality theory in the river distance specification.

As alternative mechanisms, heterogeneity analysis by merger types and involved municipali-

ties suggests that pollution control becomes weaker after mergers due to coordination costs and

unbalanced political power among pre-merger municipalities. We find that pollution increases in

“equal-footing” mergers with higher coordination costs but not in “incorporating” mergers with lower

coordination costs. We further show that in the case of “incorporating” mergers, incorporated mu-

nicipalities experience a larger increase in water pollution than incorporating municipalities, whose

political power is higher because a mayor there continues to hold the same position after municipal

mergers.
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Our results have several implications for policy and research direction on municipal mergers.

First, while proponents emphasize positive impacts on fiscal outcomes such as local public finance,

municipal mergers can have unintended negative effects on environmental outcomes. These negative

effects should be carefully considered in the cost-benefit analysis of future municipal mergers.

Second, the negative externality narrative of pollution may not be as relevant in a developed

country’s case as in a developing country’s case of splits in municipalities. Our results point to

the relative significance of coordination cost and political economy channels in the case of Japan’s

municipal mergers. Conducting careful pre-analysis of likely relevant channels and designing relevant

countermeasures on a country-by-country basis would be important in mitigating the negative effects

of municipal mergers on environmental quality.

Finally, the negative effects of municipal mergers we observed in the case of pollution control can

extend to other policies managed by municipalities, including educational investment and health-

care. The coordination cost and political economy channels may also play a role in weakening the

implementation of these policies. Investigating these potential negative effects in other policies may

be a fruitful area for future research.
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2.8 Figures and Tables

2.8.1 Figures

Figure 2.1: Locations of Municipal Mergers in Japan

Notes: This figure shows the boundaries of municipalities that experienced municipal mergers
(red lines surrounding grey areas) and the boundaries of prefectures in Japan (in black).
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Figure 2.2: Timing of Municipal Mergers in Japan

Notes: This figure shows the number of municipal mergers by year in Japan based on the
merger data of the Ministry of Internal Affairs and Communications. In our analysis, we only
use variation of merger years from 2001 to 2011 based on our sample of municipalities along
rivers.
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Figure 2.3: Locations of Water Quality Monitoring Stations in Japan

Notes: This figure shows the locations of water quality monitoring stations (in red) that
are included in our sample along rivers based on the data of the Ministry of Environment.
Boundaries of prefectures in Japan are also shown (in black).



74

0
1

2
3

4
5

BO
D 

- A
ve

ra
ge

 (m
g/

L)

1990 2000 2010 2020
Year

 Merged  Not Merged

Figure 2.4: Trends of BOD Values in Merged and Not Merged Municipalities

Notes: This figure compares the changes in average BOD values (mg/L) from 1990 to 2018
between the municipalities which experienced municipal mergers (Merged) and the munici-
palities which did not experience the mergers (Not Merged). The vertical in 2001 shows the
year when the first municipal mergers took place in our sample.
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Figure 2.5: The Dynamic Effect of Municipal Mergers on Water Pollution

Notes: This figure shows the coefficients of the Callaway and Sant’Anna (2021) estimator.
The 95% confidence intervals are shown with dashed lines. Standard errors are clustered at
the municipality level. This specification includes monitoring station fixed effects and year
fixed effects.
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Figure 2.6: Event Study Results: Mechanism on Coordination Cost

Notes: These figures show the coefficients of the Callaway and Sant’Anna (2021) estimator.
Panel A shows the effects of equal-footing mergers based on the data of these municipalities
and never-merged municipalities, while Panel B similarly shows the effects of incorporating
mergers. The 95% confidence intervals are shown with dashed lines. Standard errors are
clustered at the municipality level. Both panels include monitoring station fixed effects and
year fixed effects.
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Figure 2.7: Event Study Results: Mechanism on Political Economy

Notes: These figures show the coefficients of the Callaway and Sant’Anna (2021) estimator.
Panel A shows the effects of mergers in incorporated municipalities based on the data of these
municipalities and never-merged municipalities, while Panel B similarly shows the effects of
mergers in incorporating municipalities. The 95% confidence intervals are shown with dashed
lines. Standard errors are clustered at the municipality level. Both panels include monitoring
station fixed effects and year fixed effects.
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2.8.2 Tables
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Table 2.1: Summary Statistics in Pre-Merger Period (Before 2001)

Means Difference Obs.

Variable Not Merged Merged

Panel A. Water Quality (Station-level)

BOD - Yearly average (mg/l) 3.227 2.252 -0.975*** 3,309
(3.716) (2.672) (0.206)

Panel B. River Distance (Station-level)

Distance from upstream border to station (km) 4.402 4.161 -0.241 700
(4.746) (4.906) (0.461)

Distance from station to downstream border (km) 3.518 3.914 0.396 700
(4.179) (4.293) (0.430)

Downstream indicator (0-1) 0.554 0.533 -0.021 700
(0.278) (0.272) (0.022)

Panel C. Municipality Characteristics (Municipality-level)

Product shipment values (100 billion JPY) 2.272 2.954 0.682* 958
(5.668) (5.674) (0.367)

Population (thousand) 97.349 111.842 14.494 958
(266.419) (157.791) (14.353)

Agricultural output values (billion JPY) 4.128 11.665 7.536*** 958
(4.978) (10.496) (0.522)

Financial Capability Index 0.601 0.488 -0.113*** 958
(0.315) (0.226) (0.018)

Panel D. Land Use (Station-level)

Major land use around stations: Agriculture (0/1) 0.342 0.412 0.070*** 2,770
(0.475) (0.492) (0.026)

Major land use around stations: Forest (0/1) 0.137 0.213 0.076*** 2,770
(0.344) (0.410) (0.020)

Major land use around stations: Buildup (0/1) 0.498 0.364 -0.134*** 2,770
(0.500) (0.481) (0.031)

Panel E. Sewage Treatment Plants (Municipality-level)

BOD - Effluent from Sewage Treatment Plants (mg/l) 5.420 7.537 2.118 273
(2.683) (24.294) (2.452)

Notes: This table compares the summary statistics between merged municipalities and non-merged mu-
nicipalities before municipal mergers started in our sample, i.e., before 2001 when the first mergers were
observed. The means are calculated by averaging the values of all years in the pre-merger period. ***, **,
and * indicate significance at the 1%, 5%, and 10% levels, respectively. The standard errors of differences
of means are clustered at the municipality level when variables are observed at the station level (Panels A,
B, D).
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Table 2.2: DID Results: The Effect on Water Quality

Log(BOD)

(1) (2)

Panel A: Callaway & Sant’Anna (2021) Estimator

Merger (= 1) 0.055∗∗∗ 0.049∗∗∗

(0.018) (0.015)

Panel B: Two-way Fixed Effects

Merger (= 1) 0.036∗ 0.034∗∗

(0.018) (0.017)

Observations 75,555 64,011
R2 0.881 0.889
Number of Stations 3,285 3,206
Number of Municipalities 971 946
Product Shipment Values NO YES
Population NO YES
Mean of Dep. Variable 2.654 2.603

Notes: The coefficients are reported. Standard errors are in
parentheses and clustered at the municipality level. ***, **,
and * indicate significance at the 1%, 5%, and 10% levels,
respectively. Panel A includes year fixed effects and moni-
toring station fixed effects, while Panel B includes basin-year
fixed effects and monitoring station fixed effects. Mean de-
pendent variables are the mean of BOD values before mu-
nicipal mergers started in our sample (before 2001) in each
specification.
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Table 2.3: Results of River Distance Specification

Log(BOD)

(1) (2) (3) (4)

Downstream indicator (U󳆋(U +D)) -0.191 -0.215
(0.230) (0.225)

Squared downstream indicator ((U󳆋(U +D))2) 0.273 0.334
(0.212) (0.224)

Distance from upstream border to station (U) 0.010∗∗∗ 0.004
(0.003) (0.003)

Squared distance from upstream bortder to station (U2) -0.000∗∗ -0.000
(0.000) (0.000)

Distance from station to downstream border (D) 0.002 -0.003
(0.004) (0.005)

Squared distance from station to downstream border (D2) 0.000 0.000
(0.000) (0.000)

Observations 14,000 13,360 14,000 13,360
R2 0.875 0.915 0.876 0.915
Number of Stations 700 668 700 668
Number of Municipalities 382 354 382 354
Year FE YES NO YES NO
Basin-Year FE NO YES NO YES
F-stat for U = D - - 1.631 1.578
p-value for U = D - - 0.202 0.209
Mean of Dep. Variable 2.365 2.401 2.365 2.401

Notes: The coefficients are reported. Standard errors, clustered at station level, are in parentheses.
***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. This specification
includes monitoring station fixed effects, as well as product shipment values and population as con-
trols. Mean dependent variables are the mean of BOD values before municipal mergers started in our
sample (before 2001) in each specification.
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Table 2.4: DID Results: Mechanisms on Coordination Cost and Political Economy (Depen-
dent Variable: Log of BOD)

Coordination Cost Political Economy

(1) (2) (3) (4)
Equal-footing Incorporating Incorporated Incorporating

Panel A: Callaway & Sant’Anna (2021) Estimator

Merger (= 1) 0.067∗∗∗ 0.039 0.085∗∗ 0.026
(0.019) (0.026) (0.033) (0.027)

Panel B: Two-way Fixed Effects

Merger (= 1) 0.064∗∗∗ 0.005 0.100∗∗∗ -0.019
(0.022) (0.027) (0.029) (0.029)

Observations 56,097 49,588 34,017 46,437
R2 0.885 0.886 0.891 0.887
Number of Stations 2,439 2,156 1,479 2,019
Number of Municipalities 848 630 573 625
Mean of Dep. Variable 2.665 3.017 3.103 3.124

Notes: The coefficients are reported. Standard errors, clustered at the municipality level, are
in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respec-
tively. Panel A includes year fixed effects and monitoring station fixed effects, while Panel B
includes basin-year fixed effects and monitoring station fixed effects. Mean dependent vari-
ables are the mean of BOD values before municipal mergers started in our sample (before
2001) in each specification.
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Chapter 3

Extreme Temperature May Increase

Health Investment: Persistent Improved

Sanitation Behaviors as Adaptation in

India

Abstract:

Extreme temperatures negatively affect economic activity and health in the short run, but little

is known about the persistent effects of temperature shocks over time. This paper shows that

extreme temperatures can persistently improve human health by inducing adaptive investment in

health technologies in rural India. Using district-level daily weather and annual latrine construction

data, I find that an additional day with extremely hot or cold temperatures within a three-year

period cumulatively increases latrine investment by about 1-10%. This result is consistent with the

discomfort channel where households build latrines to avoid walking outside for open defecation

under extreme weather. I find the limited role of an income channel with an opposing negative

effect. My estimates suggest that an additional day with extreme temperatures decreases diarrheal

mortality by 0.3-2.7% through increasing latrine investment.



84

3.1 Introduction

Policymakers and researchers increasingly recognize the significant negative impact the changing

climate can have on human welfare. Climate change increases the frequency of extreme weather

events, which in turn reduce human welfare either directly, by increasing morality (e.g., Deschênes

and Greenstone, 2011), or indirectly by causing damages to agriculture (e.g., Schlenker and Roberts,

2009) and labor productivity (e.g., Somanathan et al., 2021). These short-run negative welfare

consequences have been well known.

But little is known about the persistent positive effects of weather shocks on human welfare over

time. I document that temperature shocks can have a persistent positive effect on human health

by inducing adaptive investment in health-improving durable goods to avoid behaviors that involve

walking outside. If these outside behaviors are harmful to health, weather-induced investment in

these goods can persistently improve health over time. My focus on the persistent positive effect

on health differs from several past studies that show the persistent negative effects of temperature

on economic growth (Dell et al., 2012) and educational outcomes (Park, 2020),

This paper examines the effect of extreme temperatures on health investment by examining the

case of sanitation behaviors, i.e., the construction of latrines, which continued to be used over mul-

tiple years as durable goods. Extreme temperatures can affect a household’s decision of whether to

construct latrines or maintain open defecation practices in two ways. First, extreme temperatures

can have a positive effect on latrine investment by increasing the discomfort of open defecation (dis-

comfort channel). Because open defecation involves walking outside from home to the place of open

defecation, extreme temperatures can increase the discomfort of open defecation. This increased

discomfort can discourage people from practicing open defecation and increase the likelihood of

latrine construction as an adaptation behavior.

Second, as an opposite effect, extreme temperatures can have a negative effect on latrine in-

vestment by reducing income (income channel). Extreme hot temperatures have been shown to

negatively affect people’s income by reducing agricultural output and labor productivity (Burgess

et al., 2017; Colmer, 2021). The reduced income can exacerbate financial constraints on latrine

investment, which reduces the likelihood of latrine construction. This paper empirically examines

which of these two channels dominates.
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I examine the effect of temperature on latrine investment in the context of India’s nationwide

sanitation policy, the Swachh Bharat Mission (SBM), which started in 2014. Under this policy, the

Indian government subsidizes latrine construction up to about 150 US dollars, which covers most

of the initial cost of basic latrines in rural India. Thus, my empirical results are more likely to

capture the discomfort channel than the income channel, which is attenuated by the subsidy. In the

empirical analysis, I use administrative panel datasets on the number of latrines under the SBM in

each district and daily temperature and rainfall from 2012 to 2019.

To examine the causal effect of temperature on latrine investment in India, I exploit presumably

random year-to-year variation in temperature at the district level after controlling for district fixed

effects, year fixed effects, and rainfall. I group the daily temperature measures into eight bins

to capture the nonlinear relationship between temperature and latrine investment. I employ a

distributed-lag model that includes lagged temperature for up to 10 years to test the persistence of

the effect.

I find that extremely cold and hot temperatures increase latrine investment, and this effect

persists over multiple years. An additional hot day with an average temperature exceeding 35○C

leads to an increase in latrine investment by 3 per 1,000 households relative to a day in the 15-20○C

range, which amounts to a 1.1% increase from the pre-SBM periods. An additional cold day with

an average temperature below 5○C leads to an increase in latrine investment by 27 (10%) per 1,000

households. These estimates are cumulative effects, which are the sum of contemporaneous effects

and lagged effects (up to three years). The overall positive cumulative effects suggest that the

discomfort channel dominates the income channel, and the effects persist over three years.

The net positive effect of extreme temperatures on latrine investment suggests that the dis-

comfort channel dominates the income channel. Heterogeneous effects by the baseline temperature

level further illustrate the dominance of the discomfort channel. I find that the positive effects

of hot temperatures on latrine investment are concentrated in districts with lower baseline tem-

peratures because people in these districts are less adapted to hot temperatures and therefore feel

more discomfort. To better isolate the income channel, I examine heterogeneous effects by crop

area. The positive net effects of hot temperatures become larger in districts with smaller crop areas

that are less affected by the negative effects of the income channel, suggesting the existence of the

income channel. However, I find consistent positive effects of cold temperatures in districts with
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both smaller and larger crop areas, which is consistent with the fact that only hot temperatures

negatively affect agricultural output.

I also find that extreme temperatures similarly increase latrine usage at the intensive margin

conditional on latrine ownership, which is consistent with the discomfort channel. Extreme temper-

atures can also affect an individual’s decision of whether to use a latrine in addition to a decision

of whether to construct a latrine. By using the individual-level panel dataset on latrine usage in

120 villages of 4 states in north India over 2 survey rounds in 2013-2014 and 2018 (Coffey et al.,

2014; Gupta et al., 2019), I examine the effect of temperature on latrine usage conditional on latrine

ownership. I find an additional hot day with an average temperature of 30-35○C leads to a 14.3%

increase in latrine usage from the baseline usage rate relative to a day in the 15-20○C range when

using daily temperature from a 1-week reference period before the survey. I also find a positive

effect of an additional cold day with a temperature of 5-10○C on latrine usage (12.0% increase from

baseline usage rate) when using a 12-month reference period for temperature. But this positive

effect is less significant than the effect on latrine investment due to the high baseline latrine usage

(77% usage rate on average in the first survey round) and small (or no) observations of very cold

days in the four states with hot climates in the sample.

Taken together, my analysis highlights the surprising fact that extreme temperatures can im-

prove health by incentivizing adaptive investment in health technologies as people want to avoid

the discomfort of walking outside. Extreme temperatures have a persistent positive effect on latrine

investment, which can have long-lasting health benefits in terms of reduced diarrheal diseases and

mortality. A back-of-the-envelope calculation shows that in rural India, an additional cold and

hot day with an average temperature of below 5○C or above 35○C respectively decreases diarrheal

post-neonatal mortality by 2.72% and 0.31%, respectively.

This paper makes three contributions. First, I contribute to the literature on the consequences

of climate change by showing the persistent positive effects of weather shocks on human welfare

through a new channel: an adaptive investment in health-improving technologies. Most past studies

demonstrate the short-run effects (level effects) of weather shocks on labor productivity (Adhvaryu

et al., 2020; Heyes and Saberian, 2022; Somanathan et al., 2021), agricultural productivity (Colmer,

2021; Schlenker and Roberts, 2009), and human health (Barreca et al., 2016; Burgess et al., 2017;

Carleton et al., 2022; Deschênes and Greenstone, 2011; Heutel et al., 2021), which are reversed after
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these shocks. But growing literature shows that weather shocks can have persistent effects (growth

effects) on economic growth (Dell et al., 2012; Foreman, 2020) and educational outcomes (Park,

2020). Their results suggest that the underlying mechanisms are capital depreciation (Foreman,

2020) and persistent effects of high-stakes exam performance on subsequent graduation (Park, 2020).

I complement these limited studies on growth effects by showing that weather shocks can persistently

affect health through another mechanism: adaptive investment in health-improving durable goods

to avoid outside activities. I show that extreme temperatures can have positive effects on health

by inducing behavioral changes away from outside activities that are harmful to human health

and towards indoor, health-improving behaviors. These potential benefits of more variable weather

caused by climate change can be incorporated into the discussion of the social cost of carbons, which

tends to focus on the damages to economic activity and human health.

Second, I contribute to the literature on health behaviors, especially sanitation behaviors, in

developing countries by showing that temperature is another major determinant of health behaviors

that often involve outdoor activities. In developing countries, outdoor activities are prevalent,

including open defecation (e.g., Cameron et al., 2022), collection of unsafe spring water (e.g., Kremer

et al., 2011), collection and usage of biomass for cooking (e.g., Hanna et al., 2016). These outside

activities are closely linked to water pollution and air pollution, causing health damage for people

with limited coping measures. Past studies have shown that interventions such as subsidies and

information campaigns (e.g., Cameron et al., 2022; Lipscomb and Schechter, 2018; Yishay et al.,

2017) could promote the adoption of health-improving technologies and thus reduce these alternative

outdoor activities. However, I show that temperature is another important determinant of health

behaviors: extreme temperatures can reduce outdoor activities that are harmful to human health.

Lastly, I contribute to the behavioral economics literature on the intertemporal bias of consumers

in the purchase of durable goods by showing this bias in the context of developing countries. Past

studies show that consumers are over-influenced by the weather at the time of purchase when

they purchase durable goods, including cars (Busse et al., 2015; Conlin et al., 2007). In the same

vein, I show that the year-to-year temperature shocks affect the construction of latrines, which

are durable goods used for multiple years. Although rational households would decide whether to

construct latrines by considering the future climate trajectory to calculate the discomfort level of

open defecation over multiple years, my result suggests that this decision on latrine construction is
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over-influenced by short-run weather shocks. This result on the intertemporal bias in developing

countries is important because the bias may be larger than in developed countries due to lower

education levels and more limited access to climate and weather information.

3.2 Background and Conceptual Framework

I present a conceptual framework on the effects of temperature on sanitation behaviors to show two

channels that are tested in the empirical analysis. Then, I discuss the implications of this conceptual

framework for the setting of this paper: a nationwide sanitation policy, the Swachh Bharat Mission,

in rural India.

3.2.1 Conceptual Framework on Effects of Temperature on Sanitation Behav-

iors

To motivate the empirical analysis, I present a simple conceptual framework to show that extreme

temperatures can have two opposing effects on latrine investment and usage: (i) a positive effect

through a discomfort channel and (ii) a negative effect through an income channel. My empirical

analysis captures the net effect of both channels; therefore, the sign of the effect can determine

which of these two channels dominates.

Extreme temperatures can affect a household’s decision of whether to construct/use latrines or

keep practicing open defecation in two ways. First, extreme temperatures can have a positive effect

on latrine investment and usage by increasing the discomfort of open defecation (discomfort chan-

nel). Because open defecation involves walking outside from home to the place of open defecation,

extreme temperatures can increase the discomfort of open defecation. This increased discomfort can

discourage people from practicing open defecation and increase the likelihood of latrine construction

and usage as an adaptation behavior. This discomfort channel is implied in past epidemiological

studies that found that seasonality matters in latrine usage (Routray et al., 2015; Sinha et al., 2017).

Their results show that latrine usage rates are higher in the dry cold season and in the rainy season

than in the dry, hot season, which suggests that people do not prefer walking for open defecation

when the weather is not comfortable for them.
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Second, as an opposite effect, extreme temperatures can have a negative effect on latrine in-

vestment and usage by reducing income (income channel).1 Extreme temperatures can negatively

affect income by reducing agricultural output and labor productivity, especially in the case of hot

temperatures (Burgess et al., 2017; Colmer, 2021). The reduced income can exacerbate financial

constraints on latrine investment and usage, although government subsidies on latrine construction

can mitigate this constraint.

I formally present these two opposing channels in the conceptual framework, where a given

household decides whether or not to construct/use latrines. Suppose that the discomfort of walking

outside for open defecation, s, depends on the probability of using a latrine l ∈ [0,1], as well

as on ambient temperature a ∈ [0,1]. l can also be thought of as the intensity of latrine usage.

Conversely, 1 − l is the probability/intensity of practicing open defecation. Denote the cost of

constructing a latrine for the usage as p.2 For a, 1 denotes a physically uninhabitable ambient

temperature (extremely hot or cold temperature), and 0 denotes the ideal temperature.

Then, the discomfort of walking outside for open defecation can be expressed as s(a,1 − l).

People experience more discomfort under more extreme temperatures: ∂s
∂a > 0. Moreover, people

experience more discomfort with larger probability/intensity of practicing open defecation (smaller

probability/intensity of using a latrine): ∂s
∂l < 0.

The household derives utility from consuming composite good x (price normalized to 1) and

experiences disutility from the discomfort of walking outside for open defecation s: U(x, s(a,1− l))

where Ux > 0, Us < 0. The budget constraint is I(a) = lp + x. Here, I suppose that income, I(a), is

affected by temperature because extreme temperatures can decrease agricultural output and labor

productivity. Income decreases under more extreme temperatures: ∂I
∂a < 0.

The maximization problem of the household’s utility subject to the budget constraint is:

max
l

U(x, s(a,1 − l)) s.t. I(a) = lp + x (3.1)

1 Another channel underlying the negative effect could be more delay and higher costs in latrine construction
under more extreme temperatures (construction feasibility channel) tested in Section 3.4.5. I do not consider this
channel in the conceptual framework for simplification because this channel has a similar negative effect as the income
channel by affecting the budget constraint of the household.

2After construction, latrine usage involves costs for hiring tankers or people to regularly empty pits/septic tanks.
This emptying cost can be thought of as p for analyzing the income channel in the case of latrine usage.
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The first order condition with respect to l is

dU

dl
= −Uxp −Us

∂s

∂l
= 0 (3.2)

p
󳆮
MC

= −Us

Ux

∂s

∂l
󳆵󳆺󳆺󳆺󳆺󳆺󳆺󳆺󳆺󳆺󳆺󳆹󳆺󳆺󳆺󳆺󳆺󳆺󳆺󳆺󳆺󳆺󳆷

MB

(3.3)

which means that the household chooses the probability/intensity of latrine usage to balance the

trade-off between the marginal cost of latrine usage and the marginal benefit of latrine usage that

comes from the reduced discomfort of walking outside for open defecation.

The effects of extreme temperatures on latrine usage can be decomposed into two channels as

follows by using the equation (3.3).

dl
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⎫⎪⎪⎪⎪⎪⎪⎪⎬⎪⎪⎪⎪⎪⎪⎪⎭

(3.4)

which shows two opposing channels: (i) a positive effect of extreme temperatures on latrine invest-

ment and usage because of increased discomfort of walking outside for open defecation (−Us

Ux

ds
da > 0)

and (ii) a negative effect of extreme temperatures on latrine investment and usage because of re-

duced income ( dIda < 0). The relative magnitudes of discomfort and income channels decide the sign

of the overall effect. My empirical analysis examines which channel dominates.3

3.2.2 The Swachh Bharat Mission in India and Implications of Conceptual

Framework

During the study period of this paper, the Indian government aimed to eliminate open defecation

by subsidizing latrine construction under the nationwide sanitation policy, Swachh Bharat Mission

(SBM), in rural India. So, my empirical results are more likely to capture the positive effect in

the discomfort channel than the negative effect in the income channel, which is attenuated by the
3 This conceptual framework adopts a static model to illustrate the two underlying channels. The persistence of

the effect of extreme temperatures on latrine investment is not examined by using a dynamic model here for simplicity.
But the persistence comes from the fact that latrines are durable goods that are continued to be used over multiple
years after construction.
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subsidy under the SBM.

The SBM provided generous subsidies for the latrine construction to eliminate open defecation.

In India, a large number of people have historically practiced open defecation, which adversely affects

child health by increasing the occurrence of diarrheal diseases and mortality. To eliminate open

defecation and improve human health, the Indian government has subsidized the construction of

over 100 million latrines at the household level in rural India under the SBM since 2014. Specifically,

the SBM subsidized the latrine construction up to about 150 US dollars (12,000 INR) per household,

which covers most of the initial cost of basic latrines in rural India. The subsidy is provided to

households that have completed the latrine construction.

Given relaxed financial constraints on latrine construction under the subsidy of the SBM, the

negative effect of extreme temperatures on latrine investment and usage via the income channel is

expected to be limited. The positive effect of extreme temperatures via the discomfort channel is

expected to be larger. Therefore, I expect extreme temperatures to generally have a net positive

effect on latrine investment and usage.

Another implication from the setting of the SBM is that my analysis is expected to capture a

larger increase in the number of latrines in districts with more extreme temperatures. The SBM

increased latrine construction across rural India, but the magnitude of the increase in the number

of latrines is expected to differ by different exposures to extreme temperatures among different

districts.

3.3 Data

To examine the effect of temperature on latrine investment, I combine administrative datasets on

latrine construction and daily weather at the district level across rural India from 2012 to 2019. I

also use a household survey dataset on rural sanitation in four states in north India to examine the

effects of temperature on latrine use conditional on latrine ownership at the individual/household

level.
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3.3.1 Latrine Investment

One outcome variable adopted in this paper is the number of constructed latrines. I use the admin-

istrative data on the district-level number of household latrines under the SBM from 2012 to 2019

in rural India, which were compiled in Motohashi (2022). Based on this dataset, I compute the

number of latrines per 1,000 households per year by using the baseline number of total households.

One concern about this dataset is that the number of latrines might be systematically over-

reported, leading to measurement errors. This dataset is compiled by the Government of India

under the SBM policy, which aims to achieve 100% latrine coverage by 2019. So, the over-reporting

becomes more plausible when the period is closer to the deadline of the target in 2019. Hossain et al.

(2022) validated the same latrine dataset by comparing it with the statistics in National Family

and Health Survey-4 and found that it is reliable at least until 2016. Thus, as a robustness check

in Section 3.4.3, I restrict the sample periods until 2016, which yields similar results as the baseline

specification.

3.3.2 Latrine Usage

Another outcome variable is the status of latrine usage conditional on latrine ownership. I use

the individual-level panel data of latrine usage over two survey rounds (2013-2014 and 2018) in the

Sanitation Quality, Use, Access, and Trends (SQUAT) household surveys (Coffey et al., 2014; Gupta

et al., 2019). In the SQUAT dataset, I focus on households that are surveyed in both periods in

157 villages in 11 districts in 4 states in north India, including Rajasthan, Madhya Pradesh, Uttar

Pradesh, and Bihar, where open defecation was commonly practiced in rural areas.

In the SQUAT dataset, the status of latrine ownership of each household and latrine usage of

each household member is recorded in both survey rounds.4 I also use the GPS coordinates of each

village rounded to the nearest 0.25 degree to match this SQUAT dataset with the weather data.5

My analysis focuses on 120 villages out of 157 villages where GPS information is available.
4 The SQUAT survey asked about a usual practice of defecation (open defecation or latrine usage). In the

empirical analysis, I use the binary indicator of latrine usage that becomes one if the individual usually uses a latrine.
5 I am able to obtain only the approximate locations of the surveyed villages at 0.25-degree resolution due to

substantial risks for respondents to be known their sanitation behaviors. Thus, when I match the SQUAT dataset to
weather data, I consider the weather inside the 0.25-degree buffer of each village’s GPS coordinates.
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3.3.3 Weather

As a treatment variable, I use daily gridded temperature at 1-degree resolution provided by the

India Meteorological Department (IMD) database (Srivastava et al., 2009). I also use daily gridded

rainfall at 0.25-degree resolution as a control variable from the same IMD data source (Rajeevan

et al., 2008). These datasets are constructed by interpolating temperature measures from 395

stations and rainfall measures from 1,384 stations across India. For my empirical analysis, I use the

average of maximum and minimum temperatures recorded in the IMD temperature dataset.

To match these weather variables with the district-level dataset on latrine investment, I compute

the district-level means of daily average temperature and rainfall based on the gridded datasets and

2011 district-level boundary data. Moreover, for the SQUAT dataset on latrine usage, I compute

the mean of daily average temperature and rainfall inside the 0.25-degree buffer of each village’s

GPS coordinates.

3.3.4 Data Matching and Sample Construction

For the analysis of the effect of temperature on latrine investment, I construct a balanced panel

dataset on latrine construction and weather variables of 609 districts from 2012 to 2019. I spatially

match the district-level number of latrines and mean daily weather variables based on the 2011

district boundaries.6

To examine the effect of temperature on latrine usage, I construct a balanced panel dataset on

latrine use and weather variables of 6,478 individuals from 1,186 households in 120 villages over

two survey rounds. I spatially match the individual/household-level survey data with village-level

daily weather variables based on the village GPS coordinates. Out of 1,214 households in total, 446

households owned latrines in both survey rounds, which is the final sample for analyzing the effect

of temperature on latrine usage conditional on latrine ownership.

Table 3.1 reports the summary statistics of all variables used in the analysis, and Figure 3.1

shows the distributions of daily average temperature.
6 I deal with the changes in the district boundary by ensuring that all data are organized according to the 2011

boundary, which follows Motohashi (2022). Latrine data based on the 2019 boundary are aggregated to follow the
2011 boundary by considering the district splits from 2011 to 2019.
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3.4 Effect of Temperature on Latrine Investment

Exploiting presumably random year-to-year variation in temperature, I show that extreme tempera-

tures increase latrine investment, and this effect persists over multiple years. My results suggest that

the main underlying mechanism is the discomfort of walking outside for open defecation (discomfort

channel), as discussed in the conceptual framework.

3.4.1 Empirical Strategy

I exploit presumably random year-to-year variations in temperature at the district level to examine

the effect of temperature on latrine investment. I test the persistence of this effect by calculating

the cumulative effect in the distributed-lag model, where I include lagged temperatures.

Specifically, I adopt the following two-way fixed effects specification, inspired by Deschênes and

Greenstone (2011).

Latrinedt =󱮦
l

󱮦
j

βINV
jl BinTempdtjl +󱮦

l

󱮦
k

δINV
kl DecileRaindtkl + ηd + νst + εdt (3.5)

where Latrinedt is a number of latrines per 1,000 households in district d in year t. BinTempdtjl

is the number of days in which average temperature is in the jth bin in district d in l years prior to

year t. DecileRaindkdt is the number of days in which rainfall is in the kth decile in district d in

l years prior to year t. I include district fixed effects (ηd) to control for time-invariant unobserved

district-level determinants of latrine construction, as well as state-by-year fixed effects (νst) to

control for shocks unique to each state each year (e.g., changes in state-level sanitation policies and

local economic conditions). Standard errors are clustered at the district level to address the serial

correlation.

I define eight temperature bins in BinTempdtjl: <5○C, 5-10○C, 10-15○C, 15-20○C, 20-25○C,

25-30○C, 30-35○C, and >35○C. I adopt these eight temperature bins to estimate a nonlinear latrine-

temperature relationship in a flexible way, as well as to obtain precise estimates based on a sufficient

observed number of days in each bin. The 15-20○C bin serves as a reference bin and is dropped

from the regression. Thus, the coefficient of each temperature bin j (βINV
jl ) measures the effect of

an additional day in the temperature bin j on the number of latrines per 1,000 households relative

to a day in the 15-20○C bin.
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This regression specification exploits presumably random year-to-year variation in temperature

to estimate the causal effect of temperature on latrine investment. By including district fixed effects

(ηd) and state-by-year fixed effects (νst), the temperature effect is identified from the district-specific

deviations in temperature around the district averages after controlling for shocks common to all

districts in a state. Because of unpredictable and presumably random fluctuation in temperature,

the estimates βINV
jl ’s can have a causal interpretation.

To estimate the persistence of the effect of temperature on latrine investment, I use a distributed-

lag model by including lagged temperature. Specifically, I include lagged temperature in l years

prior to year t where l is set to be less than or equal to three years (l ≤ 3) in the baseline specification.

Then, I compute the cumulative effect by summing estimates of the contemporaneous temperature

and lagged temperatures. If the cumulative effect is statistically different from zero, the effect of

temperature is found to be persistent. The baseline specification includes up to three years of lags

because it is expected to take several years to decide on latrine construction, apply for the SBM

subsidy, and implement the latrine construction. But the results are robust to the change in the

maximum number of lags from 1 year to 10 years as discussed in Section 3.4.3.

The coefficients of interest are βINV
jl ’s, which determine which channel in the conceptual frame-

work dominates. If the cumulative effect computed from βINV
jl ’s is statistically significantly positive,

the main underlying mechanism is suggested to be the discomfort channel, and the effect of tem-

perature on latrine investment persists over multiple years.

3.4.2 Baseline Results

I find that extremely cold and hot temperatures increase latrine investment, and this effect persists

over multiple years.

In Figure 3.2 and Table 3.2, I find the cumulative latrine-temperature relationship is U-shaped,

with a steeper slope in the cold temperature bins. As shown in Panel A of Figure 3.2 and Column

1 of Table 3.2, an additional day with an average temperature of 25-30○C and above 35○C leads

to an increase in the number of latrines by about 3 per 1,000 households relative to a day in the

15-20○C range over three years. This cumulative effect of an additional day in hot temperature

bins amounts to a 1.1% increase from the pre-SBM periods.7 Moreover, cold temperature bins have
7 To calculate the effect in percentage, I divide the estimated coefficient by the mean of the dependent variable
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larger positive effects on latrine investment. An additional day with a temperature of 5-10○C and

below 5○C within a three-year period cumulatively increases the number of latrines by 20 and 27

(7.6% and 10.0%) per 1,000 households, respectively.

The positive effect of extreme temperatures is consistent with the discomfort channel in the

conceptual framework, although the effects are larger in the cold temperature bins. In light of the

discomfort channel, the larger effects of cold temperatures can be explained by the larger discomfort

of walking outside for open defecation in colder temperatures. People are less adapted to colder

temperatures than hotter temperatures because India has a hot climate on average, e.g., daily

average temperature highly concentrates in the 25-30○C range (Panel A of Figure 3.1).

Another reason behind the larger effects of cold temperatures can be explained by the income

channel in the conceptual framework. The negative effect of temperature on agricultural output

has been shown to be concentrated in the case of hot temperatures (Burgess et al., 2017; Colmer,

2021). So, the negative effect of hot temperatures on latrine investment through the income channel

is more likely to offset the positive effect through the discomfort channel, which makes the effects

of high temperatures smaller. The role of the income channel is further discussed in Section 3.4.5.

The positive cumulative effect over three years shows that temperature shocks have a persis-

tent effect on latrine investment over at least three years rather than having only short-run effects.

Reassuringly, Panel B of Figure 3.2 and Column 1 of Table 3.3 show that most estimates of contem-

poraneous and lagged temperature bins, which compose of the cumulative effect, are consistently

positive.8 The persistence of the effect can be explained by the fact that constructed latrines, in-

duced by extreme temperatures, continue to be used over multiple years as durable goods. Although

the baseline specification shows the persistent effect over three years, I find persistent effects extend

up to 10 years, especially in cold temperature bins, as discussed in Section 3.4.3.

3.4.3 Robustness Checks

The results are robust to various checks, including the change in the number of lagged years in the

distributed lag model, the placebo test of examining the contemporaneous effect, and the consider-

ation of measurement errors in the outcome.

in the pre-SBM periods (2012-2013). I adopt the same approach for all the following results.
8 For compactness, Table 3.3 only reports the estimates corresponding to the two coldest (below 5○C and 5-10○C)

and the two hottest (30-35○C and above 35○C) temperature bins.
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Number of Lagged Years.—While the basic specification includes three years of lagged temper-

atures, I conduct robustness checks that estimate the cumulative effect with different numbers of

lagged years ranging from a maximum of 1 year to 10 years.

As shown in Figure 3.3 and Appendix Table F1, I find that the estimated cumulative effects

are consistently positive regardless of the number of lagged years, especially in colder temperature

ranges, which causes greater discomfort of walking outside for open defecation for people in India

accustomed to a hot climate.

Placebo Test on The Contemporaneous Effect.—Considering the time taken to decide and im-

plement latrine construction and apply for the SBM subsidy, extreme temperatures in a specific

year is less likely to affect the latrine investment in the same year than that in subsequent years.

Thus, I conduct a placebo test that examines the contemporaneous effect of temperature on latrine

investment.

As expected, I do not find statistically significant contemporaneous effects in most temperature

bins when lagged temperatures are dropped in the regression (Appendix Figure E1). Panel B

of Figure 3.2 and Column 1 of Table 3.3 also show that the estimates of the contemporaneous

temperatures tend to be statistically insignificant in the regression with both contemporaneous and

lagged temperatures.

Measurement Errors on The Outcome.—As explained in Section 3.3.1, the number of latrines

reported in the administrative dataset of the SBM is not susceptible to measurement errors at least

until 2016. I conduct a robustness check by estimating the main specification using observations

prior to 2016.

In Appendix Figure E2, I find that the cumulative effect is still statistically significant and

positive prior to 2016, especially in cold temperature bins, although the estimates become smaller

than those of the baseline specification. The smaller estimates can be explained by the larger

negative effect of the income channel prior to 2016. The usage of subsidies under the SBM had been

heavily pushed forward with information campaigns as the deadline for universal latrine coverage

by 2019 approached. So, prior to 2016, households in rural India were likely to face more limited

access to the subsidy scheme, which resulted in larger financial constraints on latrine construction.

A reduced income due to extreme temperatures could have a larger negative impact on latrine
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construction prior to 2016 than after 2016.

3.4.4 Mechanism: Discomfort Channel

The net positive effect of extreme temperatures on latrine investment suggests that the discom-

fort channel dominates the income channel. To further test the discomfort channel, I examine

heterogeneous effects by the baseline temperature level.

The discomfort channel suggests that people are likely to feel larger discomfort from walking

outside for open defecation when exposed to temperatures they are less adapted to. In other words,

people living in districts with a lower baseline temperature could be more sensitive to hot temper-

ature shocks than people living in districts with a higher baseline temperature. Therefore, in the

cooler districts, hot temperature shocks are expected to cause a larger increase in latrine investment

than cold temperature shocks. Conversely, districts with a higher baseline temperature are expected

to experience a larger increase in latrine investment with cold temperature shocks. To test these

heterogeneous effects, I compare effects in districts that have a higher baseline average temperature

than the sample median (25.7○C) during the pre-SBM periods (2002-2011) with districts that have

a lower baseline average temperature.

As expected, I find that the positive effects of hot temperatures on latrine investment concentrate

in districts with a lower baseline temperature. As shown in Panel A of Figure 3.4 and Column 2

of Table 3.2, an additional day in hot temperature bins increases the number of latrines per 1,000

households by around 8-10 (2.4-3.1%) relative to a day in the 15-20○C range. However, the effect

of hot temperature becomes insignificant in districts with a higher baseline temperature (Column 3

of Table 3.2), possibly because people in these districts are better adapted to hot temperatures.

As for the effects of cold temperature bins, I find positive effects on latrine investment in dis-

tricts with both higher and lower baseline temperatures (Panel B of Figure 3.4 and Column 3 of

Table 3.2). I find a positive effect of cold temperature bins even in districts with a lower baseline

temperature. This result can be explained by the fact that these districts are still warm given the

median temperature is 25.7○C. In districts with a higher baseline temperature, the coefficients are

statistically insignificant due to there being very few days in the cold temperature bins, as shown

in Panel A of Figure 3.1.
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3.4.5 Alternative Explanations

Alternative explanations that would link extreme temperatures to latrine investment include a

decrease in income, i.e., income channel, and an increase in the difficulty of latrine construction,

i.e., construction feasibility channel.9 I evaluate these alternative channels but find the limited role

of these channels.

Income Channel.—As introduced in Section 3.2.1, the income channel refers to the negative

effect of extreme temperatures on latrine investment through a decrease in agricultural output and,

consequently, income. The net positive effect in the baseline result suggests that the income channel

does not play a major role.

To explicitly test the validity of the income channel, I examine heterogeneous effects by crop

area.10 I compare the effects of temperature in districts with larger crop areas than the sample

mean to districts with smaller crop areas. The income channel is expected to be more significant

in districts with larger crop areas than those with smaller crop areas, which suggests that districts

with larger crop area experience smaller (or more negative) effects of temperature on latrine in-

vestment. Moreover, the income channel is expected to be more pronounced in the effects of hot

temperatures because the negative effects of temperature on agricultural output have been shown to

be concentrated in the case of hot temperatures (Colmer, 2021; Deschênes and Greenstone, 2011).

In other words, the negative effects of hot temperatures on latrine investment through the income

channel are expected to be larger than those of cold temperatures.

In the heterogeneity analysis by crop area, I find suggestive evidence of the income channel in

some cases, but the discomfort channel dominates in most cases. Figure 3.5 and Table 3.4 show

that the cumulative effects of temperature on latrine investment are smaller in districts with larger

crop areas, especially in the hot temperature bins. The coefficients of the 30-35○C and above 35○C

bins became negative in these districts, while the estimates are imprecise (Panel B of Figure 3.5

and Column 3 of Table 3.4). Conversely, in districts with smaller crop areas that are less affected
9 Another channel could be a government relief channel. The government can construct latrines in response to

heat and cold waves. But latrine construction is not included as one of the action plans in response to heat waves in
the government relief guideline in India (NDMA, 2019). So, this channel is unlikely in the context of India.

10 I use the agricultural data obtained from the ICRISAT (International Crops Research Institute for the Semi-
Arid Tropics) District Level Database. I calculate the district-level baseline crop area in 2011, which is the total area
of all types of crops. Due to the data limitation of the ICRISAT dataset, the heterogeneity analysis by crop area
focuses on 426 districts out of 609 districts used in the baseline specification.



100

by the income channel, the effects of hot temperature bins are positive and statistically significant,

which suggests that the discomfort channel dominates the income channel (Panel A of Figure 3.5

and Column 2 of Table 3.4). Moreover, I find consistent positive effects of cold temperatures in

all districts, which is consistent with the expectation that the income channel is not pronounced in

cold temperatures.

Construction Feasibility Channel.—This channel refers to a short-run negative effect of extreme

temperatures on latrine investment through more delay and higher costs in latrine construction.

However, I find limited evidence on the short-run contemporaneous effect as discussed in the placebo

test in Section 3.4.3. The net positive effect in the baseline result also suggests that the construction

feasibility channel is not a major mechanism.

3.5 Effect of Temperature on Latrine Usage Conditional on Latrine

Ownership

Exploiting village-level inter-temporal variation in temperature and individual-level panel dataset

on latrine usage, I examine the effect of extreme temperatures on latrine use conditional on latrine

ownership. I find a positive effect of hot and cold days on latrine usage, which is consistent with

the discomfort channel discussed in the conceptual framework, while the effect on latrine use is less

significant than the effect on latrine investment.

3.5.1 Empirical Strategy

I exploit presumably random variation in temperature between two survey rounds at the village level

to examine the effect of temperature on latrine usage. Specifically, I adopt the following two-way

fixed effects specification, which is similar to the specification in Section 3.4.1.

LatrineUseivdt =󱮦
j

βUSE
j BinTempjvdt +󱮦

k

δUSE
k DecileRainkvdt + ηi + νt + εivdt (3.6)

where i indexes individuals, j indexes temperature bins, v indexes villages, k indexes rainfall

bins, d indexes survey dates, and t indexes the two SQUAT survey rounds in 2013-3014 and

2018. LatrineUseivdt is a binary indicator of the latrine usage of individual i in survey round
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t. BinTempjvdt is the number of days in which the average temperature is in temperature bin j.

I define eight temperature bins as in the specification of latrine investment, but the specification

of latrine usage exploits the village-level variation in temperature. I include individual fixed effects

(ηi) to control for time-invariant unobserved individual-level determinants of latrine usage, as well

as survey-round fixed effects (νt) to control for the trend in latrine usage (e.g., increase in latrine

usage because of extensive promotion under the SBM). Standard errors are clustered at the village

level because the variation in temperature is observed at the village level.

To examine latrine usage conditional on latrine ownership, I limit the sample to individuals

belonging to households that own latrines in both survey periods. Specifically, my analysis focuses

on 446 households (2,542 individuals) out of 1,214 households (6,478 individuals). The coefficients

of interest are βUSE
j ’s, which measures the effect of an additional day in the temperature bin j on

latrine usage relative to a day in the 15-20○C bin.

I construct the treatment variable, BinTempjvdt, by counting the number of days in temperature

bin j within a given reference period until the survey date d of individual i. Each SQUAT survey

round took multiple months to be completed, which results in the variation in survey dates among

households/individuals.11 In the baseline specification, I use daily temperature from X before to 1

day before each survey date d, where the choices of X (reference periods) are 1 week, 1 month, 6

months, 12 months, 15 months, and 20 months.12

I include short reference periods because of the potential recall bias in the outcome of this

regression. The outcome in the regression is a self-reported usual practice of latrine usage, and latrine

usage behavior might not be stable across time. Then, due to recall bias, the respondents might

report more recent latrine usage behaviors that are affected by recent temperature shocks. In other

words, the latrine usage behavior asked in the questionnaire may be affected by the temperature

shortly before the survey date.
11 First-round survey was conducted from November 2013 to December 2014, and the second-round survey was

conducted from August to December 2018 for individuals in the final sample.
12 As a robustness check, I also adopt different reference periods, including 2 weeks, 4 months, and 9 months, but

the results remain stable as shown in Appendix Figure E3.
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3.5.2 Results

I find a positive effect of hot and cold days on latrine usage conditional on latrine ownership,

which again points towards the discomfort channel. However, this effect on latrine usage is less

significant than the effect on latrine investment due to the high baseline latrine usage and small (or

no) observations of very cold days in the four states with hot climates in the SQUAT sample.

In Figure 3.6 and Table 3.5, I find a positive effect of hot days on latrine usage in the 30-35○C

temperature bin up to a reference period of one month, which is consistent with the discomfort

channel. Specifically, an additional day with an average temperature of 30-35○C leads to an increase

in latrine usage rate by 11.1 percentage points (14.3% increase from the baseline usage rate) relative

to a day in the 15-20○C range when 1-week reference period is adopted (Column 1 of Table 3.5). The

magnitude of the effects becomes smaller with longer reference periods (from 2 weeks to 1 month),

possibly because more historical temperatures may have a weaker effect on the self-reported latrine

usage that reflects more recent behavior due to recall bias (Columns 1-2 of Table 3.5 and Appendix

Figure E3).

I also find a positive effect of cold days on latrine usage in the 5-10○C temperature bin. When

a 12-month reference period is adopted, an additional day with an average temperature of 5-10○C

leads to an increase in latrine usage rate by 9.2 percentage points (12.0% increase from the baseline

usage rate) relative to a day in the 15-20○C range (Column 6 of Table 3.5). The positive effect of

the 5-10○C temperature bin is robust to the change in reference periods from 12 months to 15 and

20 months (Columns 4-6 of Table 3.5 and Appendix Figure E3).

However, these positive statistically significant effects are limited in the above cases for two

reasons. First, the baseline latrine usage rate conditional on latrine ownership is high: on average,

77% of individuals use a latrine if they own one in the first survey round, as shown in Table 3.1.

If most individuals generally use latrines conditional on ownership, there is a limited margin of an

increase in latrine usage because of extreme temperatures. Second, I cannot estimate the effects

of very cold days with temperatures below 5○C and 5-10○C in most reference periods because the

SQUAT sample only includes four states in India that all have hot climates. The sample does not

cover days with these cold temperature bins, except the days in the 5-10○C bin when the 12/15/20-

month reference period is adopted, as shown in Panel B of Figure 3.1.
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Moreover, I find that the effect of temperature on latrine usage becomes negative in the above

35○C bin. When a 1-month reference period is adopted, an additional day with an average tem-

perature in the above 35○C bin leads to a decrease in latrine usage rate by 52.1 percentage points

(a 67.1% decrease from the baseline usage rate) relative to a day in the 15-20○C range. These

negative results are inconsistent with the original discomfort channel (discomfort of walking outside

for open defecation) discussed in the conceptual framework. But this result can be understood by

a larger discomfort level of using latrines with hot air inside than that of walking outside for open

defecation. Conditional on latrine ownership, the individuals may incorporate this new aspect of

the discomfort of hot air inside latrines in their decision of whether to use latrines. Thus, compared

with the analysis of latrine investment, the analysis of latrine usage conditional on latrine ownership

requires a more augmented view of the discomfort channel. In the case of latrine usage, both people

experience discomfort under extreme temperatures from both latrine usage and open defecation, so

relative discomfort level matters.

3.6 Conclusion

I document that extreme temperatures have a positive, persistent effect on latrine investment and

usage, which ultimately improve human health by reducing diarrheal diseases and mortality. My

analysis suggests that the main underlying mechanism is the discomfort channel, whereby people

construct latrines to avoid the greater discomfort of walking outside for open defecation under more

extreme temperatures. This adaptive latrine investment can reduce the alternative open defecation

behavior, which is harmful to human health. My results point to the potential benefit of an increased

occurrence of extreme weather caused by climate change, although most past studies focus on the

negative consequences of climate change. Moreover, my results find a new mechanism for the

persistent effects (rather than short-term effects) of temperature, which is a temperature-induced

investment in durable goods that continues to be used over multiple periods.

A back-of-the-envelope calculation shows large welfare gains because of extreme temperatures:

a large reduction of diarrheal mortality through the increased latrine investment. I find that an

additional day with an average temperature of below 5○C and above 35○C decreases diarrheal

post-neonatal mortality by 2.72% and 0.31%, respectively. These welfare effects are calculated by
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multiplying the estimated coefficient in my analysis by the estimated effect of latrine construction

on diarrheal mortality in rural India in Motohashi (2022).13

My results present several important implications for considering measures against climate

change. First, people’s adaptation to larger variability in temperature under climate change might

have unintended positive consequences. Under extreme temperatures, people can shift from outside

activities that are harmful to human health (e.g., open defecation) into health-improving behaviors

(e.g., latrine usage) that are conducted indoors. Conversely, climate change mitigation measures

can unintentionally decrease the adoption of health-improving technologies used indoors unless these

measures are complemented with incentives for adopting these technologies. Policymakers should

be aware of this risk of unintended negative consequences of climate change mitigation.

Second, my findings on the unintended increase in the adoption of health-improving latrines

under extreme temperatures have implications for other health behaviors in developing countries.

For example, under extreme temperatures, people may shift from the collection and usage of biomass

to the usage of cleaner fuel (e.g., liquefied petroleum gas) for cooking, or they may shift from the

collection and usage of unsafe spring water to the usage of safe tap water, for avoiding outdoor

collection activities. Investigating the potential health benefits of extreme temperatures in different

settings may be a fruitful area for future research.

13 Specifically, I use the estimates in Column 1 of Table 3.2, the estimated effect in Motohashi (2022), i.e., a 1.3%
reduction in diarrheal post-neonatal mortality per 1,000 people caused by an additional latrine per square kilometer,
an average number of households per district (389.87 thousand households), and an average area per district (4,975.91
square kilometers).
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3.7 Figures and Tables

3.7.1 Figures

Panel A. Latrine Investment Specification
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Panel B. Latrine Usage Specification
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Figure 3.1: Daily Average Temperature Distributions

Notes: This figure shows the distributions of daily average temperature, which are used for the analysis of
latrine investment (Panel A) and the analysis of latrine usage (Panel B). Panel A reports distributions for
(i) all districts, (ii) districts with baseline temperatures lower than the sample median, and (iii) districts
with higher baseline temperatures, using daily temperature at the district level across India from 2012 to
2019. Panel B reports distributions for different reference periods, using daily temperature at the village
level in the SQUAT sample over two survey rounds in 2013-2014 and 2018.
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Panel A. Cumulative Effect over Three Years
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Panel B. Decomposed Contemporaneous and Lagged Effects
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Figure 3.2: The Effect of Temperature on Latrine Investment

Notes: This figure plots the estimated effects of temperature on latrine investment, which are obtained
by fitting equation (3.5) where three years of lags are included. The 15-20○C bin serves as a reference
bin and is dropped from the regression. Markers with whisker lines plot temperature bin estimates and
associated 95% confidence intervals. Standard errors are clustered at the district level. Panel A shows
the cumulative effects, which are the sum of contemporaneous effects and lagged effects, while Panel B
shows all estimates of contemporaneous effects and lagged effects.



107

Panel A. Colder Temperature Bins
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Panel B. Hotter Temperature Bins
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Figure 3.3: The Cumulative Effects of Temperature on Latrine Investment with Different Numbers
of Lags (Years)

Notes: This figure plots the estimated effect of temperature on latrine investment for each temperature
bin for each maximum number of lags (years), which is obtained by fitting equation (3.5). The 15-
20○C bin serves as a reference bin and is dropped from the regression. This figure shows the cumulative
effects, which are the sum of contemporaneous effects and lagged effects. Markers with whisker lines plot
temperature bin estimates and associated 95% confidence intervals. Standard errors are clustered at the
district level.
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Figure 3.4: The Cumulative Effects of Temperature on Latrine Investment by Baseline Temperature

Notes: This figure plots the estimated effects of temperature on latrine investment, which are obtained by
fitting equation (3.5) where three years of lags are included. The 15-20○C bin serves as a reference bin and
is dropped from the regression. Markers with whisker lines plot temperature bin estimates and associated
95% confidence intervals. Standard errors are clustered at the district level. Both Panels A and B show
the cumulative effects, which are the sum of contemporaneous effects and lagged effects. Panel A shows
the cumulative effects in districts with baseline temperatures lower than the sample median, while Panel
B shows the cumulative effects in districts with higher baseline temperatures.
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Figure 3.5: The Cumulative Effects of Temperature on Latrine Investment by Baseline Crop Area

Notes: This figure plots the estimated effects of temperature on latrine investment, which are obtained by
fitting equation (3.5) where three years of lags are included. The 15-20○C bin serves as a reference bin and
is dropped from the regression. Markers with whisker lines plot temperature bin estimates and associated
95% confidence intervals. Standard errors are clustered at the district level. Both Panels A and B show
the cumulative effects, which are the sum of contemporaneous effects and lagged effects. Panel A shows
the cumulative effects in districts with baseline crop areas lower than the sample median, while Panel B
shows the cumulative effects in districts with higher crop areas.
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Figure 3.6: The Effect of Temperature on Latrine Use

Notes: This figure plots the estimated effect of temperature on latrine use for each reference period, which
is obtained by fitting equation (3.6). The 15-20○C bin serves as a reference bin and is dropped from the
regression. Markers with whisker lines plot temperature bin estimates and associated 95% confidence
intervals. Standard errors are clustered at the village level.
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3.7.2 Tables

Table 3.1: Summary Statistics

Mean SD Min Max Observations

Panel A. District-level Latrine Investment (2012-2019)

Number of latrines (thousand) 162.51 161.4 0 1468.74 4888
Number of latrines per 1,000 households 456.81 282.69 0 3456.62 4888

Panel B. SQUAT Latrine Data (2013-14, 2018)

Latrine usage 2013-2014 (0/1) 0.34 0.47 0 1 6478
Latrine usage 2018 (0/1) 0.6 0.49 0 1 6478
Latrine usage conditional on ownership 2013-2014 (0/1) 0.77 0.42 0 1 2542
Latrine usage conditional on ownership 2018 (0/1) 0.91 0.29 0 1 2542
Latrine ownership 2013-2014 (0/1) 0.39 0.49 0 1 1186
Latrine ownership 2018 (0/1) 0.73 0.44 0 1 1186

Panel C. District-level Average Temperature (2012-2019)

Number of days above 35○C per year 5.37 8.41 0 97 4888
Number of days between 30-35○C per year 59.56 41.29 0 192 4888
Number of days between 25-30○C per year 150.72 48.99 8 364 4888
Number of days between 20-25○C per year 81.69 40.73 0 316 4888
Number of days between 15-20○C per year 47.31 29.78 0 109 4888
Number of days between 10-15○C per year 16.43 22.52 0 98 4888
Number of days between 5-10○C per year 3.68 13.4 0 92 4888
Number of days below 5○C per year 0.49 3.8 0 57 4888

Panel D. Baseline District-level Characteristics (2011)

Crop Area (thousand Ha) 339.44 258.24 2.5 1412.91 426

Notes: Panel A shows summary statistics of district-level variables on latrine investment. Panel B reports
summary statistics of individual-level variables on latrine usage and household-level variables on latrine
ownership in each SQUAT survey round (2013-2014 and 2018). Panel C shows summary statistics on the
distribution of daily average temperature at the district level. Panel D shows summary statistics of the
district-level crop area in 2011.
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Table 3.2: The Cumulative Effect of Temperature on Latrine Investment (Number of Latrines per
1,000 Households)

All Baseline Temperature

(1) (2) (3)
All Low High

Number of days below 5○C 26.751∗∗∗ 16.198∗∗ -
(7.742) (6.323) -

Number of days 5-10○C 20.313∗∗∗ 16.363∗∗∗ 11.295
(4.991) (4.050) (17.506)

Number of days 10-15○C 4.480∗∗ 4.943∗∗ 3.905
(2.044) (2.125) (3.954)

Number of days 20-25○C 5.371∗∗∗ 9.417∗∗∗ 1.715
(1.740) (2.113) (3.129)

Number of days 25-30○C 3.417∗ 9.763∗∗∗ 1.538
(1.990) (2.622) (3.843)

Number of days 30-35○C 0.998 8.205∗∗∗ -3.357
(2.063) (2.530) (3.743)

Number of days above 35○C 3.036 3.065 -1.224
(2.724) (5.098) (3.396)

Observations 4,872 2,440 2,432
Mean of Dep. Variable 267.977 326.829 208.932
R2 0.915 0.931 0.902
Number of Districts 609 305 304

Notes: This table reports estimated effects of temperature on latrine
investment, which are obtained by fitting equation (3.5) where three
years of lags are included. The 15-20○C bin serves as a reference
bin and is dropped from the regression. Standard errors, clustered
at the district level, are in parentheses. ***, **, and * indicate sig-
nificance at the 1%, 5%, and 10% levels, respectively. All columns
report the cumulative effects, which are the sum of contempora-
neous effects and lagged effects. Column 1 shows the cumulative
effects in all districts. Column 2 shows the cumulative effects in
districts with baseline temperatures lower than the sample median,
while Column 3 shows the cumulative effects in districts with higher
baseline temperatures.
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Table 3.3: The Contemporaneous and Lagged Effects of Temperature on Latrine Investment (Num-
ber of Latrines per 1,000 Households)

All Baseline Temperature

(1) (2) (3)
All Low High

Lag 0: Number of days below 5○C 2.694 -0.843 -
(1.821) (2.042) -

Lag 1: Number of days below 5○C 10.431∗∗∗ 7.164∗∗ -
(3.237) (2.994) -

Lag 2: Number of days below 5○C 8.156∗∗∗ 5.265∗∗ -
(2.554) (2.138) -

Lag 3: Number of days below 5○C 5.470∗∗ 4.611∗ -
(2.556) (2.345) -

Lag 0: Number of days 5-10○C 3.803∗∗∗ 1.974∗ -4.980
(1.049) (1.141) (4.637)

Lag 1: Number of days 5-10○C 6.747∗∗∗ 4.880∗∗∗ 6.246
(1.798) (1.507) (6.097)

Lag 2: Number of days 5-10○C 5.053∗∗∗ 4.994∗∗∗ 8.307
(1.639) (1.334) (7.594)

Lag 3: Number of days 5-10○C 4.710∗∗∗ 4.516∗∗∗ 1.722
(1.209) (1.167) (4.385)

Lag 0: Number of days 30-35○C 1.057∗ 2.973∗∗∗ -0.470
(0.612) (0.790) (0.920)

Lag 1: Number of days 30-35○C 0.357 1.897∗∗ -0.602
(0.630) (0.832) (1.179)

Lag 2: Number of days 30-35○C -0.231 1.500∗ -0.757
(0.623) (0.864) (1.100)

Lag 3: Number of days 30-35○C -0.184 1.835∗∗ -1.529
(0.613) (0.843) (1.000)

Lag 0: Number of days above 35○C 1.285 3.437∗∗ -0.840
(1.151) (1.524) (1.271)

Lag 1: Number of days above 35○C 1.095 1.299 -0.045
(0.921) (1.656) (1.432)

Lag 2: Number of days above 35○C 0.315 -0.972 0.119
(0.876) (1.607) (1.168)

Lag 3: Number of days above 35○C 0.342 -0.699 -0.458
(1.012) (1.736) (1.249)

Observations 4,872 2,440 2,432
R2 0.915 0.931 0.902
Number of Districts 609 305 304
Mean of Dep. Variable 267.977 326.829 208.932

Notes: This table reports estimated contemporaneous and lagged effects of tem-
perature on latrine investment, which are obtained by fitting equation (3.5) where
three years of lags are included. The 15-20○C bin serves as a reference bin and is
dropped from the regression. Standard errors, clustered at the district level, are
in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels,
respectively. Column 1 shows the cumulative effects in all districts. Column 2
shows the cumulative effects in districts with baseline temperatures lower than
the sample median, while Column 3 shows the cumulative effects in districts with
higher baseline temperatures.
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Table 3.4: The Cumulative Effects of Temperature on Latrine Investment (Number of Latrines per
1,000 Households) by Baseline Crop Area

All Baseline Crop Area

(1) (2) (3)
All Low High

Number of days below 5○C - - -
- - -

Number of days 5-10○C 28.545∗∗∗ 20.460∗∗∗ 41.549∗∗∗

(6.396) (6.276) (12.424)

Number of days 10-15○C 6.082∗∗∗ 3.548 7.741∗∗

(2.253) (2.613) (3.413)

Number of days 20-25○C 4.998∗∗ 7.567∗∗∗ 1.046
(1.946) (2.628) (3.369)

Number of days 25-30○C 2.977 7.270∗∗ -2.137
(2.273) (2.822) (4.092)

Number of days 30-35○C -0.325 5.282∗ -6.314
(2.315) (2.928) (4.155)

Number of days above 35○C 0.203 2.682 -6.052
(3.111) (4.816) (4.229)

Observations 3,408 1,696 1,704
Mean of Dep. Variable 263.067 295.001 231.684
R2 0.921 0.949 0.892
Number of Districts 426 212 213

Notes: This table reports estimated effects of temperature on la-
trine investment, which are obtained by fitting equation (3.5) where
three years of lags are included. The 15-20○C bin serves as a ref-
erence bin and is dropped from the regression. Standard errors,
clustered at the district level, are in parentheses. ***, **, and *
indicate significance at the 1%, 5%, and 10% levels, respectively.
All columns report the cumulative effects, which are the sum of
contemporaneous effects and lagged effects. Column 1 shows the
cumulative effects in all districts with the data of crop area. Col-
umn 2 shows the cumulative effects in districts with baseline crop
areas lower than the sample median, while Column 3 shows the
cumulative effects in districts with higher crop areas.
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Table 3.5: The Effect of Temperature on Latrine Use

Reference Periods of Temperature

(1) (2) (3) (4) (5) (6)
1 Week 1 Month 6 Months 12 Months 15 Months 20 Months

Number of days below 5○C - - - - - -
- - - - - -

Number of days 5-10○C - - - 0.092∗∗ 0.019∗ 0.032∗

- - - (0.042) (0.011) (0.016)

Number of days 10-15○C 0.013 0.001 0.003 -0.002 -0.004 0.002
(0.008) (0.003) (0.003) (0.003) (0.004) (0.003)

Number of days 20-25○C 0.003 -0.001 0.002 0.001 0.002 0.004
(0.011) (0.003) (0.003) (0.003) (0.002) (0.003)

Number of days 25-30○C -0.004 -0.002 0.003∗ -0.004 0.000 0.005∗

(0.008) (0.002) (0.002) (0.005) (0.002) (0.002)

Number of days 30-35○C 0.111∗∗∗ 0.038∗∗∗ 0.001 -0.009∗ -0.003 0.001
(0.031) (0.006) (0.002) (0.005) (0.002) (0.001)

Number of days above 35○C -0.521∗∗ -0.360∗∗∗ -0.001 -0.021∗∗ -0.018∗ 0.004
(0.202) (0.075) (0.003) (0.010) (0.009) (0.003)

Observations 5,084 5,084 5,084 5,084 5,084 5,084
R2 0.622 0.622 0.618 0.622 0.622 0.619
Number of Individuals 2,542 2,542 2,542 2,542 2,542 2,542
Number of Villages 107 107 107 107 107 107
Mean of Dep. Variable 0.770 0.770 0.770 0.770 0.770 0.770

Notes: This figure plots the estimated effect of temperature on latrine use for each reference period,
which is obtained by fitting equation (3.6). The 15-20○C bin serves as a reference bin and is dropped
from the regression. Standard errors, clustered at the village level, are in parentheses. ***, **, and *
indicate significance at the 1%, 5%, and 10% levels, respectively.



116

Appendices

4.1 Chapter 1 Appendix

4.1.1 Additional Figures
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Figure A1: Top 10 Countries by the Number of People Practicing Open Defecation in 2013

Notes: This figure documents the top 10 countries by the number of people practicing
open defecation. It plots both the number of people practicing open defecation and
the percentage of people practicing open defecation for these 10 countries. The data
source is the database of the WHO/UNICEF Joint Monitoring Programme for Water
Supply, Sanitation, and Hygiene.
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B. Health: Upstream-Downstream Specification

Figure A2: Event Study Plots of Reduced-Form Regressions of Available Water Capacity in
Upstream-Downstream Specification

Notes: This figure shows the regression coefficients of the logarithm of fecal coliform (Panel A) and diarrheal post-
neonatal mortality per 1,000 people (Panels B) on the interaction terms between upstream Available Water Capacity
and year dummies. Both panels use the Available Water Capacity of upstream districts within the range of [0,150]
kilometers from a reference district. The 95% confidence intervals are shown with dashed lines. Standard errors are
clustered at the district level. Panel A includes monitoring station fixed effects, year fixed effects, and the following
controls: precipitation and the interaction of Available Water Capacity and post-SBM indicator of a reference district.
Panel B includes district fixed effects, year fixed effects, and the following controls: precipitation and the interaction
of Available Water Capacity and post-SBM indicator of a reference district.
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Figure A3: Differential Change in the Number of Latrines between Districts with Lower Baseline
Coverage and Districts with Higher Baseline Coverage

Notes: This figure shows the regression coefficients of the number of latrines per square kilometer
on the interaction terms between (1- baseline latrine coverage in 2013) and year dummies at the
district level. The regression includes district fixed effects, year fixed effects, and the following
controls: precipitation, VIIRS nighttime luminosity, population, the proportions of Scheduled
Caste and Scheduled Tribe members, and literacy rates. The 95% confidence intervals are shown
with dashed lines. Standard errors are clustered at the district level.
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C. District-level Treatment Capacity High

Figure A4: Heterogeneity in Dynamic Effects on Water Pollution (Log of Fecal Coliform) by District-
level Treatment Capacities

Notes: This figure shows the regression coefficients of the logarithm of fecal coliform in equation 1.9. The
95% confidence intervals are shown with dashed lines. Standard errors are clustered at the district level.
All regressions include monitoring station fixed effects, basin-year fixed effects, and the following controls:
precipitation, VIIRS nighttime luminosity, population, the proportions of Scheduled Caste and Scheduled
Tribe members, and literacy rates.
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Figure A5: The Dynamic Effects on Water Pollution (Log of Fecal Coliform) in the Case of Binary
Treatment

Notes: This figure shows the regression coefficients of the logarithm of fecal coliform in equation 1.9 when
I adopt a binary treatment indicator that takes the value one when the district’s latrine coverage is lower
than the median. The 95% confidence intervals are shown with dashed lines. Standard errors are clustered
at the district level. All regressions include monitoring station fixed effects, basin-year fixed effects, and
the following controls: precipitation, VIIRS nighttime luminosity, population, the proportions of Scheduled
Caste and Scheduled Tribe members, and literacy rates.
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4.1.2 Additional Tables

Table B1: DID Results: The Effect on Water Quality (Log of Fecal Coliform) in the Case of Binary
Treatment

All State-level Capacity District-level Capacity

(1) (2) (3) (4) (5)
All High Low High Low

2013 Latrine Coverage Low (= 1) 0.425∗∗ 0.311 0.475∗∗ 0.830 0.253
* Post (= 1) (0.213) (0.284) (0.234) (0.500) (0.230)

Observations 10,385 5,075 5,281 4,240 6,110
R2 0.860 0.869 0.882 0.882 0.878
Number of Stations 1,187 577 606 465 719
Number of Districts 335 182 151 95 238

Notes: This table reports the regression coefficients of the logarithm of fecal coliform in equa-
tion 1.7 when I change a continuous treatment measure to a binary treatment indicator that
takes the value one when the district’s latrine coverage is lower than the median. Standard
errors, clustered at the district level, are in parentheses. ***, **, and * indicate significance
at the 1%, 5%, and 10% levels, respectively. All regressions include monitoring station fixed
effects, basin-year fixed effects, and the following controls: precipitation, VIIRS nighttime lu-
minosity, population, the proportions of Scheduled Caste and Scheduled Tribe members, and
literacy rates. Column 2 reports a result in states where treatment capacities of sewage treat-
ment plants are higher than the median, while Column 3 reports a result in states with lower
treatment capacities. Similarly, Columns 4 and 5 compare results based on the different levels
of treatment capacities at the district level.
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Table B2: Upstream-Downstream Analysis: Alternative Buffer Sizes

Buffer Distances from Reference Stations/Districts

(1) (2) (3) (4) (5) (6)
0-50km 0-100km 0-150km 50-150km 100-150km Full

Panel A. Dependent Variable: Log(Fecal Coliform)

Upstream number of 0.014 0.017 0.015 0.003 0.001 0.037∗∗

latrines per sq. km (0.012) (0.013) (0.011) (0.009) (0.007) (0.016)

Observations 1,758 2,152 2,228 2,008 1,488 2,235
Number of Stations 287 352 365 325 238 367
Number of Districts 133 151 154 140 112 155
KP F-Stat 23.148 36.766 50.475 38.427 49.767 73.913
AR 95% CI [-.011, .049] [-.010, .048] [-.008, .039] [-.018, .021] [-.019, .014] [.005, .074]

Panel B. Dependent Variable: Diarrheal Post-neonatal Mortality (per 1,000 people)

Upstream number of -0.011∗ -0.012∗ -0.011∗ -0.012∗ -0.017∗∗∗ 0.003
latrines per sq. km (0.006) (0.006) (0.006) (0.006) (0.006) (0.010)

Observations 688 808 824 704 488 840
Number of Districts 86 101 103 88 61 105
KP F-Stat 58.692 61.264 78.696 78.481 77.325 83.728
AR 95% CI [-.026, .002] [-.025, .001] [-.023, .001] [-.026, .001] [-.030, -.004] [-.014, .027]
Mean of Dep. Variable 2.695 2.571 2.576 2.763 3.078 2.570

Notes: The coefficients are reported. Standard errors, clustered at the district level, are in parentheses. ***,
**, and * indicate significance at the 1%, 5%, and 10% levels, respectively. The sample is limited to monitoring
stations (Panel A) and districts (Panel B) located along major rivers in India. In Columns 1-5, I change buffer
sizes for identifying upstream districts. In Column 6, I include all upstream districts without the restriction on
a buffer size. Panel A includes monitoring station fixed effects, year fixed effects, and the following controls:
precipitation and the interaction of Available Water Capacity and post-SBM indicator of a reference district.
Panel B includes district fixed effects, year fixed effects, and the same controls as Panel A. The KP F-Stat refers
to the Wald version of the Kleibergen and Paap (2006) rk-statistic on the excluded instrumental variables for
non-i.i.d. errors. The AR 95% CI reports the 95% confidence interval, which is robust to the weak instrument
based on the Anderson and Rubin (1949) test.
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Table B3: The Effects on Multiple Types of Diarrheal Mortality (per 1,000 people)

(1) (2) (3) (4) (5)
Early-neonatal Late-neonatal Post-neonatal Age 1-4 Under 5

Number of latrines -0.240∗∗∗ -0.108∗∗∗ -0.029∗∗∗ -0.006∗∗∗ -0.013∗∗∗

per sq. km (0.040) (0.018) (0.005) (0.001) (0.002)

Observations 2,696 2,696 2,696 2,696 2,696
Number of Districts 337 337 337 337 337
KP F-Stat 39.248 39.248 39.248 39.248 39.248
AR 95% CI [-.345, -.175] [-.156, -.079] [-.042, -.021] [-.009, -.005] [-.018, -.009]
Mean of Dep. Variable 16.428 7.663 2.282 0.365 0.859
Average Policy Effect -6.800 -3.078 -0.827 -0.174 -0.355

Notes: The coefficients are reported. Standard errors, clustered at the district level, are in parentheses.
***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. All regressions include
district fixed effects, year fixed effects, and precipitation as a control. The sample is limited to districts
that have monitoring stations used in the specification of water quality. The KP F-Stat refers to the Wald
version of the Kleibergen and Paap (2006) rk-statistic on the excluded instrumental variables for non-i.i.d.
errors. The AR 95% CI reports the 95% confidence interval, which is robust to the weak instrument based
on the Anderson and Rubin (1949) test. Average policy effects are calculated by multiplying the estimated
coefficients by the change in the number of latrines per square kilometer after the SBM started in 2014.

Table B4: Falsification Tests

Log(Temperature) Log(pH) Log(BOD) Log(Dissolved O2) Log(Nitrate+Nitrite) Malaria Mortality (%)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Number of latrines per sq. km -0.0023 0.0001 -0.0034 -0.0008 0.0003 0.0000
(0.0015) (0.0005) (0.0037) (0.0010) (0.0162) (0.0001)

(1 - 2013 Latrine Coverage) -0.0297 -0.0060 -0.1051 0.0448 -0.5631∗

* Post (= 1) (0.0319) (0.0117) (0.1372) (0.0368) (0.3036)

Observations 7,103 10,945 7,176 11,069 7,084 10,928 7,094 10,920 6,379 7,494 2,696
R2 - 0.839 - 0.528 - 0.845 - 0.763 - 0.680 -
Number of Stations 1,179 1,185 1,189 1,187 1,184 1,185 1,181 1,180 1,142 1,149 -
Number of Districts 334 334 337 335 336 335 336 334 319 320 337
Identification IV DID IV DID IV DID IV DID IV DID IV
KP F-Stat 28.358 - 29.240 - 28.067 - 29.955 - 7.991 - 39.248
AR 95% Cl [-.005, .001] - [-.001, .001] - [-.011, .005] - [-.003, .001] - [..., .032] - [-.0002, .0003]

Notes: The coefficients are reported. Standard errors, clustered at the district level, are in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.
The IV specification in Columns 1, 3, 5, 7, and 9 includes monitoring station fixed effects, year fixed effects, and precipitation as a control. The IV specification in Column 11 includes
district fixed effects, year fixed effects, and precipitation as a control. The DID specification in Columns 2, 4, 6, 8, and 10 includes monitoring station fixed effects, basin-year fixed
effects, and the following controls: precipitation, VIIRS nighttime luminosity, population, the proportions of Scheduled Caste and Scheduled Tribe members, and literacy rates. In
Column 11, malaria mortality estimates for ages 0-4 are used. The KP F-Stat refers to the Wald version of the Kleibergen and Paap (2006) rk-statistic on the excluded instrumental
variables for non-i.i.d. errors. The AR 95% CI reports the 95% confidence interval, which is robust to the weak instrument based on the Anderson and Rubin (1949) test. The
open-ended confidence interval shows that the searched grids do not extend far enough to capture the point where the rejection probability crosses above the 95%.
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Table B5: Robustness Check - Spillovers from Neighboring Districts: The Effect on Water Quality
(Log of Fecal Coliform)

All State-level Capacity District-level Capacity

(1) (2) (3) (4) (5)
All High Low High Low

Panel A. IV Design

Number of latrines 0.027∗∗∗ -0.027 0.037∗∗∗ 0.017∗ 0.043∗∗∗

per sq. km (0.007) (0.019) (0.006) (0.009) (0.013)

Observations 7,253 3,605 3,648 3,300 3,953
Number of Stations 1,197 603 594 529 668
Number of Districts 489 260 229 185 304
KP F-Stat 44.626 14.440 54.539 26.013 15.433
AR 95% CI [.013, .042] [-.076, .010] [.027, .050] [-.003, .036] [.021, .081]
Average Policy Effect 0.655 -0.599 0.952 0.362 1.140

Panel B. DID Design

(1 - 2013 Latrine 0.663 0.952 1.542∗∗ 0.699 1.573∗∗

Coverage) * Post (= 1) (0.588) (0.869) (0.732) (0.877) (0.783)

Observations 10,464 5,131 5,285 4,850 5,573
R2 0.862 0.863 0.897 0.878 0.887
Number of Stations 1,194 581 608 528 663
Number of Districts 487 244 238 184 300

Notes: The coefficients are reported. Standard errors, clustered at the district level, are in
parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.
Panel A includes monitoring station fixed effects, year fixed effects, and precipitation as a
control. Panel B includes monitoring station fixed effects, basin-year fixed effects, and the
following controls: precipitation, VIIRS nighttime luminosity, population, the proportions of
Scheduled Caste and Scheduled Tribe members, and literacy rates. Column 2 reports a result
in states where treatment capacities of sewage treatment plants are higher than the median,
while Column 3 reports a result in states with lower treatment capacities. Similarly, Columns
4 and 5 compare results based on the different levels of treatment capacities at the district
level. The KP F-Stat refers to the Wald version of the Kleibergen and Paap (2006) rk-statistic
on the excluded instrumental variables for non-i.i.d. errors. The AR 95% CI reports the 95%
confidence interval, which is robust to the weak instrument based on the Anderson and Rubin
(1949) test. The open-ended confidence interval shows that the searched grids do not extend
far enough to capture the point where the rejection probability crosses above the 95%. Average
policy effects are calculated by multiplying the estimated coefficients by the change in the
number of latrines per square kilometer after the SBM started in 2014.
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Table B6: Robustness Check - Influence from Urban Areas

No Exclusion 50km Exclusion 100km Exclusion 150km Exclusion

(1) (2) (3) (4)

Panel A. Dependent Variable: Log(Fecal Coliform) - IV Design

Number of latrines 0.030∗∗∗ 0.039∗∗∗ 0.050∗∗∗ 0.072∗∗

per sq. km (0.008) (0.010) (0.015) (0.035)

Observations 7,201 5,295 3,716 2,492
Number of Stations 1,189 890 623 421
Number of Districts 337 284 196 125
KP F-Stat 29.954 25.785 17.574 5.693
AR 95% CI [.015, .049] [.021, .067] [.026, .099] [.026, ...]
Average Policy Effect 0.719 1.035 1.369 1.902

Panel B. Dependent Variable: Log(Fecal Coliform) - DID Design

(1 - 2013 Latrine 0.647 0.426 0.559 0.092
Coverage) * Post (= 1) (0.527) (0.643) (0.916) (1.204)

Observations 10,385 7,531 5,228 3,458
R2 0.860 0.861 0.883 0.886
Number of Stations 1,187 888 620 415
Number of Districts 335 282 193 119

Panel B. Dependent Variable: Diarrheal Post-neonatal Mortality (per 1,000 people)

Number of latrines -0.029∗∗∗ -0.028∗∗∗ -0.028∗∗∗ -0.028∗∗∗

per sq. km (0.005) (0.006) (0.006) (0.006)

Observations 2,696 1,512 1,512 1,512
Number of Districts 337 189 189 189
KP F-Stat 39.248 22.288 22.288 22.288
AR 95% CI [-.042, -.021] [-.049, -.019] [-.049, -.019] [-.049, -.019]
Mean of Dep. Variable 2.282 2.395 2.395 2.395
Average Policy Effect -0.827 -0.824 -0.824 -0.824

Notes: The coefficients are reported. Standard errors, clustered at the district level, are in parenthe-
ses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. In Columns 2-4,
I exclude monitoring stations (Panel A) and districts (Panel B) that are within a specified distance
from cities that have a population of 1 million and above. Panel A includes monitoring station fixed
effects, year fixed effects, and precipitation as a control. Panel B includes monitoring station fixed
effects, basin-year fixed effects, and the following controls: precipitation, VIIRS nighttime lumi-
nosity, population, the proportions of Scheduled Caste and Scheduled Tribe members, and literacy
rates. Panel C includes district fixed effects, year fixed effects, and precipitation as a control. The
KP F-Stat refers to the Wald version of the Kleibergen and Paap (2006) rk-statistic on the excluded
instrumental variables for non-i.i.d. errors. The AR 95% CI reports the 95% confidence interval,
which is robust to the weak instrument based on the Anderson and Rubin (1949) test. Average
policy effects are calculated by multiplying the estimated coefficients by the change in the number
of latrines per square kilometer after the SBM started in 2014.
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Table B7: Robustness Check - Balanced Panel: The Effect on Water Quality (Log of Fecal Coliform)

All State-level Capacity District-level Capacity

(1) (2) (3) (4) (5)
All High Low High Low

Panel A. IV Design

Number of latrines 0.024∗∗∗ -0.010 0.031∗∗∗ 0.009 0.039∗∗∗

per sq. km (0.009) (0.022) (0.008) (0.012) (0.014)

Observations 3,776 1,552 2,224 1,600 2,176
Number of Stations 472 194 278 200 272
Number of Districts 158 75 83 53 105
KP F-Stat 12.357 12.512 13.449 4.018 7.917
AR 95% CI [.009, .048] [-.072, .032] [.018, .053] [..., .048] [.018, .086]
Average Policy Effect 0.644 -0.209 0.926 0.210 1.137

Panel B. DID Design

(1 - 2013 Latrine 1.001 0.931 5.352∗∗∗ 2.993∗ 1.206
Coverage) * Post (= 1) (0.781) (1.146) (1.380) (1.616) (1.000)

Observations 3,433 1,625 1,781 1,572 1,847
R2 0.838 0.877 0.867 0.879 0.841
Number of Stations 276 130 144 126 149
Number of Districts 145 70 73 57 87

Notes: The coefficients are reported. Standard errors, clustered at the district level, are in
parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.
The sample is limited to monitoring stations that have observations every year from 2012
to 2019, which yields a balanced panel. Panel A includes monitoring station fixed effects,
year fixed effects, and precipitation as a control. Panel B includes monitoring station fixed
effects, basin-year fixed effects, and the following controls: precipitation, VIIRS nighttime
luminosity, population, the proportions of Scheduled Caste and Scheduled Tribe members,
and literacy rates. Column 2 reports a result in states where treatment capacities of sewage
treatment plants are higher than the median, while Column 3 reports a result in states with
lower treatment capacities. Similarly, Columns 4 and 5 compare results based on the different
levels of treatment capacities at the district level. The KP F-Stat refers to the Wald version
of the Kleibergen and Paap (2006) rk-statistic on the excluded instrumental variables for
non-i.i.d. errors. The AR 95% CI reports the 95% confidence interval, which is robust to the
weak instrument based on the Anderson and Rubin (1949) test. The open-ended confidence
interval shows that the searched grids do not extend far enough to capture the point where
the rejection probability crosses above the 95%. Average policy effects are calculated by
multiplying the estimated coefficients by the change in the number of latrines per square
kilometer after the SBM started in 2014.
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4.2 Chapter 2 Appendix

4.2.1 Additional Figures

Location on River
(Downstream Indicator)

0 1

Water
Pollution

Figure C1: Prediction of Negative Externality Theory

Notes: This figure shows a convex relationship between a downstream indicator and water
pollution implied by the negative externality theory of Lipscomb and Mobarak (2016).
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Figure C2: Trends of Logarithms of BOD Values in Merged and Not Merged Municipalities

Notes: This figure compares the changes in the logarithms of average BOD values (mg/L)
from 1990 to 2018 between the municipalities which experienced municipal mergers (Merged)
and the municipalities which did not experience the mergers (Not Merged). The vertical in
2001 shows the year when the first municipal mergers took place in our sample.
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Figure C3: Event Study Results (Early Mergers versus Late Merger)

Notes: The sample is limited to monitoring stations in municipalities that have experienced
mergers by dropping monitoring stations in municipalities that have never merged. This
figure shows coefficients of the Callaway and Sant’Anna (2021) estimator. The 95% confidence
intervals are shown with dashed lines. Standard errors are clustered at the municipality level.
This specification includes monitoring station fixed effects and year fixed effects.
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A. Callaway & Sant'Anna (2021)
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B. Two-way Fixed Effects
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C. Sun and Abraham (2021)

Figure C4: Event Study Results with Alternative Estimators

Notes: These figures compare the event study results among 3 alternative estimators. Panels A, B, and C show the
coefficients of the Callaway and Sant’Anna (2021) estimator, two-way fixed effects specification, and the Sun and
Abraham (2021) estimator, respectively. The 95% confidence intervals are shown with dashed lines. Standard errors
are clustered at the municipality level. Panel A includes monitoring station fixed effects and year fixed effects, while
Panels B and C include monitoring station fixed effects and basin-year fixed effects.
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B. Robustness: 1990-2018
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C. Robustness: 1999-2018

Figure C5: Event Study Results with Alternative Sample Periods

Notes: These figures show the coefficients of the Callaway and Sant’Anna (2021) estimator. Panel A is the baseline
specification when the sample years are 1996-2018, while Panels B and C are shown for robustness checks when the
sample years are 1990-2018 and 1999-2018, respectively. The 95% confidence intervals are shown with dashed lines.
Standard errors are clustered at the municipality level. All panels include monitoring station fixed effects and year
fixed effects.
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Figure C6: Event Study Results: Change in Land Use

Notes: These figures show the coefficients of the Sun and Abraham (2021) estimator. Four panels show results
when the dependent variables are the indicator which takes one if the majority of land use within 150 meters from
monitoring stations is the corresponding type. The 95% confidence intervals are shown with dashed lines. Standard
errors are clustered at the municipality level. All specifications include monitoring station fixed effects and basin-year
fixed effects as a control. The coefficients of event time before -5 are not shown because most of them are dropped
in the regressions.
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Figure C7: Event Study Results: Wastewater Treatment in Sewage Treatment Plants

Notes: This figure shows the coefficients of the Callaway and Sant’Anna (2021) estimator. The
95% confidence intervals are shown with dashed lines. This specification includes municipality
fixed effects and year fixed effects.
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4.2.2 Additional Tables

Table D1: DID Results: The Effect on Water Quality (Early
Mergers versus Late Mergers)

Log(BOD)

(1) (2)

Panel A: Callaway & Sant’Anna (2021) Estimator

Merger (= 1) 0.026 -0.005
(0.030) (0.030)

Panel B: Two-way Fixed Effects

Merger (= 1) 0.009 0.009
(0.013) (0.012)

Observations 44,689 38,856
R2 0.879 0.885
Number of Stations 1,943 1,943
Number of Municipalities 443 443
Product Shipment Values NO YES
Population NO YES
Mean of Dep. Variable 2.259 2.259

Notes: The sample is limited to monitoring stations in mu-
nicipalities that have ever merged. The coefficients are re-
ported. Standard errors are in parentheses and clustered at
the municipality level. ***, **, and * indicate significance at
the 1%, 5%, and 10% levels, respectively. Panel A includes
year fixed effects and monitoring station fixed effects, while
Panel B includes basin-year fixed effects and monitoring sta-
tion fixed effects. Mean dependent variables are the mean of
BOD values before municipal mergers started in our sample
(before 2001) in each specification.
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Table D2: DID Results: Change in Land Use

Agriculture Built-up Forest Non-use

(1) (2) (3) (4) (5) (6) (7) (8)
Dummy Share Dummy Share Dummy Share Dummy Share

Merger (= 1) -0.009 -0.003 0.007 -0.002 -0.008 0.000 0.004 0.001
(0.012) (0.006) (0.012) (0.006) (0.006) (0.003) (0.003) (0.002)

Observations 13,738 13,738 13,738 13,738 13,738 13,738 13,738 13,738
R2 0.866 0.953 0.884 0.955 0.920 0.976 0.689 0.763
Number of Stations 2,829 2,829 2,829 2,829 2,829 2,829 2,829 2,829
Number of Municipalities 900 900 900 900 900 900 900 900
Mean of Dep. Variable 0.382 0.376 0.421 0.409 0.181 0.173 0.006 0.015

Notes: The coefficients are reported. Standard errors, clustered at the municipality level, are in parentheses.
***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. Columns 1, 3, 5, 7 report
results when the dependent variables are the indicator which takes one if the majority of land use within
150 meters from monitoring stations is the corresponding type. Columns 2, 4, 6, 8 report results when the
dependent variables are the shares of the area of the corresponding type within 150 meters from monitoring
stations. All regressions are based on two-way fixed effects specification, which include both basin-year fixed
effects and monitoring station fixed effects. Mean dependent variables are the mean of dependent variables
before municipal mergers started in our sample (before 2001) in each specification.
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Table D3: DID Results: Wastewater Treatment in Sewage Treatment Plants

Effluent Water Quality Influent Water Quality (Placebo)

(1) (2)
Log(BOD) Log(BOD)

Panel A: Callaway & Sant’Anna (2021) Estimator

Merger (= 1) -0.043 0.039
(0.047) (0.034)

Panel B: Two-way Fixed Effects

Merger (= 1) -0.061 0.022
(0.043) (0.027)

Observations 5,733 5,733
R2 0.577 0.541
Number of Municipalities 273 273
Mean of Dep. Variable 6.769 195.029

Notes: The coefficients are reported. Standard errors, clustered at the municipality level
in Panel A, are in parentheses. ***, **, and * indicate significance at the 1%, 5%, and
10% levels, respectively. This specification includes municipality fixed effects and year
fixed effects. Mean dependent variables are the mean of BOD values before municipal
mergers started in our sample (before 2001) in each specification.
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4.2.3 Data Appendix

4.2.3.1 Construction of River Distance

We construct two distance variables, U and D, based on the following steps.

1. We perform inverse distance weighting (IDW) interpolation on the river node point layer to

create a 300-meter raster elevation layer, which is at a finer resolution than readily available

Digital Elevation Models (DEMs) and is highly accurate along river paths.

2. We use the river polyline layer and the municipality boundaries layer and intersect them by

point to obtain municipality entry/exit points of rivers.

3. We attach elevation information to both the “entry/exit point” layer and the monitoring

station layer using the raster feature to point tool.

4. To reduce margins for error, we only focus on monitoring stations that are located within 2km

of the river polyline by conducting spatial queries.

5. We build a network based on the river polyline layer and perform a “find the closest facility”

analysis to pick the six closest border boundary points along the river for each monitoring

station and obtain distances for these routes.

6. We use the elevation information to determine whether each selected border boundary points

are upstream or downstream of the monitoring station, after which we find the closest upstream

and downstream border boundaries for each monitoring station and finally obtain values for

U and D.

4.2.3.2 Construction of Land Use Measures

We compute the numbers of pixels corresponding to the following four land use classifications within

the 150-meter buffer of each monitoring station.14 Then, we compute the share of pixels for each

classification and the binary land use indicator of whether each classification has the largest number

of pixels.

1. Agriculture: rice paddies and other agricultural land

2. Forest: areas with dense perennial vegetation
14 Although the original data have finer land use classifications, we regrouped them into four classifications for

analysis. We also dropped the pixels corresponding to sea and river water, road, railroad, and golf course.
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3. Built-up: residential or urban areas where buildings are densely built up, and athletic fields,

airports, racetracks, baseball fields, schools, and harbor areas

4. Non-use: wasteland, wasteland, cliffs, rocks, perennial snow, wetlands, and mined land
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4.3 Chapter 3 Appendix

4.3.1 Additional Figures
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Figure E1: The Contemporaneous Effect of Temperature on Latrine Investment

Notes: This figure plots the estimated contemporaneous effect of temperature on latrine investment, which
is obtained by fitting equation (3.5) without including lagged temperatures. The 15-20 ○C bin serves as
a reference bin and is dropped from the regression. Markers with whisker lines plot temperature bin
estimates and associated 95% confidence intervals. Standard errors are clustered at the district level.
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Figure E2: The Cumulative Effects of Temperature on Latrine Investment (Prior to 2016)

Notes: This figure plots the estimated effects of temperature on latrine investment during the period prior to 2016,
which are obtained by fitting equation (3.5) where three years of lags are included. The 15-20○C bin serves as
a reference bin and is dropped from the regression. Markers with whisker lines plot temperature bin estimates
and associated 95% confidence intervals. Standard errors are clustered at the district level. All panels report the
cumulative effects, which are the sum of contemporaneous effects and lagged effects. Panel A shows the cumulative
effects in all districts. Panel B shows the cumulative effects in all districts with baseline temperatures lower than the
sample median, while Panel C shows the cumulative effects in districts with higher baseline temperatures.
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Figure E3: The Effects of Temperature on Latrine Use with Different Reference Periods

Notes: This figure plots the estimated effect of temperature on latrine use for each reference period, which is obtained
by fitting equation (3.6). The 15-20○C bin serves as a reference bin and is dropped from the regression. Markers with
whisker lines plot temperature bin estimates and associated 95% confidence intervals. Standard errors are clustered
at the village level.
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4.3.2 Additional Tables

Table F1: The Cumulative Effects of Temperature on Latrine Investment (Number of Latrines per
1,000 Households) with Different Number of Lags

Number of Lags (Years)

(1) (2) (3) (4) (5)
1 Year 3 Years 6 Years 8 Years 10 Years

Number of days below 5○C 9.974∗∗∗ 26.751∗∗∗ 22.915 48.679∗∗ 99.116∗∗

(3.782) (7.742) (19.089) (22.427) (42.665)

Number of days 5-10○C 6.983∗∗∗ 20.313∗∗∗ 30.853∗∗∗ 31.050∗∗∗ 46.247∗∗∗

(2.145) (4.991) (10.638) (11.831) (14.344)

Number of days 10-15○C 1.543 4.480∗∗ 6.433∗ 16.232∗∗∗ 29.489∗∗∗

(1.086) (2.044) (3.658) (5.313) (7.724)

Number of days 20-25○C 1.902∗∗ 5.371∗∗∗ 2.902 2.330 7.960
(0.855) (1.740) (3.811) (5.069) (5.120)

Number of days 25-30○C 1.054 3.417∗ 0.525 -0.604 4.871
(1.036) (1.990) (4.082) (5.260) (5.168)

Number of days 30-35○C 0.311 0.998 -1.155 -1.318 4.397
(1.061) (2.063) (4.345) (5.437) (5.763)

Number of days above 35○C 1.860 3.036 -1.743 -0.495 2.504
(1.593) (2.724) (5.283) (7.329) (7.988)

Observations 4,872 4,872 4,872 4,872 4,872
Mean of Dep. Variable 267.977 267.977 267.977 267.977 267.977

Notes: This table reports the estimated effects of temperature on latrine investment with
a different number of lags (years), which is obtained by fitting equation (3.5). The 15-
20○C bin serves as a reference bin and is dropped from the regression. All columns show
the cumulative effects, which are the sum of contemporaneous effects and lagged effects.
Standard errors, clustered at the district level, are in parentheses. ***, **, and * indicate
significance at the 1%, 5%, and 10% levels, respectively.
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