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Chapter 1

Introduction

The unifying theme of this dissertation is the focus on technologies that improve life quality

directly and indirectly, and which are so essential that the United Nations General Assembly

declared them basic human rights. Access to safe drinking water and sanitation was declared

a human right in Resolution 64/292 of the United Nations General Assembly in 2010, which

also acknowledged that clean drinking water and sanitation are essential to the realization of

all human rights. The right to education was already recognized in 1948 in Article 26 of the

Universal Declaration of Human Rights. Yet in some regions of the world, it is still a challenge

to properly deliver these basic services to a large share of the population, which makes these

people vulnerable and trapped in poverty. The following chapters touch upon issues of social

development in Mozambique (access to water and sanitation in chapters 2 and 3) and in India

(human capital development in chapter 4).

This section provides a wider context for these chapters. It broadly discusses three topics:

firstly, it sheds light on the status, promises and challenges of achieving adequate sanitation for

all, especially those living in rural areas of low income countries (section 1.1.1); secondly, it

discusses some aspects of schooling and economic performance in India (section 1.1.2); and

thirdly, it introduces the data used in the chapters (section 1.2.1) and basic concepts of causal

inference methods used to produce empirical evidence, including the findings presented in the

following chapters (section 1.2.2). This is followed by a short introduction to each of the three

main chapters in sections 1.3, 1.4 and 1.5.

1
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1.1 Background

Chapter 3 focuses on specific aspects of access to safe water and sanitation in Mozambique,

and the same is true for chapter 4 with regard to human capital development in India. This

section provides an introduction to these topics with the aim to give a wider context for the

individual chapters.

1.1.1 The long road to safe sanitation for all

As recently as in 2017, two billion people or about a quarter of the world’s population had

no access to a toilet or latrine facility, 680 million practiced open defecation,1 and 2.2 billion

people had no access to safely managed drinking-water services.2 These numbers are about

three times as large as the share of population living in extreme poverty,3 which was estimated at

700 million people in 2015. Most of the burden of coping with the consequences of poor water,

sanitation and hygiene (WASH) conditions falls on the poorest 50 percent of the population in

developing countries.4 Unsafe WASH conditions are primarily linked to an increase in the risk

of diarrhea and other water-borne and water-related diseases,5 especially among young children

under the age of 5 (Waddington et al., 2009). The increased disease burden can also increase

the severity of malnutrition and stunting (WHO, 2019).

In addition to improving the health of children (Fewtrell et al., 2005), improving the water,

sanitation and hygiene situation is also expected to promote school attendance, especially of

girls,6 particularly when schools are equipped with safe and private sanitation facilities (WHO,

1 Open defecation is the practice of defecating in the open, for example, in fields, bushes and rivers, rather than

using a toilet.
2 Figures obtained from the World Bank Database at https://data.worldbank.org/indicator
3 Since 2015 the World Bank set the absolute minimum poverty line at $1.90 a day calculated using purchasing

power parity.
4 For detailed data on WASH coverage by wealth categories, see https://washdata.org/
5 Water-borne diseases are those that are transmitted through contact with or consumption of infected water.

Examples include diarrheal diseases, cholera, typhoid and hepatitis A and E. Water-related diseases are caused

directly or indirectly by the condition, quantity or quality of any waters. In addition to water-borne diseases, these

among others also include diseases spread by insects, for example, dengue and malaria.
6 Safe and private sanitation promotes the dignity and safety of pubescent-age girls, who often suffer physically and

emotionally from the societal changes, including threats of verbal and physical harassment, associated with the

onset of menstruation (Adukia, 2017).

https://data.worldbank.org/indicator
https://washdata.org/
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2019, Adukia, 2017).

Due to its multifaceted benefits, access to safe drinking water and hygienic sanitation is

essential for fighting poverty and inequality and for a sustainable future in developing countries.

Millennium Development Goal 7c focused on halving the population without sustainable access

to safe drinking water and basic sanitation. Due to numerous programs deployed to reach this

target, the percentage of population practicing open defecation declined from 50 percent in

2000 to 32 percent in 2015 in the rural areas7 of low income countries. At the same time,

access to improved water sources increased from 42 percent to 56 percent in these areas. These

figures suggest that despite successes in the last decades, there is still a lot to do to achieve

access to safe water and sanitation for all by 2030, the sixth of the Sustainable Development

Goals of the United Nations.

But why do so many people in rural areas not have access to a latrine or toilet facility and

go to defecate in the bushes and other open areas? Is it because they cannot afford a latrine;

because they are not aware that it is bad for their family’s health; because they do not know how

to build a latrine; or because it is part of their culture? Understanding the local socioeconomic

and cultural context is essential for designing effective strategies to eliminate open defecation

(Alzúa et al., 2020). For example, if the most important constraints are economic in nature, such

as poverty or the collective decision making problem in the face of negative health externalities,

then subsidies and infrastructure building projects can work. However, if people are not aware

of the benefits of sanitation or do not have strong norms against open defecation, the installed

toilet facilities will not be used as intended, and subsidies will also not work. In such cases,

programs aimed at changing social norms and creating social pressure are more likely to work

with or without subsidies (Guiteras et al., 2015).

One recent innovation is the behavior-change inducing community-based sanitation

program called the Community-Led Total Sanitation (CLTS) approach pioneerd by Kamal Kar

in Bangladesh (Kar and Chambers, 2008). Due to its early successes and relatively low-cost

implementation, it quickly became one of the most widely adopted approaches to sanitation in

developing countries, and spread to 60 countries in one and a half decades (Bongartz et al.,

2016). In its essence, CLTS uses a confrontational approach to eradicate open defecation

7 The focus here is on rural areas because nine out of ten people defecating in the open live in rural areas (WHO

and UNICEF, 2015).
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which includes the mapping of locations used as “toilets”, visiting these locations during the

“walk of shame”, and the triggering moment of demonstrating the fecal contamination of food

(Kar and Chambers, 2008). After the awareness is raised, the solutions in the form of latrine

construction based on local materials is discussed, and the community pledges to build

latrines. In its pure form, no subsidies are provided to promote latrine construction. After the

training, the facilitators follow-up with the communities until they become Open Defecation

Free (ODF), meaning that all households own and use a latrine and there are no fecal

contaminants lying around in the community, which is verified during the ODF evaluation

campaigns. According to Kar and Chambers (2008) the success of CLTS is related to factors

including health problems, leadership, size of the community (smaller is easier) and

geographical factors (remoteness).

A number of recent studies evaluated the effectiveness of CLTS, and found that while it

positively affected latrine or toilet use (Whaley and Webster, 2011, Crocker et al., 2017,

Cameron et al., 2019, Alzúa et al., 2020), its effect on childhood diarrhea, stunting and other

water- and soil-transmitted diseases was often insignificant (Clasen et al., 2014, Patil et al.,

2014, Cumming et al., 2019) with only a few studies reporting a positive health effect

(Pickering et al., 2015).

This points to a number of shortcomings reported with respect to CLTS. Because the focus

of CLTS is to apply local solutions and local materials to address sanitation, most latrines

and toilet facilities are simple traditional pit latrines, which do not satisfy conditions for safe

sanitation (i.e. a durable slab, a lid that properly closes the pit, a superstructure that provides

privacy, and the presence of a hand-washing facility with soap or ash, see IOB, 2011) and

display varying quality.8 Traditional pit latrines not equipped with the above listed items (for

example, with a lid that closes properly) may not be effective in breaking the transmission

pathway of fecal contaminants to food and people. Achieving safe sanitation is often a long

process (Schmidt, 2014), and work still needs to be done even in communities that became

Open Defecation Free until all households have progressed up the “sanitation ladder” and own

8 The Millennium Development Goals defined safe sanitation in terms of improved sanitation facilities as

categorized by WHO (flush or pour-flush to piped sewer system, septic tank or pit latrine; ventilated improved

pit latrine; pit latrine with slab; and composting toilet). This concept was translated into more flexible conditions

that characterize safe sanitation in the text above. The Sustainable Development Goals also moved away from the

rigid improved sanitation concept and aim at “adequate and equitable sanitation for all.”



1.1. BACKGROUND 5

improved and safe sanitation facilities. Providing subsidies for improved sanitation facilities at

least for the poor and marginalized households may work once the social norm regarding open

defecation has changed (Pattanayak et al., 2009, Guiteras et al., 2015, Bongartz et al., 2016).

Involving local artisans is also important to create a supply of locally available safe sanitation

products (IOB, 2011).

Another issue is that people may slip back to practicing open defecation or some people

may still be practicing it even in communities that were declared open defecation free (Alzúa

et al., 2020). The slippage is particularly an issue for poor quality latrines that may collapse or

do not last long, which may demotivate people to rebuild them. This hints again that achieving

safe sanitation for everyone in the community is a long process, and the sustainability of the

program results need to be addressed in any sanitation program early on (Bongartz et al., 2016).

Importantly, sanitation facilities are only one pillar in the WASH strategy to promote health.

Proper handwashing with soap or ash before eating and after defecation/handling excreta are

just as important as access to clean drinking water (Fewtrell et al., 2005, Cairncross et al.,

2010). Because many households in poor rural areas carry their water from a water source, it is

not enough to provide clean water at the source, but it is also necessary to focus on water quality

at the point of use. Indeed, many water interventions focus on water treatment (for example,

chlorination) at the point of use (Fewtrell et al., 2005, Cairncross et al., 2010, Cumming et al.,

2019).

Solutions for safe sanitation used in Western countries (i.e. flush toilets connected to a

sewer) are unlikely to be practicable in poor rural areas, especially in those vulnerable to water

scarcity. This creates an opportunity to invent sustainable and practicable sanitation solutions

that can also recover water, generate renewable energy and nutrients from fecal waste,9 and

importantly are also affordable. However, these solutions are the song of the future, while this

dissertation looks at the improvements achieved in the past decade.

In particular, Chapters 2 and 3 investigate a large-scale integrated WASH program in rural

Mozambique between 2008 and 2013, and discuss how the program contributed to the country’s

Millenium Development Goal targets on access to safe drinking water and basic sanitation. At

the time of the program, in 2010, only 35 percent of the rural population in Mozambique used

9 See for example the “Reinvent the Toilet” challenge of the Bill & Melinda Gates Foundation (https://www.

rti.org/impact/reinventing-toilet).

https://www.rti.org/impact/reinventing-toilet
https://www.rti.org/impact/reinventing-toilet
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improved water sources (such as a borehole or a protected well),10 and 9.5 million people

or almost 40 percent of the population were practicing open defecation (WHO and UNICEF,

2012).

Chapter 4 shifts the focus to India, where open defecation is also a serious issue with 344

million people or 26 percent of the population still practicing open defecation in 2017 (World

Bank Database) despite the large-scale nationwide Total Sanitation Campaign to end open

defecation in the last two decades (Pattanayak et al., 2009, Patil et al., 2014). However, this

chapter looks at a different but also important topic for sustainable economic development: the

advances in the level of education and the equality of opportunity in education between 1983

and 2011.

1.1.2 Schooling and economic performance in India

India’s economy has been one of the fastest growing in the world with an average growth rate of

4.3 percent between 1983 and 2011. During this period India also experienced a restructuring

of its economy. In the 1980’s India’s growth was mainly driven by the agricultural sector as

a result of the green revolution. This had a poverty reducing effect as it reached rural areas in

particular while also benefiting the urban poor (Datt and Ravallion, 2011).

However, a macroeconomic crisis hit the Indian economy in the early 1990s. As a

response, a number of economic reforms were implemented to restart the Indian economy and

to control inflation and the balance of payments deficit. The reforms focused on liberalization

of trade and industrial activities, and encouraged foreign direct investment into high

technology and high-investment sectors. Consequently, in the 1990s the engine of growth

shifted to the manufacturing and construction industries in urban areas and mostly bypassed

many of India’s poor (Datt and Ravallion, 2011). Castelló-Climent and Mukhopadhyay (2013)

argued that a minority of workers with tertiary education contributed the most to economic

growth. At the same time, Bosworth et al. (2007) and Fulford (2014) found that workers with

at least high school education had the highest returns to education.11

Looking at the education level of India’s workforce, a relatively large share of the

10 Source: http://mdgs.un.org/unsd/mdg/data.aspx
11 Bosworth et al. (2007) and Fulford (2014) report returns to education that showed the largest jump when moving

from primary to high school education. Post-graduate education did not increase the returns significantly.

http://mdgs.un.org/unsd/mdg/data.aspx
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population is illiterate. Between 1983 and 2011, illiteracy decreased from 56 percent of the

working age (16-64 years) population in 1983 to 28 percent in 2011, which is still a high rate

by international standards. At the same time, the share of high school graduates also tripled

from 11 to 35 percent.12

These gains in educational attainment are in part due to affirmative action programs

targeting the socially disadvantaged groups (Azam and Bhatt, 2015, Cassan, 2019). The

stratification of Indian society by castes, religion, and ethnic boundaries is reflected in

inequalities of educational attainment of the different groups (Desai and Kulkarni, 2008).

Affirmative action policies were put in place in the form of quotas for political representation,

public employment, and (higher) education since independence in 1947. In addition, a number

of schemes were introduced to promote education among the above-mentioned disadvantaged

groups in the form of midday meals, scholarships, free secondary schooling, uniforms, and

books (Desai and Kulkarni, 2008, Cassan, 2019). The Government of India also started a

program to promote universal primary education in 2000 (Adukia, 2017).

Public investments in education and health have helped improve education outcomes,

including for individuals who come from socioeconomically disadvantaged backgrounds (Datt

et al., 2020). However, the degree of success has been uneven, possibly in part stemming from

state level variation in the scope and effectiveness of public policies. As a results, there is a

substantial variation in the literacy rates and educational attainment across the regions and

states. In 2011, the Census of India reported that Kerala state had the highest literacy rate with

94 percent, while Bihar state had the lowest rate with only 64 percent.

Gender inequality in literacy and educational attainment is also an issue of concern. While

the gender gap in literacy has fallen from about 30 percent in 1983 to 20 percent in 2011, it

has actually increased for the share of high school graduates from 10 to 14 percent.13 The

inequalities between men and women are rooted in the cultural gender norms in India, where

women generally play a subordinate role to men. A good example is the tradition that women

move into the house and family of their husband upon marriage, which is still often arranged.

Religious practices are also often male dominated, as well as, inheritance customs. These all

12 These figures were calculated by the author based on the Consumption expenditure module of the National Sample

Surveys of India.
13 The gender gap in primary school attainment has also decreased from 15 to 5 percent. These figures were

calculated by the author based on the Consumption expenditure module of the National Sample Surveys of India.
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contribute to a preference for sons in many Indian families across all castes. Sons are viewed to

be more useful for supporting the family as they contribute their income to the household. This

more often than not can result in a preferential treatment of sons also with regard to education.

School infrastructure may also contribute to the level of literacy. Adukia (2017) writes

that roughly half of the schools lacked basic sanitation facilities in 2002. She found that the

absence of improved school latrines contributed to girls dropping out of school due to safety

and privacy concerns. Teachers, especially female teachers, may also be more willing to work

at a school with proper sanitation facilities (Kremer et al., 2005). Female teachers may also

serve as a role model for girls and provide a safer environment for learning. Poor learning

outcomes may partially be also explained by teacher absenteeism (Duflo et al., 2012). Kremer

et al. (2005) found that 24 percent of teachers were absent during school hours, with higher

rates concentrated in poorer regions.

However, poverty remains one of the most important factors contributing to school

dropouts. Helping out at home or in agricultural labor can put an end to the education of a

child, especially to that of daughters. Decreasing poverty levels as a result of inclusive

economic growth could help reduce the pressure on these children to drop out of school.

However, unequal employment opportunities across the different castes may decrease the

interest in education for children from lower status castes. As a result, there continues to be a

significant variation in education outcomes across individuals from different socioeconomic

backgrounds in India.

1.2 Gathering evidence

The data, the methods used for generating insights, and the usefulness of these insights are key

elements determining the fate of an empirical paper. In this section, these are briefly discussed

with regard to the following chapters.

1.2.1 Finding the data

The results of any analysis are only as good as the data used for it. This dissertation could not

have been written had data not been collected by various survey and research teams.
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The data used in chapters 2 and 3 were collected by the survey firm WE Consult with the

purpose to evaluate the impact of the One Million Initiative, an integrated WASH program in

Mozambique. For this purpose, 1600 households were surveyed in 80 villages, some of which

received the program and some did not. The households were interviewed in 2008, and re-

interviewed in 2010 and 2013 (when possible), providing us with a household panel database.

For the analysis, it is important to have multiple observations on the same households,

because we get more precise estimates when comparing the outcomes (for example,

handwashing with soap) of the same household over time as opposed to when comparing the

current outcome of one household to the past outcome of another household. This is because

some household characteristics that we do not observe (for example, the number of friends

who use soap) may influence the outcome observed for the households, thereby introducing

noise or potentially a bias in our treatment effect estimate. We mitigate the effect of observed

household characteristics (for example, the education level, the number of children and

household wealth) by controlling for them in our analysis.

In chapter 4, the primary source of data is the National Sample Surveys (NSS) of India for

the years 1983, 1987, 1993, 1999, 2004, and 2011. The NSS is a rich database of household

consumption expenditures and other household characteristics, and was first collected to

inform policy makers in the 1950s. It is a nationally representative sample, and each survey

round mentioned above provides information on each member of over 100,000 households.

However, in each survey year different households are interviewed. We aggregated the

household member data to the administrative unit level which was comparable across all

survey years, thereby creating a panel database. Another reason for aggregating the data over

households was that we were interested in the distribution of socioeconomic variables in the

population of the administrative units.

1.2.2 Methods for causal inference

A large share of empirical economic analysis, including the main chapters in this thesis, is

concerned about uncovering causal relationships, for example, measuring the impact of an

education policy on student performance or later life earnings.



10 CHAPTER 1. INTRODUCTION

To calculate the treatment effect of the program (D),14 we would ideally compare the grades

(Y) of students (i) when participating in the program (Yi|Di = 1), compared to the same students

not participating in it (Yi|Di = 0). However, for each student we only observe one realization:

either with or without the program. Therefore, to estimate the difference, we have to make

assumptions about the unobserved situation what would have happened to the grades of students

who participated in the program, had they not done so. We call this unobserved situation

the counterfactual. The assumptions we make about it determine the type of analysis and its

scientific rigorousness and acceptance.

Before discussing the types of assumptions we could make, let us first consider the main

properties we would ideally like to satisfy when estimating the causal effect of a program on

its (potential) beneficiaries. These are internal and external validity.

Internal validity measures the degree to which a study is able to measure the true size of

a hypothesized causal relation between the variables of interest (for example, the impact of

a new curriculum on student performance) in the study sample. There are usually a number

of possible causes that may explain an observed relation, for example, the changes in both

variables could be caused by a third variable (confounding), or the sample used to establish the

relation may affect the size of the estimates (sample selection bias). The task of a researcher

is to rule out all the alternative explanations that may bias the estimation, and show that the

calculated relation can be attributed to the variable of interest (i.e. the program). The more

control a research method gives to the researchers in selecting their sample and shielding this

sample from other sources of influence, the higher the internal validity of the method.

At the same time, too much control may reduce the ability of a study to generalize its

findings to other contexts than that of the study, which we call the external validity of the

study. For example, government officials may be less motivated in successfully implementing

the same program compared to the NGOs involved in the study to show their program’s

effectiveness. In addition to measuring the effect of a program, studying the past is often also

meant to provide us with insights about what we can expect to happen in a similar situation in

the future, potentially, at another location and for other beneficiaries. For example, if a

program is to be scaled-up, we would like the study sample to be similar to the targeted

14 In the discussion I assume that program D was either fully implemented or not at all. I do not consider a scale of

different treatment intensities.
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beneficiaries. For instance, even if a new curriculum relying on digital technology is shown to

improve student learning when tested in the best schools, it may be less effective or even

contraproductive in schools with limited resources or with socioeconomically disadvantaged

students. The ability of a study to draw generalizable conclusions determines its usefulness for

other researchers and policymakers. We will return to the issue of external validity after

introducing a selection of the research methods.

Using the notation introduced above, the average treatment effect is calculated as the

expected value of the difference in outcomes with and without the program for all potential

program beneficiaries: E((Yi|Di = 1) − (Yi|Di = 0)), where the first term can usually be

calculated using the outcomes of the actual program beneficiaries and the second term is the

counterfactual.

Perhaps the most intuitive method to calculate the treatment effect would be to compare

the outcomes (for example, the grades of students) before and after the program (for example,

more group discussions in class). This method assumes that the value of the outcome variables

does not change in the absence of the program, i.e. the counterfactual is the past value of the

outcome variable. However, there are usually several factors that could potentially affect the

outcome variables. For example, the difficulty of the study material may have changed or the

students may have had less time to study due to other (compulsory) activities, etc. The before-

after comparison cannot distinguish between these alternative explanations. Calculating the

counterfactual using a control group that did not participate in the program can help attributing

the changes to different factors.

One powerful tool to calculate the counterfactual is to randomly assign sampled eligible

beneficiaries to the program and strictly enforce compliance with this assignment to a

treatment and control group. As a result of the randomization, the expected value of the

outcomes in the two groups is identical when they do not receive the program

(E(Yi|Di = 0) = E(Y j|D j = 0)), where i refers to students randomly selected to participate in

the program, and j to those excluded from it. Taking the difference in the mean value of the

outcomes between the treatment group and the control group (E(Yi|Di = 1) − E(Y j|D j = 0))

then gives an unbiased estimate of the average treatment effect of the program. Such settings

are called randomized controlled trials or RCTs, and in terms of internal validity they are

viewed as the “gold standard” (Ravallion et al., 2018). Economists borrowed this research
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method from the medical sciences. Abhijit Banerjee, Esther Duflo and Michael Kremer first

popularized it in development economics using field experiments, translating the above

described experimental research method to project evaluations covering various topics in

developing countries.15 Lessons learned from such RCTs to fight poverty were compiled in

Duflo and Banerjee (2011). Most of the studies cited above about the impact of sanitation

interventions (Alzúa et al., 2020, Cameron et al., 2019, Guiteras et al., 2015, and others) were

also carried out using RCTs. In the last two decades RCTs have been widely used for impact

evaluations in all fields ranging from education (Kremer and Holla, 2009, Duflo et al., 2012,

Kremer et al., 2013) to microfinance (Karlan and Valdivia, 2011, Bauchet et al., 2011,

Banerjee et al., 2015) and more.

For RCTs it is sufficient to know the outcomes of the treatment and control samples after

the program was implemented because the randomization ensures that the group mean has the

same expectation in the treatment and control group prior to the program. However, it is not

always possible to randomize the treatment status in programs. For example, social programs

(for example, a new school curriculum) are often rolled out for everyone living in a certain

area. In that case, a comparison group can only be selected from other areas not affected by the

program. At these locations the population distribution of the outcome of interest (for example,

the students’ grades) may differ from that in the program area already prior to the program

implementation.

In such situations, collecting information in the treatment and comparison samples before

(baseline, B) and after (endline, E) the program implementation is a practicable and often used

approach to program evaluation. Comparing the mean change in outcomes in the treatment (i)

and comparison ( j) groups before and after the program (E(YE
i − YB

i ) − E(YE
j − YB

j )) produces

the difference-in-difference (diff-in-diff) estimate of the treatment effect on the treated. The

additional counterfactual assumption underlying this estimator is that in the absence of the

program the outcome variable in the treatment group would change with the same rate as that

observed in the comparison group (parallel trend assumption).

The internal validity of this approach rests on the comparability of the treatment and

comparison group. Hence, sampling is an essential component of the method. When

15 For their experimental approach to alleviating global poverty Abhijit Banerjee, Esther Duflo and Michael Kremer

were jointly awarded the Nobel Memorial Prize in Economics in 2019.



1.2. GATHERING EVIDENCE 13

randomization of the program locations (for example, schools or districts) is not possible,

matching methods can be used to select treatment and comparison locations that are

comparable in terms of relevant observed characteristics. Randomization of the sample within

these locations is an important tool to facilitate the calculation of the expected value of the

mean outcome for each location. The process of randomization can also be stratified by

sub-groups (for example, by gender or age) to ensure representation. After all the data has

been collected, it is possible to further increase the comparability between the treatment and

comparison group, by controlling for observed characteristics in a regression analysis.

However, ideally this step is not necessary if the sampling strategy results in similar treatment

and comparison samples.

As the above discussion shows, collecting repeated observations or panel data on the same

individuals can help substitute some of the control over the sample at the cost of additional

assumptions (for example, the parallel trend assumption). Collecting further data can help

increase the confidence in these assumptions, and hence in the internal validity of the method.

For example, if we had two observations before the program was implemented, we could

calculate the trend in the outcome variables also for the treatment group. Before-program

similarity in the trend between the treatment and comparison groups would increase our

confidence in the internal validity of the diff-in-diff estimator. Similarly, observing a zero

diff-in-diff estimate for variables not affected by the program could also increase the

credibility of the method. However, gathering additional data is costly. Additional data may

also just as well point to faults in the assumptions made about the data generating process

rather than prove them right. More on this topic follows in the next section and in chapter 2.

With the rise of computing power, program evaluations using data on thousands of

observations on households have become more affordable. Researchers have long advocated

governments and aid agencies to carefully assess the impact of their programs, and RCTs and

other rigorous evaluations have become more and more widespread as a result. However,

questions about the impact of institutions and socioeconomic indicators such as

socioeconomic mobility are much harder to quantify than that of a well-defined program

which has a clear starting date and only affects a subset of the eligible population. There are

also numerous factors affecting the potential outcomes of interest, such as economic growth or

the share of population with higher education. Notice how these questions may move the
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analysis from the household (micro) to the national or regional level (macro). Importantly, the

analysis relies on observational data, often collected through national socioeconomic surveys,

where there are no a priori defined treatment and control groups.

Naturally occurring quasi-experiments are also often exploited to identify the treatment or

causal effect of interest (Rosenzweig and Wolpin, 2000). The assumption behind such natural

experiments is that some components of observational data are random (for example, twin birth

or weather events). When such random variation demonstrably affects the independent variable

of interest (for example, schooling) and it is exogenous or independent from other unobserved

factors affecting the outcome variable of interest (for example, student ability), this random

or instrumental variable can be used to identify the effect of the independent variable on the

outcome variable (for example, returns to schooling). This instrumental variables estimation is

the most widely applied approach to identify causal or treatment effects using non-experimental

data (Rosenzweig and Wolpin, 2000). However, the credibility that the selected instrument

satisfies the identification assumption of exogeneity (internal validity) is often debated as it

cannot be empirically validated.

Relying on economic theory or another theory of change16 can be used to construct an

empirical model (i.e. assumptions) and testable hypotheses about the impact of interest. Using

structural models contributes to our understanding of the mechanism that drives the observed

results. Deaton (2010) argues that in order for treatment effect estimates to be useful for policy

analysis a causal model is needed. Indeed, a number of recent studies (Todd and Wolpin, 2010,

Duflo et al., 2012) combine structural models to interpret experimental results.

Deaton (2020) makes the case that no single study, no matter how rigorous, can lead to

claiming causality.17 It is the cumulative evidence from many studies, triangulation and

learning about causal processes over time and in different contexts that can lead to generally

applicable (externally valid) conclusions over causality. Well-designed and carefully

implemented observational studies can be just as informative as randomized experiments in

learning about causal mechanisms. Pritchett and Sandefur (2013) also warn that

“non-experimental estimates from the right context are, at present, a better guide to policy

16 The theory of change explains through what channel and intermediate outcomes the variable under investigation

affects the outcome of interest.
17 Angus Deaton was awarded the Nobel Memorial Prize in Economics in 2015 for his analysis of consumption,

poverty and welfare.



1.3. PICKING WINNERS 15

than experimental estimates from a different context.” The market structure, institutions and

the economy affect the size of the treatment effect, and lead to a heterogeneity in the

underlying causal parameters, which do not necessarily translate between contexts (Pritchett

and Sandefur, 2013, Vivalt, 2015). What works in one randomized experiment, might not

replicate somewhere else or when it is scaled up. The limited external validity of individual

studies actually makes the case for a wider variety of approaches to uncovering causal

relations and assessing whether they lead to similar conclusions (Deaton, 2020).

So far, the discussion implicitly assumed that there was one “true” treatment effect to be

estimated in the study population. However, treatment effects can often be quite different

among the potential beneficiaries. Without perfect experimental control this can result in

selective compliance with the assigned treatment or selection into the treatment group based

on the expected size of the treatment effect, which leads to a bias in the estimation of the

average treatment effect using the approaches described above. Instrumental variable

estimation does not solve this problem, as the choice of instrument affects the treatment effect

estimates (Heckman, 1997). In chapter 2 one potential solution for this problem is discussed

in the context of selecting beneficiaries based on the expected gains from the program, which

Heckman et al. (2006) called “essential heterogeneity” or “selection on gains”.

1.3 Picking winners

Collecting repeated observations on the same unit of observation can help us learn about the

underlying mechanisms driving the observed patterns in the data. Each new round of surveys

allows us to construct a richer representation of the world, and test whether the assumptions

made in the simpler model are supported or rejected by the additional data.

Chapter 2 is the product of such a process. Chris Elbers, Jan Willem Gunning and I

evaluated the One Million Initiative in Mozambique using the difference-in-difference

approach based on two rounds of surveys collected in 2008 and 2010 in Elbers et al. (2012).

As the program was continuously rolled out in the program area between 2008 and 2013, a

third round of survey in 2013 was planned already from the outset of the program. It was

expected to provide insights about the treatment effects in communities where the program

was introduced after the second survey round, as well as, about the sustainability of the
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treatment effects in communities already treated before the second round. We found that the

main treatment effect was substantially smaller in communities where the program was

implemented after the second survey round. This finding motivated the inquiry that eventually

turned into the paper presented in Chapter 2.

Why did we observe this heterogeneity in the treatment effect? There is usually some

variation in how an intervention affects its beneficiaries. The sanitation intervention of the

One Million Initiative was a participatory intervention, where the active contribution of

community members was key. The communities that were the most interested in participating

in the program were likely to be the ones that expected it to be the most beneficial. The

implementing NGOs were also intrinsically and financially interested in the success of the

intervention. Importantly, they could determine the communities they worked with. As a

result, the communities with the highest expected treatment effect received the intervention

earlier. This led to a selection bias in the treatment effect estimates based on data from the first

two survey rounds.

Why did we not notice this selection bias after the second survey round? The simple answer

is that we did not have the right data to do so. The observable characteristics of the treatment

and comparison communities were not significantly different. It was factors that we did not

observe that drove the selection process, for example, community leadership. The third survey

round and information on communities that received the intervention between the second and

third survey rounds allowed us to quantify the selection effect conditional on a number of

identifying assumptions.

The most important of these assumptions is that communities received the intervention in

the order of the expected size of the treatment effect. Under this assumption, comparing the

treatment effect on recipients that received the intervention at different times during its roll-out,

we are able to filter out the correlation between the treatment effect and the intervention, and

identify the true average treatment effect in the general population. The estimation method

builds on the correlated random slopes model of Wooldridge (2019).

Chapter 2 discusses the conditions required for the identification of the average treatment

effect and the average treatment effect on the treated, and demonstrates the use of the proposed

method on simulated data, as well as, on data from the One Million Initiative.

The results of the chapter provide a novel tool for the assessment of selectively placed
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policy interventions, and for informing decisions on their continuation or replication. They

also suggest that if the incentives are correctly aligned to the program objectives, then strategic

intervention placement could be desirable in terms of the total effect of the program.

1.4 One Million Initiative

As indicated above, the One Million Initiative was a large-scale integrated water supply,

sanitation and hygiene program in rural Mozambique, with the program components rolled

out between 2008 and 2013. The program was a cooperation between the Governments of

Mozambique and the Netherlands and coordinated by UNICEF Mozambique. It aimed to

support the Government of Mozambique in achieving the Millennium Development Goals on

the access to safe drinking water and basic sanitation by reaching one million people in poor

rural areas (40% of the population in the program area) and providing them with means to use

safe and sustainable drinking water and hygienic sanitation facilities.

Although the evaluation of the program was planned using a random sample of

communities already from the outset, the implementation of the interventions was not

randomized. The local government decided the allocation of new boreholes based on

information of available water sources and the communities’ need. The sanitation intervention

was carried out based on the agreement between the implementing NGOs and the

communities, and followed the Community-Led Total Sanitation approach described in

section 1.1.1. At the time of the program CLTS was a promising novel approach with little

rigorous scientific evidence on its effects.

A central feature of the One Million Initiative was that it combined the water supply and

sanitation interventions. This approach was envisioned to break all the main transmission

pathways of fecal contaminants, thereby reducing the disease burden on the population (see

for example Waddington et al., 2009). Hence, the two interventions were expected to be

complementary in terms of improving health outcomes. Elbers et al. (2012) document some

findings in this regard using the data from the surveys in 2008 and 2010. However, these

findings were contaminated by selective intervention placement as discussed in section 1.3.

Working out how to deal with selection on gains in chapter 2, the focus shifted to the

CLTS intervention from an equal treatment of both water and sanitation interventions. Chapter
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3 brings back the focus to the complementarity of the two interventions, while applying the

identification approach developed in chapter 2. It discusses the effect of the interventions on

latrine ownership, handwashing with soap or ash after defection, as well as, the use of improved

water sources (conditional on access). We investigate whether combining the two interventions

increases the effectiveness of CLTS, and our findings suggests this to be the case.

Uniquely, we are also able to demonstrate that the CLTS intervention can motivate

households to switch to using an improved water source if the distance to it is not too large.

Investigating the sustainability of the desired hygienic behaviors, we observe that once

households adopted using a latrine or an improved water source, over 80 percent of them are

likely to keep doing so at the next survey round 2-3 years later. This percentage is only about

60 percent for handwashing with soap or ash after defecation.

Most of the challenges of CLTS as discussed in section 1.1.1 also apply in the case of the

One Million Initiative with the implication that achieving safe sanitation and hygienic practices

is a long process. Even though many households progressed on the “sanitation ladder”, most

households are still a way from achieving safe sanitation.

Naturally, it would have been compelling to dedicate a chapter to discussing how the

program affected the health of young children and older household members. Given the

complications in the evaluation of the intermediary behavioral outcomes discussed in chapter

3, it would have been difficult to argue for causal links. As the effectiveness of the program

reduced between 2010 and 2013, so did the observed correlations with the health indicators.

Finally, our doubts around the accuracy of the measured health indicators and all the other

circumstances convinced us that the data were simply not suitable to provide rigorous

evidence on the health impact of the program. However, as chapters 2 and 3 indicate there was

nonetheless plenty to learn from the evaluation of the One Million Initiative.

1.5 Unequal opportunities

Chapter 4 shifts the level of analysis form the micro- to the meso-level. It investigates the

questions (i) how equality of opportunity as measured through intergenerational mobility in

educational attainment evolved over time? (ii) how it relates to educational attainment of young

adults? and (iii) how it affects economic growth? India was chosen as the context of the study,
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which was part of UNU-WIDER’s “Inequality in the Giants” project.

India is one of the most interesting cases to study the questions raised above. It is one of

the world’s largest, fastest growing and historically most segregated countries, and it provides

researchers with one of the richest historical data collection traditions (see section 1.2.1). We

focus on the period between 1983 and 2011. In addition to estimating average effects, we are

also able to provide insights about how social mobility affects socioeconomic outcomes for

populations situated at the different rungs of the socioeconomic ladder.

As discussed in section 1.1.2, the historical segregation of ethnic groups with lower

socioeconomic status led to large differences in socioeconomic outcomes in different regions

in India. Since India’s independence, affirmative action programs were meant to increase

opportunities for scheduled castes and tribes and other backward castes, which resulted in

varying degrees of success. Educational attainment has been steadily increasing also in the

most disadvantaged socioeconomic groups. At the same time, inequality in consumption

expenditure has been on the rise since the engine of growth shifted to urban areas in the 1990s.

As a result, economic growth is leaving low- and middle-income households behind.

When socioeconomic mobility (or equality of opportunity) is low, individuals may not be

given the opportunity to reach their full potential due to circumstances that are entirely beyond

their control (such as the family and neighborhood they are born into). This can lead to a waste

of human potential typically concentrated towards the bottom of the income distribution.

Despite the positive developments in educational attainment, we do not find conclusive

evidence in the data that socioeconomic mobility is improving in India. This makes it all the

more important to investigate the potential benefits of higher socioeconomic mobility in India.

We hypothesize that higher socioeconomic mobility leads to higher economic growth, which

at the same time benefits particularly the lower socioeconomic groups (inclusive growth). We

further conjecture that human capital accumulation is an important channel via which

intergenerational mobility has an impact on growth and on the degree of “inclusivity” of

growth. We investigate these hypotheses using regional and temporal variation in the

consumption expenditure of the population from the poorest to the richest 20 percent. Due to

data availability, we focus on the intergenerational mobility of young adult men.

Returning to the discussion about causal inference methods in section 1.2.2, this study is

observational in nature. While the first part of the analysis is descriptive, we subsequently test
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the above mentioned causal hypotheses. We have a series of repeated observations for the

state-regions. In the main analysis, we include controls for a rich set of variables potentially

affecting the outcome variable of interest to limit the size of the omitted variables bias.

However, the most important concern in the analysis is the reverse causality bias: whether the

outcome variable caused the observed change in the explanatory variable of interest, rather

than the other way around. This a very valid concern given the interrelated nature of

socioeconomic mobility, educational attainment and economic performance. We mitigate this

concern by using lagged explanatory variables. It is less likely that socioeconomic mobility

today is due to changes in consumption expenditure growth or educational attainment of

young adults in the next 5 years. As a robustness check, we also report results for

consumption expenditure growth using instrumental variables estimation: we instrument

educational attainment with the historical presence of Protestant missionaries (Acemoglu

et al., 2014, Castelló-Climent et al., 2018, Calvi et al., 2019) and the share of Brahman Caste.

Our results for the effects of socioeconomic mobility remain similar across the two

approaches, which increases our confidence in our results.

1.6 The structure of the thesis

The following chapters present three observational studies. Chapter 2 introduces a method

to estimate the average treatment effect in the context of interventions that were selectively

allocated to locations where its benefits were expected to be the highest. Chapter 3 builds on

the results of chapter 2 and estimates the impact of the One Million Initiative, focusing on the

complementarity between the CLTS and water supply interventions. Chapter 4 discusses the

links between socioeconomic mobility, educational attainment and economic performance over

a 30-year period in India. Finally, chapter 5 concludes with a summary of the findings.



Chapter 2

Picking Winners: Measuring the

Effectiveness of Selectively Placed Policy

Interventions1

2.1 Introduction

Social and development programs are rarely implemented following an intended or accidental

randomization design. Many social programs are tied to some form of measurable

conditionality (e.g. conditional cash transfers), while other programs are allocated based on

subjective judgement of the implementers. This paper is interested in the latter type of

programs, like community-based development programs that rely on the active participation of

community groups. The effects of such programs are usually heterogeneous over the

population, and the implementers may target the program on groups most in need, or where

they expect the highest benefits. The recent interest of governments in “Pay for Success”

1 This chapter is based on Vigh and Elbers (2017). We thank Travers Child, Bernd Fitzenberger, Macartan

Humphreys, Raji Jayaraman, David Kunst, Anders Olofsgård, Roel van Veldhuizen and Martin Wiegand, and

the participants at the internal seminar at the Vrije Universiteit Amsterdam in 2016, the Development Economics

PhD Workshop 2016 in Berlin, the Nordic Conference in Development Economics 2016 in Oslo, the Doctoral

Workshop 2016 of the Development Economics Committee of the German Economic Association in Freiburg, the

CSAE Conference 2017 in Oxford, the Econometrics Summer School 2017 in Berlin and the Oxford Development

Economics Workshop 2017 for valuable comments and helpful insights on earlier versions of this paper.
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financing or social impact bonds is a case in point. Quantifying the effectiveness of such

programs is not straightforward because the potential program effects will be different

between the treatment and control groups. However, information about the program’s impact

can help policymakers to evaluate the program’s efficiency and to decide whether to continue

or replicate the program.

We focus on non-randomized policy interventions where the beneficiaries with the highest

expected treatment effects or gains in outcomes are more likely to receive the program due to

selective intervention placement or targeting. Heckman et al. (2006) called this phenomenon

“essential heterogeneity” or “selection on gains”.

Providing performance- or outcome-based incentives for the implementers is a good

motivator for selective intervention placement. We do not consider incentives provided for the

beneficiaries. However, Chassang et al. (2012) discuss incentivized selective (randomized

controlled) trials where outcome-based incentives are provided for the beneficiaries in order to

disentangle the effects of unobserved heterogeneous effort expenditures by the beneficiaries

and the effect of treatment. In this paper, we do not investigate the source of treatment effect

heterogeneity. Instead, we rely on the incentive scheme to recover information about the

heterogeneity of the potential treatment effect that was observed by the program implementers

in the field. These incentives may be put in place by the funding agency or the implementers

may have intrinsic incentives to achieve the largest impact.

We formalize the program implementation environment in a simple model where the

program implementers observe a noisy measure of the heterogeneous potential treatment

effect across the eligible population, which is unobserved by the researchers. The

implementers use this information to select the location of the intervention based on the

highest expected impacts. These characteristics are often a realistic scenario in participatory

interventions.

In this setting, we are interested in estimating the Average Treatment Effect (ATE) and the

Average Treatment Effect on the Treated (ATT). The ATE predicts the impact of the program

if it was implemented in the whole population or in a randomly selected sample. This requires

stronger identifying assumptions compared to the ATT, which measures the actual impacts of

the program on the beneficiary population already reached inclusive of the effects of selective

program placement. The ATT is of interest to the policymakers, for example, for cost-benefit
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analysis purposes.2

The key insight for the identification of the ATE is that the timing and placement of the

intervention contain useful information about the expected treatment effect even when the

treatment effect heterogeneity is driven by unobserved factors correlated with the intervention.

We can exploit this information summarized in the time-mean of the intervention variable:

beneficiaries with a higher expected treatment effect receive the intervention earlier, which

results in a higher value for the time-mean of the intervention variable for this group. This

identification strategy requires that we have at least three observations over time, that the

intervention is gradually rolled out at different beneficiaries between each of the follow-up

surveys, and that the beneficiary-specific treatment effect is independent of time. Under these

conditions, the correlated random slopes (CRS) model of Wooldridge (2005, 2019) is ideally

suited to estimate the ATE in a reduced-form framework.

Naturally, the placement of the program may be influenced by other factors, such as distance

to roads, distance to the headquarters of the NGO or the cost of the program delivery in general.

Some of these factors may be observable and directly controlled for in the estimation. For

unobservable factors, we need to assume that their correlation with the potential treatment effect

is independent of time. The magnitude and direction of this correlation will affect the size of

the selection effect: if the program implementers take into account factors that are uncorrelated

with the size of the potential treatment effect (for example, the distance from the NGO’s office),

then the correlation between the intervention roll-out and the potential treatment effect will be

closer to zero, which may eliminate or reduce the selection problem.

The effect of the unobservable factors in this setting differs from that investigated by

Altonji et al. (2005) because they assume a homogeneous potential treatment effect in the

population, and assume that the bias in the estimated treatment effect arises due to

unobservable factors that are correlated to both the intervention and the outcome. Their

solution is to use the correlation between observable factors and the treatment variable as a

bounding factor for the correlation between the unobservable factors and the treatment

variable. This solution may be applied to some of the unobservable factors mentioned above.

However, we are mainly interested in a different problem: filtering out the effect of selection

2 Note, however, that if selection on gains occurs then the size of ATT changes as the intervention is rolled out.

Hence, the estimate of ATT is specific to the time period and the sample that has been reached.
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that arises due to taking into account the heterogeneity in the potential treatment effect when

deciding where to implement the program. In this case the omitted variable is the interaction

between the intervention and the heterogeneity in the potential gains from the intervention,

which requires a different identification strategy.

In order to investigate the performance of the treatment effect estimators in a selection on

gains setting, we carry out Monte Carlo simulations using the proposed model of selective

intervention placement with binary treatment and normally distributed disturbances. Our

findings show that the correlated random slopes regression provides a good linear

approximation of the ATE when the correlation between the heterogeneous treatment effect

and the binary intervention variable stems from selection on the expected gains of the

beneficiaries and the intervention is rolled out over at least 3 time periods.

We illustrate the applicability of the proposed sample selection model in a real-life

scenario using a simplified analysis of the effectiveness of the One Million Initiative in

Mozambique. The sanitation intervention of the One Million Initiative was implemented by

local NGOs, who first carried out a sensitization campaign of the program to collect

information about the communities and then selected the locations for the interventions. The

NGOs were rewarded for working with communities where the intervention was successful

(all households are using a latrine). Community participation was also a crucial element of the

interventions. Therefore, we expect heterogeneity in the treatment effects, and that the

implementing NGOs took this heterogeneity into account when deciding on the locations of

the interventions. As a consequence, the sanitation interventions were likely to be subject to

selection on gains.

We indeed find evidence of selective placement in the sanitation intervention in terms of

the incentivized outcome variable (latrine ownership) but not in terms of the non-incentivized

outcomes (hand-washing practices). The estimate of the Average Treatment Effect on the

Treated is positive and significant for both variables. However, after controlling for selection

on gains, we find that the estimate of the Average Treatment Effect of the sanitation

intervention on latrine ownership decreases and is not significantly different from zero. This

stems from a decrease in the treatment effect for beneficiaries reached at later stages of the

program roll-out, pointing to the effectiveness of selective intervention placement.

Assuming time-invariant beneficiary-specific treatment effects, this finding suggests that
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there is an optimal stopping point for rolling out the sanitation intervention focused on

increasing latrine ownership in the target program area. However, it may be possible to

replicate the positive ATT in other similar populations relying on the incentive scheme for

selective intervention placement.

Our findings contribute to the literature on estimating the impacts of selectively placed

interventions by placing the correlated random slopes estimator proposed by Wooldridge

(2005, 2019) into the selection on gains context. This method allows us to control for

selection on unobservables in the treatment assignment, and identify the ATE when treatment

effect heterogeneity is time-invariant.

In the following, we first introduce a simple model for selective intervention placement.

This is followed by the discussion of the identification strategy for the ATE and ATT. The use

of these methods are first illustrated using simulated data in section 2.4, and then using an

empirical example in section 2.5. Finally, section 2.6 concludes.

2.2 The selection model

In order to discuss the estimation of treatment effects of programs targeting beneficiaries with

the largest expected treatment effect, we first discuss and formalize the key characteristics of

the implementation environment of such programs.

The starting point for selective intervention placement is that the program has

heterogeneous impacts in the population. Motivated by performance-based rewards, motivated

intrinsically or for other reasons, the program implementers take this into account, and assess

the expected impact of the program in the population before deciding where to carry out the

program. Based on their noisy observation, they implement the program first where they

expect the highest treatment effect. We abstract from the possibility of taking into account

other factors, for example implementation costs, when deciding on the locations of the

intervention. Adding these factors would reduce the selection effect because they are less

correlated with the potential treatment effect. Hence, their effect would be similar to assuming

higher noise in the assessment of the expected treatment effect.

We are interested in settings, where the timing of the program delivery contains useful
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information about the expected value of the treatment effect that would otherwise be

unobservable for researchers.3

We formalize the described implementation environment in a simple threshold-switching

model for the intervention placement. We refer to the unit of observation at the individual

level. In practice, the intervention placement is often at the community or village level, which

we address in section 2.5.4. The data generating process (DGP) for the outcome of interest

(Yit), the individual-specific potential treatment effect (βi) and the intervention placement (Dit)

is described by:4

Yit = αt + Ditβi + Xitθ + ηi + εit (2.1)

βi = β + γZi + νi (2.2)

β̃i = βi + ni (2.3)

Di =


(0, 1, 1) if β̃i > B2

(0, 0, 1) if B3 < β̃i ≤ B2

(0, 0, 0) if β̃i ≤ B3

for t = (1, 2, 3) (2.4)

In the outcome equation (2.1), αt denotes the time-varying but common trend for all

individuals, Xit stands for individual characteristics with constant coefficients (θ), ηi is a

heterogeneous intercept or fixed effect and εit stands for idiosyncratic shocks with variance σ2
ε.

The heterogeneous potential treatment effect (βi) is randomly determined in (2.2). Time-

invariant observable individual characteristics (Zi) may also affect the size of the treatment

effect. Note that Zi may contain the baseline value or time-mean of variables in Xit.

The program implementers observe a noisy measure of the potential treatment effect (β̃i) in

equation (2.3) with IID noise ni that has a variance of σ2
n. They decide based on the value of β̃i

where to implement the intervention Dit, which measures whether individual i has received the

intervention before time t. The model assumes that the first observation at t = 1 was collected

as the baseline prior to the implementation of the program (Di1 = 0). As shown in (2.4),
3 Hence, matching estimators would not work well in this setting because the heterogeneity is driven by

unobservables from the perspective of the researchers.
4 For simplicity, we assumed a linear model for the outcome equation (2.1). However, it is possible to use a more

general specification, for example for binary outcomes.
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the intervention is first implemented for those individuals for whom it is expected to have the

highest impact based on the noisy observation. The thresholds B2 and B3 determine the share

of potential beneficiaries receiving the intervention before period t = 2 and before period t = 3,

respectively.5

The model represented in (2.1)-(2.4) contains the most important features of the setting we

described above. The noise-to-signal ratio in (2.3) (σn/σν) and thresholds B2 and B3 in (2.4)

determine the correlation (ρ) between the treatment effect βi and the intervention placement Di.

In the following we first discuss the treatment effects of interest and their identification.

Before providing an empirical example in section 2.5, we return to the model in (2.1)-(2.4) in

section 2.4 in order to demonstrate the sensitivity of the estimation method to changes in the

model settings.

2.3 Identification strategy

In the context of the selective intervention placement model described above, we are

interested in the Average Treatment Effect and the Average Treatment Effect on the Treated.

For simplicity, we discuss the case of a binary intervention.6

Denoting the outcome variable of interest with the intervention as Y1
i and without the

intervention as Y0
i , and the intervention variable as Di for each beneficiary i, we can write the

above treatment effects as

AT E = E(Y1
i − Y0

i ) (2.5)

ATT = E(Y1
i − Y0

i |Di = 1) (2.6)

where the expectation is taken over the eligible population for the program. For the program

beneficiaries, we do not observe the outcome without the intervention (counterfactual). When

the interventions are randomly assigned, Y0
i can be estimated by the outcomes of the population

that did not receive the treatment assuming that both groups have the same distribution. Then,

AT E = E(Y1
i |Di = 1) − E(Y0

i |Di = 0). However, using observational data (without random

assignment), more assumptions are required in the form of an assumed data generating process

5 Here we consider 3 time periods, however, the model can easily be extended to include more periods.
6 The model can be generalized for multiple treatment arms or multi-valued interventions.
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such as equations (2.1)-(2.4) or regression model.

2.3.1 Regression model

Consider the random-coefficient model with a non-specified beneficiary-specific treatment

effect (βi) following (2.1):

Yit = αt + Ditβi + Xitθ + ηi + εit for t = 1, ...,T (2.7)

where αt, ηi and Xit are as in (2.1). Using a difference-in-difference specification, the first

observation of the intervention variable, Dit, is standardized as Di1 = 0. It indicates that the

first observation was measured before the intervention was rolled out. In later periods, Dit = 0

for the comparison group and non-zero for the beneficiaries that have already been reached by

the intervention before time t. The outcome variable, Yit, can be binary, discrete or continuous.

In this paper, we discuss the estimation using linear least squares methods. Wooldridge (2019)

also discusses implementations for non-linear models.

As in section 2.2, we assume that the program implementers had some private information

about the expected size of the treatment effect on the potential beneficiaries, which are

unobserved by the researchers, and they carry out the program first for those individuals that

have the highest expected impact (selection on gains). As a consequence, the treatment status

of individuals coupled with the information on the timing of the intervention delivery will

carry additional information for the researchers that we can exploit in the estimation

procedure. This information is conveyed by the decrease in the realized treatment effect over

time as the intervention is rolled out to beneficiaries in order of the size of the expected

impact.

In the case of model (3.1), we can write the treatment effects of interest as AT E = E(βi) and

ATT = E(βi|DiT = 1). For the latter, the conditioning on DiT = 1 signifies that we are interested

in the ATT for all the beneficiaries that received the intervention during the study period. As

discussed above, the value of ATT may change over time as the intervention is rolled out.

We can reformulate (3.1) by splitting the coefficient of the treatment effect into its mean

and the deviation around the mean: βi = β + bi such that E(bi) = 0. After regrouping the

terms, we have
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Yit = αt + Ditβ + Xitθ + ηi + [Ditbi + εit]. (2.8)

It is easy to see that AT E = β in this case. If the terms in square brackets are uncorrelated

with the regressors D and X, in particular if E(bi|D, X) = 0 and E(εit|D, X) = 0, then we can

consistently estimate β using the standard difference-in-difference regression using fixed

effects:

Yit = αt + Ditβ + Xitθ + ηi + eit (2.9)

where all terms in the square brackets have been pushed into the error term eit = Ditbi + εit.

However, if we expect that the intervention (D) was placed based on where it would achieve

the highest potential effect (high bi), then E(bi|D) , 0. In order to circumvent the problem

caused by endogenous intervention placement, we treat the heterogeneous effect bi as omitted

variable, and include its expected value conditional on regressors D and X in the regression

following Mundlak (1978), Chamberlain (1982, 1984) and Wooldridge (2005, 2019). We are

interested in controlling for the component of the heterogeneous effect bi that is correlated with

the regressors D and X, and leave the uncorrelated random component as part of the error term.

Notice that when selection on gains occurs, because of the valuation of the implementing

organization the value of the intervention variable D contains valuable information about the

conditional expectation of the treatment effect, E(βi|D). We assume that the implementers are

able to observe relevant characteristics of the target population that are unobservable to the

researchers, and use this information to allocate the interventions.

We calculate the conditional expectation of bi by allowing the heterogeneous parameters to

depend on the regressors in a parametric way. We approximate bi as a linear combination of

the means of regressors D and X over time (D̄i and X̄i). For ease of exposition, we leave out

time-invariant covariates (Zi in equation 2.2):

E(bi|D, X) = (D̄i − µD̄)ξ + (X̄i − µX̄)ψ (2.10)

where X̄i = 1/T
∑T

t=1 Xit is the individual mean of variables Xit over time, and µX̄ = E(X̄i) is the

expectation of the individual means, which is estimated by the sample mean over all individuals



30 CHAPTER 2. PICKING WINNERS

assuming a representative sample: µ̂X̄ = 1/N
∑N

i=1 X̄i. The variables for D are defined similarly.

The demeaning of the right-hand side terms in (2.10) ensures that E(bi) = 0.7

The assumptions made about the distribution of the heterogeneous parameters in (2.10) are

crucial for the identification of β, Therefore, it is useful to discuss their implications in some

detail. Assuming a linear approximation in (2.10) implies monotonicity of the heterogeneous

parameter as a function of D̄i and X̄i, i.e. E(bi|D̄′i , X̄i) ≥ E(bi|D̄′′i , X̄i) or

E(bi|D̄′i , X̄i) ≤ E(bi|D̄′′i , X̄i) for all D̄′i > D̄′′i . Hence, (2.10) implies that the intervention reaches

the beneficiaries in the order of the expected size of the treatment effects. If this assumption is

not reasonable for the data, the identification of β fails based on (2.10). However, in the

context of selective intervention placement, this condition is satisfied by default.

Regarding the structure assumed in (2.10), note that Chamberlain (1980) assumed a more

general structure for the distribution of the heterogeneous parameters using a linear

combination of the regressors (W = {D, X}) for all time periods:

E(bi|W) = Wi1φ1 + Wi2φ2 + · · · + WiTφT .8 Regression (2.10) uses the group mean of the

regressors over time, which is a special case of the general formulation, where each time

period receives the same weight (φ1 = · · · = φT = 1/T ). Another special case is the

specification of Elbers and Gunning (2014), who used the changes in the regressors to predict

the heterogeneous parameters (φ1 = −1, φT = 1). These two sets of assumptions have quite

different implications for the interpretation of the model: using means of regressors over time,

one assumes that the heterogeneity is driven by the (relative) mean level of individual

characteristics, while using the changes in the regressors, one assumes that the heterogeneity

is driven by changes in the individual characteristics. For example, if we expect that (for the

researchers) unobserved community or household characteristics drive the selection process

and not the changes in characteristics, then the natural choice is to use the group means of the

regressors, especially the interventions, to predict the value of the heterogeneous parameters

as done in (2.10).9

Assuming that (2.10) is correct, substituting into (2.8) and taking conditional expectations,

7 Wooldridge (2019) discusses the case for unbalanced panel samples.
8 Suri (2011) further generalizes this structure and estimates a correlated random coefficient model for technology

adoption. Her identification strategy relies on the variation in technology use over time. In the selective

intervention placement model of (3.2), this generalized identification strategy is not identified.
9 Another possibility would be to use the baseline values of X to control for treatment effect heterogeneity (φ1 = 1).
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we get the correlated random slopes model:

E(Yit|D, X) =αt + Ditβ + Xitθ + Dit ⊗ (D̄i − µD̄)ξ+

Dit ⊗ (X̄i − µX̄)ψ + E(ηi|D, X) + E(εit|D, X)
(2.11)

where D ⊗ X denotes all interaction terms between D and X. Assuming that E(εit|D, X) =

0 or that no selection occurred on time-varying unobservable variables, we can estimate the

corresponding regression equation by fixed effects (or within-group) estimation.10

Regression (3.2) allows us to test the presence of correlated random slopes. A Wald-test (or

Likelihood Ratio-test) of H0 : ξ = 0 tests for selection on gains in the intervention placement

(correlation between the treatment effect and the intervention), while H0 : ψ = 0 tests the

heterogeneity of the treatment effect conditional on the mean of observed individual-specific

variables (Wooldridge, 2019).

2.3.2 Treatment effects of interest

Fixed effects estimation of (3.2) results in consistent estimates for β (ATE) provided that the

above discussed conditions and assumptions are satisfied.11 These requirements are

summarized as A1-A4 and C1-C2 in Table 2.1.

These assumptions can be weakened when estimating the ATT as shown in the last column

of Table 2.1. For binary treatment variables, the ATT can be estimated as the coefficient

estimate of β (β̂DD) in the standard difference-in-difference regression (3.3). However, in the

current setting, the ATT also includes the effects of selective intervention placement. Hence, it

is not directly comparable to the ATT calculated in Randomized Controlled Trials or other

settings where the heterogeneity of the treatment effect (βi) is independent of the intervention

placement (Dit). However, Elbers and Gunning (2014) argue that for policymakers the

treatment effect of the program inclusive of the effects of selection may be more relevant.12

10 The model can be easily extended to control for heterogeneity in the time-trend and its correlation to the

intervention placement, see Wooldridge (2019). For simplicity, this is not discussed in this paper.
11 Wooldridge (2005) shows that β in (3.2) estimates the ATE in the eligible population when the model is correctly

specified.
12 Elbers and Gunning (2014) propose an estimator for E(DiTβi) that they call the Total Program Effect. This can

be generalized for more than two time periods using the correlated random slopes model (3.2) as T PE(t = T ) =
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Table 2.1: Assumptions required for identifying ATE and ATT

Assumptions required ATE ATT

A1. E(εit|Di1,· · · ,DiT , Xi1,· · · , XiT , ηi, bi) = 0 Yes Yes

for t = 1,· · · ,T (strict exogeneity)

A2. Common trend αt for all i Yes Yes

A3. bi is time-invariant Yes No

A4. E(bi|D̄′i , X̄i) ≥ (≤)E(bi|D̄′′i , X̄i) for all D̄′i > D̄′′i Yes No

(monotonicity)

Further conditions

C1. T ≥ 2 Yes, if D is not binary Yes

C2. T ≥ 3 and D is gradually rolled out Yes, if D is binary No

Notes: The table shows whether the above 4 assumptions and 2 further conditions are required

for identifying ATE and ATT. The notation is based on equation 2.8.

It is important to point out that while the identification of the ATE requires that the model is

correctly specified (in particular, the heterogeneity parameters in equation 2.10),13 the estimates

for ATT are also valid when the model is misspecified (see Table 2.1). This is because the

estimate of ATT depends on the value of E(DiTβi) rather than β. Hence, we do not necessarily

need to have a consistent estimate for the ATE in order to estimate the ATT.

When only three rounds of data are available, β in the correlated random slopes regression

(3.2) is just identified. Therefore, it is not possible to test whether the assumptions of this

model (in particular, Assumptions A3 and A4 in Table 2.1) are valid, or whether there are other

sources of heterogeneity in the DGP (for example, time-varying treatment effects). Hence, in a

practical application, it is essential to have a good understanding of the implementation of the

program, and we need additional information to argue for the validity of one or the other set of

identifying assumptions.

DiTβ + DiT ⊗ (D̄i − µD̄)ξ + DiT ⊗ (X̄i − µX̄)ψ where DiT = 1/N
∑H

i=1 DiT and Di1 = 0. In the case of binary

intervention variables, the TPE is equivalent to the ATT.
13 The specification of the correlated random slopes model of (3.2) is more general than the selection model described

in section 2.2. However, for all underlying data generating processes, (2.10) must hold in order to identify the

ATE.
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Keeping in mind that the selective intervention placement model assumes that the treatment

effects change monotonically over time as the intervention is rolled out, it can be useful to plot

the data and estimate a difference-in-difference regression with time-varying treatment effects

(βt) first. It is also important to test the validity of the common trend assumption for intervention

groups with multiple pre-intervention survey rounds. These can give guidance regarding the

validity of the correlated random slopes model given the data.

2.4 Illustration: Simulations

Next, we look at the performance of the proposed treatment effect estimators for various sets

of parameter values for model (2.1)-(2.4) presented in section 2.2. We use Monte Carlo

simulations to investigate the effect of changing parameter values on the distribution of the

treatment effect estimates for a binary treatment variable.

2.4.1 Data generating process

We simplify the model presented in section 2.2 as:

Yit = βiDit + εit (2.12)

βi = β + γ(Zi − µZ) + νi (2.13)

β̃i = βi + ni (2.14)

Di =


(0, 1, 1) if β̃i > B2

(0, 0, 1) if B3 < β̃i ≤ B2

(0, 0, 0) if β̃i ≤ B3

for t = (1, 2, 3) (2.15)

For simplicity, we only use one time-invariant control variable (Zi), which affects the size of the

treatment effect. We use the standard normal distribution to generate Zi and subtract its sample

mean in order to guarantee that the AT E = β.

In the following, we fix β = 1, εit ∼ N(0, 1), νi ∼ N(0, 1), ni ∼ N(0, σ2
n) and B2 = 2,

and investigate the effect of changes in the other parameters (σ2
n, γ, B3) on the performance
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of the standard difference-in-difference and correlated random slopes estimators of the ATT

(E(βi|DiT = 1)) and the ATE (E(βi)).14

2.4.2 Estimating equations

We use the within transformation to estimate the following two regression equations with T = 3

periods and a sample of N = 1000 households:15

DD : Yit = βDDDit + eit (2.16)

CRS : Yit = βCRS Dit + ξCRS Dit(D̄i − µD̄) + ψCRS Dit(Zi − µZ) + uit (2.17)

From the standard difference-in-difference regression (2.16) we have ATT = β̂DD, while

the correlated random slopes regression provides the AT E = β̂CRS .16

Equation (2.15) implies a non-linear relationship between the heterogeneous treatment

effect and the intervention variable. The CRS regression provides a first-order approximation

of this non-linear relationship due to its reliance on a linear specification in (2.10) when

modeling the correlation between βi and D̄i.

In the next subsections, we investigate the distribution of these treatment effect estimates

using R = 5000 replications as we change the parameters that determine the program allocation

(Dit) and the treatment effect heterogeneity (βi).

2.4.3 Noisy inference

First, we investigate how changes in the noise-to-signal ratio in the implementers’ observation

of the treatment effect (β̃i in equation 2.14) affects the treatment assignment and the treatment

effect estimates. For simplicity, we set γ = 0, thereby excluding Zi from the DGP (and also

from the CRS regression (2.17) with ψCRS = 0). In addition, we also fix the implementers’

thresholds for intervention delivery at B2 = 2 and B3 = 1.

14 All variables are generated independently from the normal distribution.
15 In the current simulation setting without individual fixed effects (ηi = 0), ordinary least squares regression would

be more efficient. However, we use the within transformation to mimic the proposed estimation procedure.
16 It is also possible to calculate the ATT using the CRS regression (2.17), see footnote 12.
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Figure 2.1: The effect of noisy inference
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The first thing to notice on the right panel of Figure 2.1 is the high correlation (ρ) between

the treatment effect βi and the intervention placement (solid line). This is influenced by the

observations of the implementers in equation (2.14). The correlation decreases as the noise-to-

signal ratio (σ2
n/σ

2
ν) in the implementers’ observations increases. It also changes the share of

people receiving the intervention in period 2 (s2) and 3 (s3), but the total share of population

with the intervention remains stable close to 50%.

The top left panel of the figure shows that the CRS regression estimates the ATE (β = 1)

reasonably as the DGP is in line with the identifying assumption of (2.10), even though it only

uses a first-order approximation to correct for the correlation between βi and D̄. The ATT

deviates from the ATE due to the large selection effect present in the DGP. However, as the

noise in the implementers’ observations increases, their ability to select households with the

highest treatment effect decreases. As a consequence, the ATT also decreases closer to the

ATE. At the extreme, where the implementers only observe noise and the treatment assignment

becomes random, the ATT converges to the ATE. Notice also that the standard error of the CRS

estimator for ATE is larger than that of the DD estimator for the ATT, and it increases as the

correlation between the intervention variable and the treatment effect decreases.

The bottom left figure shows how often the true ATT and ATE were in the 95% confidence

interval of the treatment effect estimates. The black horizontal line shows the expected coverage

of 95%. The figure shows that the true ATT lies in the confidence interval of the DD estimate

more than 95% of the replications. In the case of the ATE, the confidence interval of the CRS

estimate contains the true value of the ATE only in about 90% of the replications, even though

its confidence interval is wider than for the DD estimates. This is due to the remaining bias in

the (mean) estimates of ATE as seen on the top left figure.

2.4.4 Changing thresholds

In the following, we fix the noise-to-signal ratio at σ2
n/σ

2
ν = 4, thereby assuming that the

implementers observe twice as much noise as signal. In Figure 2.2, we investigate the effect

of changes in the lower threshold for inclusion in the intervention in period 3 (B3 in equation

2.15), while keeping the threshold for treatment in period 2 constant at B2 = 2.

The right panel in Figure 2.2 shows that the share of population receiving the intervention
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Figure 2.2: The effect of changing thresholds
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in period 2 is constant s2 = 33%, while in period 3 the share goes from s3 = 64% when B3 = −3

to s3 = 0% when B3 = B2 = 2. Hence, when B3 = −3 there are only very few households that

do not receive the intervention, while when B3 = 2 there are no households that receive the

intervention in period 3.

When the whole population receives the intervention, there is no more selection effect in

period 3, and the ATT approaches the ATE (left panel of Figure 2.2). The selection effect and

the ATT increases as more households are systematically excluded from the intervention as a

result of increasing the threshold for inclusion for period 3 (B3). However, the DD estimate of

the ATT remains unbiased.

The CRS estimate of ATE remains close to its true value until s3 approaches close to zero.

However, its standard error increases as s3 diminishes. At the extreme of s3 = 0, the estimate

the CRS model collapses to the DD estimate because data from period 3 provide no information

about the treatment effect (see the discussion in Appendix 2.B).

The bottom left panel of the figure shows that the confidence interval of the CRS estimate

includes the true value of the ATE in over 95% of the replications when a substantial share of

the population receives the intervention in period 3. As B3 increases, the accuracy of the CRS

estimate decreases. The accuracy of the DD estimate is unaffected by changing the threshold.

2.4.5 Selection on observables

Now, we turn to discussing the effect of selection on observables. We fix B3 = 1 andσ2
n/σ

2
ν = 4,

and investigate the effect of changes in γ in equation (2.13) using regression equations (2.16)

and (2.17).

Figure 2.3 displays the simulation results as γ increases from 0 to 2. The exogenous

variable zi follows the standard normal distribution. The right panel of the figure shows that

the correlation between the intervention and the treatment effect (here ρβ) is quite high due to

the relatively low noise-to-signal ratio, which decreases in γ. As γ increases from zero, so

does the correlation between the intervention and the control variable Zi (ρZ), which quickly

approaches the size of ρβ. The variance of the treatment effect also increases with γ:

var(βi) = σ2
ν + γ2σ2

Z. As a consequence, a larger share of the population is exposed to the

intervention in period 2, but the overall share of population receiving the intervention remains
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Figure 2.3: The effect of observable treatment effect heterogeneity
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unchanged around 50% (not shown). The ATT also increases with γ (left panel) as a further

consequence. The left panel of the figure shows that the CRS estimate of ATE remains close

to its true value. However, the confidence interval of the CRS estimate includes the true ATE

under 95% (91-92%) of the replications. This is mostly driven by the value selected for B3

(not shown), while the size of γ has little effect on the coverage for ATE.

2.4.6 Summary

The above findings using a linear outcome model with normally distributed disturbances

suggest that when the model assumptions are satisfied, the correlated random slopes estimates

are informative about the ATE in a selective intervention placement setting. The precision of

the ATE estimates depends primarily on the share of population exposed to the intervention in

period 3. At the same time, the difference-in-difference regression estimates the actual ATT

(inclusive of the effect of selective placement) always precisely.

2.5 Application: One Million Initiative

To demonstrate the use of the two estimators on actual data, we turn to analyzing the

effectiveness of a sanitation intervention on latrine ownership and proper hand-washing in

Mozambique. We use this example because it represents a realistic scenario for the use of the

proposed selective intervention placement model.

2.5.1 The One Million Initiative

The One Million Initiative (OMI) was implemented between 2006-2013 in 3 provinces of

Mozambique as a cooperation between UNICEF and the governments of Mozambique and the

Netherlands. The program was to reach one million people in poor rural areas (40% of the

population in the program area) and to provide them with means to use safe and sustainable

drinking water and hygienic sanitation facilities. Specifically, OMI carried out community

water supply interventions by creating new boreholes and training water committees on

maintenance, and community-based sanitation and hygiene education using the

Community-Led Total Sanitation approach (CLTS). The program started with a sensitization
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campaign in the communities, where the NGOs collected information about the needs of the

communities and their interest in taking part in the program. Community participation was an

essential component of the interventions, which were gradually implemented between 2008

and 2013.

Here, we only look at the effectiveness of the sanitation interventions (CLTS). The aim of

CLTS was to eradicate open defecation by triggering communities to build latrines for

themselves through awareness raising.17 No subsidies were provided to promote latrine

construction, which were almost always traditional latrines built from locally available

material. The intervention also promoted hand-washing with soap or ash after defecation.

The CLTS interventions were implemented by local NGOs in each of the 18 program

districts. The NGOs communicated the program to the communities and decided on the

location of the CLTS intervention in agreement with the communities. Annual targets were set

for the number of treated communities. The treated communities could apply for certification

as Open Defecation Free (ODF) during the annual ODF communities evaluation campaign.

The NGOs were financially rewarded for the number of ODF communities in their district.

Therefore, it was in their best interest to implement the CLTS intervention in communities that

had a high likelihood of success.

Regarding the water supply interventions, the communities had to request these through the

NGOs. However, the district government decided on the location of these interventions. In

practice, there was a substantial overlap between the two types of interventions. For further

information about the interventions, see Appendix 3.B in chapter 3.

2.5.2 Data

For the evaluation of the One Million Initiative, survey data was collected in three rounds:

August-October 2008 (baseline), August-October 2010 (midline) and July-August 2013

(endline). In each round, data was collected at 1600 households in 80 communities. These

communities were not a priori assigned to intervention and control arms. Instead, the

17 See Kar and Chambers (2008) for more information about the implementation of Community-Led Total Sanitation.

The key elements of the program were: hygiene awareness raising, inciting collective action, transfer of know-how

for building safe latrines and rewarding success.
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Table 2.2: Number of communities in CLTS intervention arms

Nr. communities

Phase 1 (2008-2010) 23

Phase 2 (2010-2013) 11

Comparison 22

Total 56

implementing organizations decided on the intervention locations and then reported these to

UNICEF and the research team. Here, we use the data only on those 34 communities that

received the CLTS intervention either between the baseline and midline (Phase 1) or between

the midline and endline (Phase 2),18 and 22 communities that did not receive any CLTS and

water supply interventions (Comparison) (Table 2.2). Among the CLTS intervention

communities, 23 also received the water supply intervention.

In general, the CLTS intervention was more effective when implemented together with the

water supply intervention. However, here we simplify the analysis by classifying all

communities that received the CLTS intervention in the same intervention arm without

reference to the water supply intervention.19 The results are qualitatively similar when we

separate the treatment arms by the presence of the water supply intervention.20

In the regression analysis, we use data on 1066 households that were interviewed in at

least two survey rounds in the 56 communities included in the data analysis (N = 2951). For

simplicity, we treat this sample as representative and do not apply sampling weights. The

tables in Appendix 2.A summarize the community and household characteristics and variable

definitions.

18 We omitted 7 communities that received the water supply intervention before the midline survey and the CLTS

intervention only after the midline survey, because the timing of the interventions could interfere with the

effectiveness of the CLTS intervention. The 17 communities that received only the water supply intervention

are also omitted from the sample.
19 The water supply intervention had no effect on latrine ownership and proper hand-washing when implemented

without the CLTS intervention.
20 Results are available upon request.
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2.5.3 Outcome variables

We present two outcome variables that were expected to be most affected by the CLTS

intervention: latrine ownership (LATRINE) and whether adults wash their hands with soap or

ash after defecation (HWSD).21 Both of these variables are defined at the household level.

Latrine ownership was verified by interviewers and hand-washing is self-reported.22

Figure 2.4 shows the changes in the two outcome variables for communities with the

CLTS intervention and the comparison group. Panel A shows the development in the share of

households owning a latrine (left) and washing hands with soap after defecation (right). The

outcomes are shown separately for the Phase 1 and Phase 2 intervention groups and the

comparison group. Panel B shows the corresponding changes in the outcome variables

between the survey periods for the three groups. For an effective intervention, the outcome is

expected to increase (more than in the comparison group) from 2008 to 2010 for the Phase 1

intervention group, and from 2010 to 2013 for the Phase 2 intervention group. The outcome

on hand-washing follows this pattern. Note that there is also a positive and significant trend in

the comparison group for both outcome variables.23

The changes in latrine ownership are significantly smaller (diff = -16.5pp, p = 0.0001) after

the Phase 2 CLTS intervention compared to the Phase 1 intervention group. We argue that

this pattern is the one we would expect if the implementing NGOs selected the location of the

CLTS interventions based on where they expected the largest treatment effect in terms of the

communities becoming open defecation free, as they were incentivized to do.

Our identification strategy requires that the comparison and intervention groups follow the

same trend (Assumption A2). In Panel C of Figure 2.4, we test this assumption for the Phase 2

intervention group on the changes of outcomes from 2008 to 2010. The Phase 2 intervention

21 Almost all latrines are owned and used by a single household. Therefore, latrine use is very highly correlated

with ownership. Hand-washing occasions and methods were surveyed for adult women and men in the household

separately.
22 Reporting bias for hand-washing is a concern. We would expect that reporting bias would affect all critical hand-

washing occasions similarly. We do not observe a difference in reporting between the intervention and comparison

groups in the case of hand-washing with soap before eating. In addition, the surveys were conducted more than a

year after the intervention in most cases.
23 The positive trend in the comparison group can partially be attributed to other simultaneously running sanitation

interventions and to increasing living standards.
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Figure 2.4: Changes in outcome variables and the timing of the CLTS interventions
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group had a somewhat higher trend than the comparison group for both outcome variables.

However, the difference is not significantly different from zero (p = 0.396 and p = 0.351)

when controlling for observable household characteristics (household size, wealth index and

education). Based on this finding, we cannot reject the validity of the common trend

assumption. However, we are not able to test, and must assume that the same is true for the

Phase 1 intervention group.

2.5.4 Regression model

The CLTS intervention was implemented at the community level (c). Therefore, we adjust the

formulation of (3.2) to include heterogeneous treatment effect at the community level (βc(i))

instead of at the household level (i). We estimate the following CRS model:

Yit = αt + Dc(i)tβ + Xitθ + Dc(i)t ⊗ (Dc(i) − µD)ξ+

Dc(i)t ⊗ (Xc(i) − µX)ψ + ηi + uit

(2.18)

where Dc(i)t shows whether there have been a CLTS intervention in the community up until

period t in community c of household i. Xit consists of time-varying household specific control

variables (household size, wealth index and education).

The demeaned variables, Dc(i), Xc(i), are now defined at the community level. Hence, Xc(i) =

1/(T Nc)
∑T

t=1
∑Nc

i=1 Xit is the community mean of X over time with Nc households in community

c, and µX = 1/N
∑C

c=1
∑Nc

i=1 Xc(i) is the sample mean of the community means in the population.

2.5.5 Results

The CLTS implementing NGOs were rewarded based on latrine ownership (if all households

own and use a latrine) but no incentives were provided based on hand-washing. Therefore,

we expect to find that selective intervention placement affected the treatment effects of latrine

ownership more than of hand-washing.

Table 2.3 shows the estimation results for latrine ownership. The reported standard errors

are robust to heteroskedasticity, serial-correlation and clustering at the community level. The

first column shows the results of estimating the ATT using the standard difference-in-difference
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Table 2.3: Estimation results for latrine ownership

Regression model

DD CRS CRS

(1) (2) (3)

β: CLTS 0.0828∗∗ 0.0341 0.0485

(0.0394) (0.0398) (0.0435)

ξ: CLTS 0.2398∗ 0.1309

(0.1345) (0.1507)

Mean at baseline 0.471 0.471 0.471

Observations 2951 2951 2951

R2 0.061 0.063 0.070

ψ estimated No No Yes

p-value for F-test: ψ = 0 0.112

Notes: Standard errors are robust to clustering at the community level,
heteroskedasticity and serial correlation (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). All
regressions control for household size, wealth index, education, year and
household fixed effects. Sample includes households participating in at
least 2 survey rounds. In (3) ψ contains HH size, wealth index and
education.
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model (ξ = 0 and ψ = 0). Using this specification, we can conclude that CLTS on average had a

positive and significant effect on latrine ownership at the locations selected for the intervention

(coef = 8.3pp, p = 0.036). However, when we control for the correlation between the treatment

effect and the intervention placement (column 2), the size of the treatment effect is halved and

insignificant (coef = 3.4pp, p = 0.391). At the same time, we observe a positive and weakly

significant correlation between the intervention variable and the timing of the intervention as

evidence for selective intervention placement (coef = 0.240, p = 0.075). This is in line with

the incentive structure. The last column of the table shows that the treatment effect on latrine

ownership may be correlated with some observable time-varying community characteristics (p

= 0.112 jointly for average household size, wealth index and education). Investigating further,

we find that the reduction in the estimate of ξ is driven by the effect of education (share of

adults with any formal education in the community) on the treatment effect (coef = 0.181, p =

0.078).

The estimates of the ATE in column 2 are not significantly different from the standard

difference-in-difference estimates of ATT (diff = 4.9pp, p = 0.214). However, one would draw

different conclusions about the effectiveness of the CLTS intervention on latrine ownership

based on the ATE and the ATT.

Turning to the effectiveness of the CLTS intervention on hand-washing, Table 2.4 shows that

the standard difference-in-difference method estimates the treatment effect at 14.7 percentage

points (p = 0.002). Controlling for selective intervention placement, the estimated treatment

effect changes only little (coef = 12.8pp) as the correlation between the treatment effect and the

intervention placement is insignificant (p = 0.653). Other observable community characteristics

are also uncorrelated with the treatment effect (p = 0.433). In this case, the ATE and ATT are

not significantly different (diff = 1.8pp, p = 0.666), and the two treatment effect estimates lead

to the same conclusion regarding the effectiveness of the CLTS intervention on hand-washing

after defecation.

Summarizing the results, we find evidence of strategic intervention placement on the

incentivized outcome (latrine ownership) but not on the non-incentivized outcome

(hand-washing).24 This makes sense from the perspective of CLTS implementing NGOs, who

24 Another explanation could be that a lower-cost technology adoption intervention could be expected to have a more

homogeneous impact. Because adopting the use of soap requires a much smaller investment compared to building
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Table 2.4: Estimation results for hand-washing with soap

Regression model

DD CRS CRS

(1) (2) (3)

β: CLTS 0.1468∗∗∗ 0.1283∗ 0.1408∗

(0.0475) (0.0715) (0.0750)

ξ: CLTS 0.0919 0.0156

(0.2046) (0.2461)

Mean at baseline 0.180 0.180 0.180

Observations 2925 2925 2925

R2 0.186 0.186 0.187

ψ estimated No No Yes

p-value for F-test: ψ = 0 0.433

Notes: Standard errors are robust to clustering at the community level,
heteroskedasticity and serial correlation (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). All
regressions control for household size, wealth index, education, year and
household fixed effects. Sample includes households participating in at least
2 survey rounds. In (3) ψ contains HH size, wealth index and education.



2.6. CONCLUSION 49

were incentivized on the overall level of latrine ownership. If the incentives are correctly

aligned to the program objectives, then strategic intervention placement could also be

desirable in terms of the total effect of the program.

Our findings also suggest that there is an optimal stopping point for rolling out the sanitation

intervention focused on increasing latrine ownership in the target program area as the treatment

effect decreases when the population coverage of the intervention is increased. However, it may

be possible to replicate the positive Average Treatment Effect on the Treated in other similar

populations relying on the incentive scheme for selective intervention placement.

2.6 Conclusion

In this paper, we focused on the correlation between the treatment effect and the intervention

placement in terms of selection on gains. Using the results of Wooldridge (2005, 2019) and

Chamberlain (1980) we discussed how the correlated random slopes model can be used to

estimate the Average Treatment Effect. Simulation results from a model of selective

intervention placement showed that when the assumptions for the estimation of ATE are

satisfied, the CRS regression provides a good linear approximation of the ATE.

The estimation of the ATT relies on less strong assumptions as it estimates the treatment

effect inclusive of the effects of selectivity. The resulting treatment effect estimates are the

primary interest of policymakers when evaluating the benefits of the program. In addition, for

forward looking policymakers, the comparison of ATT ex post to credible estimates of ATE

can give guidance with respect to the expected impacts of continuing the program in the same

program area and population or replicating it in a different area and population.

Using the One Million Initiative as example, we presented a case where selective

intervention placement was present in the intervention design: the implementing NGOs of the

CLTS interventions were incentivized to carry out the interventions in communities where

they expected the effect on latrine ownership to be the highest. Indeed, we find evidence of

selection on gains for this outcome variable. Controlling for selection effects changed our

conclusions about the effectiveness of the interventions. However, looking at another relevant

outcome variable of the CLTS intervention, which was not incentivized for the NGOs

a latrine, it is reasonable to observe less heterogeneity in the treatment effect on proper hand-washing.
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(hand-washing with soap after defecation), we find no effect of selective intervention

placement.

From the perspective of the total effect of the program, using an incentive scheme may

increase the total impact of the program if it is carefully designed and correctly aligned with

the objectives of the policymakers.



APPENDIX 51

Appendix

2.A Descriptive statistics

Table 2.5: Household characteristics in the regression sample

Year N obs Mean Control Mean CLTS p-value

Household size 2008 981 5.549 5.842 0.095

2010 1052 5.268 5.237 0.836

2013 918 5.399 5.738 0.056

Children <5 years 2008 981 0.894 0.922 0.650

2010 1052 0.895 0.833 0.285

2013 918 0.750 0.744 0.915

Wealth index 2008 981 -0.072 -0.009 0.326

2010 1052 -0.113 0.060 0.013

2013 918 0.066 0.089 0.776

Education (age>14) 2008 981 0.368 0.436 0.008

2010 1052 0.370 0.465 0.000

2013 918 0.468 0.550 0.003

Latrine ownership 2008 981 0.454 0.482 0.394

2010 1052 0.509 0.649 0.000

2013 918 0.601 0.660 0.067

Hand-washing (HWSD) 2008 955 0.198 0.169 0.251

2010 1052 0.333 0.429 0.002

2013 918 0.489 0.649 0.000

Variables:

See the definitions on the next page.
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Variables:

Household size: number of people living in the household (HH).

Children < 5 years: number of children younger than 5 years living in the HH.

Wealth index: calculated using PCA of items owned by the HH, normalized to 0 in the full

sample in 2008.

Education (age>14): share of HH members (age>14) with any formal education.

Latrine ownership: the HH owns any type of functioning latrine (verified by interviewers).

Hand-washing (HWSD): adult males and females are reported to wash their hands

with soap or ash after defecation (self-reported).
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Table 2.6: Community characteristics at baseline in the regression sample

N obs Mean Control Mean CLTS p-value

Water related diseases (past 6 months) 56 0.314 0.287 0.543

Any cholera cases (past 12 months) 55 0.364 0.545 0.192

Improved water point 56 0.455 0.294 0.229

Primary school with 1-5 grades (EP1) 56 0.864 0.794 0.516

Primary school with 6-7 grades (EP2) 56 0.273 0.353 0.539

Health facility 56 0.182 0.235 0.641

Population: 1-500 56 0.182 0.235 0.641

Population: 501-1000 56 0.227 0.353 0.327

Population: 1001-1500 56 0.182 0.147 0.735

Population: 1501-2000 56 0.136 0.059 0.329

Population: >2000 56 0.227 0.206 0.852

Variables:

Water related diseases (WRD): share of households in the community affected by WRD

in the past 6 months.

Any cholera cases: dummy, any reported cholera case in the community in the past

12 months.

Improved water point (IWP): dummy, the community has a functioning IWP.

Primary school: dummy, the community has a primary school.

Health facility: dummy, the community has a health facility.
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2.B The importance of the third survey round

In section 2.3, we stated that our estimation method relies on T ≥ 3 for identifying the ATE in

the presence of heterogeneous treatment effects correlated with unobservable factors affecting

treatment assignment. In the following, we demonstrate under which conditions we are able to

separate the effect of selectivity (or correlated heterogeneity) from the ATE.

Recall from section 2.3 that in the estimation regression (3.2) the term Dit ⊗ (D̄i − µD̄)ξ and

Dit⊗ (X̄i−µX̄)ψ are used to control for the heterogeneity of the treatment effect (bi). Among the

variables D and X, the intervention variables (D) are of interest to us, as these are the variables

that are presumably correlated with the heterogeneity in the treatment effect. Hence, in this

section we focus the discussion around Dit ⊗ D̄i.25

Let us, first, examine this expression for T = 2 given a single binary treatment variable and

a baseline at t = 1. Then, for the intervention group DiI = (0, 1) at t = (1, 2) resulting in D̄iI =

(0.5, 0.5), and for the comparison group DiC = (0, 0) resulting in D̄iC = (0, 0). Now, observe that

Dit ⊗ D̄i = 0.5Dit.26 Due to this multicollinearity, we cannot identify the coefficient of Dit ⊗ D̄i.

Hence, without further information about the structure of the heterogeneous effects, we are

not able to control for the correlation between intervention placement and the heterogeneous

treatment effects.

What if we have an additional observation before or after the interventions were

implemented? Assume that we conduct a second follow-up survey after all interventions have

been completed before the second survey. Now we have T = 3 with DiI = (0, 1, 1) and

DiC = (0, 0, 0) indicating whether an intervention happened before time t. Importantly, we do

not have observations with Di = (0, 0, 1). Now, Di ⊗ D̄i is (0, 0.67, 0.67) and (0, 0, 0) for the

intervention and comparison groups, respectively. Hence, Dit ⊗ D̄i = 0.67Dit. As a result, the

additional survey round does not allows us to control for the correlation between the

intervention placement and the treatment effect.

Finally, let us assume that the intervention is gradually rolled out between the first and

third round of data collection. Hence, we have observations with Di = (0, 0, 1). Now, Di⊗ D̄i is

(0, 0.67, 0.67) for the early intervention locations, (0, 0, 0.33) for the later intervention locations

25 We omit Dci ⊗ µD̄ because µD̄ is constant over the sample, and, therefore, this term is perfectly correlated with Di.
26 Which follows as, at t = (1, 2), Di⊗D̄i is (0, 0.5) and (0, 0) for the intervention and comparison groups, respectively.
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and (0, 0, 0) for the comparison group. Due to the differences in D̄i for the early and late

intervention groups, we are no longer able to express Di ⊗ D̄i as a linear combination of the

intervention variable, time dummies and individual fixed effects. Hence, we are able to control

for the selectivity on the treatment effect (selection on gains).

It is important to point out that the above considerations do not apply for multi-valued

(continuous or discrete) variables in X. For these variables, the coefficients of Dit ⊗ X̄i can also

be identified when T = 2.





Chapter 3

The complementarity of community-based

water and sanitation interventions:

evidence from Mozambique1

3.1 Introduction

Efforts to provide access to safe water sources and sanitation have been ongoing for several

decades worldwide. While gains have been made globally, 32% of the rural population in low

income countries still practiced open defecation as recently as in 2015, and 44% of them had

no access to improved water sources.2 These figures suggest that despite successes in the last

decades, there is still a lot to do to achieve access to safe water and sanitation for all by 2030,

number 6 of the Sustainable Development Goals of the United Nations.

Approaches to eradicating open defecation mainly differ between providing subsidized

1 This chapter is coauthored with Chris Elbers and Jan Willem Gunning. Data collection was financed by the

Evaluation Department (IOB) of the Netherlands Ministry of Foreign Affairs in the context of an evaluation study

described in detail in UNICEF and IOB (2011). We are grateful to the UNICEF staff in Maputo, Rita Tesselaar

of the Netherlands Ministry of Foreign Affairs and Menno Pradhan for very helpful comments. We thank the

participants at the internal seminar at the Vrije Universiteit Amsterdam in 2018, the DeNeB PhD seminar in 2018

in Berlin, the Nordic Conference in Development Economics 2018 in Helsinki for valuable comments and helpful

insights on earlier versions of this paper.
2 Figures obtained from the World Bank Database (https://data.worldbank.org/indicator).
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latrines (Pattanayak et al., 2009, Patil et al., 2014, Guiteras et al., 2015) or providing

information/education and fostering community engagement (Whaley and Webster, 2011,

Crocker et al., 2017, Cameron et al., 2019, Alzúa et al., 2020). We focus on the latter

behavior-change-based sanitation interventions, which mainly follow the Community-Led

Total Sanitation (CLTS) approach of Kar and Chambers (2008). CLTS uses a confrontational

approach to raise awareness to the importance of safe sanitation practices for health, and relies

on a community effort to build latrines without using subsidies. The meta-analysis of Garn

et al. (2017) reports that CLTS interventions increased latrine coverage by 12% on average

(95% CI: -2%, 27%). Reporting on CLTS programs in India, Indonesia, Mali and Tanzania,

Gertler et al. (2015) finds that the effectiveness of CLTS in reducing open defecation varies

with the intensity of the intervention: the more intensive the CLTS promotion, the larger its

effect was (3–33 percentage point decrease in open defecation).

This paper contributes to this literature on the effectiveness of CLTS interventions by

investigating possible effectiveness gains from implementing CLTS together with a water

supply intervention in the framework of a large-scale water and sanitation program in rural

Mozambique. We estimate medium- to long-term treatment effects with follow-up surveys

conducted up to 4 years after the CLTS intervention. A further contribution of the paper is that

we employ a novel method proposed by Vigh and Elbers (2017) in chapter 2 to estimate

population average treatment effects, which is robust to selective intervention allocation

motivated by selection on gains.

The program in Mozambique followed the CLTS methodology for household toilet facility

construction with additional focus on handwashing with soap or ash after toilet use. It was

implemented in underdeveloped rural communities that often had no access to safe water points

and had a high prevalence of open defecation. Combining the water supply and sanitation

interventions was envisioned to break all the main transmission pathways of fecal contaminants,

thereby reducing the disease burden on the population (see for example Waddington et al.,

2009). Hence, the two interventions were expected to be complementary in terms of improving

health outcomes.

However, complementarity of the water supply and sanitation interventions could also

manifest itself in higher adoption of desired hygienic behaviors when the two interventions are

combined. For example, providing water may encourage latrine use as it makes it easier to
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clean them. Building on this logic, Duflo et al. (2015) discusses a piped water supply and

sanitation program in rural India, where installing a pour-flush toilet in every household in the

village was a precondition for activating the village piped-water system. The logic behind the

intervention design was that households will upgrade their sanitation in order to get running

tap water in their homes. In this paper, we investigate the behavioral complementarity between

water supply and sanitation programs from the opposite angle: providing a safe community

water source may increase households’ willingness to invest in sanitation. We focus

exclusively on this second source of complementarity, and do not discuss health outcomes.

This form of complementarity may arise, for example, due to a more intensive and

beneficial working relationship between the intervention implementers and the communities.

Specifically, the program facilitators helped the communities apply for a new community

water point and trained the water committee on sustainable management of the water point

after the water point was installed. The sanitation intervention was usually implemented after

the water supply intervention. Communities were confronted with their sanitary circumstances

and were encouraged to build simple toilet facilities (mostly pit latrines) using locally

available material.

We find that implementing the sanitation intervention together with the WP intervention

increases the effectiveness of the former on the ownership and use of toilet facilities and

handwashing with soap or ash compared to implementing the sanitation component alone. At

the same time, the sanitation intervention increases the effectiveness of the WP intervention on

the use of improved WPs.

The implementation of the program does not lend itself to an impact assessment following

the randomized controlled trial methodology. The NGOs carrying out the CLTS intervention

were also contracted to carry out an initial assessment of the water and sanitation situation in the

communities. The location of the new improved WPs was later decided by the local government

based on need. However, the NGOs selected the communities for the CLTS intervention. In

addition to the NGO’s internal motivation to succeed, they were also financially incentivized

to implement the interventions at locations that had a higher probability of becoming open

defecation free. Therefore, it was in their interest to select those locations for CLTS where they

expected the highest treatment effect among the available pool of communities.

Targeting the interventions based on need or expected impact suggests that the treatment
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effects among the potential beneficiaries were expected to vary. As a result of targeting or

selective intervention placement, the treatment effect on the actual beneficiaries is likely to

overestimate the average treatment effect among all potential beneficiaries. Heckman et al.

(2006) called this phenomenon “essential heterogeneity” or “selection on gains”.

We rely on this incentive structure to differentiate between the treatment effect on the

beneficiaries and the population average of the treatment effect. We expect that the

intervention communities were selected in the order of the size of the expected treatment

effect. Using the method proposed in chapter 2 for such settings, we are able to filter out the

effect of this selectivity and estimate the population average of the treatment effect.

We find that the selective placement of the CLTS intervention increased its effect on latrine

ownership. The program increased latrine ownership by 8 percentage points (pp) among the

program beneficiaries in addition to a 9pp general increase in the same period. The treatment

effect is driven by communities that received both the WP and CLTS interventions, where

the treatment effect on the treated is 12pp compared to an 7pp but insignificant increase in

latrine ownership for the CLTS intervention alone. However, after filtering out the effects of

selective intervention placement, the average treatment effect shows that the CLTS intervention

would not be effective if implemented at randomly selected communities, irrespective of being

implemented together with the WP intervention. The results on the use of toilet facilities and

open defecation follow closely the results for latrine ownership.

The treatment effect of CLTS on handwashing with soap or ash after defecation was 12pp

on average. We find no evidence of selectivity for this outcome, suggesting that up-scaling the

program would be similarly effective for handwashing with soap or ash after defecation. The

treatment effect on this outcome is also larger in communities with both the WP and CLTS

interventions (16pp) compared to the CLTS intervention alone (10pp).

Uniquely, the program design also allows us the assess the effect of CLTS on the use of

improved WPs. We find that conditional on access to an improved WP, the CLTS intervention

increased the use of improved WPs by 15 pp on average. Again, this effect is mainly

attributable to communities that also received a WP intervention, where the combined effect of

the interventions was 36 pp conditional on the availability of improved WPs. These effects are

robust to the effects of selective intervention placement. However, when the distance to the

improved WP is more than 2 km, the effect of CLTS disappear. This is in line with our finding
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that about three-quarter of the households fetch water from a source within 1 km from their

dwelling.

Hence, we find that the synergy effects of the WP and sanitation interventions run both

ways. The increased effectiveness of CLTS on latrine ownership and handwashing is not

correlated with the distance to improved WPs.

These results should be interpreted as medium- to long-term effects given that the

follow-up surveys were conducted at least 1-2 years after the intervention. In general, we find

little reversion in latrine ownership (correlation coefficient of 0.8). This suggests real behavior

change given the fact that the traditional pit latrines used by households have to be emptied or

moved almost every year. We also observe that the program effects mainly come from new

adopters in the case of latrine ownership. In the case of handwashing with soap after

defecation, the program’s effect can be attributed both to new adopters and a higher retention

rate of earlier adopters.

In the next sections, we first introduce the program, the data collection and the outcome

variables in section 3.2, then discuss the effects of the sanitation intervention with and without

the WP intervention on latrine ownership and handwashing in section 3.3. In this section we

also discuss our approach to filtering out the effects of selective intervention placement, and

report on the average treatment effect on the treated and in the general population. In section

3.4, we turn to discussing the program’s effects on the use of improved WPs, and then in secton

3.5 we discuss potential explanations for the observed complementarity between the water and

sanitation interventions. Finally, section 3.6 concludes.

3.2 Data description

3.2.1 The program

The One Million Initiative (OMI) was implemented between 2006-2013 in 18 districts of

Manica, Sofala and Tete provinces of central Mozambique. The program was a cooperation

between the Governments of Mozambique and the Netherlands and coordinated by UNICEF

Mozambique. It aimed to support the Government of Mozambique in achieving the

Millennium Development Goals on the access to safe drinking water and basic sanitation by
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reaching one million people in poor rural areas (40% of the population in the program area)

and providing them with means to use safe and sustainable drinking water and hygienic

sanitation facilities.

At the time of the program, in 2010, only 35 percent of the rural population in Mozambique

used improved water sources (such as a borehole or a protected well),3 and 9.5 million people

or almost 40 percent of the population were practicing open defecation WHO and UNICEF

(2012). The situation was even more extreme in the OMI program districts, where data from

the Demographic and Health Survey from 2009 showed that only 27% of the rural population

had access to an improved water point (WP), and 44% were using a toilet facility.

The program carried out community water point (WP) interventions by creating new

boreholes and training water committees on maintenance (2008-2013), and community-based

sanitation and hygiene education through the Community Approaches to Total Sanitation,

which combined the Community-Led Total Sanitation (CLTS) approach with an award

scheme for Open Defecation Free (ODF) communities (2008-2013). Community participation

was an essential component of the interventions.

In every district, different so-called “Community Participation and Education” activist

NGOs were contracted as the focal point between the communities and the program. These

NGOs were responsible for communicating and recruiting communities for the program,

providing information over the needs of communities to local authorities, as well as,

implementing the hygiene, sanitation (CLTS) and water committee trainings in the

communities. In the program, the communities had to apply for an improved WP with the

assistance of the NGOs, indicating the preferred location of the WP and community members

responsible for the future management of the WP (water committee). Based on information

received from the NGOs, the location of the water point interventions (WPI) was decided by

local authorities. After the installation of the WP, the NGOs trained the water committee

members on the sustainable management of the water point, including collecting user fees to

cover later reparation costs.

The NGOs were free to choose the communities for implementing the CLTS trainings.

However, the communities had to agree to the trainings and the NGOs had to reach their annual

target of communities they worked with. The implementation of the program is summarized in

3 Source: http://mdgs.un.org/unsd/mdg/data.aspx

http://mdgs.un.org/unsd/mdg/data.aspx
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Figure 3.B2 in Appendix 3.B.

The aim of the Community-Led Total Sanitation methodology is to eradicate open

defecation using a confrontational approach which included the mapping of locations used as

“toilets”, visiting these locations during the “walk of shame”, and the triggering moment of

demonstrating the fecal contamination of food.4 The intervention also put an emphasis on

proper handwashing after defecation. After the awareness was raised, the solutions in the form

of latrine construction based on local materials was discussed, and the community pledged to

build latrines. No subsidies were provided to promote latrine construction. After the training,

the NGOs could follow up with the communities until they became ODF, meaning that all

households owned and used a latrine. These were almost always traditional latrines in the

program area. The program encouraged households to build safe latrines using locally

available materials.

The triggered communities could apply to certify their ODF status in the annual ODF

evaluation campaign, where it was verified that there are no fecal contaminants lying around

in the community, and indeed all households use a latrine. The NGOs were financially

rewarded for the number of ODF communities in their district, therefore they had an incentive

to introduce CLTS and follow-up on the trainings at communities that had a high likelihood of

success. In addition, leaders of the ODF certified communities also received a non-financial

reward (for example, a bicycle for the community leader).5 Based on Kar and Chambers

(2008) the success of CLTS is related to factors including health problems, leadership, size of

community (smaller is easier) and geographical factors (remoteness).

As the above description suggests, the program interventions were purposefully not

randomized across communities in the program area. Emphasis was put on reaching

communities that do not have or have only limited access to safe water sources and sanitary

facilities, while the implementing NGOs were incentivised to implement CLTS in

communities where they expected the highest impacts of the program (to become ODF).

Overall, about 45% of the communities with a CLTS intervention were awarded ODF status

by the end of 2013.

4 See Kar and Chambers (2008) for more information about the implementation of Community Led Total Sanitation.
5 Prizes for communities were abolished in 2011.
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3.2.2 Data collection

For the evaluation of the program, survey data were collected in three rounds: August-October

2008 (baseline), August-October 2010 (midline) and July-August 2013 (endline). In each

round, data were collected from 1600 households in 80 communities.6 In each sampled

community, three types of surveys were carried out: a household survey, a community survey

administered to local community leaders and a water point survey administered at all WPs

used by the community. In addition, for a sub-sample in each community, water samples were

taken at the water point and the point of use for microbiological analysis.

The surveys were designed to measure the effects of the program interventions on the use

of improved WPs, ownership and use of (improved) latrines, practice of open defecation, hand

washing practices and prevalence of water related diseases. The household surveys also

collected data on hygiene awareness and attitude, socioeconomic characteristics of the

households, and the age, gender and education of all household members. Except for

observations on sanitary facilities, most variables are self-reported. The community survey

collected information on general community characteristics, water, sanitation and hygiene

interventions and practices in the community.

We focus on the program’s impact on three outcome variables: latrine ownership,7

handwashing with soap or ash after defecation and the use of improved WPs. All three

outcome variables are binary and defined at the household level.8

The survey communities were sampled based on their likelihood of receiving an

intervention soon after the baseline survey. Communities were classified as having a high

likelihood of intervention if they had already been visited by a program NGO.9 All other

communities were classified as having a low likelihood of intervention. In total, 302 high

likelihood communities were listed based on information from the NGOs, and 2200 low

6 Communities usually represent about 100 households. Villages can have multiple communities.
7 Results on open defecation are also discussed. However, open defecation highly correlates with latrine ownership.

We use latrine ownership as the primary sanitation outcome because it can be verified by the interviewers and it is

easier to report on.
8 The ultimate objective of all water, sanitation and hygiene interventions is to improve the health outcomes of the

population, especially for young children. However, we do not discuss results on health outcomes in this paper.
9 During these initial visits the NGOs assessed the situation in the communities. In some cases interventions were

already planned in these communities.
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likelihood communities were listed based on census data (INE, 1997). From these lists of

eligible communities, 40 were selected for both the Intended Target (IT) and the Intended

Control (IC) group using a systematic random selection procedure.10

The location of the program interventions was reported to UNICEF Mozambique by the

NGOs for the CLTS training, and by the construction companies for the newly drilled

functioning boreholes (community WPs). These were matched to the surveyed communities.

Communities could receive either the WP intervention, the CLTS sanitation intervention or

both interventions.11

Table 3.1 summarizes the number of communities that received the interventions before

the given survey period (in rows) for each of the intervention arms. 22 communities without

any program interventions serve as the comparison group. In the analysis, we rely on the

period of the intervention implementation. ‘Wave 1’ and ‘Wave 2’ intervention groups refer

to communities that received the interventions between the baseline (2008) and midline (2010)

surveys, and between the midline and endline (2013) surveys, respectively. Hence, the 2010

row of the panels in Table 3.1 show the Wave 1 intervention groups, while the 2013 row sums

the Wave 1 and Wave 2 groups together.

The Intended Target communities were more likely to receive the interventions,

particularly between the baseline (2008) and midline (2010) surveys (Wave 1). Most of the

WP interventions took place during this period. The CLTS interventions were more evenly

spread out over the evaluation period (Wave 1 and 2), but also here we observe that the IT

communities received the interventions earlier. Overall, 95% of the IT and 50% of the IC

communities received at least one of the program interventions (see Table 3.C1 in the

Appendix 3.C).

However, when analyzing the data, we only use the realized intervention status of the

communities, taking into account the selective allocation of the interventions. We first report

on the CLTS and WP interventions not taking account the possible joint occurrence of the two

interventions, which we will refer to as ‘CLTS (total)’ and ‘WPI (total)’ or the total effects of

10 The randomization procedure was stratified by districts, so that the total number of selected communities in each

district was proportional to its population size.
11 In addition to the CLTS and WP interventions, a hygiene promotion was implemented in every community in the

sample by the NGOs. The impact of the hygiene promotion cannot be evaluated using the survey as it was done

in all communities prior to the baseline.
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Table 3.1: Cumulative distribution of the program interventions in the sample

(a) Total CLTS and WP interventions

Year CLTS (total) WPI (total)

2008 0 0

2010 23 35

2013 41 47

(b) CLTS and WP interventions by treatment arm

Year CLTS (alone) CLTS&WPI WPI (alone)

2008 0 0 0

2010 8 15 20

2013 20 21 26

Notes: Number of communities that received the intervention prior to the survey periods 2008, 2010 and
2013.

the interventions (Table 3.1a).

In order to investigate the synergies between the CLTS and WP interventions, we also

report the results for the three individual intervention arms: ‘CLTS (alone)’, ‘WPI (alone)’ and

‘CLTS&WPI’ (Table 3.1b). The CLTS&WPI intervention arm contains those communities that

received both the CLTS and WP interventions in the same period. In these communities the

WP intervention was usually followed by the CLTS intervention.12

The ‘CLTS (alone)’ intervention arm contains those communities that received the CLTS

intervention without the WP intervention or the WP intervention was implemented in a

different wave. Similarly, the ‘WPI (alone)’ intervention arm contains those communities that

received the WP intervention without the CLTS intervention or the CLTS intervention was

implemented in a different period.13 Appendix 3.C provides more detail on the disaggregation

of the intervention groups.

Turning to the data collected in the sampled communities, in every community, 20

households were randomly selected to be interviewed at the baseline (2008), resulting in a

sample of 1600 households.14 The same households were revisited for the midline (2010) and

12 Only in 2 out of 21 communities did the CLTS precede the WP intervention.
13 In Table 3.1b, 9 communities appear both in the CLTS and WPI intervention arms. Because in these communities

one of the interventions happened before the midline and the other after the midline survey, we are able to measure

the effect of both interventions separately (unlike for the communities in the CLTS&WPI intervention arm).
14 In the IT communities, in order to ensure that survey households are indeed living close to a potential new

borehole, communities were first asked which location they would prefer for a new WP. In the baseline households
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endline (2013) surveys. If a household could not be interviewed, it was replaced with a

randomly selected household. At the endline survey, the interviewers first tried to revisit

households that participated in the baseline survey. If they were unsuccessful, they tried to

revisit the household’s replacement at the midline (if applicable), and if unsuccessful, finally

replaced the household. Overall, 1161 households (72.6%) were interviewed in all three

rounds, and 1524 households (95.2%) that participated in at least two survey rounds (see

Appendix 3.E).15 In the main regression analysis, we use the latter sample but the results are

robust to using the balanced sample (results available upon request).

The tables in Appendix 3.A summarize the household characteristics. We observe some

differences in the main household characteristics among the intervention arms and the

comparison group. Specifically, at the baseline households in communities with the CLTS

only intervention were more likely to own and use a toilet facility compared to the comparison

group. Baseline handwashing practices were similar in all intervention arms, and the use of

improved WP was lower in communities with a WP intervention. Communities receiving the

WP intervention appear to be better off at the baseline. In addition, households in the

CLTS&WPI intervention arm have more often some formal education and larger household

sizes. In the regression analysis, we control for these factors.

Looking at the patterns of attrition, we find that larger households are more likely to remain

in the sample (see Appendix 3.E). In addition, we observe that households in Tete province are

more likely to remain in the sample. Households in Tete are also more likely to own a latrine.

However, after controlling for the province, latrine ownership does not predict the probability

of attrition.

3.2.3 Selection of the intervention communities

Given that the program interventions were not randomly assigned, it is important to understand

the selection of the intervention communities.16 Using data from the Demographic and Health

were then sampled in the neighborhood of that area.
15 In 606 households the same respondent was interviewed in all three rounds, and in 1356 households the same

respondent was interviewed in at least two survey rounds. Close to 60 percent of the respondents were female,

and over 90 percent of the respondents were either the head of the household or the spouse.
16 Appendix 3.D provides a detailed discussion about the predictors of the program intervention placement.
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Survey (DHS) in Mozambique from 2009, we find that the program targeted districts where the

use of improved WPs was lower than average within the program provinces (30% vs. 45% of

households, Table 3.D1 in Appendix 3.D). Comparing the figures from the DHS survey with

those from the baseline survey, we observe that the surveyed program sample over-represents

communities not using an improved WP even within the surveyed program districts (30% vs.

14% of households, Tables 3.D1b and 3.D3 in Appendix 3.D).

The DHS data also reveal that the use of toilet facilities (mostly traditional latrines) showed

a substantial variation between and within the provinces (21-61% of households in districts,

Tables 3.D1a and 3.D1b in Appendix 3.D). There is no indication that the program selected

districts based on latrine use. We observe a similar pattern for the presence of a handwashing

facility at the households’ compounds using data from the 2011 round of the DHS survey

(Tables 3.D2a and 3.D2b in Appendix 3.D). Hence, we can conclude that the surveyed program

sample primarily targeted communities in need of an improved WP.

Regarding the actual allocation of the interventions in the surveyed communities, we

investigate whether observed community characteristics predict the interventions.17 As

discussed in section 3.2.1, the CLTS and WP interventions follow different allocation rules.

We assume that the WPI interventions were allocated independently from the CLTS

interventions, however, the allocation of the CLTS interventions takes into account the

location of the WP intervention. Therefore, we first discuss the predictors of the WP

intervention, and then the CLTS intervention.

On the one hand, we find that communities without an improved WP at baseline were

significantly more likely to receive the WP intervention. Other than availability, villages with

less income inequality (in terms of the standard deviation of the wealth index) and medium-

small size (population of 500–1000) are found to be correlated to receiving the WP intervention.

Notably, we find no correlation between the placement of WP intervention and the community

mean of other outcome variables (latrine ownership and handwashing practices) and a health

measure (water related disease prevalence). The allocation of the WP interventions followed

similar patterns in Wave 1 and Wave 2 (Figure 3.D1 in Appendix 3.D).

On the other hand, the WP intervention had a significant effect on the placement of the

17 Given the nature or the intervention, we cannot rule out that unobserved community characteristics also affect the

allocation of the interventions.
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CLTS intervention within the same period (Figure 3.D2 in Appendix 3.D). Overall, only 5 out

of 30 communities with both interventions received the CLTS intervention prior to the water

point intervention.

We observe also some differences in the observable baseline community characteristics

between the Wave 1 and Wave 2 CLTS interventions. The Wave 1 interventions were more

often targeted at small villages (population of less than 500 people), and at communities that

already had higher rates of latrine ownership at the baseline relative to other communities in

their district. Given that building a latrine requires non-negligible investment, it is important

to point out that the CLTS interventions are not correlated with the relative wealth level of the

communities nor with wealth inequality within the communities.

3.2.4 Outcome variables

The main outcome variables of interest are (i) latrine ownership, (ii) handwashing with soap or

ash after defecation and (iii) the use of improved water points. The choice of these outcomes is

motivated by the program objectives, as these three variables represent three separate channels

for reducing the burden of water related diseases (Waddington et al., 2009). The program

survey data indicate surprisingly low correlation between the three outcomes (Table 3.A5 in

Appendix 3.A).

We decided to focus on latrine ownership rather than open defecation or the use of a latrine

facility because latrine ownership was encouraged by the CLTS intervention, and sharing of

latrines was not very common in the program area.18 In addition, it is possible to verify the

existence of a latrine. However, results for latrine use and open defecation are reported in

Appendix 3.F.

The choice of the outcome on handwashing with soap or ash after defecation is also

motivated by the emphasis of the CLTS intervention on this outcome. While only 18% of the

households reported washing their hands with soap or ash after defecation at the baseline,

almost all of them reported to wash their hands without soap or ash both after defecation and

before eating. Handwashing with soap or ash before eating remained close to 20% during the

evaluation period. In the following we refer to the outcome on handwashing with soap or ash

18 The correlation coefficient between latrine ownership and use is r = 0.91. See also Table 3.D3 in Appendix 3.D.
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after defecation simply as ‘handwashing’.

Bearing in mind the selective intervention allocation based on the before intervention

values of the outcome variables, we look at factors that predicted the outcome variables before

the interventions. We find that both latrine ownership and handwashing were correlated with

education and wealth. The availability of improved WP19 was the strongest predictor of using

improved WPs but its coefficient of 0.45 indicates that a substantial share of the households

preferred to use a traditional WP even when an improved WP was available in the community.

The availability of an improved WP also increased the probability of latrine ownership.

Figure 3.1 shows the changes in the outcome variables depending on the period of the CLTS

intervention. Panel A shows the development in the share of households owning a latrine (left),

handwashing (middle) and using an improved WP conditional on its availability (right). The

outcomes are shown separately for the Wave 1 and Wave 2 CLTS intervention groups and

the comparison group.20 Panel B shows the corresponding changes in the outcome variables

between the survey periods for the three groups. For an intervention with a positive treatment

effect, the outcome is expected to increase (more than in the comparison group) from 2008 to

2010 for the Wave 1 intervention group, and from 2010 to 2013 for the Wave 2 intervention

group. The outcome on handwashing follows this pattern the most closely. Note that there is

also a positive and significant trend in the comparison group for all three outcome variables.21

The changes in latrine ownership are significantly smaller (diff = -12.6pp, p = 0.0005)

after the CLTS intervention for the Wave 2 group compared to the Wave 1 intervention group.

As discussed in chapter 2, this is the pattern one we would expect if the implementing NGOs

selected the location of the CLTS interventions based on where they expected the largest

treatment effect in terms of the communities becoming open defecation free, as they were

incentivized to do.

Panel C of Figure 3.1 looks at whether the changes in the outcome variables follow the

same trend in the comparison and Wave 2 intervention groups between 2008 and 2010, before

19 Availability of an improved WP is defined here as a surveyed functioning improved (community) WP in the

community.
20 The comparison group includes communities that did not receive any CLTS or WP interventions. We omitted data

on communities that only received the WP intervention.
21 The positive trend in the comparison group can partially be attributed to other simultaneously running water and

sanitation interventions and to increasing wealth levels.
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Figure 3.1: Changes in outcome variables by the period of the CLTS (total) intervention
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Panel B. Changes in outcome variables by timing of the CLTS intervention
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the intervention. In the estimation of the treatment effects, we need to make the assumption

that the comparison and intervention groups follow the same trend. We can only test this

assumption for the Wave 2 intervention group before the intervention. The figure shows that the

Wave 2 intervention group had a somewhat higher trend than the comparison group for latrine

ownership and handwashing. However, the difference is not significantly different from zero

(p = 0.185 and p = 0.191, respectively) when controlling for observable baseline household

characteristics (household size, wealth index and education).

Looking at the persistence of the outcome variables over time, we find that the unconditional

retention rate of latrine ownership and the use of improved WP was around 80–90%. This

means that of the households that owned a latrine or used an improved water point at one

of the survey rounds, 80-90% still did so at the time of the next survey round. At the same

time, we observe that the retention rate for handwashing was only 52–65% (see Table 3.A5

in Appendix 3.A). In the analysis, we investigate whether households facing an adoption or

a retention decision are affected differently by the program interventions and their household

characteristics.

The focus of the paper is on the effectiveness of the CLTS intervention with and without

WP interventions. In section 3.3, we estimate the effect of CLTS on latrine ownership and

handwashing. In section 3.4, we investigate the relationship between the improved WPs and

the CLTS intervention. Finally, in section 3.5 we investigate possible explanations how the

CLTS and WP interventions could reinforce one another.

3.3 Effects of CLTS on latrine ownership and handwashing

The explicit objective of the CLTS intervention was to encourage latrine use and ownership

and handwashing with soap or ash especially after defecation. In this section, we investigate to

what extent the CLTS intervention was effective in achieving these objectives. In addition to

the treatment effect on the beneficiaries, we are also interested to know whether the effects on

the beneficiaries would be the same if CLTS had been implemented in randomly selected

communities. This is especially important because of the strategic selection of the CLTS

recipient communities. We follow the method introduced in chapter 2 when estimating the

average treatment effect in the population.
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We also address whether the CLTS intervention was more effective in communities also

receiving the WP intervention, and whether CLTS had a different effect on new adopters

compared to its effect on the retention of hygienic practices of earlier adopters. The results

should be interpreted as mid- to long-term effects of the CLTS intervention. Before discussing

the results, we outline the econometric approaches used to generate the results.

3.3.1 Identification strategy

In order to assess the effectiveness of the program interventions, we consider the average

treatment effect on the actual intervention communities (Average Treatment Effect on the

Treated, ATT) and in the population (Average Treatment Effect, ATE). We estimate these

treatment effects using a regression framework.

Since participation was voluntary, the effects of the CLTS intervention are likely to be

heterogeneous among the communities. Therefore, we include community-specific treatment

effects (βc) in the model for estimating the treatment effects on the outcome variables (Yit):

Yit = αt + Dc(i)tβc(i) + Xitθ + ηi + εit for t = 1, ...,T (3.1)

where αt denotes the time-varying but common trend for all individuals, Xit stands for

household characteristics (household size, education and wealth index) with constant

coefficients (θ), ηi is a household fixed effect and εit stands for idiosyncratic shocks. All the

outcome variables of interest are binary variables. In the main analysis we use the linear

probability model to estimate the treatment effects.22

We define the intervention variables D such that Dct = 1 if an intervention was implemented

in community c before time t, and Dct = 0 otherwise.23 D represents a vector of the intervention

arms for the CLTS and WP interventions as shown in the two panels of Table 3.1.

We expect the he intervention arms (D) containing CLTS to be correlated with the

community-specific treatment effect (βc) because the implementing NGOs were incentivized

22 The average partial effects using a probit regression follow closely the results of the linear probability model (see

Appendix 3.G).
23 This is also referred to as staggered intervention design, with the intervention roll-out implemented in stages.
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to carry out the CLTS trainings in communities where they expected to have the largest

treatment effect based on assessment visits at the potential intervention locations prior to

delivering the intervention. We do not expect the treatment effect of the WP intervention to be

community-specific, however, we allow for it in the regression specification.

We estimate the ATE and ATT as in chapter 2, which discusses the modeling and estimation

of treatment effects in selective intervention placement models in cases such as the current

setting. The identification of the ATE relies on the assignment mechanism that allocates the

intervention to communities with the highest expected treatment effect given the number of

communities to be served. The estimation procedure is summarized below.

Average Treatment Effect

The key insight for the estimation of the ATE is that, when the interventions are allocated to

communities in order of the expected treatment effect, the period of the intervention

implementation carries additional information about the treatment effect that researchers can

exploit when estimating the ATE. This information is conveyed by the decrease in the

treatment effect over time as the intervention is rolled out. To observe this, we need at least

three rounds of observations, which are available from the program surveys (see Figure 3.1).

Following the correlated random slopes model of Wooldridge (2019), we can approximate

the correlation between the community-specific treatment effect and the intervention placement

by the community means of the intervention variable over time. Using the interaction term of

the mean intervention and the intervention itself, we are able to filter out the component of the

treatment effect heterogeneity which is correlated with the intervention.24

Adopting the described procedure to (3.1), we estimate ATE by the average treatment

effect (β) in the following correlated random slopes (CRS) model

Yit = αt + Dc(i)tβ + Xitθ + Dc(i)t ⊗ Dc(i)ξ + ηi + uit (3.2)

where Dc(i) = Dc(i) − µD is the (demeaned) community mean of the intervention variable over

time in the community of household i, Dc(i) = 1/(T Nc(i))
∑T

t=1
∑Nc(i)

i=1 Dc(i)t is the community mean

24 These community mean of the intervention variable also has to be demeaned over the whole sample in order for

the level of these variables not to effect the estimate of the average treatment effect.
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of the intervention Dc(i)t over time, and µD = 1/C
∑C

c=1 Dc is the mean of the community means.

D ⊗ D denotes all interaction terms between the multidimensional D and D.25

In chapter 2 we argue that the most important assumptions for estimating ATE using (3.2)

are that the heterogeneity in the treatment effect is constant over time, that no selection occurred

on time-varying unobservable variables (E(uit|D, X, ηi) = 0), and that the correlation between

the treatment effect heterogeneity and the intervention variable is indeed due to the allocation

mechanism described above.26

In addition, we also must assume that the common trend assumption holds, and we have

to use a population representative sample. Given these assumptions, β in (3.2) provides an

unbiased estimate of the ATE.

We estimate (3.2) using the within transformation (fixed effects regression). Because

residual heterogeneity in the treatment effect (uncorrelated to the intervention) is flushed into

the error term uit, we adjust the standard errors for serial correlation, in addition to correcting

for heteroskedasticity and clustering.

Average Treatment Effect on the Treated

In order to estimate the ATT, we use the standard difference-in-difference (DD) regression:

Yit = αt + Dc(i)tβ̃ + Xitθ + ηi + uit (3.3)

where, the estimate of β̃ contains the treatment effect on the actual beneficiaries possibly

including the effects of selective intervention placement. Hence, the results are not directly

comparable to treatment effect estimates from randomized controlled trials. Comparing the

estimates of the ATT and the ATE can help assessing the importance of the selectivity. Elbers

and Gunning (2014) argue that for policymakers the treatment effect of the program inclusive

of the effects of selection may actually be more relevant, unless the program is aimed at

providing universal coverage.

25 It is possible to include other time-independent interaction terms (D ⊗W) in equation (3.2) that contribute to the

treatment effect heterogeneity.
26 If the intervention allocation is based on incorrectly formed expectations, this weakens the correlation between

the intervention variable and the treatment effect, thereby weakening the effect of selection on gains.
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We can estimate equation (3.3) using the within or the first difference transformation to filter

out the household fixed effects (ηi). Taking the second approach allows us to consider more

closely the changes in the outcome variables over time. In the current setting, these changes

arise from two sources: adoption behavior of previous non-users (Yi(t−1) = 0 and Yit = 1) and

non-retention of previous users (Yi(t−1) = 1 and Yit = 0). The effectiveness of the interventions

may differ for these two groups.27 For example, using a comparable specification, Gertler

et al. (2015) finds that the program effects on the use of sanitation facilities can be primarily

attributed to non-owner households at the baseline, in most context.

In order to investigate differential treatment effects on previous users and non-users, we

estimate the following regression for the changes in the outcome variables (∆Yit):

∆Yit =


α0t + ∆Dc(i)tβ̃0 + ∆Xitθ0 + Xi(t−1)γ0 + vit if Yi(t−1) = 0

α1t + ∆Dc(i)tβ̃1 + ∆Xitθ1 + Xi(t−1)γ1 + vit if Yi(t−1) = 1.
(3.4)

This regression is a variation of the first difference transformation of (3.3). In addition to

the changes in the household-specific variables (∆Xit), we also control for their past values

(Xi(t−1)) assuming that both the level of the household-specific variables and their changes may

influence the adoption and retention behavior of the households. The separate coefficients for

β̃0 and β̃1 provide a decomposition of the ATT for the beneficiaries who did or did not adopt

the desired outcomes before the start of the intervention.

It is important to note that even though we are interested in the synergies between the

CLTS and WPI intervention, we do not estimate a model with an interaction term between

‘CLTS (total)’ and ‘WPI (total)’. There are two reasons for this. First, in the case of the

9 communities that received the two interventions in different waves, the coefficient of the

interaction term would only measure the additional effect of the second intervention, while for

the 21 communities it would measure the combined effect of the interventions. Splitting the

intervention arms as shown in Table 3.1b avoids this problem.

Second, we are primarily interested in the effectiveness of the CLTS intervention, and

whether it is more or less effective when implemented together with the WP intervention.

27 See Tables 3.A6 and 3.A7 in Appendix 3.A for the unconditional transition dynamics of these two groups with

and without the CLTS intervention.
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Therefore, we want to test the size of the coefficients of the ‘CLTS (alone)’ against

‘CLTS&WPI’ intervention arm. In addition, we expect that the WP intervention alone does

not significantly improve sanitation outcomes.

3.3.2 Treatment effect estimates

Table 3.2: Treatment effect estimates for latrine ownership and handwashing

Treatment effect estimates

Latrine Latrine Latrine HW HW HW

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

CLTS (total) 0.076∗∗ 0.094∗∗ 0.032 0.128∗∗∗ 0.114∗∗ 0.114∗

(0.038) (0.045) (0.041) (0.038) (0.044) (0.064)
WPI (total) 0.035 0.020 0.018 0.012 −0.006 −0.034

(0.031) (0.036) (0.036) (0.039) (0.044) (0.058)

Mean dep.var. 0.541 0.077 0.541 0.379 0.202 0.379
Observations 4206 2667 4206 4170 2632 4170
R2 0.067 0.051 0.071 0.180 0.104 0.181
Regression model DD DD CRS DD DD CRS
Estimator FE FD FE FE FD FE
P-value(H0 : ξCLTS = 0) 0.030 0.792

Notes: Dependent variables: Latrine = latrine ownership, HW = handwashing with soap or ash
after defecation. Standard errors are robust to clustering at the community level, heteroskedasticity
and serial correlation (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). Regression model DD estimates equation (3.3) and
CRS estimates equation (3.2). Standard errors corrected for clustering at community level. All
regressions control for HH size, wealth index, education and year. The sample includes HHs
participating in at least 2 survey rounds.

We first discuss the effects of the CLTS intervention irrespective of the joint occurrence of

the interventions. Table 3.2 reports the treatment effect estimates for latrine ownership

(columns 1-3) and handwashing (columns 4-6). In addition to the CLTS and WP

interventions, all regressions control for household characteristics (wealth index, education

and size), and household and time fixed effects. In columns 2 and 5 the first difference

transformation (FD) is used to remove the fixed effects, while the other regressions use the
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within transformation (FE). As expected, the WP intervention on its own had no significant

effect on the outcomes, and we do not discuss this result further.

The table shows that the CLTS intervention is associated with a 7.6 percentage point (pp)

increase in latrine ownership (p = 0.043) in the selected intervention communities. This effect

is a 17% increase compared to the baseline latrine ownership in the CLTS intervention group.

The general increase in latrine ownership was 9.3pp on average in all communities between

2008 and 2013, which can be partially attributed to increasing wealth levels and other sanitation

trainings in the program area.28

Using the FD transformation to estimate the ATT, only the changes immediately after the

intervention are taken into account. Hence, changes between 2010 and 2013 for the Wave 1

intervention group are not included in the FD estimate but they do affect the FE estimate. In

the case of latrine ownership, the ATT of the CLTS intervention using the FD transformation

(9.4pp in column 2) is higher than using the FE transformation (7.6pp in column 1) because

latrine ownership decreased between 2010-2013 for the Wave 1 intervention group (see Figure

3.1).

Column 3 of Table 3.2 reveals that the estimate of ATT on latrine ownership is in a large

part driven by the selection of the intervention communities: the average treatment effect in

the total population of the program area would have been lower (ATE = 3.2pp) and not

significantly different from zero (p = 0.431). This occurs due to the reduction in the

effectiveness of the CLTS intervention between the Wave 1 and 2 intervention groups (see

Figure 3.1), which we argue is driven by the selection of intervention communities. This effect

is captured by the cross-terms D ⊗ (D̄ − µD̄) with coefficient ξCLTS , which have a significant

explanatory power in the CRS regression (p=0.030). If the NGOs selected communities where

they expected the largest successes in terms of latrine ownership from the available pool of

communities, we would also expect to see a continuous reduction in the size of the treatment

effect in expectation. This is a likely scenario given that the NGOs were (financially)

motivated to implement the CLTS intervention in communities where all households would

start using latrines. More importantly, the validity of the ATE estimate depends on this

assumption. If the change in the effectiveness of the CLTS intervention is caused by

28 We only have self-reported information about other sanitation trainings but it is likely that these have also

contributed to the rising number of latrines.
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alternative explanations, for example, the population of the communities became saturated by

all the sanitation trainings, then the CRS equation (3.2) would fail to estimate the Average

Treatment Effect in the population.

Turning to the results on handwashing, columns 4–6 in Table 3.2 show that the treatment

effect of CLTS on handwashing has been sizable and persistent over time. The average

treatment effect of the CLTS intervention on handwashing with soap or ash after defecation is

estimated at 11.4pp in the program area (column 6). This is only about 1pp lower than the

treatment effect on the treated (column 4), and it is a 65% increase in handwashing compared

to its baseline value. This also comes on top of a 36.3pp general increase in handwashing

between 2008 and 2013, which is a 206% increase compared to the baseline.

Next, in Table 3.3 we investigate whether the treatment effect of CLTS differs when

implementing the CLTS intervention with or without the WP intervention. The table shows

that the ATT is larger for both latrine ownership and handwashing in the CLTS&WPI

intervention arm (ATT = 11.5pp and ATT = 15.7pp, respectively) compared to implementing

CLTS alone (ATT = 6.9pp and ATT = 9.7pp). This is an important finding because for latrine

ownership (and also for the FD estimate for handwashing) the ATT is only significantly

different from zero when the CLTS is implemented together with the WP intervention. We

investigate this result further in section 3.5.

The estimate of the ATE shows that even when implementing CLTS together with the WP

intervention, the treatment effect of CLTS on latrine ownership would not be statistically

significant when implemented at randomly selected or in all potential target communities. The

ATE for handwashing is also not significantly different from zero. The latter occurs partially

due to the increase in standard error when controlling for the cross-terms (D ⊗ (D̄ − µD̄)), and

partially due to the reduction in the ATE for the CLTS&WPI compared to the ATT. However,

the difference between the coefficient estimates in column 4 and 6 are small, and the

coefficient estimates of the cross-terms (D ⊗ (D̄ − µD̄) and D ⊗ (X̄ − µX̄)) are not significantly

different from zero (p = 0.970 and p = 0.511). This suggests that the ATT estimates in column

4 may estimate the ATE for handwashing reasonably well just like when estimating the total

effect of CLTS on handwashing in Table 3.2.

Even if the CLTS intervention would have little additional effect on latrine ownership

when implemented universally, it is worthwhile to consider whether the effects of the
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Table 3.3: Effect of CLTS was higher when implemented together with WP intervention

Treatment effect estimates

Latrine Latrine Latrine HW HW HW

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

CLTS (alone) 0.069 0.079 −0.059 0.097∗∗ 0.070 0.091
(0.048) (0.057) (0.078) (0.049) (0.053) (0.104)

CLTS&WPI 0.115∗∗ 0.122∗ 0.010 0.157∗∗∗ 0.133∗∗ 0.085
(0.049) (0.063) (0.072) (0.054) (0.061) (0.136)

WPI (alone) 0.029 0.009 0.038 −0.013 −0.042 −0.136
(0.030) (0.030) (0.075) (0.045) (0.050) (0.092)

Mean dep.var. 0.541 0.077 0.541 0.379 0.202 0.379
Observations 4206 2667 4206 4170 2632 4170
R2 0.068 0.051 0.072 0.181 0.105 0.182
Regression model DD DD CRS DD DD CRS
Estimator FE FD FE FE FD FE
P-value(H0 : βCLTS = βCLTS &WPI) 0.428 0.566 0.516 0.287 0.336 0.973
P-value(H0 : ξCLTS = 0) 0.078 0.970
P-value(H0 : ξCLTS &WPI = 0) 0.169 0.511

Notes: Dependent variables: Latrine = latrine ownership, HW = handwashing with soap or ash after
defecation. Standard errors are robust to clustering at the community level, heteroskedasticity and serial
correlation (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). Regression model DD estimates equation (3.3) and CRS estimates
equation (3.2). Standard errors corrected for clustering at community level. All regressions control for HH
size, wealth index, education and year. The sample includes HHs participating in at least 2 survey rounds.

intervention among the beneficiaries come from new adopters (Yi(t−1) = 0) or households that

keep maintaining their latrines (Yi(t−1) = 1). To address this question, Table 3.4 reports the

estimates of ATT conditional on the before-intervention-period outcome of the households as

described in equation (3.4). In column 1, we observe that the ATT of CLTS on latrine

ownership can be fully attributed to the effect of the intervention on new adopters. The

difference in ATT between the two groups is significantly different from zero (p = 0.008).

This is interesting given that the CLTS interventions were more likely to be allocated to

communities with relatively higher latrine ownership at the baseline.

In addition, we also observe that 71% of the households owning a latrine emptied it or
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Table 3.4: Differential treatment effects for new adopters and the
retention of earlier adopters

Dependent variable:

Latrine ownership Handwashing

(1) (2)

New adopters: CLTS (total) 0.180∗∗∗ 0.111∗∗∗

(0.067) (0.042)

Retention: CLTS (total) 0.021 0.102∗∗

(0.029) (0.046)

Mean dep.var. 0.077 0.202

P-value(H0 : β̃0 = β̃1) 0.008 0.866

Observations 2,667 2,632

Adjusted R2 0.287 0.452

Notes: Conditions: ‘New adopters’: Yi(t−1) = 0 and ‘Retention’: Yi(t−1) = 1.
Standard errors are robust to clustering at the community level,

heteroskedasticity and serial correlation (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). First
difference regression of equation (3.4) controlling for the past value and changes
in wealth index, education and household size, and year. Controls for the WP
intervention are excluded. The sample includes HHs participating in at least 2
survey rounds.

changed its location between 2008 and 2010, and 64% did so between 2010 and 2013.

Households who emptied or moved the latrine, did so on average 1.3 and 1.4 times between

2008–2010 and 2010–2013, respectively. This signals a real behavior adaptation to using

latrines.

The results in column 2 for handwashing show that the CLTS intervention was just as

effective for households who did or did not wash their hands with soap/ash before the

intervention (p = 0.866). The finding that CLTS has a positive effect on retaining handwashing

practice (ATT = 10pp) is important considering that about 60% of the households stop using

soap/ash when washing hands after defection in the communities without a CLTS intervention
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(Table 3.A6d in Appendix 3.A).

These results are observed both for the CLTS&WPI and CLTS alone intervention arms.

There is very little difference in the coefficient estimates between the two intervention arms

(see Table 3.F1 in Appendix 3.F).

The regression estimates of equation (3.4) for latrine ownership also reveal that a one

standard deviation increase in the wealth index increases the likelihood of latrine ownership

by about 4pp (p < 0.0001) irrespective of latrine ownership in the previous period. Education

and household size do not significantly affect changes in latrine ownership.

The likelihood of both the adoption and retention of the desired handwashing practices is

increased by 11pp (p = 0.007) when at least half of all adult household members have any

level of formal education (results available upon request). We also observe an 8pp (p = 0.004)

increase in the adoption of handwashing practices when the education level increases in the

household (results available upon request).

3.3.3 Robustness check

In order to calculate the ATE, we needed to make the assumptions that the CLTS intervention

was delivered in the order of the size of the expected treatment and that these treatment effects

do not change over time in the communities. Therefore, here we investigate whether the

treatment effect of CLTS (on latrine ownership) indeed decreased over time. We can use the

observation on the actual year when the intervention was implemented in the communities (s)

to estimate the following regression specification:

Yit = αt +

2013∑
s=2008

Ds
c(i)tβs + Xitθ + ηi + uit (3.5)

where Ds
ct now indicates whether the intervention in year s was implemented in community c.

We estimate a separate coefficient (βs) for each intervention year. Note that the observations

for the outcomes (Yit) still come from the three survey rounds used in the main analysis.

Figure 3.2 shows the estimated size of the ATT by the year of CLTS intervention for all the

CLTS interventions, and separately for the CLTS (alone) and CLTS&WPI treatment arms.

Looking at the treatment effect of all CLTS interventions on latrine ownership (top left panel),

we observe that the point estimate of the treatment effect was the highest in 2008, followed by
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Figure 3.2: Effects of CLTS and CLTS&WPI by year (95% confidence interval)
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2009. However, these differences are not significantly different from the treatment effects in

other years. Disaggregating the CLTS intervention into the CLTS alone (middle) and the

CLTS&WPI (right) intervention arms, the treatment effect of the CLTS alone intervention

delivered in 2008 stands clearly out with a treatment effect of over 40pp.

The CLTS interventions delivered in 2008 (after the baseline survey) could be problematic

because these communities were promised a classroom or a borehole if their open defecation

free (ODF) status was verified during the ODF evaluation campaign of 2008 (see Appendix

3.B). Only 1 of the 4 communities with a CLTS intervention in 2008 became ODF in 2008

(in the CLTS&WPI intervention arm). However, this incentive could have played a role in

motivating communities to build latrines. Therefore, in Table 3.5 we also report the regression

results omitting communities that received the CLTS intervention in 2008. The results do not

change significantly compared to Table 3.3.

The treatment effects on handwashing with soap or ash after defecation (bottom left panel)

show a different pattern. The figure suggests a fade-out effect as the size of the treatment effect
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increases towards the survey rounds (2010 and 2013). We indeed observe 30–40pp reversion

rates for handwashing with soap (see Table 3.A6c in Appendix 3.A).

Additionally, we also investigate the robustness of the main results with respect to the

functional specification of regressions (3.2) and (3.3). We use sampling weights when

calculating the ATE to provide a representative sample; we use the probit instead of the linear

probability model for both the ATE and the ATT; and we use propensity score matching as an

alternative to the difference-in-difference method used to calculate the ATT. These results

remain consistent with our main findings (see Appendix 3.G).

3.3.4 Summary

We find that the CLTS intervention had an about 11pp additional effect on the adoption and

retention on handwashing practices among the intervention beneficiaries. We found no

evidence of a significant selection effect, hence, we expect to find the same effects had CLTS

been implemented in randomly selected communities. The treatment effects are less

sustainable on latrine ownership. The results indicate that the CLTS intervention increased

latrine ownership among the intervention beneficiaries by 8pp on average, which stems from

an 18pp increase in latrine ownership among new adopters. However, the treatment effect

decreased over time, and the estimate of the ATE indicates that CLTS would not be effective

on latrine ownership when implemented in the whole program area or in randomly selected

communities.

Why do we observe such persistent effects for handwashing when the effect of CLTS on

latrine ownership appears to be falling over time? First of all, buying a piece of soap is much

more affordable than obtaining material and building a latrine. Interestingly, the lower

investment costs may also result in less commitment. Table 3.A5 in Appendix 3.A shows that

only about 60% of the households keep washing their hands with soap also in the next survey

round (c) compared to above 80% of households who keep using a latrine (a). Second, in line

with our identification strategy for the ATE, the NGOs were incentivized to select locations

based on the likelihood of all households in the community adopting latrine use, and not

handwashing. Given that handwashing and latrine ownership do not appear to be correlated

with one another (see Table 3.A4 in Appendix 3.A), it is likely that even if the treatment effect
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Table 3.5: Robustness check: treatment effects omitting communities receiving
CLTS in 2008

Treatment effect estimates

Latrine Latrine HW HW

(1) (2) (3) (4)

CLTS (alone) 0.020 0.008 0.099∗∗ 0.061

(0.041) (0.077) (0.050) (0.112)

CLTS&WPI 0.117∗∗ −0.015 0.168∗∗∗ 0.057

(0.046) (0.062) (0.048) (0.126)

WPI (alone) 0.025 0.028 −0.020 −0.168∗

(0.024) (0.074) (0.044) (0.092)

Mean dep.var. 0.538 0.538 0.383 0.383

Observations 3969 3969 3969 3969

R2 0.064 0.068 0.186 0.188

Regression model DD CRS DD CRS

Estimator FE FE FE FE

P-value(H0 : βCLTS = βCLTS &WPI) 0.051 0.800 0.227 0.979

P-value(H0 : ξCLTS = 0) 0.168 0.835

P-value(H0 : ξCLTS &WPI = 0) 0.053 0.246

Notes: Dependent variables: Latrine = latrine ownership, HW = handwashing with soap or ash
after defecation.
Standard errors are robust to clustering at the community level, heteroskedasticity and serial

correlation (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). Regression model DD estimates equation (3.3) and CRS
estimates equation (3.2). All regressions control for HH size, wealth index, education and year.
The sample includes HHs participating in at least 2 survey rounds.
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on handwashing varies between communities and households it will not be correlated with the

CLTS intervention placement (as we observe in Table 3.2).

Finally, we also find that CLTS appears to be more effective when implemented together

with the WP intervention. We continue with examining the relationship between access and

use of improved WPs and the program interventions.

3.4 Availability of improved water points and the

effectiveness of CLTS

In this section, we investigate the program’s impact on the use of improved WPs. Due to the

WP intervention, we can investigate which factors affect the households’ decision to switch to

using an improved WP, and whether the CLTS intervention contributes to this decision.

3.4.1 Determinants of using improved water points

We start the analysis by documenting the increase in improved WPs as a result of the WP

intervention. As discussed above, the interventions were specifically aimed at communities in

need of an improved community WP. Table 3.6 shows the availability of improved WPs split

by the timing of WP intervention. The information is based on the WP survey. The availability

of improved WP equals 1 if an improved WP has been surveyed in the community, and 0

otherwise. The WP survey was implemented at all WPs used by the surveyed households.

The table suggests a significant increase in availability as a result of the intervention. There

is almost no change in the availability for the non-intervention communities. Regressing the

availability of improved WPs on the WP intervention and community and year fixed effects,

we observe that the WP intervention increases the probability of the availability of an improved

WP by 55pp (p < 0.0001).

Interestingly, we do not observe 100% availability of improved WP at the intervention

communities. This is in a large part due to the fact that the new program WPs were not always

installed in the vicinity of the sampled communities within the villages. We observe that three

quarters of the surveyed households in 2010 fetch water from within 1 km from their dwelling.
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Table 3.6: WP intervention (total) increased the percentage of
communities with a functioning improved WP

Intervention group 2008 (%) 2010 (%) 2013 (%) Sample size

No WPI 42.4 45.5 46.9 33

Wave 1 WPI 20.0 82.9 91.4 35

Wave 2 WPI 8.3 33.3 75.0 12

Notes: Percentage of communities with a functioning improved WP by the
implementation period of the WP intervention (WPI).

Table 3.7: Not all households used the improved WP
when it was available

Variable 2008 2010 2013 Total

Improved WP use (%) 45.5 68.8 74.1 67.1

Sample size 440 960 1, 119 2, 519

Notes: Percentage of households using an improved WP conditional
on its availability in the community.

Therefore, if a new WP is installed on the other side of the village, they will not use it.29

Table 3.7 shows that, even when an improved water source becomes available, not all

households will actually switch to using it. While improved WP use conditional on

availability has been increasing over time, even in 2013, more than a quarter of the households

choose to use traditional water sources. The most important factors determining the adoption

decision to use an improved WP include the distance to the improved and traditional WPs and

the perception of the water quality/safety at the improved and traditional WPs. These factors

29 We indeed observe that Intended Treatment communities with the WP intervention (where survey households were

sampled in the neighborhood of the desired location of the new WP) are more likely to have a surveyed improved

WP than Intended Control communities with the WP intervention.
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were the most often mentioned reasons by the households for using their chosen WP during

the endline survey (see Table 3.H1 in Appendix 3.H), and regression analysis in Appendix 3.H

also confirms this finding.

3.4.2 Effects of CLTS on the use of improved water points

The CLTS intervention may raise the awareness of households regarding the benefits of using

improved WPs and may also affect the perceived water quality of the traditional WPs. However,

we expect that the WP intervention affects only the availability of the improved WPs.30 We

investigate these hypothesis below.

We estimate the effect of the CLTS and WPI interventions on the use of improved WPs

conditional on access to an improved WP using the specifications for ATT and ATE. However,

in the regressions we also control for the distance to the WPs and the perception of the water

quality/safety. Distance is measured as the crow flies using GPS coordinates. We measure

water quality using the mean valuation of the households within communities separately for

the improved and traditional WPs (when available) because perceived water quality is only

observed for the WP actually used by the households. Therefore, in the regression analysis we

use community fixed effects instead of household fixed effects.

The results for the total effect of CLTS and WPI are reported in Table 3.8. Column 1 of the

table shows the ATT estimates for CLTS and WP intervention when controlling for the

characteristics of the improved WPs but not the traditional WPs. CLTS increased the

probability of using an improved WP by 18pp (p = 0.003) for the intervention beneficiaries

who had access to an improved WP. This effect appears to be sustained, so that the population

average of the treatment effect is estimated at 15pp (p = 0.03). CLTS also had a similar effect

in the sub-sample of communities where households use both improved and traditional WP in

a given period (columns 3 and 4).

The coefficient estimates of distance and perceived water quality are not affected by the

inclusion of the intervention variables compared to Table 3.H2 in Appendix 3.H. The estimate

of CLTS is also not affected by excluding perceived water quality from the regression (results

available upon request), suggesting that the effect of CLTS does not come from its effect on

30 The WP intervention also usually affects the payment for water. However, this is not considered in the analysis.
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Table 3.8: CLTS affected the use of improved WPs (conditional on the availability of
improved WPs)

Dependent variable:

Use of improved WP

(1) (2) (3) (4)

CLTS (total) 0.184∗∗∗ 0.153∗∗ 0.149 0.104

(0.062) (0.071) (0.152) (0.135)

WPI (total) 0.106 0.069 0.219 0.083

(0.070) (0.089) (0.162) (0.133)

Distance to improved WP −0.130∗∗∗ −0.132∗∗∗ −0.301∗∗∗ −0.311∗∗∗

(0.027) (0.046) (0.040) (0.043)

Distance to traditional WP 0.210∗∗∗ 0.211∗∗∗

(0.044) (0.044)

Mean quality at improved WP 0.153∗∗∗ 0.169∗∗ 0.018 0.032

(0.054) (0.073) (0.069) (0.069)

Mean quality at traditional WP −0.123∗∗∗ −0.121∗∗

(0.047) (0.048)

Mean dep.var. 0.709 0.709 0.573 0.575

R2 0.117 0.128 0.195 0.206

Regression model DD CRS DD CRS

Estimator FE FE FE FE

P-value(H0 : ξCLTS = 0) 0.045 0.000

Observations 1,642 1,642 1,071 1,068

Notes: Standard errors are robust to clustering at the community level, heteroskedasticity and serial
correlation (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). All regressions control for HH size, wealth index, education, year
and community fixed effects. The sample includes all HHs in communities where an improved WP
(columns 1 and 2) and both improved and traditional WP (columns 3 and 4) were available in the given
survey round.
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Table 3.9: Effect of CLTS was higher when implemented together with the WP
intervention (conditional on the availability of improved WPs)

Dependent variable:

Use of improved WP

(1) (2) (3) (4)

CLTS (alone) 0.145∗ −0.101 0.149 −0.225∗

(0.086) (0.104) (0.152) (0.125)

CLTS&WPI 0.363∗∗∗ 0.490∗∗∗ 0.368∗∗∗ 0.342∗∗∗

(0.118) (0.106) (0.070) (0.093)

WPI (alone) −0.002 −0.345

(0.091) (0.245)

Mean dep.var. 0.709 0.709 0.573 0.575

R2 0.121 0.131 0.195 0.206

Controls for traditional WP No No Yes Yes

Regression model DD CRS DD CRS

Estimator FE FE FE FE

P-value(H0 : βCLTS = βCLTS &WPI) 0.095 0.000 0.176 0.000

P-value(H0 : ξCLTS = 0) 0.057 0.000

P-value(H0 : ξCLTS &WPI = 0) 0.365 0.917

Observations 1,642 1,642 1,071 1,068

Notes: Standard errors are robust to clustering at the community level, heteroskedasticity and
serial correlation (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). All regressions control for IWP characteristics, HH
size, wealth index, education, year and community fixed effects. The sample includes all HHs in
communities where an improved WP (columns 1 and 2) and both improved and traditional WP
(columns 3 and 4) were available in the given survey round.
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perceived water quality.

Conditional on the availability of improved WPs, the WP intervention had a positive (11pp)

but insignificant (p=0.132 in column 1) effect on the use of improved WPs. This is in line with

the expectation that the WP intervention mostly affected the access to improved WPs but not

adoption conditional on access.

Looking further into the intervention arms, Table 3.9 shows that in both sub-samples, the

effect of CLTS was driven by the CLTS&WPI intervention, which consistently increased the

probability of using an improved WP by 36pp (p = 0.002). CLTS alone had only a marginally

significant effect (ATT = 14pp, p = 0.091), which was not sustained over time.

The results suggest that the CLTS intervention significantly increased the effectiveness of

the WP intervention in terms of getting the households to start using the installed improved

WPs even after controlling for the distance to the improved WPs.

3.5 Complementarity of the CLTS and WP interventions

Our findings in sections 3.3 and 3.4 indicate that CLTS was more effective when implemented

together with the WP intervention. In this section, we discuss different mechanisms that could

explain the synergies between the two interventions.

One explanation could be that access to improved WP induces households to invest in

hygienic practices, like handwashing with soap and latrine use. Based on this explanation, we

would expect that CLTS would have a more pronounced effect on households that live closer

to the improved WP, as distance is one of the most important predictor for the use of improved

WPs conditional on access. We test this hypothesis in section 3.5.1 below.

A related second explanation could be that the improved WPs of the program reduce the

time and effort it takes to fetch water, which frees up resources to adopt more hygienic

sanitation practices. This is not likely to happen in the survey area, because in most cases the

closest traditional WPs (mean = 0.67km and sd = 0.72 in 2008) are not further away from the

household than the closest improved WPs (mean = 0.88km and sd = 0.98 in 2013) when they

are available.

A third explanation could be that water and sanitation interventions reinforce one another.
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In this case, we would expect that households adopt multiple of the desired outcomes. This

hypothesis is discussed in section 3.5.2.

3.5.1 Distance to improved water points and the effects of CLTS

In column 1 and 2 of Table 3.10 we estimate the ATT of CLTS and CLTS&WPI on latrine

ownership and handwashing conditional on the household’s distance to improved WP.

Because the distance to improved WP is only available for households where an improved WP

is available in the community, an indicator of whether there is an improved WP within 1 km

from the household is used in the regression.31 The results show that the distance to improved

WP does not affect the effects of the CLTS and CLTS&WPI interventions on latrine ownership

and handwashing (p=0.996 and p=0.163, respectively for CLTS, and p = 0.787 and p = 0.2 for

CLTS&WPI). The results are robust to using different cutoff values for the distance to the

improved WP (results available upon request).

More generally, the results in the CLTS only treatment arm suggest that access to

improved WPs in it self does not increase the effectiveness of the CLTS intervention on latrine

ownership (and handwashing with soap after defecation), as the coefficient of the interaction

term of distance and the CLTS (alone) intervention is insignificant in Table 3.10.32

For the use of improved WPs, we may also expect that CLTS was more effective when the

improved WPs are closer to the households. Columns 3 and 4 in Table 3.10 find evidence for

this conditional on access to improved WP in the community. For households living at a 1 km

distance from an improved WP, the ATT was 9pp for the CLTS and 29pp for the CLTS&WPI

intervention arms. However, the CLTS had no positive effect on the use of improved WP for

households with a distance of 2 km or more away from the improved WP, irrespective of being

implemented together with the WP intervention.

31 For households in communities without an improved WP, we assume that there is no improved WP within 1 km

of the households.
32 40% and 54% of the households in the CLTS only intervention arm had an improved WP within 1 km from their

dwelling in 2010 and 2013, respectively.
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Table 3.10: Distance to improved WP and the ATT of CLTS and CLTS&WPI

Dependent variable:

Latrine HW Use of IWP

(1) (2) (3) (4)

CLTS (alone) 0.069∗ 0.142∗∗ 0.185∗∗ 0.157

(0.041) (0.064) (0.077) (0.122)

CLTS (alone) * Dist to IWP < 1 km 0.0002 −0.088

(0.051) (0.063)

CLTS (alone) * Dist to IWP −0.097 −0.589

(0.148) (0.393)

CLTS&WPI 0.121∗∗∗ 0.119∗∗ 0.535∗∗∗ 0.734∗

(0.046) (0.052) (0.144) (0.423)

CLTS&WPI * Dist to IWP < 1 km −0.014 0.082

(0.051) (0.064)

CLTS&WPI * Dist to IWP −0.245∗∗∗ −0.398∗∗∗

(0.092) (0.115)

WPI (alone) 0.029 −0.004 0.002 −0.302

(0.024) (0.033) (0.089) (0.212)

Mean dep.var. 0.541 0.379 0.709 0.709

R2 0.068 0.182 0.133 0.164

Regression model DD DD DD CRS

P-value(H0 : ξCLTS = ξCLTS ∗dist = 0) 0.000

P-value(H0 : ξCLTS &WPI = ξCLTS &WPI∗dist = 0) 0.000

Observations 4,206 4,170 1,642 1,642

Notes: Dependent variables: Latrine = latrine ownership, HW = handwashing with soap or ash after
defecation, use of IWP = use of improved WP. Standard errors are robust to clustering at the community
level, heteroskedasticity and serial correlation (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). All regressions control for HH size,
wealth index, education, year and household (columns 1 and 2) or community (columns 3 and 4) fixed effects.
(columns 3 and 4) also controls for distance and quality of IWP. The sample for columns 1 and 2 includes HHs
participating in at least 2 survey rounds, while for columns 3 and 4 it includes all HHs in communities where
an IWP was available in the given survey round.
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3.5.2 Adoption of multiple outcomes

If the CLTS and WP interventions reinforce one another, then we would expect that households

are more likely to jointly adopt latrine ownership (LO), handwashing with soap after defecation

(HW) and using an improved WP (IW) when the CLTS and WP interventions are implemented

together.

Table 3.12 shows the treatment effect (ATT) estimates and general trend for the individual

and combined outcomes conditional on access to improved WPs. Conditional on the access to

improved WP, the treatment effect of CLTS on latrine ownership (column 1) and handwashing

(column 2) is similar between the CLTS only and CLTS&WPI treatment arms.

The combined outcomes (columns 4–7) have mostly higher coefficient estimates for the

CLTS only intervention arm compared to the individual outcomes. It suggests that households

receiving the CLTS intervention adopt more than one of the promoted outcomes, in particular

in combination with the use of improved WPs, compared to households in non-intervention

communities.

Interestingly, the treatment effect estimates between the CLTS only and CLTS&WPI

intervention arm only widen when the use of improved WP is included in the outcomes

(columns 3 and 5–7). The difference actually narrows when multiple outcomes are measured,

and almost disappears when all three outcomes are included (column 7). These results are

similar when we do not condition on access to improved WPs (results available upon request).

The results in the table suggest that combining the CLTS and WP interventions may

induce some households who otherwise would not upgrade their hygienic practices to adopt

handwashing or latrine ownership in addition to switching to using improved WP. For

households that adopt all three outcomes, the CLTS intervention alone is sufficient

(conditional that they have access to an improved WP).
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3.6 Discussion and Conclusion

In this paper, we focus on a community-based intervention to promote safe sanitation, hand

hygiene and water consumption. We find that the interventions in Mozambique were

moderately successful at getting households to build traditional pit latrines and stop open

defecation. Households that own a latrine also use and maintain (clean, empty and rebuild)

them. The effect of the intervention is in the range reported by Garn et al. (2017) and Gertler

et al. (2015) for similar sanitation interventions. However, only 5% of the households in the

intervention group (and 4% in the comparison group) own latrines that satisfy all the CLTS

requirements for safe sanitation.33 This suggests a need for a gradual approach to safe

sanitation (Alzúa et al., 2020), and further visits by the implementing NGOs to Open

Defecation Free communities with traditional pit latrine facilities.

Our data also show that open defecation has not completely been eliminated in

communities that were certified to be Open Defecation Free: only 72.5% of the households

owned a latrine in 2010 in communities that became ODF prior to 2010, and 61.8% in 2013 in

communities that became ODF prior to 2013. It is possible that these communities were

incorrectly certified ODF and not all households had a latrine. Alternatively, some households

may have slipped back to practicing open defecation. Both explanations suggest that it is a

long process to achieve total sanitation. Follow-up visits are necessary even after the ODF

certification to help motivate communities to stay on track for achieving safe sanitation at

100% of the households. Alzúa et al. (2020) demonstrates that frequent follow-up visits

before ODF certification can deliver higher adoption rate for latrine use (treatment effect of 33

percentage points). However, their study also found similar concerns about safe sanitation

facilities and the practice of open defecation in certified ODF communities.

What distinguishes the program in Mozambique from the other CLTS studies is the

possibility to study complementarities between community-based sanitation and water supply

interventions. We find that households were more likely to use the installed improved water

points after the CLTS intervention, and that the CLTS intervention was more effective in terms

of latrine ownership and handwashing when it was implemented after a water point

33 The requirements for safe sanitation are in line with the UNICEF and WHO Joint Monitoring Programme. These

include a durable slab (cement or another local material), a lid that properly closes the pit, a superstructure that

provides privacy, and the presence of a hand-washing facility with soap or ash (IOB, 2011).
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intervention. This suggests that households may be more willing to improve their sanitation

situation when they have access to safe drinking water,34 or adopt these safer practices when

the same organization is involved in promoting them.

An important objective of combining safe water, sanitation and hygiene interventions is to

reduce childhood diarrhea and stunting. This is also the case for the One Million Initiative,

which was coordinated by UNICEF Mozambique. There are a few recent studies that indicate

that sanitation interventions can generate health gains for young children (Pickering et al., 2015,

Duflo et al., 2015, Gertler et al., 2015), however, as of yet there is no consensus in the public

health literature whether it is indeed the case (Schmidt, 2014, Cumming et al., 2019). Schmidt

(2014) argues that it could be a design issue: “a good sanitation marketing campaign may

require 5-10 years to achieve a marked increase in latrine coverage with the potential to impact

on health” (p.3). This period is much longer than the length of recent randomized controlled

trial studies.

This makes the case for turning to carefully designed evaluations of at-scale running

programs. This study could be a pointer in this direction as it followed households for up to 5

years after the interventions. However, a number of details could have been designed more

carefully. Specifically, the survey could have been better targeted at measuring childhood

diarrhea and stunting by using the standard indicators for these35 (see for example Pickering

et al., 2015).

There are a few other sub-optimal circumstances regarding our study. The intervention in

Mozambique took place in an environment where latrine ownership and the use of traditional

latrines was on the rise in underdeveloped rural villages as the government aimed to achieve

its ambitious Millennium Development Goals on access to safe water and sanitation facilities.

34 Duflo et al. (2015) suggests that households in India are willing to invest into safe sanitation in order to get access

to safe in-house tapped water. However, in our study, there was no conditionality involved between access to safe

water and sanitation.
35 In the surveys, we collected information on “the number of days affected by water-borne diseases” in the last 6

months and last 2 weeks for all household members, young and old (see WRD6m in Table 3.A3 for the 6 months

recall period). This formulation has been used in other WASH evaluations as well. However, the prevalence of

water-borne diseases was greatly under-reported by the surveyed households compared to DHS figures on the

prevalence of diarrhea in the last 2 weeks. This could have happened because the surveys were carried out in the

dry season, when diarrhea is less common, or because the households were not familiar with the term “water-borne

diseases.”



3.6. DISCUSSION AND CONCLUSION 99

The One Million Initiative was potentially only one of the programs in the surveyed villages

advocating the use of latrines. Hence, in this respect our treatment effects are a lower bound of

the program effects in the absence of other sanitation interventions.

A more serious concern is that the CLTS interventions were not randomly allocated among

the surveyed villages. To tackle the issue of selection bias, we use a novel evaluation method

following the results of chapter 2 to identify the average treatment effect of the CLTS

interventions of the One Million Initiative. The method rests on the identifying assumption

that the CLTS interventions were rolled out in the order of the expected treatment effect on

latrine ownership based on the expectations of the NGOs, who were familiar with the program

area. As we argued in the paper, this is a likely scenario in the case of the One Million

Initiative.

Our results indicate that there is substantial heterogeneity in the treatment effect of CLTS,

and that universally implementing the CLTS intervention in the program area would not result

in a significant increase in latrine ownership above the 9 percentage points general increase in

latrine ownership between 2008 and 2013. However, CLTS did increase latrine ownership by

8pp among the program beneficiaries (ATT), and the effects were higher in communities that

also received the WP intervention (13pp).

Comparing the estimate of the average treatment effect in the population to that on the

program beneficiaries suggests that allowing the NGOs to target CLTS at communities that

were more likely to benefit from it increased the effectiveness of the program. Identifying the

key characteristics of communities that make CLTS successful is beyond the scope of this paper

(see Kar and Chambers, 2008, for recommendations).

At the same time, we find that CLTS had a persistent positive effect on handwashing with

soap or ash after defecation (11pp) and on the use of improved WPs (15pp conditional on

access). Also these effects were higher when CTLS and the WP intervention were implemented

together (24pp and 49pp, respectively).

One implication of our findings is that combining community-based water supply and

sanitation interventions can increase their joint effectiveness on using safe water sources and

using a latrine facility. The One Million Initiative was implemented in poor rural communities

often without access to any safe water sources prior to the interventions, and where a large

share of population practiced open defecation. Whether water and sanitation interventions
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reinforce each other in communities with more developed water and sanitation infrastructure

is a question for further research. However, it is important to note that precisely this synergy

effect was the underlying motivation for integrating the water supply and sanitation

interventions in the One Million Initiative and also in other similar programs.

Ultimately, the final objective of water and sanitation interventions is to reduce the

transmission pathways of fecal contamination, and thereby improve the health of young

children and other household members. Kremer et al. (2011) reports that after protecting

spring water sources in Kenya, diarrhea among young children fell by nearly 25 percent as a

result of improving the water quality at the source. Although not reported in this paper, we

also find similar effects for the installed boreholes. This suggests that sanitation interventions

without access to clean water may be less effective in improving child health.
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Appendix

3.A Descriptive statistics

Table 3.A1: Variable definitions

• Latrine ownership: the HH owns any type of functioning latrine/toilet facility (verified

by interviewers).

• Latrine use: adult males and females are both reported to use a latrine/toilet facility (self-

reported).

• Open defecation: any adult males and females are reported to practice open defecation

(self-reported).

• Handwashing: adult males and females are both reported to wash their hands with soap

or ash after defecation (self-reported).

• Improved WP: the HH takes their drinking water from an improved water point (borehole,

protected spring or well).

• Household size: number of people living in the household (HH).

• Children < 5 years: number of children younger than 5 years living in the HH.

• Wealth index: calculated using PCA of items owned by the HH, normalized to mean=0

and sd=1 in the full sample in 2008.

• Education (age>14): share of HH members (age>14) with any formal education.

• WRD6m: share of HHs that had any member affected by water related diseases in the

past 6 months.

• WRD6m (under 5): share of HHs that had any member under age 5 affected by water

related diseases in the past 6 months.
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Table 3.A5: Transition dynamics: probability of being in the same state in
the following period (column) conditional on the state now (row)

(a) Ownership of latrine

2010 2013

2008 0.860 0.885

2010 0.834

(b) Non-ownership of latrine

2010 2013

2008 0.688 0.601

2010 0.662

(c) Handwashing

2010 2013

2008 0.521 0.626

2010 0.647

(d) No handwashing

2010 2013

2008 0.642 0.417

2010 0.464

(e) Use of improved WP

2010 2013

2008 0.853 0.918

2010 0.829

(f) Non-use of improved WP

2010 2013

2008 0.636 0.535

2010 0.708
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Table 3.A6: Transition dynamics: probability of being in the same state in
the following period (column) conditional on the state now (row)

(a) CLTS: Ownership of latrine

2010 2013

2008 0.878 0.890

2010 0.815

(b) Control: Ownership of latrine

2010 2013

2008 0.840 0.874

2010 0.843

(c) CLTS: Handwashing

2010 2013

2008 0.630 0.728

2010 0.680

(d) Control: Handwashing

2010 2013

2008 0.361 0.381

2010 0.562

Notes: CLTS group contains all communities that received the CLTS intervention during
the evaluation period. Control group contains communities that received no program
interventions.
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Table 3.A7: Transition dynamics: probability of being in the same state in the
following period (column) conditional on the state now (row)

(a) CLTS: Non-ownership of latrine

2010 2013

2008 0.558 0.544

2010 0.630

(b) Control: Non-ownership of latrine

2010 2013

2008 0.762 0.663

2010 0.687

(c) CLTS: No handwashing

2010 2013

2008 0.600 0.346

2010 0.369

(d) Control: No handwashing

2010 2013

2008 0.676 0.472

2010 0.552

Notes: CLTS group contains all communities that received the CLTS intervention during
the evaluation period. Control group contains communities that received no program
interventions.
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3.B Detailed program description

3.B.1 Overview

The One Million Initiative (OMI) was implemented in 18 districts of Manica, Sofala and Tete

provinces in Mozambique between 2006 and 2013. Figure 3.B1 shows the intervention areas

of OMI. The program was a partnership between the Government of the Netherlands, the

Government of Mozambique and UNICEF that was designed to contribute to the achievement

of the Millennium Development Goals with respect to 70 percent of people having access to

safe drinking water and 60 percent to adequate sanitation. Specifically, The objectives of OMI

included that one million people in poor rural areas use safe and sustainable drinking water

and use hygienic sanitation facilities (UNICEF, 2014b), which amounts to 40 percent of the

population in the OMI intervention area (INE, 2007).36

In order to achieve these goals, OMI carried out community water supply interventions,

either by rehabilitating non-functional boreholes (2007-2009) or by creating new ones (2008-

2013) coupled with water committee training;37 and community-based sanitation and hygiene

education through the Community Approaches to Total Sanitation (CATS), which combined

the CLTS approach with an award scheme for ODF communities (2008-2013).

The training activities and planning of the interventions were carried out in the framework

of the Community Participation and Education (PEC Zonal) program, which has three pillars:

community mobilization and hygiene training, water committee training and sanitation training.

These activities were implemented by PEC activists (PEC NGOs) as described below.

36 The specific objectives of OMI were: (i) 1,000,000 people in poor rural areas use safe and sustainable drinking

water; (ii) 200,000 people in rural areas have access to rehabilitated drinking water sources; (iii) 1,000,000 people

in rural areas use hygienic sanitation facilities; (iv) 140,000 learners in 400 primary schools in rural areas use safe

school water and sanitation facilities and adopt appropriate hygiene practices; (v) 1,200,000 people in rural areas

adopt appropriate hygiene practices; (vi) 114 government staff members in 18 districts and three provinces have

technical and managerial capacities for WASH planning, co-ordination and implementation; (vii) 4,572 people

have relevant WASH skills and knowledge (planning, procurement, contract management, hygiene promotion,

etc.); (viii) 21 institutions in 18 districts and three provinces have extra equipment (UNICEF, 2014b).
37 OMI’s focus on water supply intervention is motivated by the widely available groundwater resources in the

intervention area. Investigations suggest that arsenic levels in groundwater are not a serious concern, but

groundwater salinity is a problem in some areas (IOB (2011), p.34-35).
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Figure 3.B1: Districts covered by the One Million Initiative

Source: WE Consult (2009)

Overall, between 2008 and 2013, the One Million Imitative built 1,689 new water points

reaching an estimated 1.16 million users, and it triggered 1,938 communities of which 890 were

declared ODF during one of the ODF evaluation campaigns with a population of 0.7 million

people. A schematic description of the program is displayed in Figure 3.B2.

3.B.2 Community mobilization

The first task of the PEC NGO in a community was to mobilize the community towards a

more hygienic attitude in their daily activities and to improve the organization of their water

management. A typical scenario for the PEC NGO’s visits to a community is the following:

Visit 1: PEC activists introduce themselves to the community leader and ask for a meeting with

the key community members (within the next couple of days usually).

Visit 2: PEC activists explain to the main stakeholders in the community the objective of their

visit, and ask them to call a meeting with all the members of the community (within

the next week).
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Figure 3.B2: Simplified overview of the One Million Initiative

interventions in communities
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Visit 3: PEC activists explain at the community meeting the importance of hygienic behavior,

in particular proper hand washing at critical times, and of having a functioning water

committee to manage the maintenance of their improved water sources. Emphasis is

put on the commitment of the water committee to keep the water source and

surroundings clean and organize the replacement of broken parts. It is stressed that the

users should pay for the water, so that money is available to fix the water point when

something breaks down. If there is no improved water source in the community or it

is not sufficient to cater to the needs of all households, they encourage them to apply

for a new water point at the district government. They discuss the procedure for

application and the placement of such a new water point as well. If there is an

improved water source in the community which is not functioning, the PEC activists

encourage the community to apply for the rehabilitation of the water point. Finally,

they ask the community to discuss the issues among themselves and decide whether

they want to set up a water committee and apply for a new water point. Before

parting, they make an appointment for the next visit.

Visit 4: The community gives their response whether they set up a water committee, and give

the names of the members, which should include an equal share of women. At the

meeting only the key members, in particular the water committee members, are present.

They also indicate whether they agreed on a payment for water usage. At this point they

can fill out the application form for the new water point (or rehabilitation of a water

point). In the form they have to indicate the names of the water committee members

and where they would like the new water point.

In further visits PEC activists meet only with the community members involved in the issues

of hygiene and water management if applicable. If there is an improved water point already in

the community, then PEC activists do a refreshment training on the management of the water

point for the members of the new water committee (this is already pillar 2). A new community

meeting is held only when the sanitation component (pillar 3) is introduced in the village.

The hygiene awareness pillar of PEC was already introduced before the baseline in most

communities. As a result, a number of communities had a water committee already at the time

of the baseline. The concept of water committees was introduced by the PEC, therefore it is

not likely that a community had a water committee before the arrival of the PEC activists to the
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community.38

3.B.3 Water point interventions

OMI implemented two types of water point interventions: the rehabilitation of a broken

improved water point, and the construction of new boreholes fitted with hand pump.39 In both

of these cases the community visits of the PEC NGOs were crucial. Through the application

procedure for water points they help to identify the communities where new water points are

needed and where the community is also organized to take care of them once they are

constructed. From the list of applicants, the district authorities selected the locations for the

new boreholes given the resources and focus of the year.40 The boreholes were constructed or

rehabilitated by engineering and drilling companies contracted by the provincial Departments

of Public Works and Housing.

As a part of pillar 2 of PEC Zonal, once the new water point was constructed the PEC

activists train the water committee members on how to manage the payments for water and the

maintenance of the water point.41 They help them in finding an artisan who can supply them

with spare parts if the pump needs fixing but also train them on easily reparable problems of

the pump.

38 Note that not all water points have a separate water committee. If there are more improved water points in the

community not far away from each other, then a single water committee is responsible for all these water points.

On the other hand, if the water points are scattered around the community at a distance, then each of the distant

improved water points have a separate water committee.
39 Most of the rehabilitation of water points were completed by mid 2008. Therefore, we did not include rehabilitated

water points into the data analysis.
40 Priority areas were set yearly by the government. For example, in 2008 the focus was on densely populated areas,

while in 2009 it shifted to more remote areas and in 2010 schools and health centers were also targeted.
41 Setting up a water committee was also a precondition for applying for a water point intervention. In addition,

communities were usually required to contribute 2,500 MZN (56 EUR) before the construction of a water point

began (IOB (2011), p. 49).
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3.B.4 Sanitation interventions

From 2008 onwards, OMI implemented the Community-Led Total Sanitation (CLTS)

approach in the sanitation component of PEC Zonal.42 CLTS uses a direct and confrontational

approach. It uses food and feces to make the people realize how easy it is for flies to

contaminate food if human feces are lying around the community. It encourages people to

draw up the map of the community with the locations where people go to defecate to make

people aware of the problems of sanitation (community map), which are then visited during

the “walk of shame” (transect walk). The key triggering moment of CLTS is the

demonstration of the fecal contamination of food (fecal-oral disease transmission). After the

identification of the problem, the solution is discussed. The planning of latrines draws on local

solutions using local materials. The PEC activists only give advice when asked, mostly about

handwashing facilities and the use of slabs. The aim is to construct low-cost local solutions in

a short time. The following visits by the PEC activists depend on the success of the triggering.

According to UNICEF (2013), most communities reach ODF status within 3 weeks to 3

months after the CLTS triggering meeting. Communities that do not achieve ODF status

during this period often do not reach it at all. In such a case, a different approach should be

tried in the community.

It is important to note that the communities for the sanitation interventions were mostly

picked by the PEC NGOs, perhaps with the assistance of the local authorities. The PEC NGOs

decided for themselves in which communities to introduce CLTS by considering the likelihood

of success, i.e. that the community makes an organized effort to build latrines (and handwashing

facilities) for every household and becomes open defecation free (ODF). The success of a CLTS

training depends on factors like health problems, leadership, size of the community (smaller is

easier) and geographical factors.43 It is in their interest of the PEC NGO to act this way because

their payment depends on the number of communities that become Open Defecation Free.

42 Until mid 2008 the PEC NGOs used the PHAST (step-by-step) method instead of CLTS. Upon the introduction

of CLTS, a total of 74 people were trained in CLTS including 2 supervisors from each of the 17 NGOs contracted

by the districts to implement sanitation and hygiene promotion, representatives from Provincial and District

governments from Tete, Manica and Sofala, and some UNICEF staff. The training was a combination of group

discussion and hands-on field practice with the triggering of CLTS in 12 communities. (Godfrey, 2009)
43 Godfrey (2009) found that 90 percent of the 34 communities that achieved the ODF status in 2008 had fewer than

300 households.
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Finally, the connection between water point and sanitation interventions should be

addressed. As both the water point and sanitation interventions originate in PEC Zonal, there

is a large overlap between the water point and sanitation interventions. Until 2010, it was

possible for a community to have a sanitation intervention without having an improved water

point. However, it was planned to give ODF communities priority for receiving a water point.

3.B.5 CATS and open defecation free communities

The sanitation and hygiene component of OMI is implemented using UNICEF’s Community

Approaches to Total Sanitation (CATS), which combine a community-based sanitation

program with the goal of eliminating open defecation, a focus on behavior and social change,

community demand and leadership, and local innovation. The idea is that external agencies

provide guidance rather than subsidies and regulation. Thus, households build toilets based on

locally available materials using the skills of local technicians and artisans. CATS focus on

building local capacities to enable sustainability. This includes the training of community

facilitators and local artisans, and the encouragement of local champions for community-led

programs. At the same time, CATS also involves government participation from the outset (at

the local and national levels) to ensure the potential for scaling up (UNICEF (2014a), p. 9-10.)

The subsidies in CATS were replaced by an award system for Open Defecation Free

(ODF) communities, which consisted of four stages: application, evaluation, award ceremony

and prizes. First, the triggered communities apply to certify their ODF status.44 These

applications are evaluated by multi-agency evaluation teams led by UNICEF.45 The ODF

evaluation involves household interviews and observations. The following ODF criteria are

observed: whether all households own and use latrines; whether the latrines satisfy basic

requirements (offer privacy, have a lid on the defecation hole, and a roof to protect the slab);

whether there are any feces around the compounds; and whether there is a handwashing

facility available near the latrine with water, soap or ash and evidence of use. Communities

that satisfied all these criteria, received the ODF award. In 2008, prizes were given to the

44 Note that only communities that were triggered using CLTS were allowed to participate in the ODF evaluation

and award system. Hence, communities with PHAST were excluded.
45 In 2008, the evaluation teams included staff from the Ministry of Health, Ministry of Education, DNA, provincial

government and personnel from WSP, UNICEF, SNV and OXFAM (Godfrey (2009), p.10).
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households (hygiene kit), community leader (bicycle), community (water point or classroom),

chief of sub-district (mobile phone or radio) and district administrator (photocopier or

computer). However, Godfrey (2009) pointed out that these awards were not sustainable and

that the “reward system” had effectively become an “incentive scheme”. Therefore, in 2009

prizes were only given to the households and community leader, and in 2010 only to the

community leader (IOB (2011), p.52). In 2011, the award system was completely abandoned

(UNICEF (2013), p.13).

UNICEF (2013) notes the importance of post-ODF follow-up visits to the communities in

order to prevent reverting back to open defecation. The traditional community leader also

plays a crucial role in keeping community members committed to ODF. However, households

may get tired of the frequent need to rebuild their low-quality latrines and revert back to open

defecation. For this reason, OMI introduced the concept of “CLTS+” and “ODF+” in 2011,

which promote the use of more durable materials (such as cement slabs or improved roof

materials). However, CLTS+ was only targeted at communities where the financial capacity is

considered sufficient for households to respond.
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3.C Sample distribution of the interventions

Table 3.C1 shows the cumulative percentage of IT and IC communities that received the CLTS,

WP and any of the two interventions. As expected, the Intended Target communities were more

likely to receive the interventions, particularly between the baseline (2008) and midline (2010)

surveys (Wave 1). Most of the WP interventions took place during this period. The CLTS

interventions were more evenly spread out over the evaluation period (Wave 1 and 2), but also

here we observe that the IT communities received the interventions earlier. Overall, 95% of the

IT and 50% of the IC communities received at least one of the program interventions.

Table 3.C2 summarizes the realized intervention history of the CLTS and water point

(WPI) interventions in the surveyed communities. The first column of the table shows the

number of communities that did not receive the CLTS intervention during the evaluation

period, while the second and third columns show the number of communities that received the

CLTS intervention between the baseline and midline (Wave 1) and between the midline and

endline surveys (Wave 2), respectively. Similarly, the first row of the table shows the number

of communities where no WP intervention was carried out, and the second and third rows

show the number of communities receiving the WP intervention between the baseline and

midline (Wave 1) and between the midline and endline surveys (Wave 2), respectively.

Overall, 22 of 80 communities did not receive any program interventions and these serve as

our comparison group.

For the analysis, we mainly use CLTS and WP interventions as overlapping intervention

groups, which we will refer to as ‘CLTS (total)’ and ‘WPI (total)’ or the total effects of the

interventions. These contain the 41 and 47 communities that received a CLTS and WP

intervention, respectively. However, we also report results for the three independent

intervention arms: CLTS (alone), WPI (alone) and CLTS&WPI. The CLTS&WPI intervention

arm contains those 21 communities that received both the CLTS and WP interventions in the

same period (15 between the baseline and midline, and 6 between the midline and endline).

The CLTS only intervention arm contains those 20 communities that received the CLTS

intervention without the WP intervention (6+5 communities) or the WP intervention was

implemented in a different period (7+2 communities). Similarly, the WPI only intervention

arm contains those 26 communities that received the WP intervention without the CLTS

intervention (13+4 communities) or the CLTS intervention was implemented in a different
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Table 3.C1: Program exposure in the Intended Target (IT) and Intended
Control (IC) communities

IC IT p-value

WP intervention

2008 0.0% 0.0% 1.000

2010 17.5% 70.0% 0.000

2013 32.5% 85.0% 0.000

CLTS intervention

2008 0.0% 0.0% 1.000

2010 15.0% 42.5% 0.001

2013 40.0% 62.5% 0.009

Any intervention

2008 0.0% 0.0% 1.000

2010 27.5% 80.0% 0.000

2013 50.0% 95.0% 0.000
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Table 3.C2: Period and overlap of the CLTS and WP interventions in
the surveyed communities

No CLTS Wave 1 CLTS Wave 2 CLTS Total

No WPI 22 6 5 33

Wave 1 WPI 13 15 7 35

Wave 2 WPI 4 2 6 12

Total 39 23 18 80

Notes: WPI: water point intervention.
Wave 1 interventions were implemented between 2008-2010 (before midline

survey). Wave 2 interventions were implemented between 2010-2013 (after midline
survey).

period (7+2 communities).

Hence, 9 communities appear both in the CLTS and WPI intervention arms. Because in

these communities one of the interventions happened before the midline and the other after the

midline survey, we are able to measure the effect of both interventions separately (unlike for

the communities in the CLTS&WPI intervention arm).
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3.D Selection of the intervention communities

Given that the program interventions were not randomly assigned, it is important to have a

better understanding about the selection of the intervention communities. We first look at the

distribution of the main outcome variables in selected program areas (districts and

communities) compared to the general population using data from the Demographic and

Health Surveys (DHS) in Mozambique in 2009 and 2011. Then we investigate whether the

intervention placement can be predicted using observed community characteristics collected

at the baseline survey.

In order to investigate the selection of the program districts, Tables 3.D1 and 3.D2 show the

distribution of the outcome variables within the program provinces (Manica, Sofala and Tete)

using data from the DHS in 2009 and 2011, respectively. These data were collected when the

program was already under way. Nonetheless, we observe that the use of improved WPs was

on average lower in the surveyed program districts (Table 3.D1b) compared to the province

averages Table 3.D1a) in 2009 (with the exception of Manica province), and the difference

between the surveyed program districts compared to other districts is statistically significant

(Table 3.D1c). This finding suggests that the program indeed targeted locations in need of

improved WPs.

Looking at the distribution of the use of toilet facilities (mostly traditional latrines) in

Tables 3.D1a and 3.D1b, we observe a large variation between and within the provinces.

There is no indication that the program selected districts based on latrine use. However, it is

important to note that the more prevalent use of latrines in the survey districts in Tete province

are due to districts located at the border to Malawi, where basic sanitation facilities are more

widespread.46 Data on handwashing are only available in DHS 2011, and this variable looks at

the presence of a handwashing facility in the dwelling not at handwashing occasions. The

figures in Tables 3.D2a and 3.D2b indicate that there is a large variation in the presence of a

handwashing facility between the provinces.

Comparing the figures in Tables 3.D1b and 3.D3 for the 2009 DHS sub-sample and the 2008

program survey data, we can compare the distribution of the main outcome variables in sampled

program communities compare to the estimated district means. Looking at the figures on the

46 Open defecation was estimated at 11.3% in the rural population in 2010 by NSO and International (2010).
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Table 3.D1: Differences in water and sanitation outcomes between the
sampled program districts and non-program districts in the program
provinces (using DHS 2009 data)

(a) Water and sanitation outcomes in the program provinces

Manica Sofala Tete Total

Use of toilet facility (2009) 50.7 31.7 37.0 39.4

Use of improved WPs (2009) 33.4 59.5 42.5 44.5

(b) Water and sanitation outcomes in the sampled program districts

Manica Sofala Tete Total

Use of toilet facility (2009) 39.2 24.0 61.4 50.4

Use of improved WPs (2009) 34.1 12.6 31.1 30.3

(c) Difference in outcomes in sampled program districts compared to other districts
(p-value)

Manica Sofala Tete Total

Use of toilet facility (2009) 0.0002 0.241 0 0

Use of improved WPs (2009) 0.813 0 0.000003 0

Notes: Based on own calculation using data from DHS Mozambique 2009. The sample
includes rural clusters only. 1025 observations used. Sampling weights are provided by
DHS 2009.
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Table 3.D2: Differences in water and sanitation outcomes between the
sampled program districts and non-program districts in the program
provinces (using DHS 2011 data)

(a) Water and sanitation outcomes in the program provinces

Manica Sofala Tete Total

Use of toilet facility (2011) 62.7 18.4 53.5 47.7

Use of improved WPs (2011) 77.7 43.9 37.1 47.8

HW facility at dwelling (2011) 23.9 28.8 52.5 40.7

(b) Water and sanitation outcomes in the sampled program districts

Manica Sofala Tete Total

Use of toilet facility (2011) 43.6 23.4 71.3 58.9

Use of improved WPs (2011) 72.4 30.1 41.6 45.8

HW facility at dwelling (2011) 6.2 30.9 56.6 43.1

(c) Difference in outcomes in sampled program districts compared to other districts
(p-value)

Manica Sofala Tete Total

Use of toilet facility (2011) 0 0.043 0 0

Use of improved WPs (2011) 0.011 0.00001 0.010 0.114

HW facility at dwelling (2011) 0 0.469 0.020 0.055

Notes: Based on own calculation using data from DHS Mozambique 2011. The sample
includes rural clusters only (N = 2621). Sampling weights are provided by DHS 2011.
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use of improved WPs in the two tables, we observe that the surveyed program sample over-

represents communities not using an improved WP even within the surveyed program districts.

Latrine ownership shows similar variation between the provinces in the program survey in 2008

(Table 3.D3) as in the DHS survey (Table 3.D1b). Hence, we can conclude that the surveyed

program sample targeted communities in need of an improved WP and not sanitary practices.

Regarding the actual allocation of the interventions in the surveyed communities, we

investigate whether observed community characteristics predict the interventions. As

discussed before, the CLTS and WP interventions follow different allocation rules. We can

safely assume that the WPI interventions were allocated independently from the CLTS

interventions, because it was decided by local government officials who had different

priorities, and were likely not informed about the (future) location of the sanitation

interventions. However, the allocation of the CLTS interventions takes into account the

location of the WP intervention.

For the allocation of the WP interventions, we estimate the probability that the

communities receive the WP intervention based on baseline community characteristics using a

logistic regression. Bivariate multinomial logit regression is used to estimate the factors

affecting the timing of the WP intervention. Figure 3.D1 reports the results of the logit (left,

for all WP interventions) and multinomial logit regressions (middle and right, for Wave 1 and

Wave 2 WP interventions) estimating the probability of the WP intervention arms using

baseline community level variables one by one as predictors. The variables are measured

relative to their district mean in order to remove variations arising from different

characteristics of the districts. This is important because the placement of the interventions are

separately decided in each district, and because we observe significant differences in the

district means for example for latrine ownership. The figure shows the 90% confidence

interval around the point estimates.

The figure shows that the WP interventions were indeed allocated based on need.

Communities without an improved WP at baseline were significantly more likely to receive

the intervention. Other than availability, villages with less income inequality (in terms of the

standard deviation of the wealth index) and medium-small size (population of 500–1000) are

found to be correlated to receiving the WP intervention. Notably, we find no correlation

between the placement of WP intervention and the community mean of other outcome
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Figure 3.D1: Variables predicting the WP interventions (90% confidence interval)
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Notes:
1. Coefficient and confidence interval estimates are calculated using bivariate  logit (All WPI) and multinomial
logit (Wave 1 and 2) interventions.
2. Community level variables at the baseline are relative to the district mean.

variables (latrine ownership and handwashing practices) and a health measure (water related

disease prevalence). Based on the community characteristics in Figure 3.D1, the allocation of

the WP interventions followed similar patterns in Wave 1 and Wave 2.

In Figure 3.D2, we carry out a similar analysis for the allocation of CLTS intervention. We

estimate the probability of the communities receiving the CLTS intervention based on baseline

community characteristics and the timing of the WP intervention. We use a multinomial logit

model to estimate the 3 possible intervention arms for CLTS: Wave 1, Wave 2 and no CLTS.47

Figure 3.D2 shows that the placement of WP intervention had a significant effect on the

placement of the CLTS intervention. Moreover, the CLTS intervention closely followed the

timing of the WP intervention. As discussed above, only 5 out of 30 communities with both

interventions received the CLTS intervention prior to the water point intervention.

We observe some differences in the observable baseline community characteristics between

47 We omit the logit model on any CLTS because the timing of WP intervention affects the timing of CLTS.
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Figure 3.D2: Variables predicting the CLTS interventions (90% confidence interval)
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Notes:
1. Coefficient and confidence interval estimates are calculated using bivariate multinomial logit regressions.
2. Community level variables at the baseline are relative to the district mean.

the Wave 1 and Wave 2 CLTS interventions. The Wave 1 interventions were more often targeted

at communities that already had higher rates of latrine ownership at the baseline relative to other

communities in the their district. These were also more likely to be small villages (population

of less than 500 people). Given that building a latrine requires non-negligible investment, it is

important to point out that the CLTS interventions are not correlated with the relative wealth

level of the communities nor with wealth inequality within the communities.48

48 The findings remain the same in a multivariate regression.
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Table 3.D3: Water and sanitation outcomes in the provinces before the program (using program
data)

Variable Manica Sofala Tete Total

Latrine ownership (2008) 29.3 11.9 71.6 43.9

Use of toilet facility (2008) 32.2 13.6 76.9 47.6

Open defecation (2008) 61.1 69.7 22.9 46.3

Handwashing with soap/ash after defectation (2008) 18.8 15.8 17.6 17.6

Use of improved WPs (2008) 22.2 11.1 9.6 14.2

Handwashing facility at dwelling (2010) 17.4 17.2 36.9 25.9

Notes: Percent of households with outcome are reported. Data from the program baseline survey (2008) and
midline survey (2010).
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3.E Selectivity of attrition

The attrition between the survey rounds is reported in Table 3.E1. Are household characteristics

at the baseline and later realization of the program interventions correlated with the probability

that a household will take part in all 3 rounds of the household survey? In Table 3.E2, we find

that the program interventions are not correlated with attrition. Further, larger households are

less likely to drop out of the sample, and that there is a lower mobility in the northern province

Tete (at the border of Malawi and Zambia). Not controlling for provinces, households owning

a latrine at the baseline are predicted to have a higher probability of remaining in the sample

which is due to the fact that a much larger proportion of the sample had latrines in Tete (about

70 percent vs. 20-30 percent in the other 2 provinces).

In order to control for the education level of the household, we include the share of adult

(older than 14 years) household members that are reported to have had at least primary

education. Table 3.E2 shows some evidence that more educated households are less likely to

remain in the sample for all three survey rounds.

Unfortunately, we have very little information about the characteristics of the household

head. However, if the household head or spouse was interviewed, we know the gender of the

household head. Column 4 in Table 3.E2 shows that female headed households did not have

different probability of staying in the sample compared to male headed households.
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Table 3.E1: Attrition in the surveys

Total HHs IT HHs IC HHs

Sample in ...

Baseline (2008) 1,600 800 800

Midline (2010) 1,600 800 800

Endline (2013) 1,579 800 779

Interviewed in ...

2008 and 2010 1,372 682 690

2008 and 2013 1,177 585 592

2010 and 2013 1,297 653 644

All 3 rounds 1,161 580 581

At least 2 rounds 1,524 760 764

Notes: IT=Intended Treatment, IC=Intended Control
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Table 3.E2: Regression results on attrition

Dependent variable:

Household is interviewed in all 3 rounds

(1) (2) (3) (4)

WPI (alone) −0.001
(0.027)

CLTS (alone) −0.006
(0.028)

CLTS&WPI 0.030
(0.029)

Latrine ownership 0.043 0.044∗ 0.128∗∗∗ 0.053∗

(0.027) (0.026) (0.022) (0.028)
Using soap after def. 0.028 0.027 0.027 0.033

(0.028) (0.028) (0.028) (0.029)
Using improved WP −0.008 −0.012 −0.039 −0.021

(0.034) (0.034) (0.033) (0.036)
Health outcome (WRD 6m) −0.013 −0.016 −0.016 −0.022

(0.025) (0.025) (0.025) (0.026)
HH size 0.026∗∗∗ 0.026∗∗∗ 0.023∗∗∗ 0.029∗∗∗

(0.004) (0.004) (0.004) (0.005)
Wealth index 0.017 0.016 0.006 0.014

(0.012) (0.012) (0.012) (0.013)
Formal education −0.064∗∗ −0.060∗∗ −0.072∗∗ −0.080∗∗∗

(0.030) (0.030) (0.030) (0.031)
Female HH head 0.022

(0.041)
Sofala Province −0.021 −0.014 −0.009

(0.033) (0.032) (0.035)
Tete Province 0.150∗∗∗ 0.152∗∗∗ 0.148∗∗∗

(0.031) (0.029) (0.031)
Constant 0.527∗∗∗ 0.527∗∗∗ 0.582∗∗∗ 0.525∗∗∗

(0.044) (0.038) (0.034) (0.042)

Adjusted R2 0.054 0.055 0.035 0.06
Observations 1556 1556 1556 1403

Notes: Standard errors are reported in brackets (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01).
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3.F Additional regression results

Table 3.F1: Differential treatment effects for new adopters and
the retention of earlier adopters (CLTS alone and CLTS&WPI
intervention arms)

Dependent variable:

Latrine ownership Handwashing

(1) (2)

New adopters: CLTS (alone) 0.202∗∗ 0.099∗

(0.091) (0.051)

Retention: CLTS (alone) 0.004 0.106∗

(0.039) (0.057)

New adopters: CLTS&WPI 0.164∗ 0.120∗∗

(0.091) (0.057)

Retention: CLTS&WPI 0.040 0.096

(0.034) (0.072)

Mean dep.var. 0.077 0.202

P-value(H0 : β̃0 = β̃1) 0.020 0.935

Observations 2,667 2,632

Adjusted R2 0.287 0.452

Notes: Conditions: ‘New adopters’: Yi(t−1) = 0 and ‘Retention’: Yi(t−1) = 1.
Standard errors are robust to clustering at the community level, heteroskedasticity

and serial correlation (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). First difference regression of equation
(3.4) controlling for the past value and changes in wealth index, education and
household size, and year. Controls for the WP intervention are excluded. The
sample includes HHs participating in at least 2 survey rounds.
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3.G Specification tests

3.G.1 Controlling for observable determinants of the intervention

allocation

In the main analysis, we mostly considered unobserved determinants of the selectivity in the

intervention allocation. At least part of the selectivity may be driven by observable

characteristics from the perspective of the researchers. In that case, weighting the sample by

the inverse of the propensity score can be used to control for selection on observables

following Hirano and Imbens (2001).

In order to determine which community-specific observable characteristics drive the

intervention placement, we first estimate a multinomial regression on the endline intervention

status of the communities:

P(D j
cT = 1) = Qcδ j + uc (3.6)

where j denotes the intervention arms ( jth element of the vector of intervention arms) and Qc

are community-specific variables at the baseline. Note that (3.6) is a cross sectional regression

estimating the probability of receiving the intervention for each of the intervention arms at

the endline period. Hence, we estimate different coefficients for each intervention arm (δ j).

Based on the regression results of (3.6) we select the variables Zc ⊆ Qc such that the coefficient

estimate for the variables in Z was significant at least for one of the intervention arms.

However, we calculate the propensity scores using a probit regression on the communities’

probability of receiving any program intervention during the evaluation period using Z as

control variables:

P

∑
j

D j
cT , 0

 = Zcθ + uc. (3.7)

When reporting the regression results for the ATT in equation (3.3) corrected for propensity

score weighting, we weight the observations using the inverse of the probability of the
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community being in the realized value of the intervention49: 1/Φ(Zθ̂) for communities with

any program interventions, and 1/(1 − Φ(Zθ̂)) for communities without any program

interventions. In addition, we only keep observations where the fitted values from equation 3.7

have support in both the intervention and comparison groups.

Column 2 of Tables 3.G1-3.G2 show that adjusting for observable characteristics affecting

the intervention allocation does not significantly change the (unweighted) ATT estimates

(reproduced in column 1). If anything, the ATT becomes larger when using propensity score

weighting. More importantly, the fact that controlling for selection on observables does not

move the treatment effect estimates closer to the ATE for latrine ownership (Table 3.G1)

suggests that selection on unobservables was an important factor for this outcome.

3.G.2 Representative sample

In the main regression analysis, we used the the surveyed program sample without adjusting

the distribution for the oversampling of the Wave 1 intervention communities (Intended Target

group). Using a sample that is not representative of the population of the program area does

not bias the estimates of the ATT. However, for the estimation of the ATE we need to assume

that that the observations are representative of the relevant population. Therefore, in column 5

of Tables 3.G1 and 3.G2 we report the estimates of ATE using representative sampling weights

obtained by correcting for the communities’ probability of being sampled.50 These corrected

estimates of the ATE (column 5) show a similar pattern as the non-weighted estimates of the

ATE (reproduced in column 4).

49 Note that Φ(z) denotes the cumulative normal density function.
50 The probability of being sampled was 2.2% for the Intended Target communities and 0.3% for the Intended Control

communities.
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Table 3.G1: Robustness checks for the treatment effects on latrine ownership

Treatment effect estimates for latrine ownership

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

CLTS (alone) 0.069 0.081 0.074 −0.059 −0.111 −0.074

(0.048) (0.052) (0.050) (0.078) (0.069) (0.078)

CLTS&WPI 0.115∗∗ 0.181∗∗∗ 0.116∗∗ 0.010 0.034 0.008

(0.049) (0.061) (0.049) (0.072) (0.092) (0.071)

WPI (alone) 0.029 0.045 0.031 0.038 −0.120 0.051

(0.030) (0.036) (0.030) (0.075) (0.096) (0.073)

Mean dep.var. 0.541 0.541 0.541 0.541

Treatment effect ATT ATT ATT ATE ATE ATE

Sampling weight No PS No No Repr No

Model LPM LPM Probit LPM LPM Probit

P-value(H0 : ξCLTS = 0) 0.078 0.123 0.027

P-value(H0 : ξCLTS &WPI = 0) 0.169 0.645 0.139

Observations 4,206 2,754 4,206 4,206 4,206 4,206

R2 0.068 0.705 0.072 0.725

Notes: Columns 1–3 estimate equation (3.3), columns 4–6 estimate equation (3.2). Sampling weight: PS =

inverse propensity score weighting, Repr = population representative sampling weight. Model: LPM = linear
probability model with HH fixed effects, Probit = average partial effect of the probit correlated random effects
regression is reported at baseline mean values. All regressions include HHs interviewed in at least 2 survey
rounds, and control for HH size, education, wealth and year. LPM standard errors are robust to clustering,
heteroskedasticity and serial correlation; Probit standard errors are robust to clustering at community level (∗

0.10 ∗∗ 0.05 ∗∗∗ 0.01).
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Table 3.G2: Robustness checks for the treatment effects on handwashing with soap or ash
after defecation

Treatment effect estimates for handwashing

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

CLTS (alone) 0.097∗∗ 0.122∗ 0.064∗ 0.091 0.120 0.046

(0.049) (0.070) (0.038) (0.104) (0.143) (0.075)

CLTS&WPI 0.157∗∗∗ 0.181∗∗ 0.114∗∗ 0.085 0.139 0.045

(0.054) (0.088) (0.045) (0.136) (0.150) (0.097)

WPI (alone) −0.013 0.015 −0.012 −0.136 −0.127 −0.092

(0.045) (0.068) (0.034) (0.092) (0.087) (0.064)

Mean dep.var. 0.379 0.379 0.379 0.379

Treatment effect ATT ATT ATT ATE ATE ATE

Sampling weight No PS No No Repr No

Model LPM LPM Probit LPM LPM Probit

P-value(H0 : ξCLTS = 0) 0.970 0.185 0.917

P-value(H0 : ξCLTS &WPI = 0) 0.511 0.442 0.396

Observations 4,170 2,728 4,170 4,170 4,170 4,170

R2 0.181 0.482 0.182 0.494

Notes: Columns 1–3 estimate equation (3.3), columns 4–6 estimate equation (3.2). Sampling weight: PS =

inverse propensity score weighting, Repr = population representative sampling weight. Model: LPM = linear
probability model with HH fixed effects, Probit = average partial effect of the probit correlated random effects
regression is reported at baseline mean values. All regressions include HHs interviewed in at least 2 survey
rounds, and control for HH size, education, wealth and year. LPM standard errors are robust to clustering,
heteroskedasticity and serial correlation; Probit standard errors are robust to clustering at community level (∗

0.10 ∗∗ 0.05 ∗∗∗ 0.01).
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3.H Determinants of the use of improved water points

The observation that households do not always use an improved WP when it is available in their

community raises the question which factors influence the households’ decision to use them.

Table 3.H1 lists the most often mentioned reasons by the households for using their chosen WP

during the endline survey. The most important factors include the distance to the improved and

traditional WPs and the perception of the water quality/safety at the improved and traditional

WPs.

We model the households’ decision problem on choosing to use of improved WPs (IWP)

with the following latent variable model:

IWP∗∗it = γ3DIit + γ4DTit + γ5QIit + γ6QTit + γ8Xit + ηi + εit

IWP∗it =


1 if IWP∗∗it > 0

0 if IWP∗∗it ≤ 0

IWPit =


IWP∗it if Wit = 1

0 if Wit = 0

(3.8)

where the first equation (IWP∗∗) shows the latent demand function for the use of an improved

WP based on the characteristics of alternative water sources and household characteristics; the

second equation (IWP∗) shows whether the household would choose to use an improved WP

based on the value of IWP∗∗; and the last equation (IWP) indicates the observed outcome on the

use of an improved WP, which is conditional on actually having the option to use an improved

WP. Wit stands for the availability of an improved WP in the community.

In the equation for the latent demand, DIit and DTit stand for household i’s distance to the

closest improved and traditional WP in cluster at time t, respectively. QIit and QTit represent

the perceived water quality at the improved and traditional sources. As before, Xit contains

other observable household characteristics that may affect the households’ decision to use an

improved WP (education, wealth index and household size).

In the analysis, distance to the improved and traditional WPs is measured as the crow flies

using GPS coordinates. The perceived water quality is only available for the WP actually used

by the households. Therefore, we use the mean valuation of the households within their
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Table 3.H1: Reasons for choosing to use improved and
traditional WPs

Traditional WP Improved WP

Closest WP to HH 72.6 70.9

Short waiting time 9.1 5.3

WP always has water 16.9 14.9

Water is free 13 4.4

Reasonable cost 0.8 9.3

Good water quality 5.9 59.5

Other 34.8 11.2

Notes: Percent of households indicating response during the
household survey in 2013.

communities separately for the improved and traditional WPs (when available) in each survey

round. Therefore, in the estimation of (3.8) we use community fixed effects instead of

household fixed effects (ηi).

We estimate equation (3.8) as a linear probability model using observations on all

households in communities where an improved WP is available in the given survey round. As

a robustness check, we also estimate equation (3.8) using only the observations immediately

before and after the WP was installed.

Table 3.H2 shows the estimates of equation (3.8) for the linear probability model using

community fixed effects instead of household fixed effects (ηi). We use observations on all

households in communities where an improved WP is available in the given survey round. As

a result, communities where an improved WP was available earlier are included in the sample

more often. Distance to the improved and traditional WPs are measured as the crow flies using

GPS coordinates. The perceived water quality is only available for the WP actually used by the

households. Therefore, we use the mean valuation of the households within their communities

separately for the improved and traditional WPs (when available) in each survey round.

The first column of Table 3.H2 shows the regression results controlling only for the
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Table 3.H2: Factors influencing the use of improved WPs

Dependent variable:

Use of improved WP

(1) (2) (3)

Distance to improved WP −0.134∗∗∗ −0.255∗∗∗ −0.313∗∗∗

(0.030) (0.056) (0.042)

Distance to traditional WP 0.201∗∗∗

(0.044)

Mean quality at improved WP 0.167∗∗∗ 0.071 0.069

(0.056) (0.068) (0.069)

Mean quality at traditional WP −0.099∗∗ −0.090∗

(0.046) (0.047)

Wealth index −0.008 −0.010 −0.008

(0.008) (0.013) (0.013)

Formal education 0.060∗∗ 0.080∗∗ 0.107∗∗∗

(0.027) (0.038) (0.039)

HH size 0.002 0.0003 0.001

(0.003) (0.005) (0.005)

Year 2010 0.125∗∗∗ 0.100 0.083

(0.035) (0.087) (0.090)

Year 2013 0.146∗∗∗ 0.148∗ 0.131

(0.032) (0.077) (0.083)

Mean dep.var. 0.709 0.597 0.573

R2 0.098 0.141 0.181

Observations 1,642 1,195 1,071

Notes: Standard errors are robust to clustering at the community level,
heteroskedasticity and serial correlation (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). The sample includes
all HHs in communities where an improved WP (column 1) and both improved
and traditional WP (columns 2 and 3) were available in the given survey round.
Community fixed effects are included.
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characteristics of improved WPs and of households. The table suggests that the distance to

improved WPs is the most important determinant of the choice to use an improved WP.

Households where more than half of the adult members have any level of formal education are

more likely to use an improved WP. Importantly, we observe that the wealth index has no

predictive power. In communities where the mean perceived water quality at the improved WP

was higher, households were more likely to use it (column 1). However, when controlling for

the characteristics of traditional WPs (columns 2 and 3), this association reduces in size and

becomes insignificant. At the same time, the columns 2 and 3 indicate that households are

more likely to use an improved WP in communities where the perceived water quality of the

traditional WP is worse.

Including information on traditional WPs reduces the sample size to communities where

households use both improved WP and traditional WP within the same survey year. Excluding

communities where everyone switched to using an improved WP, increases the effect of

distance to the improved WP and education on the choice to use an improved WP. An

additional distance of 1 km from the improved WP reduces the probability of using it by up to

31pp in column 3. For the sub-sample where we can measure the households’ distance to the

closest traditional WP, we find that the distance to the traditional WP also affects the choice to

switch to using an improved WP: an additional distance of 1 km from the traditional WP

increases the probability of using the improved WP by 20pp.

As a result of using the community mean of the households’ valuation of the improved and

traditional WPs (when available) for each survey round, the identification of the coefficients

on perceived water quality comes exclusively from the changes in mean perceived water

quality over time in communities that were included in the sample multiple times. However,

the coefficient estimates for perceived water quality change only marginally when we estimate

the model assuming random effects, which estimates the coefficients using the whole sample

(results available upon request).

The regressions in Table 3.H2 overweight communities where an improved WP has been

installed earlier. In addition, the precision of the variables used to proxy perceived water quality

are correlated with the share of households using the type of WP. In order to establish a causal

relationship between the decision to use an improved WP and the perceived water quality, in

Table 3.H3 we use observations on each community only once, at the first observation after the
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improved WP was installed. This way, we can use the perceived water quality at the traditional

WP from the previous survey round:51

IWP∗∗it = γ3DIit + γ4DTit + γ6QTi(t−1) + γ8Xit + ηi + εit. (3.9)

This regression allows us to identify the determinants of the choice to use improved WP

when it first became available. Due to the water point intervention, we have observations on

567 households (35.5% of the sample in cross-section) using either a combination of 2008–

2010 or 2010–2013 data. Table 3.H3 confirms that distance to the improved WP plays a crucial

role in the adoption decision: an additional distance of 1 km reduces the probability of using an

improved WP by 35pp. The findings on the effect of education and the insignificance of wealth

remain unchanged.

The coefficient of perceived water quality at traditional WP is smaller than in Table 3.H2

(coef = -0.036, p = 0.056). However, this is a conservative estimate because we are using

information on the valuation of water quality from two to three years before the observation on

the use of improved WP and before the improved WP were installed. Another difference in the

two coefficient estimates for the perceived quality at traditional WP is that while in Table 3.H2

the identification of the coefficient comes from the variation in the mean perception within the

community over time, in Table 3.H3 the identification comes from the variation in perceived

water quality within the community before the improved WP was installed.

Unfortunately, we cannot look at the effect of payment for the use of improved WP because

it would be a community-specific variable. However, we observe that 81% of the communities

with an improved WP have regular payment for these WPs in 2013 (80% with and 85% without

the WP intervention). At the same time, 75% of the households in communities with regular

payment for (all) improved WP use these WP compared to 63% of HHs in communities without

payment. This suggests that payment for the use of IWP is not a limiting factor for most

households.

Overall, we can conclude that the distance to improved WP, the quality of the water at

the traditional WP and the education of households are the main determinants of the use of

improved WP, supporting the responses of households in Table 3.H1.

51 Notice that the coefficient on the perceived water quality at improved WP cannot be identified because it is only

measured for households actually using it and the cluster mean is not identified due to community fixed effects.
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Table 3.H3: Factors affecting households’ decision to
switch to using improved WPs when it becomes available

Dependent variable:

Use of improved WP

(1) (2)

Distance to improved WP (t) −0.349∗∗∗ −0.360∗∗∗

(0.063) (0.069)

Distance to traditional WP (t-1) 0.044

(0.073)

Quality at traditional WP (t-1) −0.032∗ −0.036∗

(0.019) (0.019)

Wealth index (t) −0.012 −0.014

(0.017) (0.017)

Formal education (t) 0.085∗∗∗ 0.096∗∗∗

(0.029) (0.026)

HH size (t) 0.012∗∗ 0.012∗

(0.006) (0.006)

Mean dep.var. 0.711 0.712

R2 0.175 0.182

Observations 567 555

Notes: Standard errors are robust to clustering at the community
level, heteroskedasticity and serial correlation (∗ 0.10 ∗∗ 0.05 ∗∗∗

0.01). Community fixed effects are included. t can be 2010 or
2013 depending on when an improved WP was installed in the
community. The sample consists of time-location combinations where
improved WP becomes available. Each location is only included once.
Observations are used before (t − 1) and after (t) the improved WP is
placed in the community.



Chapter 4

Intergenerational mobility, human capital

accumulation, and growth in India1

4.1 Introduction

India ranks among the world’s largest as well as most densely populated countries. While

labor is abundant in India, skilled workers continue to be in short supply despite considerable

investments aimed at improving the skill level of the labor force. The shortage of skilled labor

notwithstanding, growth in real gross domestic product (GDP) has averaged over 7 percent over

the last 20 years. The question is whether the present growth model is sustainable.

Inequality too has been increasing in India. Economic growth is leaving behind low- and

middle-income households, which could have consequences for human capital accumulation:

“high levels of inequality impede sustained development and growth through numerous

channels.” (World Bank, 2018, p. 6) Human capital accumulation plausibly denotes one of

these channels and may well be the most important channel. “Inclusion is therefore needed

1 This chapter is coathored with Roy van der Weide. We are grateful to Himanshu and Rinku Murgai for their help

with the India National Sample Survey data, to Rinku Murgai and Peter Lanjouw for their help with constructing

the state-region identifiers, and to Abhiroop Mukhopadhyay for pointing us to the sub-national data that is available

for India. The authors would like to thank Hai-Anh Dang, Chris Elbers, David Garcés Urzainqui, Jan Willem

Gunning, Himanshu, Peter Lanjouw, Abhiroop Mukhopadhyay, Rinku Murgai, and Gerton Rongen for their

comments on earlier versions of the paper. The authors also gratefully acknowledge financial support received

from UNU-WIDER.
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not just to address the wide inequalities in India, but to ensure that growth can be sustained

over decades” (World Bank, 2018, p. 2).

This highlights the fact that productivity and socioeconomic progress are interconnected.

Economic growth helps fund policies that bring about socioeconomic progress. Equally

important, socioeconomic progress serves as an engine for productivity growth. When

socioeconomic mobility (or equality of opportunity) is low, individuals may not be given the

opportunity to reach their full potential due to circumstances that are entirely beyond their

control (such as the family and neighborhood they are born into). This leads to a waste of

human potential. Public policies that aim to level the playing field will arguably raise the

aggregate stock of human capital and thereby stimulate economic growth. Furthermore, since

the waste of human potential tends to be concentrated towards the bottom of the income

distribution, the growth brought about by these public interventions will in all likelihood be of

an inclusive nature.

Public investments in education and health have helped improve education outcomes,

including for individuals who come from socioeconomically disadvantaged backgrounds (Datt

et al., 2020). The degree of success has been uneven, possibly in part stemming from state

level variation in the scope and effectiveness of public policies. There continues to be a

significant variation in education outcomes between states and presumably also within states.

Important gaps in outcomes between individuals from different socioeconomic backgrounds

still remain: “The task of upgrading India’s human capital is therefore urgent to ensure that a

more productive workforce is available to meet the demand for labor in globally competitive

industries” (World Bank, 2018, p. 8).

Does the lack of human capital accumulation in part stem from low levels of socioeconomic

mobility in India? If indeed, how does this impact on the income growth prospects for low-,

middle-, and upper-income households? In a recent global study, Narayan et al. (2018) identify

India as a country with some of the lowest rates of intergenerational mobility in the world.

Given the size of the country however, we would expect to see sub-national differences in

intergenerational mobility to the extent that local administrative units exhibit different: (a)

levels of local income and output, (b) levels of fiscal resources and by extension different levels

of local investments in public services, (c) levels of inequality, (d) education institutions and

health-care, (e) demographics (age composition, dependency ratios, family stability etc.), and
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different (f) cultures. Such sub-national patterns are confirmed in studies for the United States

by e.g. Chetty et al. (2014), and we would expect similar patterns to carry over to India, see

e.g. Asher et al. (2018). If there is indeed a considerable level of sub-national variation in

socioeconomic mobility, then we could exploit this variation to learn more about how mobility

impacts on development.

The objective of this study is twofold. First, we build a database for India that tracks

socioeconomic mobility and human capital accumulation at the state-region level over the last

30 years, and examine the trends and patterns in mobility and human capital. Drawing from a

variety of different data sources, the following variables are added to this state-region level

panel dataset: (a) household expenditure growth for the low-, middle-, and the upper-income

class, (b) inequality in household expenditure per capita, (c) demographics, (d) employment

variables, (e) domestic infrastructure connectivity (capturing domestic market integration),

and (f) financial inclusion. Second, we use these data to address the questions listed in the

preceding paragraph. Specifically, we will verify whether intergenerational mobility impacts

on future growth, affects the “inclusivity” of this growth, and whether human capital

accumulation denotes a plausible channel.

Our primary source of data is the National Sample Surveys (NSS) of India for the years

1983, 1987, 1993, 1999, 2004, and 2011. Dividing India into 54 state-regions, this data allows

us to track socioeconomic progress in India over time and across regions. We use the state-

regions constructed by Lanjouw and Murgai (2009) that account for merging and splitting of the

sub-national units over this extended time period. We complement these data with district level

data obtained from Castelló-Climent et al. (2018), Allen and Atkin (2016) and the ICRISAT

VDSA Database; and state level data obtained from the Central Statistical Office of of India,

the Census of India, the Reserve Bank of India and the Suntory and Toyota International Centre

for Economics and Related Disciplines (STICERD).

The main findings of this study are threefold. Firstly, underneath the low level of

intergenerational mobility in education for India as a whole (as established by Narayan et al.,

2018), we observe large sub-national differences in mobility. Secondly, a higher level of

mobility favors income growth among poor households more than it favors growth among the

rich. Thirdly, circumstantial evidence suggests that human capital accumulation denotes a

plausible channel through which intergenerational mobility differentially impacts on growth



144 CHAPTER 4. INTERGENERATIONAL MOBILITY IN INDIA

among poor versus rich households. Using the share of boys from low-, middle-, and

high-income households who completed high school education as dependent variables, we

find that mobility is positively associated with higher education for low and middle-class boys,

while the level of mobility makes no difference for boys from the upper class (who are

plausibly less dependent on the quality of public services).

The remainder of the paper is organized as follows. Sections 4.2 and 4.3 introduce the

measures of intergenerational mobility and the sources of data that we will be working with,

respectively. Section 4.4 presents an overview of the trends and patterns in intergenerational

mobility, inequality, and growth in India. The main results that document the relationship

between intergenerational mobility, human capital accumulation, and inclusive growth are

presented in Sections 4.5 and 4.6. Finally, Section 4.7 concludes.

4.2 Intergenerational mobility and the accumulation of

human capital

In this study we focus on the intergenerational transmission of education or human capital.

Education is an important indicator of individual wellbeing in it’s own right, in addition to

being a key determinant of individual productivity and income. Education furthermore has the

advantage that it is not sensitive to when in the individual’s life-cycle it is being measured;

after completing an education it stays with you for life. The same is not true for income or

occupational prestige, for example, which evolve over a person’s life-cycle.

4.2.1 The intergenerational transmission regression equation

Assume that the intergenerational transmission of socioeconomic status can be described by

the following linear regression model:

yi j,g = c j + β jyi j,g−1 + σ j,gεi j,g (4.1)

where yi j,g denotes the socioeconomic outcome for individual i of generation g in area j, and

where εi j,g denotes a standard normal distributed error term with mean zero and unit variance.

As mentioned above, we focus on education as the outcome.
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The parameters β j, c j, and σ j,g capture different aspects of intergenerational mobility. The

intercept c j measures the progress in human capital accumulation between generations g − 1

and g as a whole. We will refer to this type of mobility, which lifts (up) all members from a

given generation, as absolute mobility. The regression coefficient β j measures intergenerational

persistence, or the degree to which an individual’s human capital is dependent on the human

capital of his/her parents. We will refer to this type of mobility, which measures the degree

of “origin independence”, as relative mobility. Societies with higher levels of relative mobility

are societies where individuals are operating on a more level playing field, where individual

success is largely determined by ability and effort and less by the socioeconomic background

one happens to be born into. Note that the degree of relative mobility is also determined by

σ j,g; higher values of σ j,g relative to β jyi j,g−1 indicates a weaker relationship between parent

and child human capital.

This linear specification of equation (4.1) with parental socioeconomic status as the sole

independent variable is a standard choice in the intergenerational mobility literature, see e.g.

Bjorklund and Jantti (1997), Hertz et al. (2007), Lee and Solon (2009), Corak (2013), Corak

(2019), Chetty et al. (2014), and Narayan et al. (2018), and the references therein. The

statistics derived from this model specification do not intend to capture causal effects. Instead

the measures of intergenerational persistence aim to capture the strength of the association

between the socioeconomic outcomes of child and parent pairings. Commonly used statistics

include the regression coefficient and the correlation coefficient (see also section 4.3.3). As

controls are typically omitted from the intergenerational transmission regression, estimates of

intergenerational persistence will also capture the effects of other socioeconomic conditions

(i.e. race, religion, number of parents, number of siblings) as well as the characteristics of the

neighborhood the individual has grown up in. Note that all of these variables, like parent

education and income, denote circumstances that are entirely beyond the control of the

individual.

4.2.2 Intergenerational mobility and the stock of human capital

At first glance, the stock of human capital is seen to be a positive function of both the intercept

c j and intergenerational persistence coefficient β j. Consider the long-term equilibrium value of
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human capital under the assumption that c j and β j are constant:

µ j =
c j

1 − β j
. (4.2)

Consider also the expected mean value of human capital for generation g conditional on the

human capital of the previous generation:

µ j,g = c j + β jµ j,g−1, (4.3)

where µ j,g = E[yi j,g] denotes the population mean for generation g in area j. The long-term

mean value µ j is obtained by taking expectations over all generations under the assumption

that β j < 1.

One might conclude from eqs. (4.2)–(4.3) that greater absolute mobility (i.e. higher values

of c j) increases the stock of human capital, while greater relative mobility (i.e. lower values of

β j) reduces it. This ignores, however, the possibility of a relationship between c j and β j. Let

us allow for such a relationship by considering the intercept as a function of β j. Depending

on the slope of the function c j(β j), the stock of human capital could be either positively or

negatively related to intergenerational persistence β j. Hence, a prediction about the relationship

between intergenerational mobility and human capital accumulation implies a prediction about

the relationship between c j and β j.

Note that we may re-parameterize the intercept as c j = (1 − β j)µ j, i.e. setting the intercept

is equivalent to setting µ j. Substituting this into eq. (4.3), we obtain:

µ j,g = (1 − β j)µ j + β jµ j,g−1. (4.4)

Subtracting µ j,g−1 from both sides and re-arranging terms yields:

∆µ j,g = (1 − β j)(µ j − µ j,g−1), (4.5)

where ∆µ j,g = µ j,g − µ j,g−1. It follows that when the human capital stock is out of equilibrium

(i.e. µ j,g , µ j), the sign of the (cross-sectional) relationship between the accumulation of human

capital ∆µ j,g and intergenerational persistence β j depends on whether the human capital stock

is above or below its equilibrium value. When below, we expect a negative relationship, i.e.

higher rates of human capital accumulation are predicted to be observed in areas with lower

rates of intergenerational persistence (i.e. higher rates of intergenerational mobility).
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4.2.3 Human capital for the haves and the have-nots

How do the intergenerational mobility parameters c j and β j (and σ j,g) shape the gap in human

capital accumulation rates between children from high human capital parents (the “haves”) and

low human capital parents (the “have-nots”)? Let z denote the threshold in (parental) human

capital that separates the “haves” from the “have-nots”. The variance in parental human capital

will be denoted by σ2
j,g−1. (Recall that mean parental human capital is denoted by µ j,g−1.) The

expected human capital outcome for the “have-nots”:

E
[
yi j,g|yi j,g−1 ≤ z

]
= E

[
c j + β jyi j,g−1 + σ j,gεi j,g|yi j,g−1 ≤ z

]
= c j + β jE

[
yi j,g−1|yi j,g−1 ≤ z

]
= c j + β j

(
µ j,g−1 − σ j,g−1

(
φ((z − µ j,g−1)/σ j,g−1)
Φ((z − µ j,g−1)/σ j,g−1)

))
,

where the last step follows from the assumption of normally distributed errors, and where φ and

Φ are the standard normal density and distribution functions. Similarly, the expected expected

human capital outcome for the “haves” is seen to satisfy:

E
[
yi j,g|yi j,g−1 > z

]
= c j + β j

(
µ j,g−1 + σ j,g−1

(
φ((z − µ j,g−1)/σ j,g−1)

1 − Φ((z − µ j,g−1)/σ j,g−1)

))
.

Observe that the positive relationship with c j and β j carries over to the the human capital

accumulation for both the “haves” and “have-nots”. As is to be expected, the companion

human capital stocks are also a function of the level of inequality in parental human capital

(i.e. σ2
j,g−1), which in turn is shaped by all three of the intergenerational mobility parameters:

c j, β j and σ j,g. Depending on how c j and σ2
j,g−1 vary with β j, the level of human capital for the

disadvantaged subgroup, the “have-nots”, may exhibit either a positive or negative association

with intergenerational persistence β j.

It can be verified that the human capital gap between children from educated versus

uneducated parents takes the following form:

E
[
yi j,g|yi j,g−1 > z

]
− E

[
yi j,g|yi j,g−1 ≤ z

]
= β jσ j,g−1

(
φ(x j,g−1)

1 − Φ(x j,g−1)
+
φ(x j,g−1)
Φ(x j,g−1)

)
= β jσ j,g−1

(
φ(x j,g−1)

Φ(x j,g−1)(1 − Φ(x j,g−1))

)
,

where x j,g−1 = (z − µ j,g−1)/σ j,g−1. This confirms that the human capital gap is a monotonically

increasing function of both intergenerational persistence β j and the level of inequality in
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parental human capital σ j,g−1; and these two terms enter multiplicatively. In other words, a

lack of relative mobility (i.e. high intergenerational persistence) limits the human capital

accumulation of the “have-nots” particularly when inequality between parents is high. When

the differences between parent human capital are small, the advantage the “haves” have over

the “have-nots” is reduced, and is thereby less sensitive to the level of relative

intergenerational mobility.

In section 4.4.4, we investigate these predictions over a three-decade-period in the state-

regions of India.

4.3 Data and Variables

The primary data on education and living standards come from thick rounds of the Household

Consumer Expenditure schedule of the National Sample Surveys (NSS) of India. We use the

NSS rounds collected in 1983, 1987–88, 1993–94, 1999–2000, 2004–05 and 2011–12. The

1983 survey round was carried out between January and December, while in the other rounds

data was collected from July to June the following year (NSSO, 1983, 1988, 1994, 2000, 2005,

2012). These surveys also provide a rich set of socioeconomic variables including the industry

and occupation type of the primary economic activity of households.

Each NSS round constitutes a population representative survey for India with over 100,000

interviewed households. Because we are interested in intergenerational mobility and the

distribution of living standards and education, our unit of observation is at the state-region

level, which is an administrative unit between districts and states. The definition of states and

regions changed during the study period due to the creation of new states. We follow Lanjouw

and Murgai (2009) in harmonizing the state-regions to the state and region definitions used in

the 1999–2000 NSS survey round, which included the newly created states of Jharkhand,

Chhattisgarh and Uttaranchal. Some of the resulting 77 state-regions have a sample size of

less than 1000 households. We merge these following geographic considerations to arrive at

54 state-region units. Appendix 4.B.1 describes the construction of the unit of observations in

detail. Hence, our core sample consists of 324 observations. In the main regression analysis,

we restrict our sample to the 40 state-regions of the 16 major states of India due to data
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availability,2 but we use the full 54 state-regions for the descriptive analysis in section 4.4.

In the following, we describe the construction of the variables used in the analysis. For some

of the variables describing the economic and political conditions during the survey period, we

complement the information from NSS with a number of other data sources. This is indicated

in the descriptions of each of the following sub-sections.

4.3.1 Consumption expenditure

We capture the changes in living standards using the monthly per capita consumption

expenditure (MPCE) of the households. We use the MPCE calculated using mixed reference

periods following the recommendation of the Tendulkar Committee. To account for spatial

and temporal differences in consumption expenditure, we calculate real consumption

expenditure at 2004 rural all-India prices using a series of consumer price indices. 3

Following established practice, we use the consumer price index for agricultural laborers

(CPIAL) for rural areas, and the consumer price index for industrial workers (CPIIW) for urban

areas. These indices are available for the 16 major states in India. Values for the smaller states

are imputed based on spatial proximity. Additionally, we use the poverty lines of 2004–05 to

harmonize price levels between states and urban-rural sectors (see Appendix 4.B.2 for further

details).

Using the resulting real per capita consumption expenditure, we split the sample into five

bins by quintile (0–20%, 20–40%, 40–60%, 60–80%, 80–100%) at each state-region and survey

year using population weights from the NSS surveys. Annualized consumption expenditure

growth is then calculated for each of these bins using the average of the logarithm of real

consumption expenditures, taking into account the different intervals between the NSS rounds

used in the study. In the rest of the paper, we refer to these bins as “quintiles”, whereby we use

the quintile that defines the upper bound of the bin.

To measure inequality in consumption expenditure, we use the Gini coefficient. For a

2 These 16 states are: Andhra Pradesh, Assam, Bihar, Gujarat, Haryana, Himanchal Pradesh, Karnataka, Kerala,

Madhya Pradesh, Maharashtra, Orissa, Punjab, Rajasthan, Tamil Nadu, Uttar Pradesh and West Bengal.
3 We observe that between 1983 and 2011 prices increased almost eightfold.
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consumption distribution y, the Gini coefficient is calculated as

Gini =

∑n
i=1

∑n
j=1 wiw j|yi − y j|

2
∑n

i=1
∑n

j=1 wiw jy j
(4.6)

where wi denotes the population weight of individuals in the sample with
∑n

i=1 wi = 1, and n is

the sample size. We calculate the Gini coefficient at each state-region and survey year.

4.3.2 Human capital

The main variable of interest is intergenerational mobility in educational attainment. We focus

on the education level of boys in the age group 20–25 years who still reside with their father.

This choice is motivated by the fact that the NSS household consumption expenditure survey

does not collect data on parental education for individuals who have left their parents’

household. The age group 20–25 is old enough to have mostly completed their education.

Figure 4.1a shows that about 19 percent of boys were still enrolled in education at the age of

20 years in 1999 (13 percent in 1983). At the same time, this group is young enough to have a

significant share still living with their parents. According to Figure 4.1(b), 73 and 82 percent

of 20-year-old boys and 49 and 56 percent of 25-year-old boys still lived at home in 1983 and

1999, respectively. The figure also reveals the gap between boys and girls in terms of

enrollment in education and home-leaving age. Because girls move out from their parents

earlier than boys, our data do not allow us to draw inference on the intergenerational mobility

of girls.

We measure educational attainment as years of schooling and the share of population with

at least high school education. In the NSS, information on the general education level was

collected for all household members, which we used to calculate the years of education using

the following conversion rates: 0.1 year for illiterates, 0.5 year for literates without formal

schooling, 2.5 years for literates below primary level, 5 years for primary school, 8 years for

middle school, 12 years for secondary and higher secondary graduates, and 16 years for

graduates and above.4

4 The conversion rates are obtained through consultations with local experts. For the 1983 round, we use the

individual level data from the Employment and Unemployment schedule of the NSS due to data availability (see

NSSO (1983)). The Employment schedule is collected at different households than the Consumption expenditure

schedule. Both schedules are population representative at the district level, and we use data aggregated at the

state-region level in our analysis.
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Figure 4.1: (a) School enrollment and (b) co-residence of young adults aged 20–25 years

(a) (b)

For the educational attainment of fathers, we distinguish between five categories:

illiterates, below primary level, primary school, middle school, and secondary and higher

education, which are derived from the above seven categories. These five categories are used

to calculate the intergenerational mobility measures.

In the analysis of human capital accumulation, we split the sample by consumption

expenditure quintiles. Hence, we calculate changes in the share of high school graduates

within each consumption expenditure quintile bin.

4.3.3 Intergenerational mobility

The demographic for which intergenerational mobility in education is evaluated are boys

between the age of 20 and 25 who still reside with their father. The NSS survey does not ask

individuals about the education of their parents. Instead, we rely on children who co-reside

with their parents to obtain education data for child-parent pairings. The majority of boys

aged 20-25 resides in the same household as their parents, and has completed their education.

The same is not true for girls, who tend to leave their parents’ house at a notably younger age,

before they have had a chance to complete their education. For the median state-region-year,

we observe 441 son-father pairs in the 16 major states used in the regression analysis, with the

minimum number of pairs being 185. In the other smaller state-regions, the minimum number

of pairs is 81 and the medium is 339, after dropping one observation for the 1983 NSS survey.
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As noted in section 4.2, the parameters (c j, β j, σ j,g and σ j,g−1), which govern the

intergenerational transmission of education (see eq. (4.1)), control different aspects of

intergenerational mobility. The inclusive set of mobility measures put forward in the existing

literature provide different choices for evaluating these aspects and ranking societies from

least to most mobile. Each choice of measure in effect attaches different “weights” to these

parameters of intergenerational transmission. The literature has also made an attempt to

organize measures into different groups based on the type of mobility that they emphasize, for

example directional versus non-directional mobility, and absolute versus relative mobility (see

e.g. Fields and Ok, 1999).

We consider both absolute and relative as well as directional and non-directional measures

of educational mobility as they may provide different insights into the inter-linkages between

educational mobility, educational attainment and economic growth. Our primary focus however

is on measuring the extent to which an individual’s position on the socioeconomic scale is

independent of the position of his or her parents, which we refer to as relative or positional

mobility. Socioeconomic mobility defined this way is consistent with the interpretation of

mobility as “origin independence”.

A society with high relative intergenerational mobility is one where an individual’s

achievements is influenced less by the individual’s origin (his or her parental background) and

more by his or her human potential. Origin independence is closely related to the idea of

equality of opportunity (Roemer, 1998). Low relative mobility or inequality of opportunity

arguably leads to a waste of human potential, as talented individuals may not be given the

opportunity to reach their full potential. Reducing this waste will raise the stock of human

capital and thereby raise economic growth. Since this waste of human capital tends to be

concentrated toward the bottom of the distribution, the growth brought about by mobility

promoting policy interventions will plausibly be of an inclusive nature.

Our primary measure of intergenerational mobility evaluates the expected rank of a child

(in the child education distribution) whose parents’ are in the bottom 50 percent of the parent

education rank distribution. Following Asher et al. (2018), we will refer to this measure as

upward interval mobility (µ50
0 ):

µ50
0 = E(rankc

i |0 ≥ rankp
i < 50), (4.7)

where rankc
i and rankp

i denote child and parent rank in their respective education attainment
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distributions. When individual success is independent of parental background, this measure is

expected to take on the value of 50 (corresponding to a median level of education attainment),

which denotes the upper bound value. Values below 50 indicate the extent to which being born

to parents with relatively low levels of education hampers the child’s prospects of obtaining an

education relative to their peers.

The presence of a large share of the parent population with bottom-coded education levels,

and the discrete nature of educational attainment, however, complicate the calculation of

mobility measures, which requires that parents (and their children) can unambiguously be

ranked. For example, if 60 percent of parents do not have any education, then it is not clear

which parents should be assigned to the bottom half. We resolve this by randomly breaking

ties (a hundred different times, and use the average as our point estimate). If all individuals

with uneducated parents have identical prospects of completing a given level of education,

then this pragmatic decision should have no bearing on our estimate of upward interval

mobility.

As a robustness check, we also implement an approach put forward by Asher et al. (2018)

that overcomes the challenge of coarse education data by putting bounds on the mobility

measure. We refer to these as Asher-Novosad-Rafkin (ANR) bounds. The larger the margin

by which the share of least educated parents exceed 50 percent, the larger the degree of

ambiguity, and the wider will be the bounds on upward mobility. This logical prediction is

confirmed by our data. One of the requirements of this approach is that the child rank data

exhibit a non-decreasing relationship with the parent rank data (i.e. a monotonicity property).

When monotonicity is violated in our empirical data, minimal adjustments are applied to the

data until monotonicity is satisfied. As a result, it cannot be guaranteed that estimates of µ50
0

obtained by randomly breaking ties without modifying the observed data will always lie

between the ANR bounds. In our sensitivity analysis, both the lower and the upper ANR

bounds are considered as alternative estimates of µ50
0 .

We also consider two additional measures of relative mobility (i.e. measuring “origin

independence”), namely the regression coefficient β jt from regression (4.1) with varying

coefficient estimates by state-region ( j) and year (t):

yi jt,g = c jt + β jtyi jt,g−1 + σ jtεi jt,g, (4.8)

where g represents the 20-25 years old boys living with their parents, g − 1 represents their
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fathers. As before, we use years of education as the socioeconomic outcome (y). The

corresponding correlation coefficient between child and parent years of schooling (ρ jt) is

ρ jt = β jtσ jt,g−1/σ jt,g. (4.9)

Both β and ρ measure the degree of intergenerational persistence. The correlation coefficient

is invariant to the levels of (and changes in) inequality in education from one generation to the

next, while the regression coefficient is not. Keeping with the notion of measuring mobility, in

the regression analysis we use 1 − β and 1 − ρ, both of which take on values between 0 and

1. The upper bound of 1 is attained in the case of “origin independence”. Note that 1 − β and

1−ρ are examples of non-directional measures of relative mobility, whereas µ50
0 is a directional

measure.

In addition, we also report on two measures of absolute mobility which capture

opportunities for socioeconomic progress attributable to structural changes in the

socioeconomic environment that benefit a large share of the population. In other words,

absolute mobility is an indicator of progress, while relative mobility indicates whether this

progress has been fair and inclusive, or not. Following Neidhöfer et al. (2018), we use bottom

upward mobility:

BUM(s) = Prob
(
Echild

i ≥ s|Eparent
i < s

)
, (4.10)

which measures the probability of children to achieve at least the educational level s, when

their parents’ education level is below s, and upper class persistence:

UCP(s) = Prob
(
Echild

i ≥ s|Eparent
i ≥ s

)
, (4.11)

which yields the probability of children to achieve at least the educational level s when their

parents’ education level equals s or higher. For both of these probabilities we set s at the level

that corresponds to having attained a high school degree.

4.3.4 Demographics

Information on the share of working age population (ages 16–64), and the share of urban

population comes from the NSS. Urban–rural classification is from the NSSO.5

5 The NSS has followed the census definition of urban areas, which is based on several criteria, including a

population of at least 5,000, a density of at least 4,000 people per square kilometer, and three-fourth of the male

workers engaged in non-agricultural activities (Datt and Ravallion, 2011).



4.3. DATA AND VARIABLES 155

Historical data on the share of Brahman (in 1909 and 1931), and scheduled tribes and

scheduled castes (between 1951 and 2001) in the population is provided by Castelló-Climent

et al. (2018). The dataset contains information at the district level for 500 districts in 20 states.

We match the districts to the state-regions following the definition of regions and their

composition according to NSSO (2000), and aggregate the variables to the state-region level.

4.3.5 Economic conditions

Data on access to banking come from statistical tables published by the Reserve Bank of India

(RBI, 1998, 2000, 2005, 2012). Information is available on the number of bank offices,

officers, deposits and credit for all the NSS years at the state level for all states except for the

newly created states of Jharkhand, Chhattisgarh and Uttaranchal. In the analysis we use data

on the number of bank offices per capita. In order to calculate this variable we use state-level

population data from the Census of 1991, 2001 and 2011. We use log-linear

extrapolation/interpolation to calculate the population of states for the survey years.

We follow Allen and Atkin (2016) to construct a measure of market access using the

(inverse) travel-time weighthed size of market that can be accessed from a location. We proxy

the size of market using population size in districts. Allen and Atkin (2016) provide data over

the bilateral highway travel times between districts over time for 308 districts in 19 states.

District-level population data is provided by the ICRISAT Village Dynamics in South Asia

Macro-Meso Database (VDSA), which can be matched to the travel times data for all the NSS

survey years. Using these sources, we calculate market access at the district level as

MA jt =
∑
i, j

(
1

traveltime jit

)θ
Pit (4.12)

where Pit is the population of district i in period t. The distance decay parameter θ is set to:

θ = 1. For our analysis, we aggregate the resulting district level variable to the state-region

level.

4.3.6 Public policy

In order to control for public policy during the survey period, we use data on the total state

government expenditure and state expenditure on education as a share of the state’s GDP.
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Information on public finance variables is available at the Economic Organisation and Public

Policy Programme’s (EOPP) Indian States Database compiled by the Suntory and Toyota

International Centre for Economics and Related Disciplines (STICERD) at the London School

of Economics using the Public Finance Statistics published by the Ministry of Finance. It

covers annual public expenditure data in 16 states of India for the period of 1957–2000. Data

on state-wise GDP come from the Ministry of Statistics and Program Implementation of India

for the period between 1980 and 1993, and RBI’s Handbook of Statistics on Indian States for

the period between 1990 and 2015.

For all the discussed variables in this section, Table 4.A1 in Appendix 4.A summarizes the

annual means and the total sample size.

4.4 A descriptive look at the data

We start the analysis by documenting some of the most important socioeconomic changes in

India between 1983 and 2011. We focus on the indicators central to our analysis: consumption

expenditure growth, human capital accumulation (particularly among young adult men),

inequality and the intergenerational mobility in educational attainment.

4.4.1 Economic conditions and policy

Between 1983 and 2011 the per capita GDP in India grew by an average of 4.3 percent and

the average annual growth rate of per capita real consumption expenditure was 1.5 percent. As

the engine of growth shifted to urban areas in the 1990s, consumption expenditure inequality

increased in the following decades. At the same time, literacy and educational attainment

steadily increased: the illiteracy rate among 20-25 year-old men fell from 35 percent in 1983

to 10 percent in 2011, and the share of high school graduates increased from 21 to 53 percent.

These advances also benefited the poorer households and resulted in a reduction in educational

inequality. Underlying this national trend however, are large regional differences.

Figure 4.2a shows the structural changes that the Indian economy underwent during the

three decades. In 1983 the poorest state-regions especially in the north-east showed the



4.4. A DESCRIPTIVE LOOK AT THE DATA 157

Figure 4.2: (a) Mean monthly per capita real consumption expenditure and (b) its

annualized growth between 1983 and 2011 in the survey of state-regions

(a)

(b)

Notes: Consumption expenditure is reported in 2004 rural all India prices. Zone borders are marked

with thick dark lines, state borders with thin dark lines and state-region borders with thin grey lines.
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strongest economic performance as indicated in Figure 4.2b. By 2011 the pattern reversed and

economic growth was concentrated in the relatively better-off areas, especially in the southern

zone and also in the western and northern zones. The figure also highlights a substantial

variation in the growth rates among the state-regions in 1983 and 2011.

Until the early 1990s, economic growth was mainly driven by the agricultural sector as a

result of the green revolution. This had a poverty reducing effect (see Figure 4.4) and reached

rural areas in particular while also benefiting the urban poor (Datt and Ravallion, 2011).

Figure 4.3 reveals that consumption expenditure growth was indeed the highest among the

poorest (lowest consumption percentiles) between 1983 and 1987. The macroeconomic crisis

that hit the Indian economy in the early 1990s is visible in the figure for the period 1987-93,

when consumption expenditure growth was close to zero for all consumption percentiles.

The crisis triggered economic reforms to restart the Indian economy and to control

inflation and the balance of payments deficit. The reforms focused on liberalization of trade

(by reducing import and export taxes) and industrial activities (by abolishing licensing and

through privatization), and encouraged foreign direct investment into high technology and

high-investment sectors. Consequently, the Indian economy has boomed in the recent

decades.6 Economic growth has largely been driven by the manufacturing and construction

industries, hence the economic opportunities shifted to urban areas and mostly bypassed many

of India’s poor (Datt and Ravallion, 2011). After the 1990s, consumption growth was higher

among the higher expenditure percentiles compared with the lower percentiles (Figure 4.3)

leading to growing consumption inequality (Figure 4.4) both within and between

state-regions.

Figure 4.4 shows that in all zones of India consumption expenditure inequality (solid line)

decreased in the 1980s and early 1990s, but increased in the late 1990s and 2000s. Both

Figures 4.4 and 4.5 show that consumption expenditure inequality nonetheless improved

somewhat between 1983 and 2011 in many state-regions. In Figure 4.5, darker areas are

associated with lower consumption inequality. We can observe a substantial variation in

inequality among the state-regions, with the southern zone displaying the highest inequality

6 The high consumption expenditure growth in the period 1993-99 may have be overestimated in the data due to

changes in the consumption expenditure survey instrument in the 1999 NSS. For a detailed discussion, see Deaton

(2003).
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Figure 4.3: Real consumption expenditure growth by percentile,

1983-2011

Figure 4.4: Inequality in consumption expenditure and in years of

schooling

Notes: Inequality is measured by the Gini coefficient. Sample for years of

schooling is boys between 20 and 25 years living in the same household as

their father.
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Figure 4.5: Inequality in per capita real consumption expenditure in the survey state-

regions in 1983 and 2011

Notes: Inequality is measured by the Gini coefficient. Zone borders are marked with thick dark lines,

state borders with thin dark lines and state-region borders with thin grey lines.

and the north-eastern zone having the lowest inequality.

At the same time, inequality in education reduced substantially between 1983 and 2011 as

shown in Figure 4.4 (dashed line). This is a very welcome achievement given that around one

in three boys between 20 and 25 years of age were still illiterate in 1983. The literacy rate and

educational attainment increased considerably over the past decades in large part due to

affirmative action programs targeting the scheduled castes, scheduled tribes, and other

backward castes (Desai and Kulkarni, 2008, Azam and Bhatt, 2015).

The stratification of Indian society by castes, religion, and ethnic boundaries is reflected

in inequalities of educational attainment of the different groups (Desai and Kulkarni, 2008).

Affirmative action policies were put in place in the form of quotas for political representation,

public employment, and (higher) education since independence in 1947. In addition, a number

of schemes were introduced to promote education among the above-mentioned disadvantaged
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groups in the form of midday meals, scholarships, free secondary schooling, uniforms, and

books (Desai and Kulkarni, 2008, Cassan, 2019). Cassan (2019) finds that these measures

contributed to a 10 percentage point increase in literacy and a 7 percentage point increase

in secondary school attainment driven exclusively by the increased educational attainment of

boys. Despite these improvements, our data show that, in 2011, 10 percent of boys in the age

group 20–25 years remained illiterate, and the rate was 21 percent among girls of the same age.

4.4.2 Socioeconomic trends

We focus on the human capital accumulation of boys aged 20–25 years who still live with their

father. In line with Asher et al. (2018), we find a positive bias (between 0.35 and 0.58 years

of schooling or between 4 and 9 percent) for the educational attainment of co-resident boys

compared with all boys in the same age group.

Figure 4.6 shows the distribution of the education level for boys (a) and their father (b) in

the six zones of India. The most pronounced development is the increase in the proportion of

boys with at least high school education from 23 percent in 1983 to 55 percent in 2011. As the

figure shows, the central and eastern zones lag behind somewhat in the share of high school

graduates as a result of a larger share of boys quitting school before high school.

The increase in fathers’ education follows behind the boys’ with a generation lag, and we

also observe a significant reduction in the illiteracy rate for this group from 54 percent in 1983

to 39 percent in 2011. Again, we also observe regional variation in literacy rates and their rate

of change, with the north-eastern and southern zones showing the highest literacy rates and the

central, northern, and western zones achieving the largest gains in literacy between 1983 and

2011.

Figure 4.7 shows the distribution of the average years of education attained by boys in the

above-described study cohort. In 1983, the average years of education ranged between 3.5 and

8.9 years (excluding Delhi), with a mean of 5.6 years. By 2011, it increased to between 7 and

11.9 years, with a mean of 9.6 years, which is a sizable improvement as the darkening of the

map also indicates.

Is this improvement in years of education universally distributed? How important of a factor

is parental socioeconomic background in the distribution of the gains in educational attainment
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Figure 4.6: Level of education (a) for boys aged 20–25 years and

(b) for their fathers

(a)

(b)

Notes: The sample is boys between 20 and 25 years and their father who live in

the same household.
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Figure 4.7: Mean years of education for boys aged 20–25 years in the survey state-

regions in 1983 and 2011

Notes: The sample is boys between 20 and 25 years living in the same household as their father. Zone

borders are marked with thick dark lines, state borders with thin dark lines and state-region borders

with thin grey lines.

success among children? Looking at Figure 4.8a, which shows the average years of education

of boys conditional on their father’s education (solid line), we observe a positive correlation

between the father’s and son’s education level. The dashed line also reveals the change in

the share of fathers in each education category. Particularly, the share of illiterate and higher

educated fathers changed significantly over time.

Looking at the human capital accumulation of boys conditional on their father’s level of

education, Figure 4.8b shows a similar pattern for human capital accumulation at all education

level of fathers. Gains in human capital were the highest in the late 1980s and 2000s. In the

1990s, gains in educational attainment were mostly achieved by the least privileged groups

with illiterate fathers. However, a substantial disparity remains between young adults with a

different parental background (Figure 4.8a).
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Figure 4.8: (a) Years of education for boys aged 20–25 years by father’s education

and their share in the sample (b) Annualized change in years of education for boys

aged 20–25 years by father’s education

(a)

(b)

The sample is boys between 20 and 25 years living in the same household as their father. Categories

in the figures indicate the education level of fathers.
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Figure 4.9: (a) Share of high school graduates and (b) its annualized change

for boys aged 20–25 years by consumption expenditure quintiles

(a)

(b)

Notes: The sample is boys between 20 and 25 years living in the same household as their

father.
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Despite gains in years of education, very few young adults graduate from high school at

the lower rungs of the socioeconomic ladder (Figure 4.9a). The figure shows the graduation

rate among young adults still living with their parents. Instead of parental education, we now

condition on the consumption expenditure quintile of the household as a measure of parental

background.7 In 2011, 67 percent of boys aged 20–25 graduated from high school in the top

socioeconomic quintile compared to 21 percent in the bottom quintile.

Castelló-Climent et al. (2018) find that economic growth is linked to higher education in

India. Keeping this in mind, in the analysis of human capital accumulation, we focus on the

changes in the share of high school graduates within each of the consumption expenditure

quintiles. Figure 4.9b shows that between the 1980s and the 2000s the largest and smallest

gains were achieved in the top and bottom socioeconomic quintile, respectively, plausibly

contributing to rising inequality.

4.4.3 Intergenerational transmission of educational attainment

While absolute educational mobility increased between 1983 and 2011, relative

intergenerational mobility in education did not follow a clear pattern. In some regions

(especially in the northern state-regions) relative mobility decreased, and in others (especially

in the southern state-regions) it increased. The notable differences in intergenerational

persistence (measured by β j) between state-regions notwithstanding, we observe a

convergence to the long-term equilibrium value of educational attainment over the three

decades.

Figure 4.10 shows that the expected rank of boys aged 20–25 with parents in the bottom 50

percent of the parent rank education distribution. Estimates vary mostly between the 33rd and

46th percentile both in 1983 and 2011. Higher rates of mobility shifted towards Southern India

to state-regions that also reported some of the largest increases in average level of education.8

The solid line in Figure 4.11a shows that upward mobility decreased by 1 to 4 percentage points

over the study period, except for the Southern states. Some of the largest declines in upward

7 We assume that the contribution of the young adults themselves to household income is marginal.
8 With increasing levels of education, the initial negative correlation (corr = -0.13) between upward mobility and

years of education in 1983 became weaker and changed sign. In 2011, the correlation between the two indicators

was 0.29.
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Figure 4.10: Intergenerational upward mobility in education for boys aged 20–25 in

the survey state-regions

Notes: The sample is boys between 20 and 25 years living in the same household as their father. Zone

borders are marked with thick dark lines, state borders with thin dark lines and state-region borders

with thin grey lines.

mobility are observed in the Central and Northern states.

The point estimates of upward mobility are obtained by randomly breaking ties between

fathers with identical education levels for 100 randomized draws and evaluating the average

value. As a robustness check, we also compute upper and lower bounds for the upward

mobility measure following Asher et al. (2018). The bounds are displayed as dashed lines in

Figure 4.11a. Our estimates overlap with the intervals obtained by Asher et al. (2018)

(34.9–37.1), which confirms that mobility in India is low by international standards. The

bounds on upward mobility do not show a clear time trend, suggesting that mobility has been

rather stable over the study period. The width of the bounds has steadily declined resulting

from an increase in the variation in parent education levels, which has reduced the ambiguity

associated with parent education rankings.9

9 The point estimates of upward mobility obtained by randomly breaking ties in parent education ranks are found
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Figure 4.11: Intergenerational mobility measures among boys aged 20–25 years

(a) Upward mobility in education

(b) Intergenerational educational persistence

(c) Transitional probabilities

Notes: The sample is boys between 20 and 25 years living in

the same household as their father.
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Other measures of intergenerational educational persistence can provide additional insight

for assessing socioeconomic mobility in India. The solid line in Figure 4.11b shows that

educational persistence measured by the intergenerational regression coefficient declined over

time, which supports our observation that increases in average educational attainment are

driven primarily by increases among sons of less-educated fathers (Figure 4.8). The

correlation coefficient between the years of education of sons and fathers (dashed line)

corrects for changes in the marginal distributions of years of schooling. For this measure, we

find that intergenerational mobility increased in some areas (South, West and Central) and

decreased elsewhere. Azam and Bhatt (2015) comes to similar conclusions, and explain the

lack of declining trend in the correlation between educational level of sons and father with the

observation that while persistence declined at the lower end of the father’s educational

distribution, it increased at the top end as high school graduation is becoming more universal

in India.

Figure 4.11c adds support to this explanation. The dashed line in the figure shows that

the share of high school graduation indeed increased in families where the father had at least

a high school education. At the same time, the solid line shows the increasing probability of

boys obtaining a high school education when their father had a lower education level.

4.4.4 Intergenerational mobility and human capital accumulation

Returning back to our discussion in section 4.2 about the stock of human capital and

intergenerational mobility, Figure 4.12 confirms that c j and β j exhibit a strong negative

relationship. This suggests a positive relationship between absolute and relative mobility, i.e.

“origin independence” is positively associated with structural changes to the socioeconomic

environment that benefit a large share of the population. What does this imply for the

relationship between relative mobility and human capital accumulation? Equation (4.2)

predicts that the correlation between equilibrium human capital values and intergenerational

persistence β j could go either way depending on the gradient with which absolute mobility

(proxied by c j) increases with relative mobility (proxied by 1 − β j). The same is true for the

to be consistently higher than the mid points of the bounds from Asher, Novosad and Rafkin (2018). One reason

for this may lie in the way the parent education distribution is transformed to force monotonicity on it when

calculating the bounds, which is not necessary when using random tie-breaking.
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Figure 4.12: Intergenerational persistence regression coefficient

(β j) and the intercept (c j)

Notes: β and c are the OLS coefficient estimates for eq. (4.8) in the different

state-regions and years.

correlation between the next generation’s expected human capital and intergenerational

persistence β j (consider eq. (4.3)).

In the case of India, equilibrium human capital has a flat relationship with β j (up to β j ≈

0.6 − 0.7; higher values are outliers, especially in more recent time periods), see Figure 4.13.

The next generation’s expected human capital however, is seen to exhibit a negative relationship

with β j, suggesting relative mobility (i.e. “origin independence”) has a positive association with

short-term human capital accumulation but not necessarily with the long-term human capital

value. This observation is consistent with current human capital values being below the long-

term equilibrium value (see eq. (4.5)). The figure shows that expected human capital values are

closing the gap with the predicted long-term equilibrium values over time, and that the positive

relationship between next generation’s expected human capital and intergenerational mobility

(proxied by 1 − β j) is robust throughout the 1983-2011 period.

One would expect that individuals from disadvantaged backgrounds stand to benefit the

most from public policies that aim to compensate for those disadvantages and provide a level

playing field (i.e. policies that strive towards “origin independence”). Examples are
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Figure 4.13: Intergenerational persistence coefficient (β j) and the

predicted years of education for boys aged 20–25

Notes: The predicted years of education are calculated based on eq. (4.2) for

the long-term equilibrium values and on eq. (4.3) for the expected value for the

next generation.

Figure 4.14: Intergenerational persistence coefficient (β j) and

the share of boys aged 20–25 with higher education by parental

education
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investments in public schooling, health-care, clean water and sanitation. This is confirmed by

our empirical state-region data for India, see Figure 4.14. The negative (positive) correlation

between human capital and intergenerational persistence (mobility) is notably strongest for

individuals whose parents are illiterate (and this correlation has grown stronger over time),

followed by individuals whose parents completed an education below high-school. In fact, the

relationship for individuals who come from an advantaged background with highly educated

parents is flat, presumably because these individuals are less dependent on the quality and

inclusiveness of public services.

While the correlations presented in Figures 4.13-4.14 are suggestive, they are of course not

evidence of causal effects. Note also that they speak to changes over time periods that span a

generation (i.e. 15-20 years). While one would expect some of these associations to carry over

to shorter time-scales (e.g. five-year-periods), how much exactly was carried over remains an

empirical question that we address in the subsequent sections.

4.5 Human capital accumulation and intergenerational

mobility

Our primary focus is on uncovering the causal effect of intergenerational educational mobility

on per capita consumption expenditure growth at different rungs of the socioeconomic ladder.

We hypothesize that human capital accumulation is an important channel via which

intergenerational mobility impacts on consumption expenditure growth and on the degree of

“inclusivity” of growth. To explore this hypothesis, we first investigate the effect of

intergenerational mobility on changes in the share of high school graduates among young

adult boys (aged 20–25) approximately five years later.

We measure human capital accumulation by the share of high school graduates following

Castelló-Climent et al. (2018) and Castelló-Climent and Mukhopadhyay (2013), who argue

that primary level of education does not contribute much to economic growth in comparison

to tertiary education. In our dataset the share of population with at least high school education

appear to have the strongest effect on consumption expenditure growth.10

10 The OLS regression results differentiating between the share of population with primary, high and tertiary



4.5. HUMAN CAPITAL ACCUMULATION AND INTERGENERATIONAL MOBILITY173

Henceforward, we will abuse terminology and use the term quintiles to refer to the groups

of individuals and households for whom the outcome variable of interest fall in between the

respective quintiles for that outcome variable.

4.5.1 Identification strategy

Taking state-regions as the unit of analysis, we attempt to identify the effect of intergenerational

mobility on the share of high school graduates among young adult boys aged 20–25 (EB) in all

five consumption expenditure quintiles (q) to assess differences at the different rungs of the

socioeconomic ladder. In the regression analysis, our sample is the 40 state-regions in the 16

major states of India11 for the NSS survey years (R) 1983, 1987, 1993, 1999 and 2004. We use

the following regression specification:

∆EB
j(t+1)(q) = δ(q)EB

jt(q) + α(q)M jt + ξ(q) ln y jt + θ(q)X jt + λ j(q) + τt+1(q) + ε j(t+1)(q) (4.13)

with ∆EB
j(t+1)(q) =

(
EB

j(t+1)(q) − Eage20−25
jt (q)

)
/(Rt+1−Rt) denoting the annual change in the share

of high school graduates among boys aged 20–25 in the q-th consumption expenditure quintile

in state-region j and year Rt. M jt is a measure of intergenerational mobility. We use upward

interval mobility as our main indicator. ln yit is the mean of the log real household expenditure

per capita (RMPCE) in state-region j and time t. X jt is a vector of control variables for state-

region j that may vary with time t.

The state fixed effects (λi) control for local features that are time-invariant such as local

culture etc. The year fixed effects (τt) control for time-varying conditions at the India level,

including shifts in public policy etc. To account for time-varying features at the state-region

level that could affect both socioeconomic mobility, education and household expenditure

growth, we also control for: total inequality in household expenditure per capita in the

state-region, the share of working age (16–64) individuals and urban population, market

access measured by the travel-time weighted size of market in terms of population size (Allen

and Atkin, 2016), financial inclusion (log of number of banks per capita) and public finance

(the ratio of total state government expenditure to the state gross domestic product).

We also control for historical factors that may affect educational attainment in the state-

education can be found in Appendix 4.C.
11 Using data only on the 16 major states is commonly done in the literature on India due to data availability.
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regions: the presence of Protestant missionaries and the share of Brahman caste in 1931. We

discuss the choice of these variables in section 4.6.4 in further detail. Additionally, we include

controls for historical differences in the growth potential of state-regions using the extent of

railway network in 1909 in the state-region, the share of urban population in 1931, an indicator

for coastal state-regions, and whether part of the state-region was historically a Princely State

(under the direct control of hereditary rulers in colonial India as opposed to under the British

rule).

The parameter of interest in estimating regression (4.13) is α(q), which measures the effect

of intergenerational mobility on the growth in share of high school graduates among young

adult boys in the q-th socioeconomic quintile. OLS estimation of α(p) may be subject to

three potential sources of bias: Nickell bias (Nickell, 1981), omitted variables bias, and reverse

causality bias. Nickell bias emerges as controlling for the time-invariant location FE introduces

a correlation between the residuals and the lagged dependent variable (and selected independent

variables). We moderate this bias by using grouped FE (i.e. state instead of state-region FE)

combined with using an inclusive set of control variables that includes both time-varying and

time-invariant variables. This strategy also helps limit bias due to omitted variables.

The third potential source of bias, due to reverse causality, may emerge when

intergenerational mobility is driven by innovations in higher education in the state-region.

This is a valid concern, however, it is mitigated by using lagged independent and dependent

variables: it is less likely that socioeconomic mobility today is due to changes in the education

attainment of young adults over the next five years (controlling for today’s educational

attainment). Nonetheless, reverse causality cannot be ruled out entirely. In section 4.6.4, we

use instrumental variables estimation to mitigate the bias due to reverse causality when

estimating the effect of intergenerational mobility and human capital on consumption

expenditure growth.

4.5.2 Estimation results

The regression results suggest the following qualitative patterns: (i) higher (relative)

intergenerational mobility in education leads to higher human capital growth rates among

young adult men (where human capital is proxied by the share of high school graduates); and
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Figure 4.15: Effect of upward interval mobility on the growth

rate of high school graduates among boys aged 20–25 (90 percent

confidence interval from OLS regression)

(ii) higher intergenerational mobility positively benefits the low and middle class more than it

benefits the upper class. This result are robust to the use of intergenerational mobility measure

and the selection of control variables.

Table 4.1 presents the estimates of equation (4.13) using upward interval mobility in the

bottom 50 percent as the measure of intergenerational mobility. The first column in the table

presents the results for all socioeconomic quintiles combined in the state-region (SR All), and

the following columns show the results from the lowest (1) to the highest (5) socioeconomic

quintile in the state-region. Figure 4.15 visually summarizes the coefficient estimates and their

90 percent confidence interval for upward mobility. It can be seen that upward mobility

positively affects the future growth in the share of young adult boys (aged 20–25) with at least

high school education in the general population (coef = 0.07, p = 0.04), with a 10 percent

increase in upward mobility leading to a 15 percent increase in the annual growth rate of high

school graduates between 2004 and 2011 (2 percent). The table and corresponding figure

show that this positive effect declines towards zero with the rungs of the socioeconomic

ladder. The effect is largest for the second quintile: a 10 percent increase in upward mobility

would lead to a 20 percent increase in the growth rate of high school graduates based on the
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Table 4.1: Determinants of changes in higher education of young adult boys (aged 20–25) at
different consumption expenditure quintiles (OLS regression)

All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5
Higher education -0.091∗∗∗ -0.135∗∗∗ -0.113∗∗∗ -0.117∗∗∗ -0.129∗∗∗ -0.176∗∗∗

(0.016) (0.018) (0.018) (0.015) (0.016) (0.016)
Upward interval mobility 0.075∗∗ 0.062 0.121∗∗ 0.046 0.061 -0.004

(0.037) (0.054) (0.048) (0.048) (0.060) (0.053)
RMPCE 0.003 0.014 -0.010 0.001 0.018 -0.009

(0.008) (0.012) (0.011) (0.015) (0.015) (0.013)
Gini RMPCE -0.009 -0.039 0.024 -0.002 -0.013 -0.017

(0.028) (0.039) (0.043) (0.042) (0.054) (0.043)
Share Age 16-64 0.117∗∗ 0.123∗ 0.089 0.137∗ 0.094 0.286∗∗∗

(0.053) (0.071) (0.079) (0.076) (0.080) (0.078)
Share Urban 0.004 0.013 0.010 -0.006 -0.014 0.017

(0.018) (0.024) (0.025) (0.028) (0.033) (0.026)
Market access 0.013∗∗ 0.003 0.002 0.017∗ 0.020∗ 0.032∗∗∗

(0.006) (0.008) (0.008) (0.009) (0.011) (0.010)
Log banks per capita -0.003 -0.002 -0.002 -0.004 -0.002 -0.000

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
TEXP/GDP 0.001 0.006 -0.024 -0.055 -0.033 -0.004

(0.028) (0.037) (0.040) (0.040) (0.039) (0.040)
Railway, 1909 0.005 -0.008 0.002 0.013 0.005 0.006

(0.007) (0.011) (0.011) (0.013) (0.011) (0.012)
Share Urban, 1931 0.017 -0.005 0.010 0.021 0.077 0.073∗

(0.029) (0.037) (0.041) (0.045) (0.048) (0.039)
Coastal -0.001 -0.001 -0.002 -0.004 -0.004 0.009∗

(0.004) (0.004) (0.005) (0.006) (0.006) (0.005)
Princely state 0.003 -0.003 0.005 0.013∗ 0.002 0.000

(0.004) (0.005) (0.006) (0.007) (0.006) (0.005)
Protestant mission 0.004 0.003 0.015∗ 0.018∗ 0.013 -0.016∗∗

(0.006) (0.008) (0.009) (0.010) (0.011) (0.008)
Share Brahman Caste, 1931 0.051 0.143∗ 0.133 0.127 0.095 -0.055

(0.052) (0.078) (0.095) (0.080) (0.087) (0.105)
F stat 4.677 4.584 4.876 4.478 6.217 5.586
Adjusted R2 0.379 0.330 0.377 0.344 0.395 0.450
Observations 200 200 200 200 200 200
Mean dependent variable 0.011 0.008 0.010 0.010 0.012 0.014

Notes:
Heteroskedasticity robust standard errors reported (* 0.10 ** 0.05 *** 0.01).
Regressions control for year and state fixed effects (not reported).
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growth rate between 2004 and 2011.

Looking at the other control variables, we observe that state-regions with a higher share of

work-age population are associated with higher growth in high school graduates. Market

access is also positively associated with growth in high school graduates in the top half of the

socioeconomic distribution indicating that proximity to populous areas positively affects the

spread of higher education. The historical share of the Brahman caste, which is usually

associated with spreading education in India, is indeed positively associated with the growth

in the share of high school graduates, but the coefficient is not statistically significant in most

socioeconomic quintiles. The presence of Protestant missionaries is also positively associated

with the growth of high school graduates, especially in the middle socioeconomic quintiles.

Interestingly, mean real consumption expenditure per capita and consumption expenditure

inequality are not linked to future growth in the share of high school graduates conditional on

the set of control variables.

4.5.3 Robustness checks

To further investigate the link between intergenerational mobility and higher education, Table

4.2 and Figure 4.16 shows the coefficient estimates of the other mobility measures using the

same regression specification. The first row in the table replicates the estimate of upward

interval mobility displayed in Table 4.1. Using the upper and lower bounds of Asher et al.

(2018) as alternative measures for the upward interval mobility in the bottom 50 percent, we

obtain similar results: the effect of upward mobility is the highest in the second quintile and

the lowest in the top quintile. These findings also hold up when measuring intergenerational

mobility using the correlation coefficient from the father-to-son educational transmission

regression in the general population. Note that we report the coefficient estimates on the

negative of the IGP correlation and regression coefficient so that a higher value indicates more

mobility for all measures in Table 4.2.

Turning to mobility measures that take into account dimensions of structural mobility, we

find that higher mobility in the coefficient estimate from the father-to-son educational

transmission regression led to a consistent increase (coef between 0.04–0.05) in the future

share of high school graduates in all expect the top socioeconomic quintile. A 10 percent
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Table 4.2: Coefficient estimates of intergenerational mobility measures on changes in
higher education (OLS regression)

SR All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5

UIM 0-50 (randomized) 0.075** 0.062 0.121** 0.046 0.061 -0.004
(0.037) (0.054) (0.048) (0.048) (0.060) (0.053)

UIM 0-50 (upper-bound) 0.051 0.050 0.111** 0.057 0.008 -0.015
(0.037) (0.056) (0.053) (0.059) (0.057) (0.053)

UIM 0-50 (lower-bound) 0.032 0.045 0.081* 0.030 -0.008 -0.001
(0.028) (0.040) (0.045) (0.043) (0.044) (0.040)

1 - IGP Corr 0.027* 0.033 0.055*** 0.043* 0.034 -0.000
(0.014) (0.020) (0.021) (0.025) (0.022) (0.021)

1 - IGP Coef 0.029** 0.044*** 0.047*** 0.045** 0.043** 0.011
(0.012) (0.015) (0.017) (0.020) (0.018) (0.017)

BUM (high school) 0.052* 0.028 0.088*** 0.114*** 0.088*** 0.043*
(0.027) (0.025) (0.026) (0.035) (0.031) (0.022)

1 - UCP (high school) 0.007 0.007 -0.002 -0.022 -0.016 0.013
(0.008) (0.012) (0.012) (0.014) (0.014) (0.012)

Notes: Heteroskedasticity robust standard errors reported (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). Mean of IGM measures:
UIM50 (randomized) = 0.41, UIM50 (upper-bound) = 0.38, UIM50 (lower-bound) = 0.36, 1 - IGP Corr
= 0.53, 1 - IGP Coef = 0.57, BUM (high school) = 0.26, UCP (high school) = 0.82. Additional control
variables: share of high school graduates in quintile, mean consumption expenditure per capita, inequality in
consumption expenditure, share of working age population, share of urban population, market access, log of
banks per capita, total state government expenditure/state GDP, railway in 1909, urban population in 1931,
coastal state-region, part of princely state, presence of protestant missionaries, share of Brahman caste in
1931, state fixed effects and time fixed effects.



4.5. HUMAN CAPITAL ACCUMULATION AND INTERGENERATIONAL MOBILITY179

Figure 4.16: Effect of different intergenerational mobility measures on the growth rate of

high school graduates among boys aged 20–25 (90 percent confidence interval from OLS

regressions)



180 CHAPTER 4. INTERGENERATIONAL MOBILITY IN INDIA

increase in the mean value of the coefficient in 2004 (0.455) would lead to a 8–10 percent

increase in the annual growth rate of high school graduates (based on the growth rate between

2004 and 2011) in the lower four socioeconomic quintiles.

As we would expect, the probability of higher education among young adult men who come

from families with lower education background (BUM) also has a positive effect on the future

growth of high school graduates. Most gains are achieved in the middle three socioeconomic

quintiles, where a 10 percent increase in the BUM compared to its 2004 level (31.8%) would

lead to an average of 17 percent increase in the annual growth rate in the share of high school

graduates in the middle quintile and a 10 percent increase in the second and fourth quintiles.

At the same time, the probability of higher education among young adult men who come from

families with a higher education background (UCP) does not significantly affect human capital

accumulation. This suggests that most gains in the share of higher education are driven by

bottom upward mobility, particularly in the middle of the socioeconomic distribution.

As a further robustness check on our results, Table 4.3 reports the coefficient estimates

of the intergenerational mobility measures from regressions where we reduce the number of

controls to the minimum. We only include the share of high school graduates in the quintiles,

the mean consumption expenditure per capita, inequality in consumption expenditure and the

share of working age and urban population as additional controls. The main findings remain

the same using this minimal specification.

These findings indicate that intergenerational mobility indeed has a positive effect on human

capital accumulation as measured by higher education. Both positional and structural upward

mobility contributed to the increase in the share of young adults with higher education.

4.6 Consumption expenditure growth, human capital and

intergenerational mobility

We are interested in the casual effect of intergenerational mobility on economic growth for the

lower, middle, and upper class. The accumulation of human capital made possible by a more

level playing field denotes a plausible channel through which socioeconomic mobility impacts

on economic growth. We hypothesize that higher positional/relative intergenerational mobility
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Table 4.3: Coefficient estimates of intergenerational mobility measures on changes in
higher education (OLS regression with minimal set of controls)

SR All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5

UIM 0-50 (randomized) 0.074** 0.054 0.116** 0.052 0.064 0.003
(0.034) (0.053) (0.045) (0.044) (0.057) (0.048)

UIM 0-50 (upper-bound) 0.054 0.053 0.117** 0.070 0.027 -0.003
(0.035) (0.053) (0.052) (0.054) (0.054) (0.050)

UIM 0-50 (lower-bound) 0.031 0.045 0.091** 0.045 0.009 -0.020
(0.027) (0.039) (0.042) (0.042) (0.043) (0.037)

1 - IGP Corr 0.024* 0.029 0.052** 0.039* 0.034 -0.005
(0.014) (0.019) (0.020) (0.024) (0.022) (0.021)

1 - IGP Coef 0.025** 0.039*** 0.043** 0.040** 0.041** 0.010
(0.012) (0.014) (0.017) (0.019) (0.018) (0.017)

BUM (high school) 0.044* 0.031 0.087*** 0.108*** 0.085*** 0.029
(0.027) (0.025) (0.024) (0.035) (0.030) (0.020)

1 - UCP (high school) 0.005 0.005 -0.005 -0.025** -0.018 0.012
(0.007) (0.011) (0.011) (0.012) (0.013) (0.012)

Notes: Heteroskedasticity robust standard errors reported (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). Mean of IGM measures:
UIM50 (randomized) = 0.41, UIM50 (upper-bound) = 0.38, UIM50 (lower-bound) = 0.36, 1 - IGP Corr
= 0.53, 1 - IGP Coef = 0.57, BUM (high school) = 0.26, UCP (high school) = 0.82. Additional control
variables: share of high school graduates in quintile, mean consumption expenditure per capita, inequality in
consumption expenditure, share of working age population, share of urban population, market access, state
fixed effects and time fixed effects.



182 CHAPTER 4. INTERGENERATIONAL MOBILITY IN INDIA

yields an equalization of opportunities where investments in human capital are more aligned

with abilities and less aligned with the circumstances children are born into. If this achieves a

reduction in the waste of human potential, it will benefit the stock of human capital which in

turn will benefit economic growth. As the waste of potential tends to be concentrated around

the lower rungs of the socioeconomic ladder, it is predicted that higher rates of mobility will

benefit growth of the poor and the middle-class more than it will benefit growth of the upper-

class.

We start the analysis with a similar regression framework as in section 4.5. We test the

robustness of the findings by using instrumental variables estimation in section 4.6.4, and by

investigating the role of gender in education attainment and by controlling for the sector of

employment in 4.6.5.

4.6.1 Identification strategy

To investigate the effect on consumption expenditure growth in quintile q, we use the following

growth regression specification:

∆ ln y j(t+1)(q) = δ(q) ln y jt(q) + α(q)M jt + γ(q)EW
jt + θ(q)X jt + λ j(q) + τt+1(q) + ε j(t+1)(q) (4.14)

with ∆ ln y j(t+1)(q) =
(
ln y j(t+1)(q) − ln y jt(q)

)
/(Rt+1 − Rt) indicating the annualized

consumption expenditure growth between years Rt+1 and Rt for R =(1983, 1987, 1993, 1999,

2004, 2011), where yit(q) is the mean log real household expenditure per capita (RMPCE) in

the q-th quintile for state-region j in time t. EW
jt is the share of high school graduates in the

working age population (between 16 and 65). As before, M jt is a measure of intergenerational

mobility and X jt is a vector of control variables for state-region j that may vary with time t. In

addition to the controls used in section 4.5, we also control for the annual rainfall at time t + 1

in the state-region. However, from the list of control variables we omit the presence of

Protestant missionaries and the share of Brahman caste in 1931, which are predictors of

human capital accumulation rather than of consumption expenditure growth.

As before, the state fixed effects (λi) control for local features that are time-invariant such

as local climate, geographic conditions, and local culture etc. The year fixed effects (τt) control

for time-varying conditions at the India level, including changes in global food and commodity

prices, terms of trade, shifts in public policy etc.
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We are mainly interested in the coefficient estimates for α(q) and γ(q), which measure

the effect of intergenerational mobility and higher education on future growth in household

expenditure per capita in the q-th quintile. The same consideration about sources of bias and

our mitigation strategies apply here as discussed in section 4.5.1.

The growth regressions for the different socioeconomic rungs are estimated individually. A

similar approach is adopted in Van der Weide and Milanovic (2018) in their application to the

United States. We first present pooled OLS estimates in sections 4.6.2 and 4.6.3, followed by

IV estimates in sections in 4.6.4. Further robustness are considered in section 4.6.5.

4.6.2 Estimation results

Our estimation results confirm that intergenerational mobility in education is most beneficial

for the consumption expenditure growth for households from the lower socioeconomic rungs

of the Indian society. The positive effect of intergenerational mobility gradually declines from

the poorest to the richest socioeconomic rungs. This pattern is robust to all choices of

intergenerational mobility measures and different regression specifications (including

instrumental variables estimation); and it is an additional effect on top of the direct effect of

higher education. We find that state-regions with a higher share of high school graduates in

the working age population have higher consumption expenditure growth rates, on average, in

all socioeconomic quintiles. Robustness tests indicate, however, that the gender gap in the

share of high school graduates hampers consumption expenditure growth.

Table 4.4 presents the results for regression (4.14) using ordinary least squares estimation.

The first column of the table shows coefficient estimates for the annualized consumption

expenditure growth rate in the whole state-region. The following columns disaggregate the

growth rate by consumption expenditure quintiles. The returns to higher education are found

to be positive in all quintiles and statistically significant in all except the top quintiles.

Figure 4.17a plots the 90 percent confidence interval for the coefficient estimates on higher

education in the working age population. The returns are the highest in the lowest

socioeconomic rungs: a one percentage point increase in the share of high school graduates in

the population increases consumption expenditure growth by 4 percent in the lowest quintile,

on average, compared to only 2 percent in the highest quintile, based on the growth rate
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Table 4.4: Determinants of real per capita consumption expenditure at different consumption
expenditure quintiles (OLS regression)

All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5
RMPCE (q) -0.087∗∗∗ -0.111∗∗∗ -0.089∗∗∗ -0.094∗∗∗ -0.091∗∗∗ -0.086∗∗∗

(0.013) (0.014) (0.013) (0.013) (0.014) (0.016)
Higher education 0.082∗∗ 0.117∗∗ 0.087∗∗ 0.104∗∗∗ 0.076∗ 0.058

(0.039) (0.048) (0.039) (0.039) (0.043) (0.051)
Upward interval mobility 0.056 0.123∗∗ 0.066 0.061 0.036 0.014

(0.045) (0.057) (0.044) (0.042) (0.046) (0.055)
Gini RMPCE -0.086∗∗ -0.115∗∗ -0.079∗ -0.072∗ -0.046 -0.109∗∗

(0.038) (0.055) (0.042) (0.040) (0.040) (0.050)
Share Age 16-64 0.208∗∗∗ 0.172∗∗ 0.142∗∗ 0.176∗∗∗ 0.256∗∗∗ 0.387∗∗∗

(0.067) (0.080) (0.069) (0.066) (0.071) (0.083)
Share Urban -0.004 -0.024 -0.004 -0.019 -0.007 0.016

(0.025) (0.031) (0.025) (0.025) (0.029) (0.031)
Market access -0.001 -0.008 -0.005 -0.003 0.005 0.010

(0.008) (0.010) (0.008) (0.008) (0.009) (0.010)
Rainfall(t+1) 0.016∗∗∗ 0.019∗∗∗ 0.013∗∗ 0.013∗∗ 0.008 0.018∗∗∗

(0.006) (0.007) (0.006) (0.006) (0.007) (0.006)
Log banks per capita 0.003 0.006 0.008∗∗∗ 0.003 0.002 0.001

(0.003) (0.011) (0.001) (0.002) (0.003) (0.002)
TEXP/GDP 0.057∗ 0.053 0.061∗ 0.069∗∗ 0.052 0.027

(0.032) (0.040) (0.032) (0.034) (0.035) (0.037)
Railway, 1909 0.034∗∗∗ 0.028∗∗∗ 0.030∗∗∗ 0.034∗∗∗ 0.038∗∗∗ 0.038∗∗∗

(0.009) (0.010) (0.009) (0.009) (0.010) (0.012)
Share Urban, 1931 0.047 0.054 0.032 0.050 0.038 0.065

(0.035) (0.044) (0.037) (0.035) (0.038) (0.045)
Coastal -0.002 -0.003 -0.002 0.001 0.001 -0.002

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
Princely state 0.019∗∗∗ 0.019∗∗∗ 0.017∗∗∗ 0.019∗∗∗ 0.020∗∗∗ 0.025∗∗∗

(0.004) (0.006) (0.005) (0.004) (0.004) (0.006)
F stat 13.226 11.568 12.921 13.311 13.927 17.914
Adjusted R2 0.602 0.551 0.583 0.606 0.592 0.655
Observations 198 196 197 197 199 200
Mean dependent variables 0.014 0.019 0.015 0.014 0.013 0.012

Notes:
Heteroskedasticity robust standard errors reported (* 0.10 ** 0.05 *** 0.01).
Regressions control for year and state fixed effects (not reported).
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Figure 4.17: Effect of (a) higher education and (b) upward interval mobility on annualized

consumption expenditure growth (90 percent confidence interval from OLS regression)

(a) (b)

between 2004 and 2011 (3.3 percent). At the same time, only 8.2 percent of the population in

the bottom quintile finished high school as recently as 2004, compared to 51.5 percent in the

top quintile.

The estimated effects of intergenerational upward mobility in education on consumption

expenditure growth: (1) are positive, and (2) decline with the socioeconomic rungs, i.e. the

poor tend to benefit more from mobility than the rich. Figure 4.17b plots the 90 percent

confidence interval for the different socioeconomic rungs. The estimated coefficient is

statistically significant in the bottom quintile, where a one percentage point increase in upward

mobility would increase consumption expenditure growth by 0.1 percentage point or by 4

percent in the bottom quintile.

Higher inequality in consumption expenditure within the state-region is associated with

lower future consumption expenditure growth in all socioeconomic rungs. Other factors

associated with a higher consumption expenditure growth are: the share of working age

population, higher GDP share in state government expenditure, years with more rainfall,12,

historical access to the railway network and having more autonomy during the colonial period

(princely state).

12 Squared rainfall was not statistically significant in our sample. Therefore we opted for only including its level

value.
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4.6.3 Other intergenerational mobility measures

In order to get a better understanding of the effect of intergenerational mobility on

consumption expenditure growth, Table 4.5 and Figure 4.18 show the coefficient estimates for

different measures of intergenerational mobility when estimating regression (4.14). A general

pattern that is observed across intergenerational mobility measures is that the effect of

intergenerational mobility is declining as we move from the bottom to the top socioeconomic

rungs (see figure). For many of the specifications however, the coefficient estimates are not

significantly different from zero. Notable exceptions are the positive coefficient in the bottom

quintile for upward interval mobility (randomized and upper bound), and the negative

coefficient estimates in the top two quintiles using the regression coefficient from the

father-to-son transmission regression.

These findings are robust to reducing the number of control variables included in X in

regression (4.14) to inequality in consumption expenditure, the share of working age and urban

population, market access and rainfall as shown in Table 4.6.

4.6.4 Instrumental variables estimation

The OLS regressions may be subject to reverse causality. Innovations in the standard of living

associated with higher consumption expenditure growth could themselves be a driver of higher

education and intergenerational mobility in education. The use of lagged independent variables

arguably mitigates this problem to some degree. However, when these innovations are highly

persistent over time, reverse causality cannot be ruled out entirely. We address this concern by

using instrumental variables estimation, instrumenting higher education.13 Our instruments for

higher education are the presence of Protestant Missionaries in 1908 in the state-region14 and

the population share of Brahman Caste in 1931. Both of these variables are derived from the

dataset provided by Castelló-Climent et al. (2018).15

Protestant missionaries were promoting education around the world following the

13 Ideally we would instrument both higher education and intergenerational mobility, however, unfortunately we do

not have good instruments for intergenerational mobility.
14 Castelló-Climent et al. (2018) used the Statistical Atlas of Christian Missions (1910) to construct an indicator for

the location of Protestant missions in 1908.
15 Castelló-Climent et al. (2018) use district level observations, which we aggregated to the state-region level.
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Figure 4.18: Effect of different intergenerational mobility measures on consumption

expenditure growth (90 percent confidence interval from OLS regression)
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Table 4.5: Coefficient estimates of intergenerational mobility measures on real per capita
consumption expenditure growth (OLS regression)

SR All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5

UIM 0-50 (randomized) 0.056 0.123** 0.066 0.061 0.036 0.014
(0.045) (0.057) (0.044) (0.042) (0.046) (0.055)

UIM 0-50 (upper-bound) 0.043 0.127* 0.058 0.038 0.022 0.006
(0.046) (0.065) (0.048) (0.045) (0.047) (0.056)

UIM 0-50 (lower-bound) 0.003 0.013 0.019 0.002 -0.019 -0.036
(0.033) (0.047) (0.034) (0.033) (0.034) (0.040)

1 - IGP Corr 0.001 0.024 0.012 0.007 -0.004 -0.019
(0.019) (0.023) (0.018) (0.018) (0.020) (0.022)

1 - IGP Coef -0.019 -0.005 -0.008 -0.014 -0.029* -0.038**
(0.016) (0.019) (0.015) (0.015) (0.016) (0.018)

BUM (high school) 0.008 0.036 0.015 0.012 0.002 -0.040
(0.021) (0.027) (0.023) (0.022) (0.022) (0.024)

1 - UCP (high school) -0.012 -0.013 -0.009 -0.011 -0.014 -0.018
(0.010) (0.015) (0.011) (0.010) (0.011) (0.014)

Notes: Heteroskedasticity robust standard errors reported (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). Mean of IGM measures:
UIM50 (randomized) = 0.41, UIM50 (upper-bound) = 0.38, UIM50 (lower-bound) = 0.36, 1 - IGP Corr
= 0.53, 1 - IGP Coef = 0.57, BUM (high school) = 0.26, UCP (high school) = 0.82. Additional control
variables: real per capita consumption expenditure in quintile, mean share of high school graduates in
the working age population, inequality in consumption expenditure, share of working age population,
share of urban population, market access, rainfall(t + 1), log of banks per capita, total state government
expenditure/state GDP, railway in 1909, urban population in 1931, coastal state-region, part of princely
state, state fixed effects and time fixed effects.
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Table 4.6: Coefficient estimates of intergenerational mobility measures on real per capita
consumption expenditure growth (OLS regression with reduced set of controls)

SR All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5

UIM 0-50 (randomized) 0.032 0.103* 0.049 0.040 0.024 0.026
(0.046) (0.058) (0.043) (0.041) (0.046) (0.053)

UIM 0-50 (upper-bound) 0.030 0.120* 0.047 0.034 0.023 0.020
(0.046) (0.061) (0.045) (0.043) (0.046) (0.055)

UIM 0-50 (lower-bound) -0.011 0.001 0.007 -0.004 -0.023 -0.035
(0.033) (0.044) (0.033) (0.032) (0.033) (0.038)

1 - IGP Corr -0.004 0.014 0.004 -0.001 -0.007 -0.015
(0.019) (0.023) (0.018) (0.018) (0.020) (0.020)

1 - IGP Coef -0.019 -0.009 -0.011 -0.015 -0.027* -0.035**
(0.015) (0.019) (0.015) (0.015) (0.016) (0.017)

BUM (high school) -0.002 0.027 0.007 0.004 -0.005 -0.044*
(0.023) (0.028) (0.024) (0.023) (0.024) (0.025)

1 - UCP (high school) -0.018 -0.024* -0.014 -0.015 -0.018 -0.018
(0.011) (0.014) (0.012) (0.011) (0.012) (0.013)

Notes: Heteroskedasticity robust standard errors reported (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). Mean of IGM measures:
UIM50 (randomized) = 0.41, UIM50 (upper-bound) = 0.38, UIM50 (lower-bound) = 0.36, 1 - IGP Corr
= 0.53, 1 - IGP Coef = 0.57, BUM (high school) = 0.26, UCP (high school) = 0.82. Additional control
variables: real per capita consumption expenditure in quintile, mean share of high school graduates in the
working age population, inequality in consumption expenditure, share of working age population, share of
urban population, market access, rainfall(t + 1), state fixed effects and time fixed effects.
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principle of “Sola Scriptura”, which claims that one has to be literate to understand God’s

words through the Bible (Gallego and Woodberry, 2010, Nunn, 2014, Calvi et al., 2019). A

number of studies also document a strong long-term link between historical exposure to

Protestant missions and literacy (Gallego and Woodberry, 2010, Calvi et al., 2019) and

schooling (Gallego and Woodberry, 2010, Castelló-Climent et al., 2018). Acemoglu et al.

(2014) instrument years of education with Protestant missionary stations when estimating the

returns to human capital in their cross-regional analysis. In the Indian context, Calvi et al.

(2019) find the link to contemporary literacy to be strongest for women, which they attribute

to the role Protestant missionary women played in the education of women. They argue that

while Protestant missionaries were interested in the promotion of mass literacy, especially for

non-elites and socially disadvantaged groups, Catholic missionaries predominantly invested in

schools dedicated to the formation of priests and elites.

Looking at higher education in India, Castelló-Climent et al. (2018) find that while both

Protestant and Catholic missionaries are correlated with contemporary higher education, there

is a stronger link for Catholic missionaries. Therefore they use Catholic missionaries to

instrument higher education in India. We also find a strong correlation between Catholic

missionaries and higher education, however, in our data the link is driven by the population in

the higher quintiles, and it diminishes when controlling for historical or lagged share of urban

population. Contrarily, controlling for urban population increases the strength of the link

between Protestant missionaries and higher education during our survey period.16 Therefore,

we opt for using Protestant missionaries as instrument for higher education.

There is a general consensus that missionaries did not select their location randomly, and

they settled at geographically favorable and more accessible locations. For this reason, we

control for state fixed effects and a number of historical factors that are likely to have

influenced the location of the missionaries and may be correlated with contemporary welfare

growth throughout our analysis. Our key assumption is that Protestant missionaries did not

select their location based on the existing human capital at the locations but they did affect

human capital accumulation in the areas where they settled.

Regarding our other instrument, the Brahman caste was among the first to take up Western

16 In our sample, the correlation between the share of urban population in 1931 and Protestant missionaries is 0.16,

whereas it is 0.46 for Catholic missionaries.
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education and arguably played an important role in spreading education in India. The validity

of both our instruments rests on the plausibility of the assumption that they are orthogonal

to changes in per capita consumption expenditure between 1983 and 2011 conditional on our

historical controls and lagged per capita consumption expenditure.

Human capital: first stage results

Table 4.7 displays the first stage regression results for higher education using both

instruments. The exposure to Protestant missionaries and the historical share of Brahman are

both significantly correlated to higher education in the working age population. The p-value

for the joint significance of the instruments (F=5.2) and the Kleinbergen-Paap

underidentification test are under 0.01. This suggests that the instruments are relevant for

predicting higher education.

This result is robust to controlling for all variables in X, notably: the contemporaneous

consumption expenditure (positive correlation), intergenerational educational persistence

(insignificant negative correlation), share of working age and urban population (positive

correlation), market access (positive correlation), and a number of historical factors.

Consumption expenditure growth: IV estimates

The instrumental variables estimation results are presented in Table 4.8. We find that the returns

to higher education are two- to three-times higher compared to the OLS regression results in

all but the top socioeconomic quintile. The return on the share of high school graduates in

the general population is decreasing as one moves from the bottom to the top socioeconomic

quintile (Figure 4.19a).

Table 4.9 shows that the effects of the intergenerational mobility measures on consumption

expenditure growth remain robust to instrumenting higher education. The estimated effects are

actually more pronounced: the returns to intergenerational mobility are positive and

significant in the bottom 60 percent of the population. The returns are also here declining by

socioeconomic quintile (Figure 4.19b). In general, we observe that purely positional

intergenerational mobility measures positively affect growth in the lower socioeconomic

rungs.
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Table 4.7: First stage regression for higher education in the working age
population

Higher education
Protestant mission 0.051∗∗∗

(0.017)
Share Brahman Caste, 1931 0.274∗∗

(0.114)
Upward interval mobility -0.121

(0.094)
RMPCE 0.080∗∗∗

(0.026)
Gini RMPCE 0.167∗∗

(0.074)
Share Age 16-64 0.274∗∗

(0.119)
Share Urban 0.227∗∗∗

(0.047)
Market access 0.036∗∗

(0.015)
Rainfall(t+1) -0.001

(0.011)
Log banks per capita 0.001

(0.003)
TEXP/GDP -0.089

(0.070)
Railway, 1909 -0.031∗

(0.019)
Share Urban, 1931 0.009

(0.080)
Coastal 0.008

(0.009)
Princely state 0.009

(0.010)
F stat 60.770
Adjusted R2 0.906
Observations 198
F (instruments) 5.187
p (instruments) 0.007
Mean dependent variable 0.176

Notes:
Heteroskedasticity robust standard errors reported (* 0.10 ** 0.05 *** 0.01).
Regressions control for year and state fixed effects (not reported).
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Table 4.8: Determinants of real consumption expenditure growth at different quintiles (IV
regression: higher education instrumented)

All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5
RMPCE (q) -0.097∗∗∗ -0.125∗∗∗ -0.104∗∗∗ -0.107∗∗∗ -0.098∗∗∗ -0.081∗∗∗

(0.017) (0.016) (0.016) (0.017) (0.019) (0.022)
Higher education 0.194 0.332∗∗ 0.265∗ 0.256∗ 0.154 0.006

(0.142) (0.166) (0.142) (0.153) (0.158) (0.166)
Upward interval mobility 0.072 0.152∗∗ 0.092∗ 0.082∗ 0.046 0.008

(0.048) (0.062) (0.049) (0.048) (0.048) (0.053)
Gini RMPCE -0.103∗∗∗ -0.167∗∗∗ -0.115∗∗∗ -0.096∗∗ -0.054 -0.110∗∗

(0.037) (0.061) (0.043) (0.039) (0.038) (0.046)
Share Age 16-64 0.168∗∗ 0.083 0.073 0.118 0.229∗∗∗ 0.405∗∗∗

(0.082) (0.103) (0.085) (0.087) (0.086) (0.096)
Share Urban -0.028 -0.074 -0.044 -0.052 -0.024 0.026

(0.037) (0.045) (0.038) (0.038) (0.041) (0.042)
Market access -0.006 -0.017 -0.013 -0.010 0.002 0.013

(0.010) (0.012) (0.010) (0.011) (0.011) (0.012)
Rainfall(t+1) 0.016∗∗∗ 0.019∗∗ 0.013∗∗ 0.013∗∗ 0.008 0.018∗∗∗

(0.005) (0.007) (0.006) (0.006) (0.006) (0.006)
Log banks per capita 0.003 0.014 0.007∗∗∗ 0.003 0.002 0.001

(0.002) (0.014) (0.002) (0.002) (0.002) (0.002)
TEXP/GDP 0.066∗∗ 0.079∗ 0.076∗∗ 0.082∗∗ 0.058∗ 0.023

(0.033) (0.046) (0.035) (0.036) (0.035) (0.035)
Railway, 1909 0.037∗∗∗ 0.032∗∗∗ 0.034∗∗∗ 0.038∗∗∗ 0.040∗∗∗ 0.036∗∗∗

(0.009) (0.010) (0.010) (0.009) (0.010) (0.012)
Share Urban, 1931 0.047 0.054 0.032 0.050 0.037 0.066

(0.033) (0.045) (0.037) (0.034) (0.036) (0.041)
Coastal -0.004 -0.007 -0.005 -0.001 -0.000 -0.001

(0.005) (0.006) (0.005) (0.005) (0.006) (0.006)
Princely state 0.020∗∗∗ 0.019∗∗∗ 0.017∗∗∗ 0.019∗∗∗ 0.021∗∗∗ 0.024∗∗∗

(0.004) (0.006) (0.005) (0.004) (0.004) (0.005)
F stat 13.232 10.978 11.101 12.824 14.082 17.516
Adjusted R2 0.580 0.491 0.529 0.567 0.583 0.652
Observations 198 196 197 197 199 200
Nr. instruments 2 2 2 2 2 2
p_weak_identification 0.007 0.003 0.007 0.007 0.010 0.006
p_overidentification 0.385 0.247 0.716 0.374 0.132 0.219
Mean_dep_var 0.014 0.019 0.015 0.014 0.013 0.012

Notes:
Heteroskedasticity robust standard errors reported (* 0.10 ** 0.05 *** 0.01).
Regressions control for year and state fixed effects (not reported).
Instrument for higher education: Protestant mission, Brahman caste (1931).
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Table 4.9: Coefficient estimates of intergenerational mobility measures on consumption
expenditure growth (IV regression: higher education instrumented)

SR All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5

UIM 0-50 (randomized) 0.072 0.152** 0.092* 0.082* 0.046 0.008
(0.048) (0.062) (0.049) (0.048) (0.048) (0.053)

UIM 0-50 (upper-bound) 0.050 0.156** 0.080 0.055 0.029 -0.000
(0.047) (0.062) (0.049) (0.047) (0.047) (0.054)

UIM 0-50 (lower-bound) 0.003 0.022 0.020 0.003 -0.019 -0.035
(0.031) (0.042) (0.032) (0.031) (0.032) (0.037)

1 - IGP Corr -0.003 0.015 0.006 0.002 -0.007 -0.017
(0.018) (0.022) (0.018) (0.017) (0.020) (0.023)

1 - IGP Coef -0.025 -0.022 -0.024 -0.025 -0.035 -0.032
(0.021) (0.025) (0.021) (0.021) (0.022) (0.025)

BUM (high school) -0.057 -0.025 -0.069 -0.071 -0.069 -0.052
(0.072) (0.082) (0.075) (0.080) (0.079) (0.076)

1 - UCP (high school) -0.006 -0.002 0.003 -0.000 -0.010 -0.020
(0.012) (0.016) (0.013) (0.013) (0.012) (0.014)

Notes: Heteroskedasticity robust standard errors reported (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). Mean of IGM measures:
UIM50 (randomized) = 0.41, UIM50 (upper-bound) = 0.38, UIM50 (lower-bound) = 0.36, 1 - IGP Corr = 0.53, 1
- IGP Coef = 0.57, BUM (high school) = 0.26, UCP (high school) = 0.82. Additional control variables: real per
capita consumption expenditure in quintile, mean share of high school graduates in the working age population,
inequality in consumption expenditure, share of working age population, share of urban population, market access,
rainfall(t + 1), log of banks per capita, total state government expenditure/state GDP, railway in 1909, urban
population in 1931, coastal state-region, part of princely state, state fixed effects and time fixed effects.
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Figure 4.19: Effect of (a) higher education and (b) upward interval mobility on consumption

expenditure growth (90 percent confidence interval from IV regression)

(a) (b)

At the same time, measures incorporating structural educational mobility are often found

negatively related to consumption expenditure growth when conditioning on higher education,

with the latter capturing the economic benefits associated with higher education. One

explanation for this finding could be the economic costs associated with staying longer in

school rather than starting to work. The burden would be particularly felt by lower educated

households (with a lower income) who send their children to finish high school. The negative

coefficients found for BUM are consistent with this line of thought.

4.6.5 Further robustness checks

The role of gender in education

Calvi et al. (2019) find that the historical proximity of Protestant missions had a more

pronounced effect on women’s educational attainment than for men’s. Is it possible that using

the historical presence of Protestant missionaries as instrument strengthens the effect of

women’s higher education attainment, and that the effect of women’s education has a more

pronounced effect on consumption expenditure growth than that of men? Could this explain

the large difference between the OLS and IV estimates of the returns to higher education? We

investigate these questions below.

We start by re-estimating equation (4.14) using either the share of working age women with
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a higher education or the share of men.17 The OLS estimates for higher education and upward

mobility are displayed in Table 4.10. The coefficient estimate of women’s higher education on

consumption expenditure growth is between 0.14-0.16 for all socioeconomic groups, and it is

statistically highly significant (Panel A). These effects are up to twice as high as for the non-

gendered higher education variable (Table 4.4). At the same time, the coefficient estimates for

men’s higher education are close to zero (0.029 overall) and mostly not significantly different

from zero. These findings suggest that women’s education could indeed be key to economic

development, and also to explaining the large differences between our OLS and IV estimates.

Notice that the coefficient estimate of young men’s upward mobility is not affected by the

choice of higher education variable.18

Panel C of the table probes a bit further in investigating the differences between men’s

and women’s education by including the gender gap (men minus women) along with men’s

higher education in the growth regression. We find that a larger gender gap in higher education

significantly reduces economic growth: a gender gap of 12 percentage point (the mean and

median value in 2004) is associated with a 2.2 percentage point or about a 70 percent reduction

in the annual consumption expenditure growth rate on average in 2004 (3.1 percent). The effect

of the mean gender gap is also about half of the size of the effect of men’s higher education

assuming a gender-equal society (4.1 percentage point) calculated at the mean value of its

distribution in 2004 (32 percent). Hence, the effect of gender gap appears to be substantial on

economic growth.

Confirming Calvi et al. (2019) we find a stronger link between the historical presence of

Protestant missionaries and higher education for woman than for men. Re-estimating the first

stage regression for women’s higher education (Panel A of Table 4.11) the F-statistic on

Protestant mission is F=10.4, while it is F=3.2 for men’s higher education (Panel C). The

coefficient estimate of Protestant mission is also almost double for women’s (coef=0.056) than

for men (coef=0.031), despite that the share of women with higher education is about half the

size of that of men (12% vs 23%) in the sample.

17 Due to the high correlation (0.93) between the share of women’s and men’s with higher education, we do not

include both variables in the regression simultaneously.
18 As discussed in the data section, unfortunately, the NSS surveys do not allow us to calculate reliable

intergenerational mobility measures for young women due to the earlier home leaving age of daughters compared

to sons.
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Table 4.10: Effect of women’s and men’s education (age 16-64) on consumption expenditure
growth (OLS regression)

Panel A. Women’s education
All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5

Women’s higher education 0.144∗∗∗ 0.157∗∗∗ 0.147∗∗∗ 0.153∗∗∗ 0.147∗∗∗ 0.144∗∗

(0.043) (0.052) (0.040) (0.044) (0.047) (0.057)
Upward interval mobility 0.061 0.110∗ 0.071 0.061 0.039 0.021

(0.043) (0.061) (0.043) (0.041) (0.045) (0.053)
F stat 14.870 14.567 11.600 14.076 14.950 19.554
Adjusted R2 0.622 0.546 0.596 0.623 0.611 0.681
Observations 197 198 197 197 199 199
Mean dependent variable 0.014 0.019 0.015 0.014 0.013 0.012

Panel B. Men’s education
All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5

Men’s higher education 0.029 0.063∗ 0.037 0.037 0.017 -0.002
(0.030) (0.038) (0.031) (0.031) (0.032) (0.038)

Upward interval mobility 0.050 0.113∗ 0.060 0.050 0.030 0.007
(0.045) (0.057) (0.045) (0.043) (0.046) (0.055)

F stat 14.907 11.093 13.186 12.234 13.722 17.401
Adjusted R2 0.599 0.550 0.574 0.591 0.584 0.652
Observations 197 195 197 198 199 200
Mean dependent variable 0.014 0.019 0.015 0.014 0.013 0.012

Panel C. Gender gap in education

All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5
Men’s higher education 0.126∗∗∗ 0.153∗∗∗ 0.131∗∗∗ 0.146∗∗∗ 0.134∗∗∗ 0.126∗∗

(0.044) (0.053) (0.042) (0.044) (0.048) (0.058)
Gender gap in higher educ. -0.187∗∗∗ -0.175∗∗∗ -0.182∗∗∗ -0.192∗∗∗ -0.223∗∗∗ -0.246∗∗∗

(0.055) (0.062) (0.051) (0.057) (0.060) (0.073)
Upward interval mobility 0.053 0.108∗ 0.063 0.057 0.032 0.011

(0.044) (0.062) (0.045) (0.042) (0.046) (0.052)
F stat 14.741 13.992 11.433 14.474 14.987 19.037
Adjusted R2 0.621 0.544 0.592 0.624 0.619 0.692
Observations 198 198 198 197 199 199
Mean dependent variable 0.014 0.019 0.015 0.014 0.013 0.012

Notes: Heteroskedasticity robust standard errors reported (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01).
All control variables as in section 4.6.2 are included but not reported.
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Table 4.11: Effect of women’s and men’s higher education (age 16-64) on consumption
expenditure growth (IV regression)

Panel A. Women’s education: first stage

Women’s higher education Women’s higher education
Protestant mission 0.056∗∗∗ 0.058∗∗∗

(0.017) (0.018)
Share Brahman Caste, 1931 0.086

(0.110)
Observations 197 197
F stat 75.642 72.818
F (instruments) 10.440 5.299
Mean dependent variable 0.119 0.119

Panel B. Women’s education: IV regression

All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5
Women’s higher education 0.219∗ 0.133 0.244∗∗ 0.256∗∗ 0.227∗ 0.082

(0.122) (0.144) (0.121) (0.130) (0.134) (0.145)
Upward interval mobility 0.069 0.107∗ 0.081∗ 0.070∗ 0.045 0.016

(0.042) (0.056) (0.043) (0.042) (0.044) (0.049)
Observations 197 198 197 197 199 199
F stat 14.798 14.523 11.582 14.258 15.001 18.318
p (weak identification) 0.002 0.001 0.002 0.002 0.002 0.002

Instrument for higher education: Protestant mission.

Panel C. Men’s education: first stage

Men’s higher education Men’s higher education
Protestant mission 0.031∗ 0.043∗∗

(0.017) (0.018)
Share Brahman Caste, 1931 0.456∗∗∗

(0.149)
Observations 197 197
F stat 54.019 53.947
F (instruments) 3.155 5.179
Mean dependent variable 0.232 0.232

Panel D. Men’s education: IV regression

All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5
Men’s higher education 0.108 0.295∗ 0.216 0.192 0.047 -0.077

(0.139) (0.157) (0.142) (0.151) (0.157) (0.177)
Upward interval mobility 0.063 0.152∗∗ 0.091∗ 0.076 0.034 -0.004

(0.049) (0.065) (0.052) (0.051) (0.050) (0.055)
Observations 197 195 197 198 199 200
F stat 14.215 9.360 10.280 11.228 13.569 17.092
p (weak identification) 0.006 0.003 0.005 0.006 0.007 0.005
p (overidentification) 0.141 0.929 0.303 0.209 0.070 0.228

Instrument for higher education: Protestant mission, Brahman caste (1931).

Notes: Heteroskedasticity robust standard errors reported (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01).
All control variables as in section 4.6.4 are included but not reported.
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In the IV regression, we instrument women’s higher education only by the Protestant

missions because the historical share of Brahman caste is not significantly related to women’s

education. For men, we use both of the instruments because the Protestant mission alone

would be a weak instrument. However, the historical share of Brahman caste is strongly

correlated with men’s higher education.

For the middle socioeconomic quintiles the IV estimates of women’s education is similar

to our previous non-gendered IV estimates, as is the overall coefficient estimate. These effects

are statistically significant, and are closer to (less than double) the OLS estimates for women’s

education. The IV estimates for men are more noisy but they are also about the magnitude

of the non-gendered IV estimates, which is a large difference compared to the OLS estimates.

Interestingly, in the bottom socioeconomic quintile men’s higher education have a higher effect

than that of women.

These results suggest that women’s education captures something important about the

society or social norms that contribute to higher economic growth. More gender-equal

state-regions in terms of higher education display higher economic growth (in terms of

consumption expenditure growth). Self and Grabowski (2004) also find that women’s

education has the potential to generate economic growth, and this potential is larger than for

men’s education in India. Minasyan et al. (2019) document a positive link between

educational gender equality and economic growth in their meta-analysis. It is beyond the

scope of this paper to pinpoint the underlying socioeconomic mechanism that drives the link

between gender equality in education and growth.

Sectoral growth rates

We do not analyze the channel through which higher education and intergenerational mobility

affects consumption expenditure growth. One potential channel is through the occupation and

sector of employment. We provide some preliminary evidence on the importance of this

channel.

First, we add the share of households working in the manufacturing and services sectors19

19 The share of households employed in agriculture, manufacturing and services sectors is derived from the three-

digit National Industrial Classification code of the NSS survey households following the main income source of

the household.
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as additional controls in regression (4.14). Panel A of Table 4.12 shows that the OLS

coefficient estimates of higher education are reduced by about 20 percent compared to Table

4.C1. This difference is not statistically significant. The coefficient estimates of the

manufacturing and services sector shares are positive but not statistically significant for most

socioeconomic quintiles.

In Panel B of the table, we add the share of occupations20 instead of the sectors of

employment. The regression results show that the share of craftsmen and machine operators

are positively related to the annualized per capita consumption expenditure growth at all

socioeconomic rungs. Controlling for occupation shares reduces the coefficient estimates of

higher education by about 35 percent, and the coefficient estimates of higher education are not

statistically significant in this specification. The coefficient estimates of upward mobility are

less affected when controlling for the occupation/sector shares.

Second, we investigate the growth rates of the sector of employment shares in agriculture,

manufacturing and services. In the regression, we use the same control variables as in section

4.6.2. Table 4.13 shows that the share of working age population with higher education is

positively related to the growth of employment in the services sector, while it does not affect

the growth of employment in the manufacturing sector. Upward mobility is positively related

to the services sector but negatively to the manufacturing sector.

Third, we look at the growth rates of consumption expenditure by the households’ sector

of employment. Here, we account for changes in income but not for changes in employment.

We calculate the mean of the log of consumption expenditure separately for the agricultural,

manufacturing and services sectors using the household’s classification. Table 4.14 shows the

regression results, again using the same specification as in section 4.6.2. The share of working

age population with higher education positively affects consumption expenditure growth for

households working in the manufacturing and agriculture sectors (coef=0.13 and 0.11

respectively). The coefficient estimate is positive but smaller and statistically not significant

for the services sector.

These results suggest that the occupation and the sector of employment are indeed plausible

20 The share of households employed in an occupation category are derived from the three-digit National

Classification of Occupations code of the NSS survey households following the main income source of the

household.
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Table 4.12: Occupation and sector of employment as determinants of consumption expenditure
growth (OLS regression)

Panel A. Additional control: sector of employment

All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5
RMPCE -0.095∗∗∗ -0.117∗∗∗ -0.095∗∗∗ -0.098∗∗∗ -0.095∗∗∗ -0.089∗∗∗

(0.013) (0.014) (0.013) (0.013) (0.014) (0.016)
Higher education 0.065 0.093∗ 0.081∗ 0.085∗ 0.054 0.047

(0.043) (0.054) (0.042) (0.043) (0.047) (0.055)
Upward interval mobility 0.050 0.111∗ 0.071 0.061 0.038 0.015

(0.046) (0.061) (0.044) (0.042) (0.046) (0.055)
Manufacturing sector 0.044 0.060 0.047∗ 0.037 0.044 0.066∗

(0.028) (0.038) (0.028) (0.029) (0.031) (0.035)
Services sector 0.083 0.058 0.048 0.062 0.071 0.022

(0.054) (0.065) (0.052) (0.054) (0.058) (0.059)
F stat 14.694 10.870 13.079 12.552 13.342 18.196
Adjusted R2 0.598 0.536 0.592 0.610 0.599 0.658
Observations 197 197 196 197 199 200
Mean dependent variable 0.014 0.019 0.015 0.014 0.013 0.012

Panel B. Additional control: occupation

All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5
RMPCE -0.098∗∗∗ -0.125∗∗∗ -0.104∗∗∗ -0.109∗∗∗ -0.105∗∗∗ -0.094∗∗∗

(0.013) (0.014) (0.013) (0.015) (0.015) (0.016)
Higher education 0.053 0.073 0.056 0.069 0.056 0.041

(0.042) (0.052) (0.042) (0.042) (0.045) (0.052)
Upward interval mobility 0.033 0.099∗ 0.043 0.046 0.025 0.001

(0.046) (0.058) (0.046) (0.043) (0.046) (0.054)
Craftsmen, machine operators 0.123∗∗∗ 0.165∗∗∗ 0.136∗∗∗ 0.140∗∗∗ 0.131∗∗∗ 0.110∗∗

(0.040) (0.048) (0.042) (0.045) (0.044) (0.049)
Skilled agricultural workers -0.045∗ -0.005 -0.027 -0.023 -0.048∗ -0.066∗∗

(0.026) (0.035) (0.027) (0.026) (0.027) (0.030)
Service sector workers 0.008 0.100 0.054 0.001 -0.020 -0.081

(0.063) (0.077) (0.066) (0.065) (0.068) (0.076)
F stat 14.030 12.956 11.915 15.577 15.501 18.703
Adjusted R2 0.619 0.570 0.591 0.621 0.611 0.675
Observations 197 197 197 198 199 200
Mean dependent variable 0.014 0.019 0.015 0.014 0.013 0.012

Notes: Heteroskedasticity robust standard errors reported (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). All control variables as in
section 4.6.2 are included but not reported.
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Table 4.13: Growth in sector of employment shares (OLS regression)

Agriculture Manufacturing Services
Agricultural sector -0.095∗∗∗

(0.015)
Manufacturing sector -0.073∗∗∗

(0.018)
Services sector -0.158∗∗∗

(0.018)
Higher education -0.055∗∗ 0.013 0.058∗∗∗

(0.023) (0.017) (0.016)
Upward interval mobility 0.006 -0.033∗ 0.028

(0.031) (0.019) (0.023)
F stat 4.913 4.570 7.199
Adjusted R2 0.334 0.287 0.327
Observations 200 200 200
Mean dependent variable -0.006 0.003 0.003

Notes: Heteroskedasticity robust standard errors reported (∗ 0.10 ∗∗ 0.05 ∗∗∗

0.01). All control variables as in section 4.6.2 are included but not reported.

Table 4.14: Consumption expenditure growth by sector of employment (OLS
regression)

Agriculture Manufacturing Services
Consumption expenditure in agricultural sector -0.089∗∗∗

(0.012)
Consumption expenditure in manufacturing sector -0.114∗∗∗

(0.018)
Consumption expenditure in services sector -0.112∗∗∗

(0.016)
Higher education 0.110∗∗ 0.130∗∗∗ 0.055

(0.044) (0.050) (0.038)
Upward interval mobility 0.068 -0.016 0.009

(0.050) (0.072) (0.054)
F stat 11.041 9.372 17.047
Adjusted R2 0.485 0.505 0.594
Observations 197 197 197
Mean dependent variable 0.014 0.010 0.013

Notes: Heteroskedasticity robust standard errors reported (∗ 0.10 ∗∗ 0.05 ∗∗∗ 0.01). All control variables
as in section 4.6.2 are included but not reported.
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channels through which higher education affects consumption expenditure growth. The share

of at least high school graduates increases the income growth in the manufacturing sector,

which is in line with the findings of Castelló-Climent and Mukhopadhyay (2013). They further

find that the share of population with tertiary education is what matters for income growth in

the services sector. Our findings indicate that secondary and higher education matters for the

growth of employment in the services sector but not for the manufacturing sector.

We note that these results serve only as an illustration for the occupation and sector of

employment channel, because we are approximating the shares of sectors using household

level rather than individual level employment classifications. The sectoral income growth

rates are also approximated using information on the household level per capita consumption

expenditure.

4.7 Conclusion

India stands out as one of the countries with the least social mobility and rising income

inequality, despite consistently high rates of economic growth in the past decades. The

historical segregation of ethnic groups with lower socioeconomic status led to large

differences in socioeconomic outcomes in different regions in India. Since India’s

independence, affirmative action programs were meant to increase opportunities for scheduled

castes and tribes and other backward castes, which resulted in varying degrees of success.

These conditions and the high quality of historically available data mark India as one of the

most interesting cases to study intergenerational social mobility and its effect on economic

growth and human capital accumulation at different rungs of the socioeconomic ladder.

We study the period from 1983 to 2011. During this period, illiteracy decreased from one

in three young adult men (ages 20–25 years) to 10 percent, and the percentage of high school

graduates increased from 23 to 55 percent. A large part of the gains in educational attainment

occurred among the most disadvantaged socioeconomic groups with illiterate fathers. Despite

these positive developments, we do not find conclusive evidence in the data that socioeconomic

mobility is improving in India.

This makes it all the more important to investigate the potential benefits of higher

socioeconomic mobility in India. We hypothesize that higher socioeconomic mobility leads to
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higher economic growth, which at the same time benefits particularly the lower

socioeconomic groups (inclusive growth). We further conjecture that human capital

accumulation is an important channel via which intergenerational mobility has an impact on

growth and on the degree of “inclusivity” of growth. We investigate these hypotheses by

consumption expenditure quintiles at the state-region level.

Using upward interval mobility in the bottom 50 percent to measure intergenerational

educational mobility following (Asher et al., 2018), we find evidence that higher positional

socioeconomic mobility positively affects the growth rate of high school graduates among

young adult boys in the age group of 20–25 years, as well as, consumption expenditure growth

in the bottom half of the socioeconomic distribution. The effect of mobility is decreasing over

the socioeconomic quintiles.

The returns on the share of population with at least high school education are also positive

and significant in all but the top socioeconomic quintile. Given that upward mobility also

positively effects higher education, the effect of mobility on economic growth could be even

larger.

In the analysis we focused on the intergenerational mobility of young adult men due to data

availability. We by no means mean to imply that socioeconomic mobility is less important

for women. If anything, our robustness tests for the determinants of consumption expenditure

growth indicate that the gender gap among high school graduates hampers economic growth.

These results suggest that policies aimed at improving socioeconomic mobility not only

improve the socioeconomic position of disadvantaged groups, thereby decreasing inequality,

but they also have a beneficial effect on the performance of the economy. Further research is

needed to elaborate on the channels through which these effects arise.
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Appendix

4.A Descriptive statistics
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Table 4.A1: Mean of variables used in the regression analysis by year and sample size

1983 1987 1993 1999 2004 2011 Nobs

Log real consumption exp. per capita
Overall 6.06 6.09 6.10 6.26 6.27 6.50 240
Quintile 1 5.37 5.49 5.53 5.68 5.69 5.92 240
Quintile 2 5.78 5.83 5.86 6.01 6.00 6.23 240
Quintile 3 6.02 6.05 6.07 6.22 6.22 6.44 240
Quintile 4 6.29 6.29 6.29 6.45 6.47 6.69 240
Quintile 5 6.84 6.78 6.75 6.93 7.00 7.22 240

Share higher education (boys aged 20-25)
Overall 0.20 0.24 0.31 0.35 0.38 0.52 240
Quintile 1 0.06 0.09 0.13 0.16 0.16 0.30 240
Quintile 2 0.10 0.13 0.17 0.22 0.23 0.41 240
Quintile 3 0.15 0.16 0.24 0.27 0.30 0.47 240
Quintile 4 0.22 0.24 0.33 0.38 0.39 0.58 240
Quintile 5 0.37 0.44 0.53 0.58 0.64 0.76 240

Share higher education (age 16-64): Overall 0.10 0.13 0.17 0.21 0.24 0.34 240
Intergenerational mobility measures

Upward interval mobility (randomized) 0.42 0.42 0.41 0.40 0.40 0.40 240
Upward interval mobility (upper-bound) 0.38 0.38 0.38 0.38 0.38 0.38 240
Upward interval mobility (lower-bound) 0.35 0.36 0.36 0.37 0.37 0.37 240
1 - IG Persistence coefficient (beta) 0.45 0.46 0.47 0.46 0.48 0.50 240
1 - IG Persistence correlation coefficient 0.29 0.36 0.45 0.47 0.54 0.58 240
Bottom upward moility (high school) 0.17 0.20 0.27 0.29 0.31 0.45 240
1 - Upper class persistence (high school) 0.22 0.22 0.15 0.20 0.17 0.11 240

Inequality in consumption expenditure (Gini) 0.31 0.27 0.26 0.27 0.29 0.29 240
Share of age 16-64 0.54 0.55 0.57 0.58 0.59 0.63 240
Share of urban 0.22 0.25 0.24 0.24 0.24 0.27 240
Market access 8.75 8.88 9.07 9.29 9.55 9.79 240
Rainfall 1.08 1.01 1.07 1.05 0.96 0.99 240
Log banks per capita -9.76 -9.59 -9.75 -9.67 -9.74 -9.57 240
Total state government exp. per GDP 0.14 0.16 0.16 0.17 0.19 0.15 240
Railway, 1909 0.85 0.85 0.85 0.86 0.86 0.86 240
Share of urban, 1931 0.13 0.13 0.13 0.13 0.13 0.13 240
Coastal 0.30 0.29 0.28 0.27 0.27 0.26 240
Princely state 0.29 0.29 0.29 0.29 0.29 0.29 240
Protestant mission, 1908 0.66 0.66 0.65 0.65 0.65 0.64 240
Share Brahman Caste, 1931 0.05 0.05 0.05 0.05 0.05 0.05 240

Notes: Population weighted averages of state-regions.
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4.B Data construction

4.B.1 State-region observation units

We constructed the state-region identifiers following Lanjouw and Murgai (2009), who use the

definitions used in the 55th NSS round (1999-2000) to define state-regions. In order to

harmonize this with earlier NSS rounds (1983, 1987-88 and 1993-94), we created state

identifiers for the newly created states of Jharkhand, Chhattisgarh and Uttaranchal, using the

appropriate regions in the states of Bihar, Madhya Pradesh and Uttar Pradesh, respectively.

Due to the creation of the new states, the region identifiers of Bihar, Madhya Pradesh and

Uttar Pradesh have to be adjusted in the NSS rounds of 2004-05 and 2011-12. In addition, the

state identifiers were also adjusted to those used in the 1999-2000 round for all the other

survey rounds. For all rounds, Goa and Daman and Diu remained pooled together because it is

not possible to separate them for the survey rounds before 1999-2000.

As a result of the above harmonization, 77 state-region units were created. However, some

of these units contained only a few hundred households, which is deemed too few given our

interest in the different percentiles of the distribution of economic growth. Therefore, we

merged the following smaller state-region units following geographic considerations:

• The 2 Inland Southern regions (66th round region name) of Andra Pradesh.

• The states of Arunachal Pradesh and Nagaland.

• The Eastern Plains and Cachar Plain regions (66th round region name) of Assam.

• The states of Goa, Daman & Diu, Dadra & Nagar Haveli and the Coastal region of

Maharashtra state.

• The 2 South Eastern regions (66th round region name) of Gujarat.

• The Saurashtra and Dry Areas regions of Gujarat.

• All 2 regions of Haryana.

• All regions of Jammu and Kashmir (because of inconsistencies in the state-region areas

covered by the surveys). 21

21 Notably, there are no observations for Jhelam Valley in Jammu and Kashmir in the 1993-94 round.
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• The Coastal & Ghats, Inland Eastern and Inland Southern regions of Karnataka.

• The Central and Northern regions of Madhya Pradesh.

• The South and South Western regions (66th round region name) of Madhya Pradesh.

• The Inland Eastern and Eastern regions of Maharashtra.

• All 2 regions of Manipur.

• All 2 regions of Orissa.

• The state of Chandigarh and the Southern region of Punjab.

• The Southern and South Eastern regions of Rajasthan.

• The state of Sikkim and the Himalayan region of West Bengal.

• The Central and Southern regions of Uttar Pradesh.

• The state of Pondicherry and the Coastal Northern region of Tamil Nadu.

In addition, we removed observations for the island state of Lakshadweep due to too few

observations. After these adjustments, we were left with 54 state-region units.

4.B.2 Consumer price index

The consumer price index (CPI) is used to correct for differences in prices between urban and

rural areas, different states within the survey rounds, and inflation between the survey rounds.

We obtained information on the CPI from different data sources for the major states, which we

combined to calculate the CPI with a reference period of 2004–05 for All Rural India.

The main data sources are the time series of the CPI-AL (agricultural laborers) obtained

for the period of 1982–83 to 2012–13, and the time series of the CPI-IW (industrial workers)

obtained for the period of 1994–95 (or 2001–02) to 2011–12. These series are available on

a yearly basis for the major states. However, they can only be compared across time and not

across states and urban/rural areas.

To create spatial comparability of the CPI series, we use the poverty lines for 2004-05 and

calculate the relative prices compared to the Urban All India poverty line. The ratios obtained
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are used to normalize the CPI-AL and CPI-IW series. The obtained (comparable) CPI values

are used for the rural areas in the 1983, 1987–88, 1993–94, 2004–05, 2009–10 and 2011–12

survey rounds, and the urban areas of the 2004–05, 2009–10 and 2011–12 survey rounds.

In order to obtain the CPI values for the urban areas for the 1983, 1987–88 and 1993–94

survey rounds, we consulted two other data sources. The Planning Commission provided the

average MPCE at current and constant prices (base 1993–94) for the urban and rural areas of

major states for periods including 1983, 1993–94 and 2004–05. The 2004–05 series provide

a good match with the CPI-AL and CPI-IW series, and these values are used to calculate the

CPI for urban areas for the 1983 and 1993–94 survey rounds (in the major states). In order to

obtain the urban CPI for the 1987–88 round, Deaton and Tarozzi (1999) was consulted, which

provide the price factors between the 1987–88 and 1993–94 survey rounds (see Deaton and

Tarozzi (1999, p. 41)).

These data sources make it possible to adjust for inflation between the survey rounds. In

order to correct for inflation within the survey rounds by quarter of survey, the CPI values for

the year following the survey rounds are approximated using log-linear approximation where

necessary (urban areas). The quarterly CPI values are then approximated using log-linear

approximation for all survey rounds.

These procedures provide us with the CPI for the major states. We use the CPI values of the

neighboring major state to approximate the CPI of the smaller states (where historical CPI data

is not available) for all round except the 2011–2012 round. The following rules are followed:

• Jammu and Kashmir: values of Himachal Pradesh are used (urban for urban, rural for

rural areas)

• Chandigarh: urban values of Punjab are used for both urban and rural areas

• Uttaranchal: values of Himachal Pradesh are used (urban for urban, rural for rural areas)

- formerly part of Uttar Pradesh, but Himanchal Pradesh is also more mountainous just

like Uttaranchal

• Delhi rural: values of urban Delhi are used

• Sikkim: values of urban West Bengal are used for both urban and rural areas
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• Arunachal Pradesh, Nagaland, Manipur, Tripura and Meghalaya: values of Assam are

used (urban for urban, rural for rural areas)

• Jharkhand: values of Bihar are used (urban for urban, rural for rural) - formerly part of

Bihar

• Chattisgarh: values of Madhya Pradesh are used (urban for urban, rural for rural) -

formerly part of Madhya Pradesh

• Goa, Daman & Diu and Dadra & Nagar Haveli: values of Maharashtra are used (urban

for urban, rural for rural)

• Pondicherry and Andaman and Nicobar: values of Tamil Nadu are used (urban for urban,

rural for rural)
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4.C Level of education and consumption expenditure growth
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Table 4.C1: Education levels (age 16-64) and consumption expenditure growth (OLS
regression)

All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5
RMPCE -0.086∗∗∗ -0.113∗∗∗ -0.089∗∗∗ -0.094∗∗∗ -0.091∗∗∗ -0.087∗∗∗

(0.013) (0.014) (0.013) (0.012) (0.014) (0.017)
Primary school education -0.039 -0.050 -0.023 -0.036 -0.061 -0.079∗

(0.035) (0.042) (0.036) (0.036) (0.038) (0.044)
High school education 0.091∗ 0.160∗∗∗ 0.104∗∗ 0.095∗ 0.065 0.052

(0.051) (0.061) (0.051) (0.050) (0.054) (0.066)
Tertiary education 0.025 -0.070 0.020 0.115 0.089 0.064

(0.140) (0.185) (0.141) (0.134) (0.151) (0.171)
Upward interval mobility 0.052 0.100 0.062 0.059 0.034 0.014

(0.046) (0.062) (0.046) (0.044) (0.048) (0.056)
Gini RMPCE -0.087∗∗ -0.099∗ -0.079∗ -0.076∗ -0.053 -0.122∗∗

(0.040) (0.059) (0.043) (0.041) (0.040) (0.047)
Share Age 16-64 0.215∗∗∗ 0.189∗∗ 0.145∗∗ 0.180∗∗∗ 0.263∗∗∗ 0.386∗∗∗

(0.068) (0.082) (0.070) (0.067) (0.071) (0.084)
Share Urban 0.005 -0.011 -0.001 -0.012 0.003 0.031

(0.026) (0.034) (0.026) (0.026) (0.029) (0.030)
Market access 0.000 -0.002 -0.004 -0.002 0.006 0.013

(0.008) (0.011) (0.008) (0.008) (0.009) (0.010)
Rainfall(t+1) 0.016∗∗∗ 0.013 0.013∗∗ 0.013∗∗ 0.008 0.018∗∗∗

(0.006) (0.008) (0.006) (0.006) (0.007) (0.006)
Log banks per capita 0.003 0.009∗∗∗ 0.004 0.003 0.002 0.001

(0.003) (0.002) (0.003) (0.002) (0.003) (0.002)
TEXP/GDP 0.054∗ 0.048 0.056∗ 0.066∗∗ 0.046 0.018

(0.031) (0.039) (0.032) (0.033) (0.033) (0.035)
Railway, 1909 0.036∗∗∗ 0.031∗∗∗ 0.034∗∗∗ 0.034∗∗∗ 0.038∗∗∗ 0.036∗∗∗

(0.009) (0.010) (0.009) (0.009) (0.010) (0.011)
Share Urban, 1931 0.046 0.050 0.034 0.046 0.031 0.056

(0.035) (0.045) (0.038) (0.035) (0.038) (0.044)
Coastal -0.000 0.001 0.000 0.003 0.004 0.002

(0.005) (0.006) (0.005) (0.005) (0.005) (0.005)
Princely state 0.018∗∗∗ 0.018∗∗∗ 0.017∗∗∗ 0.017∗∗∗ 0.018∗∗∗ 0.020∗∗∗

(0.005) (0.006) (0.005) (0.005) (0.005) (0.006)
F stat 12.698 14.189 10.316 12.679 13.565 16.819
Adjusted R2 0.600 0.536 0.571 0.604 0.594 0.671
Observations 198 198 198 197 199 199
Mean dependent variables 0.014 0.019 0.015 0.014 0.013 0.012

Notes:
Heteroskedasticity robust standard errors reported (* 0.10 ** 0.05 *** 0.01).
Regressions control for year and state fixed effects (not reported).
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Table 4.C2: Gender gap in education levels (age 16-64) and consumption expenditure growth
(OLS regression)

All Quintile1 Quintile2 Quintile3 Quintile4 Quintile5
RMPCE -0.096∗∗∗ -0.118∗∗∗ -0.095∗∗∗ -0.099∗∗∗ -0.099∗∗∗ -0.097∗∗∗

(0.013) (0.015) (0.013) (0.013) (0.014) (0.016)
Men’s primary educ. -0.038 -0.030 -0.010 -0.032 -0.050 -0.067

(0.042) (0.048) (0.042) (0.042) (0.044) (0.049)
Men’s high educ. 0.119∗ 0.180∗∗ 0.132∗∗ 0.134∗∗ 0.107 0.097

(0.064) (0.073) (0.063) (0.062) (0.067) (0.077)
Men’s tertiary educ. 0.141 -0.006 0.114 0.182 0.218 0.210

(0.164) (0.214) (0.165) (0.152) (0.168) (0.179)
Gender gap in primary educ. 0.019 -0.041 -0.002 0.022 0.043 0.034

(0.045) (0.058) (0.048) (0.047) (0.048) (0.053)
Gender gap in high educ. -0.184∗∗ -0.200∗∗ -0.181∗∗ -0.199∗∗∗ -0.195∗∗ -0.234∗∗

(0.076) (0.089) (0.077) (0.075) (0.083) (0.092)
Gender gap in tertiary educ. -0.210 -0.084 -0.174 -0.167 -0.285 -0.273

(0.187) (0.233) (0.196) (0.174) (0.192) (0.202)
Upward interval mobility 0.040 0.096 0.061 0.056 0.034 0.011

(0.049) (0.065) (0.046) (0.043) (0.047) (0.055)
Gini RMPCE -0.121∗∗∗ -0.143∗∗ -0.123∗∗ -0.114∗∗∗ -0.101∗∗ -0.167∗∗∗

(0.043) (0.067) (0.047) (0.043) (0.041) (0.046)
Share Age 16-64 0.169∗∗ 0.139∗ 0.098 0.128∗ 0.206∗∗∗ 0.312∗∗∗

(0.071) (0.083) (0.071) (0.068) (0.074) (0.086)
Share Urban 0.001 -0.019 -0.007 -0.017 -0.004 0.025

(0.025) (0.034) (0.026) (0.025) (0.027) (0.029)
Market access 0.007 0.002 -0.001 0.000 0.009 0.017∗

(0.009) (0.011) (0.008) (0.008) (0.009) (0.010)
Rainfall(t+1) 0.011∗ 0.013 0.013∗∗ 0.013∗∗ 0.008 0.018∗∗∗

(0.006) (0.008) (0.006) (0.006) (0.007) (0.006)
Log banks per capita 0.003 0.004 0.004 0.003 0.002 0.001

(0.002) (0.004) (0.003) (0.002) (0.002) (0.002)
TEXP/GDP 0.049 0.052 0.060∗ 0.068∗∗ 0.048 0.022

(0.034) (0.040) (0.033) (0.034) (0.035) (0.039)
Railway, 1909 0.038∗∗∗ 0.040∗∗∗ 0.037∗∗∗ 0.036∗∗∗ 0.041∗∗∗ 0.040∗∗∗

(0.009) (0.011) (0.009) (0.009) (0.010) (0.011)
Share Urban, 1931 0.037 0.044 0.033 0.047 0.033 0.055

(0.036) (0.044) (0.037) (0.034) (0.038) (0.043)
Coastal 0.001 0.001 -0.001 0.002 0.002 -0.000

(0.005) (0.006) (0.005) (0.005) (0.005) (0.005)
Princely state 0.018∗∗∗ 0.021∗∗∗ 0.017∗∗∗ 0.017∗∗∗ 0.018∗∗∗ 0.021∗∗∗

(0.005) (0.006) (0.005) (0.005) (0.006) (0.006)
F stat 12.914 10.233 10.585 12.929 13.945 18.226
Adjusted R2 0.595 0.532 0.583 0.617 0.616 0.691
Observations 199 199 198 197 199 199
Mean dependent variable 0.014 0.019 0.015 0.014 0.013 0.012

Notes:
Heteroskedasticity robust standard errors reported (* 0.10 ** 0.05 *** 0.01).
Regressions control for year and state fixed effects (not reported).
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Summary

Issues of sanitation, education and economic welfare are interrelated. This is especially true

in developing countries where the share of population without primary education and without

access to safe sanitation and drinking water facilities looms large as discussed in chapter 1.

An admittedly oversimplified framework describing the main linkages could be that access to

safe sanitation and water facilities at home and at school may contribute to better education

outcomes of children, which in turn may increase their future economic welfare. Of course,

feedback loops also run in the other directions. For example, current economic conditions

in the household affect whether parents can afford to send their children to school or install

safe sanitation facilities. Inequality of opportunities, especially in education, can cement the

socioeconomic divide between poor and rich households.

Public policies can help level the playing field by providing pro-poor programs that enable

households to make use of their basic human rights to primary education and to safe drinking

water and sanitation. Providing opportunities for the poor to also reach their full potential

fosters upward socioeconomic mobility in this group, which may have higher reaching benefits

for the whole society.

The previous three chapters dealt with quantifying some aspects of the framework outlined

above. Firstly, in chapter 2 we proposed a method to estimate the average treatment effect of

poverty reducing programs implemented at locations where they were expected to yield the

highest benefit. Secondly, in chapter 3 we discussed the impact of a large-scale water supply

and sanitation program on hygienic sanitation and safe drinking water use in Mozambique.
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Thirdly, chapter 4 skipped over to investigating society-wide benefits of higher socioeconomic

mobility in India. The main takeaways from each of these chapters are summarized below.

Chapter 2 considered the evaluation of social or development programs that are targeted at

groups most in need or where the expected benefits are the highest. Quantifying the

effectiveness of such programs is not straightforward because the program could have a

different impact on the target population that received the program compared to those that did

not. As a result of the selective enrollment in the program, the estimated treatment effect

calculated for the program beneficiaries may overestimate the impact of the program for the

group that is yet to participate in the program. However, information about the program’s

impact can help policymakers to evaluate the program’s efficiency and to decide whether to

continue or replicate the program among other eligible beneficiaries.

The key insight for estimating the average treatment effect for all eligible beneficiaries is

that the timing and placement of the intervention contain useful information about the

expected treatment effect even when the treatment effect heterogeneity is driven by

unobserved factors correlated with the intervention. We can exploit this information

summarized in the time-mean of the intervention variable: beneficiaries with a higher

expected treatment effect receive the intervention earlier, which results in a higher value for

the time-mean of the intervention variable for this group. This identification strategy requires

that we have at least three observations over time, that the intervention is gradually rolled out

at different beneficiaries between each of the follow-up surveys, and that the

beneficiary-specific treatment effect is constant over time. Under these conditions, we are able

to estimate the size of the population average of the treatment effect using small modifications

to the popular “fixed effects” estimation method used to calculate the difference-in-difference

estimator.

The use of this method was demonstrated in chapter 3 on evaluating the effectiveness of the

Community-Led Total Sanitation (CLTS) component of the One Million Initiative, which was

implemented in underdeveloped rural communities in Mozambique. Most of the population in

the program’s target area had no access to safe drinking water, had no sanitation facilities and

defecated in the open at the start of the program. The primary objective of the sanitation part

of the program was to get communities to build latrines for each household in the community

using locally available material.
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During the analysis, we found evidence that the intervention was implemented at locations

that were more likely to respond favorably to the program. This is quite reasonable given that

the communities’ willingness to participate in the program was key to its success. Communities

were confronted with the sanitation and hygienic condition of their environment, and given

guidance on how to take action and build latrines for themselves. No subsidies were provided

for the latrine construction.

The program increased latrine ownership by 17 percent or 8 percentage points (pp) on

average for the program participants. However, universally implementing the CLTS

intervention in the program area would not have resulted in a significant increase in latrine

ownership. At the same time, we found that the CLTS had a persistent and positive effect on

handwashing with soap or ash after defecation (65 percent or 11pp) and on the use of

improved water sources (15pp conditional on access). These effects are likely to have carried

over to other beneficiary groups if the program was implemented universally among the target

population.

Importantly, the program combined the sanitation intervention with a water supply

intervention at the community level in order to break all the main transmission pathways of

fecal contaminants, thereby reducing the disease burden on the population. While combining

the two interventions was envisioned to be more effective at improving health outcomes, in

chapter 3 we investigated their complementarity with respect to higher adoption rates of the

desired hygienic behaviors. We found that implementing the sanitation intervention together

with the water supply intervention increased the effectiveness of the former on the ownership

and use of toilet facilities (13pp) and handwashing (24pp) compared to implementing the

sanitation component alone. At the same time, the sanitation intervention increased the

effectiveness of the water supply intervention on the use of improved water sources (49pp).

Most of the latrines constructed as a result of the program were simple pit latrines, and

only 5 percent of the households in the intervention group owned latrines at the end of the

program that satisfy the requirements for safe sanitation. Hence, even though many households

progressed on the “sanitation ladder”, most households were still a long way from achieving

safe sanitation. This suggests that achieving safe sanitation and hygienic practices is a long

process. On the positive side, we found evidence that most households that adopted the desired

hygienic behavior stuck to it. Over 80 percent of them kept using a latrine or an improved water
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source 2-3 years later, while 60 percent of them still practiced handwashing with soap or ash

after defecation.

Chapter 4 turned the discussion toward the meso- and macro-level. It investigated how

intergenerational mobility in educational mobility developed over the three decades between

1983 and 2011 in India, and assessed how it contributed to the increase in higher education

and consumption expenditure growth observed during this period, differentiating between the

effects on the poor, the middle class and the rich.

Despite the many public policies and affirmative action programs aimed at increasing the

opportunities for socioeconomic progress among the poor and disadvantaged social groups, we

found no conclusive evidence that relative intergenerational mobility in educational attainment,

which measures the equality of opportunities among all socioeconomic groups, was improving

in India during the study period. However, literacy and higher education increased significantly

at all socioeconomic levels. For example, the share of young adult men between the age of 20

and 25 with at least high school education more than doubled from 23 percent in 1983 to 55

percent in 2011. A large part of the gains in educational attainment occurred among the most

disadvantaged socioeconomic groups with illiterate fathers.

The data showed a large degree of variation in educational attainment, socioeconomic

mobility and their change over time between states. This helped us estimate the effect of

intergenerational mobility on socioeconomic outcomes. We found evidence that higher

intergenerational mobility positively affected the growth rate of high school graduates among

young adult men aged 20–25 years, as well as, consumption expenditure growth in the bottom

half of the socioeconomic distribution. The effect of mobility was more pronounced for poorer

socioeconomic groups.

All the analysis in chapter 4 focused on the intergenerational mobility of young adult men

due to data availability. However, our robustness tests for the determinants of consumption

expenditure growth suggested that the gender gap among high school graduates hampers

economic growth.

Overall, our results suggest that policies aimed at improving socioeconomic mobility not

only improve the socioeconomic position of disadvantaged groups, thereby decreasing

inequality, but they also have a beneficial effect on the performance of the economy.



Bibliography

Acemoglu, D., Gallego, F. A., and Robinson, J. A. (2014). Institutions, human capital, and

development. Annual Review of Economics, 6(1):875–912.

Adukia, A. (2017). Sanitation and education. American Economic Journal: Applied

Economics, 9(2):23–59.

Allen, T. and Atkin, D. (2016). Volatility and the gains from trade. NBER Working Paper, (No.

22276).

Altonji, J. G., Elder, T. E., and Taber, C. R. (2005). Selection on observed and unobserved

variables: Assessing the effectiveness of catholic schools. Journal of Political Economy,

113(1):151–184.

Alzúa, M. L., Djebbari, H., and Pickering, A. J. (2020). A community-based program promotes

sanitation. Economic Development and Cultural Change, 68(2):357–390.

Asher, S., Novosad, P., and Rafkin, C. (2018). Intergenerational mobility in india: Estimates

from new methods and administrative data. Mimeo.

Azam, M. and Bhatt, V. (2015). Like father, like son? intergenerational educational mobility

in india. Demography, 52(6):1929–1959.

Banerjee, A., Duflo, E., Glennerster, R., and Kinnan, C. (2015). The miracle of microfinance?

evidence from a randomized evaluation. American Economic Journal: Applied Economics,

7(1):22–53.

Bauchet, J., Marshall, C., Starita, L., Thomas, J., and Yalouris, A. (2011). Latest findings from

randomized evaluations of microfinance. World Bank.

219



220 BIBLIOGRAPHY

Bjorklund, A. and Jantti, M. (1997). Intergenerational income mobility in sweden compared to

the united states. American Economic Review, 87:1009–1018.

Bongartz, P., Vernon, N., and Fox, J. (2016). Sustainable sanitation for all: experiences,

challenges and innovations. Practical Action.

Bosworth, B., Collins, S. M., and Virmani, A. (2007). Sources of growth in the indian economy.

NBER Working Paper, (No. 12901).

Cairncross, S., Hunt, C., Boisson, S., Bostoen, K., Curtis, V., Fung, I. C., and Schmidt, W.-P.

(2010). Water, sanitation and hygiene for the prevention of diarrhoea. International Journal

of Epidemiology, 39(suppl_1):i193–i205.

Calvi, R., Mantovanelli, F., and Hoehn-Velasco, L. (2019). The protestant legacy: Missions

and human capital in india. Mimeo.

Cameron, L., Olivia, S., and Shah, M. (2019). Scaling up sanitation: evidence from an rct in

indonesia. Journal of Development Economics, 138:1–16.

Cassan, G. (2019). Affirmative action, education and gender: Evidence from india. Journal of

Development Economics, 136:51–70.

Castelló-Climent, A., Chaudhary, L., and Mukhopadhyay, A. (2018). Higher education and

prosperity: From catholic missionaries to luminosity in india. The Economic Journal,

128(616):3039–3075.

Castelló-Climent, A. and Mukhopadhyay, A. (2013). Mass education or a minority well

educated elite in the process of growth: The case of india. Journal of Development

Economics, 105:303–320.

Chamberlain, G. (1980). Analysis of Covariance with Qualitative Data. The Review of

Economic Studies, 47(1):225–238.

Chamberlain, G. (1982). Multivariate Regression Models for Panel Data. Journal of

Econometrics, 1:5–46.

Chamberlain, G. (1984). Panel Data. Handbook of Econometrics, Volume 2:1248–1318.



BIBLIOGRAPHY 221

Chassang, S., Padró I. Miquel, G., and Snowberg, E. (2012). Selective trials: A principal-agent

approach to randomized controlled experiments. American Economic Review, 102(4):1279–

1309.

Chetty, R., Hendren, N., Kline, P., and Saez, E. (2014). Where is the land of opportunity?

the geography of intergenerational mobility in the united states. The Quarterly Journal of

Economics, 129:1553–1623.

Clasen, T., Boisson, S., Routray, P., Torondel, B., Bell, M., Cumming, O., Ensink, J.,

Freeman, M., Jenkins, M., Odagiri, M., Ray, S., Sinha, A., Suar, M., and Schmidt, W.-P.

(2014). Effectiveness of a rural sanitation programme on diarrhoea, soil-transmitted helminth

infection, and child malnutrition in Odisha, India: a cluster-randomised trial. The Lancet

Global Health, 2(11):e645–e653.

Corak, M. (2013). Income inequality, equality of opportunity, and intergenerational mobility.

The Journal of Economic Perspectives, 27:79–102.

Corak, M. (2019). The canadian geography of intergenerational mobility. The Economic

Journal, forthcoming.

Crocker, J., Saywell, D., and Bartram, J. (2017). Sustainability of community-led total

sanitation outcomes: Evidence from ethiopia and ghana. International Journal of Hygiene

and Environmental Health, 220(3):551–557.

Cumming, O., Arnold, B. F., Ban, R., Clasen, T., Mills, J. E., Freeman, M. C., Gordon, B.,

Guiteras, R., Howard, G., and Hunter, P. R. (2019). The implications of three major new

trials for the effect of water, sanitation and hygiene on childhood diarrhea and stunting: a

consensus statement. BMC medicine, 17(1):1–9.

Datt, G. and Ravallion, M. (2011). Has india’s economic growth become more pro-poor in the

wake of economic reforms? The World Bank Economic Review, 25(2):157–189.

Datt, G., Ravallion, M., and Murgai, R. (2020). Poverty and growth in india over six decades.

American Journal of Agricultural Economics, 102(1):4–27.

Deaton, A. (2003). Adjusted indian poverty estimates for 1999-2000. Economic and Political

Weekly, 38(4):322–326.



222 BIBLIOGRAPHY

Deaton, A. (2010). Instruments, Randomization, and Learning about Development. Journal of

Economic Literature, 48(June):424–455.

Deaton, A. (2020). Randomization in the tropics revisited: a theme and eleven variations. In

Florent Bédécarrats, Isabelle Guérin, F. R., editor, Randomized controlled trials in the field

of development: a critical perspective. Oxford University Press.

Deaton, A. and Tarozzi, A. (1999). Prices and Poverty in India. Mimeo.

Desai, S. and Kulkarni, V. (2008). Changing educational inequalities in india in the context of

affirmative action. Demography, 45(2):245–270.

Duflo, E. and Banerjee, A. (2011). Poor economics. PublicAffairs.

Duflo, E., Greenstone, M., Guiteras, R., and Clasen, T. (2015). Toilets can work: Short and

medium run health impacts of addressing complementarities and externalities in water and

sanitation. NBER Working Paper, (No. 21521).

Duflo, E., Hanna, R., and Ryan, S. P. (2012). Incentives work: Getting teachers to come to

school. American Economic Review, 102(4):1241–78.

Elbers, C., Godfrey, S., Gunning, J. W., van der Velden, M., and Vigh, M. (2012). Effectiveness

of large scale water and sanitation interventions: The one million initiative in mozambique.

Tinbergen Institute Discussion Paper, (12-069/2).

Elbers, C. and Gunning, J. W. (2014). Evaluation of Development Programs: Randomized

Controlled Trials or Regressions? World Bank Economic Review, 28:432–445.

Fewtrell, L., Kaufmann, R. B., Kay, D., Enanoria, W., Haller, L., and Colford Jr., J. M. (2005).

Water, sanitation, and hygiene interventions to reduce diarrhoea in less developed countries:

a systematic review and meta-analysis. The Lancet Infectious Diseases, 5(1):42–52.

Fields, G. S. and Ok, E. A. (1999). The measurement of income mobility: an introduction

to the literature. In Silber, J., editor, Handbook of Income Inequality Measurement, pages

557–598. Springer.

Fulford, S. (2014). Returns to education in india. World Development, 59:434–450.



BIBLIOGRAPHY 223

Gallego, F. A. and Woodberry, R. (2010). Christian missionaries and education in former

african colonies: How competition mattered. Journal of African Economies, 19(3):294–329.

Garn, J. V., Sclar, G. D., Freeman, M. C., Penakalapati, G., Alexander, K. T., Brooks, P.,

Rehfuess, E. A., Boisson, S., Medlicott, K. O., and Clasen, T. F. (2017). The impact of

sanitation interventions on latrine coverage and latrine use: A systematic review and meta-

analysis. International Journal of Hygiene and Environmental Health, 220(2):329–340.

Gertler, P., Shah, M., Alzúa, M. L., Cameron, L., Martinez, S., and Patil, S. (2015). How does

health promotion work? evidence from the dirty business of eliminating open defecation.

NBER Working Paper, (No. 20997).

Godfrey, A. (2009). Preliminary Documentation and Evaluation of the Sanitation Component

of the ’One Million Initiative’ in Mozambique. Technical report.

Guiteras, R., Levinsohn, J., and Mobarak, A. M. (2015). Encouraging sanitation investment in

the developing world: a cluster-randomized trial. Science, 348(6237):903–906.

Heckman, J. (1997). Instrumental variables: A study of implicit behavioral assumptions used

in making program evaluations. The Journal of Human Resources, 32(3):441–462.

Heckman, J. J., Urzua, S., and Vytlacil, E. (2006). Understanding Instrumental Variables

in Models with Essential Heterogeneity. The Review of Economics and Statistics,

88(August):389–432.

Hertz, T., Jayasundera, T., Piraino, P., Selcuk, S., Smith, N., and Verashchagina, A. (2007). The

inheritance of educational inequality: International comparisons and fifty-year trends. The

B.E. Journal of Economic Analysis and Policy, 7:1–48.

Hirano, K. and Imbens, G. W. (2001). Estimation of causal effects using propensity score

weighting: An application to data on right heart catheterization. Health Services and

Outcomes Research Methodology, 2(3):259–278.

INE (1997). Mozambique Population and Housing Census. Technical report, National Statistics

Institute, Mozambique.

INE (2007). Mozambique Population and Housing Census. Technical report, National Statistics

Institute, Mozambique.



224 BIBLIOGRAPHY

IOB (2011). More than Water. Impact Evaluation of drinking water supply and sanitation

interventions in rural Mozambique. Technical report, Policy and Operations Evaluation

Department of the Netherlands Ministry of Foreign Affairs.

Kar, K. and Chambers, R. (2008). Handbook on Community-Led Total Sanitation. Plan,

London and IDS, Brighthon (Sussex).

Karlan, D. and Valdivia, M. (2011). Teaching entrepreneurship: Impact of business training on

microfinance clients and institutions. Review of Economics and Statistics, 93(2):510–527.

Kremer, M., Brannen, C., and Glennerster, R. (2013). The challenge of education and learning

in the developing world. Science, 340(6130):297–300.

Kremer, M., Chaudhury, N., Rogers, F. H., Muralidharan, K., and Hammer, J. (2005). Teacher

absence in india: A snapshot. Journal of the European Economic Association, 3(2-3):658–

667.

Kremer, M. and Holla, A. (2009). Improving education in the developing world: what have we

learned from randomized evaluations? Annual Review of Economics, 1(1):513–542.

Kremer, M., Leino, J., Miguel, E., and Zwane, A. P. (2011). Spring cleaning: Rural water

impacts, valuation, and property rights institutions. The Quarterly Journal of Economics,

126(1):145–205.

Lanjouw, P. and Murgai, R. (2009). Poverty decline, agricultural wages, and non-farm

employment in india: 1983–2004. Agricultural Economics, 40:243–263.

Lee, C.-I. and Solon, G. (2009). Trends in intergenerational income mobility. Review of

Economics and Statistics, 91:766–772.

Minasyan, A., Zenker, J., Klasen, S., and Vollmer, S. (2019). Educational gender gaps and

economic growth: A systematic review and meta-regression analysis. World Development,

122:199–217.

Mundlak, Y. (1978). On the Pooling of Time Series and Cross Section Data. Econometrica,

46:69–85.



BIBLIOGRAPHY 225

Narayan, A., Van der Weide, R., Cojocaru, A., Lakner, C., Redaelli, S., Gerszon Mahler, D.,

Ramasubbaiah, R. G. N., and Thewissen, S. (2018). Fair Progress?: Economic Mobility

across Generations around the World. The World Bank.

Neidhöfer, G., Serrano, J., and Gasparini, L. (2018). Educational inequality and

intergenerational mobility in latin america: A new database. Journal of Development

Economics, 134:329–349.

Nickell, S. (1981). Biases in dynamic models with fixed effects. Econometrica, 49(6):1417–

1426.

NSO, M. and International, M. (2010). Malawi Demographic and Health Survey. National

Statistical Office, Malawi.

NSSO (1983). National Sample Survey of India, 38th round.

NSSO (1988). National Sample Survey of India, 43th round.

NSSO (1994). National Sample Survey of India, 50th round.

NSSO (2000). National Sample Survey of India, 55th round.

NSSO (2005). National Sample Survey of India, 61st round.

NSSO (2012). National Sample Survey of India, 68th round.

Nunn, N. (2014). Historical development. In Aghion, P. and Durlauf, S. N., editors, Handbook

of Economic Growth, volume 2, pages 347–402. Elsevier.

Patil, S. R., Arnold, B. F., Salvatore, A. L., Briceno, B., Ganguly, S., Colford Jr., J. M., and

Gertler, P. J. (2014). The effect of india’s total sanitation campaign on defecation behaviors

and child health in rural madhya pradesh: a cluster randomized controlled trial. PLoS

medicine, 11(8).

Pattanayak, S. K., Yang, J.-C., Dickinson, K. L., Poulos, C., Patil, S. R., Mallick, R. K.,

Blitstein, J. L., and Praharaj, P. (2009). Shame or subsidy revisited: social mobilization

for sanitation in Orissa, India. Bulletin of the World Health Organization, 87(8):580–587.



226 BIBLIOGRAPHY

Pickering, A. J., Djebbari, H., Lopez, C., Coulibaly, M., and Alzúa, M. L. (2015). Effect of a

community-led sanitation intervention on child diarrhoea and child growth in rural Mali: a

cluster-randomised controlled trial. The Lancet Global Health, 3(11):701–711.

Pritchett, L. and Sandefur, J. (2013). Context matters for size: why external validity claims and

development practice do not mix. Journal of Globalization and Development, 4(2):161–197.

Ravallion, M. et al. (2018). Should the randomistas (continue to) rule. Center for Global

Development Working Paper, 492.

RBI (1998). Banking statistics 1972–1995.

RBI (2000). Statistical tables relating to banks in india 1999–2000.

RBI (2005). Statistical tables relating to banks in india 2004–2005.

RBI (2012). Statistical tables relating to banks in india 2011–2012.

Roemer, J. E. (1998). Equality of opportunity. Harvard University Press.

Rosenzweig, M. R. and Wolpin, K. I. (2000). Natural" natural experiments" in economics.

Journal of Economic Literature, 38(4):827–874.

Schmidt, W.-P. (2014). The elusive effect of water and sanitation on the global burden of

disease. Tropical Medicine & International Health, 19(5):522–527.

Self, S. and Grabowski, R. (2004). Does education at all levels cause growth? india, a case

study. Economics of Education Review, 23(1):47–55.

Suri, T. (2011). Selection and comparative advantage in technology adoption. Econometrica,

79:159–209.

Todd, P. E. and Wolpin, K. I. (2010). Structural estimation and policy evaluation in developing

countries. Annual Review of Economics, 2(1):21–50.

UNICEF (2013). Evaluation of the WASH Sector Strategy ’Community Approaches to Total

Sanitation’ (CATS). Mozambique - Country visit report. Technical report.

UNICEF (2014a). Evaluation of the WASH Sector Strategy ’Community Approaches to Total

Sanitation’ (CATS) Final Evaluation Report. Technical report.



BIBLIOGRAPHY 227

UNICEF (2014b). One Million Inititiative. Final report. Technical report. SC060665.

Van der Weide, R. and Milanovic, B. (2018). Inequality is bad for growth of the poor (but not

for that of the rich). The World Bank Economic Review, 32(3):507–530.

Vigh, M. and Elbers, C. (2017). Picking winners: Measuring the effectiveness of selectively

placed policy interventions. TI Discussion Paper Series, (110/V).

Vivalt, E. (2015). Heterogeneous Treatment Effects in Impact Evaluation. American Economic

Review, 105(5):467–470.

Waddington, H., Snilstveit, B., White, H., and Fewtrell, L. (2009). Water, sanitation

and hygiene interventions to combat childhood diarrhoea in developing countries. The

International Initiative for Impact Evaluation (3ie), (August):1–3.

WE Consult (2009). Baseline survey final report: a WASH baseline survey under the NL-

UNICEF partnership for WASH. Technical report.

Whaley, L. and Webster, J. (2011). The effectiveness and sustainability of two demand-driven

sanitation and hygiene approaches in zimbabwe. Journal of Water Sanitation and Hygiene

for Development, 1(1):20–36.

WHO (2019). Sanitation fact sheet. Technical report, World Health Organization.

WHO and UNICEF (2012). Progress on drinking water and sanitation: Joint monitoring

programme update 2012. Technical report, World Health Organization.

WHO and UNICEF (2015). Progress on sanitation and drinking water: 2015 update and mdg

assessment. Technical report, World Health Organization.

Wooldridge, J. M. (2005). Fixed-effects and related estimators for correlated random-

coefficient and treatment-effect panel data models. The Review of Economics and Statistics,

87(2):385–390.

Wooldridge, J. M. (2019). Correlated random effects models with unbalanced panels. Journal

of Econometrics, 211(1):137–150.

World Bank (2018). India Systematic Country Diagnostic: Realizing the promise of prosperity.

World Bank Group.





The Tinbergen Institute is the Institute for Economic Research, which was founded in 1987 by

the Faculties of Economics and Econometrics of the Erasmus University Rotterdam, University

of Amsterdam and VU University Amsterdam. The Institute is named after the late Professor

Jan Tinbergen, Dutch Nobel Prize laureate in economics in 1969. The Tinbergen Institute is

located in Amsterdam and Rotterdam. The following books recently appeared in the Tinbergen

Institute Research Series:

716 D. NIBBERING, The Gains from Dimensionality

717 V. HOORNWEG, A Tradeoff in Econometrics

718 S. KUCINSKAS, Essays in Financial Economics

719 O. FURTUNA, Fiscal Austerity and Risk Sharing in Advanced Economies

720 E. JAKUCIONYTE, The Macroeconomic Consequences of Carry Trade Gone

Wrong and Borrower Protection

721 M. LI, Essays on Time Series Models with Unobserved Components and Their

Applications
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