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Abstract 

Health and education are important determinants of economic success and 

general wellbeing both at the individual and macro levels. Yet individuals often do not 

appear to invest in these forms of human capital at levels commensurate with their 

importance. This is especially true in developing countries such as Bangladesh. This 

dissertation investigates interventions that have been taken to increase investment in 

health at the household level and education at the student level using the randomized 

controlled trial (RCT) design and presents simulations and recommendations for future 

RCTs. An intervention designed to change students’ beliefs about the malleability of 

their own intelligence is shown to be a cost-effective tool for increasing learning. A novel 

intervention for handwashing is shown to be effective, while other novel methods 

backed by theory such as chlorine dispensers and disgust-based behavior change 

messaging are not. An optimal algorithm for assigning subjects to treatment that was 

developed by Atkinson (1982) is coded, field tested and simulations are provided to 

show the practically significant gains it can provide. 
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Introduction 

Health and education are important determinants of economic success and 

general wellbeing both at the individual and macro levels, yet individuals often do not 

appear to invest in these forms of human capital at levels commensurate with their 

importance. This is especially true in developing countries such as Bangladesh where 

such investment would be particularly valuable. This dissertation investigates 

interventions that have been taken to increase education at the student level and 

investment in health at the household level using the randomized controlled trial (RCT) 

design and presents simulations and recommendations for future RCTs. An intervention 

designed to change students’ beliefs about the malleability of their own intelligence is 

shown to be a cost-effective tool for increasing learning. A novel intervention for 

handwashing is shown to be effective, while other novel methods backed by theory such 

as chlorine dispensers and disgust-based behavior change messaging are not. An 

optimal algorithm for assigning subjects to treatment that was developed by Atkinson 

(1982) is coded, field tested and simulations are provided to show the practically 

significant gains it can provide. 

The work on health interventions was done in collaboration with Raymond P. 

Guiteras of North Carolina State University, David I. Levine of UC Berkeley Haas, 

Stephen P. Luby of Stanford, and Kaniz Khatun-e-Jannat and Leanne Unicomb of the 

International Centre for Diarrhoeal Disease Research, Bangladesh. Levine secured 
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funding for his idea to test the impact of disgust and shame based messaging on safe 

water and hygiene behaviors. Guiteras brought funding and the idea to measure 

willingness to pay for chlorine dispensers. I worked with Levine, Guiteras and Jannat to 

develop these ideas into an experimental design with additional research questions such 

as the test of the soapy water bottle. I worked with Jannat to manage the implementation 

of the experiment in Dhaka, and worked on preparing data for analyses. Guiteras 

conducted most of the analyses. I assisted in writing up the manuscript. Our manuscript 

was published in the Journal of the Association of Environmental and Resource 

Economists (2016). 

The work on optimal sequential allocation algorithms was done in collaboration 

with Raymond P. Guiteras of North Carolina State University, David I. Levine of UC 

Berkeley Haas. Guiteras had the idea to implement Atkinson’s optimal algorithm and 

write a note on it. I worked with Guiteras to code the algorithm for implementation and 

I wrote code to run simulations to compare Atkinson’s method to others commonly 

used. I assisted Guiteras in writing the manuscript. Our manuscript was published in 

the journal, Development Engineering (2016). 
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1. Chapter 1 – Believing is Achieving: Targeting Beliefs 
about Intelligence to Increase Learning in Bangladeshi 
Secondary Schools 

Growth mindset interventions attempt to increase the perceived returns to effort 

by teaching students that the brain physically grows more powerful while we study. 

Such interventions have been shown to increase learning in the United States, especially 

among vulnerable populations, but their mechanisms are not thoroughly understood 

and they’ve yet to be tested in a developing country setting. I evaluate the impact of a 

growth mindset intervention in secondary schools in Dhaka using a field experiment 

designed to isolate the central claim in the literature that the intervention’s impacts are 

due to changing students’ beliefs about the malleability of intelligence. I do this by 

including a placebo arm that includes all of the same messaging on the returns to effort 

but makes no comment on whether the brain actually changes when we learn. I find the 

intervention increases test scores by 0.12 std. dev. on average and that the impact is 

heterogeneous across initial effort and gender, with the hardest working students at 

baseline receiving no impact and with a larger impact on girls than boys. Furthermore I 

find growth mindset significantly outperforms the placebo and I cannot reject that the 

placebo had no effect, corroborating theory. 

1.1 Introduction 

Student effort is a key input to the education production function (Bishop, 2006; 

R. Stinebrickner & Stinebrickner, 2008) yet our understanding of its determinants is 
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limited. We have evidence that student effort responds to incentives (monetary and non-

monetary) (Barrow & Rouse, 2013; Fryer Jr, 2017; Hirshleifer & others, 2015; Levitt, List, 

& Sadoff, 2016), but what factors matter conditional on a set of incentives is less clear. 

Take the analogy of a firm, inputs are chosen to maximize profits and proper 

optimization requires knowledge not only of the incentive to sell (the sale price), but 

also of the production function and input prices. Similarly, a simple economic model of 

the student’s effort decision would include beliefs about the learning production 

function and some cost to effort, but here is where the empirical work is thin. We know 

little about how students’ beliefs about their own learning production functions impact 

their decisions. Interventions that change students’ beliefs about their productivity have 

shown impacts in both directions (Bandiera, Larcinese, & Rasul, 2015; Ersoy, 2017; 

Krohn & O'Connor, 2005; T. Stinebrickner & Stinebrickner, 2012), and there are other 

elements to the learning production function that have not been explored in economics, 

such as the role of perceived intelligence.  

Psychologists have posited that beliefs about the way intelligence factors into the 

learning production function are an important determinant of student effort(Dweck, 

2013; Dweck, Chiu, & Hong, 1995). Specifically, believing intelligence to be a function of 

past effort, as opposed to fixed or pre-ordained, is thought to result in greater, or more 

effective effort and a tendency to sustain effort in times of challenge. They designed the 

growth mindset intervention to target these beliefs; programs as short as 45 minutes 
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teach about the plasticity of the brain and how this implies that our effort today can 

increase our intelligence in the future (Blackwell, Trzesniewski, & Dweck, 2007). 

Multiple randomized trials in United States the have shown the intervention to increase 

effort and learning (Aronson, Fried, & Good, 2002; Blackwell et al., 2007; Fabert, 2014; 

Good, Aronson, & Inzlicht, 2003; Outes, 2017; Paunesku et al., 2015; Rienzo, Rolfe, & 

Wilkinson, 2015; David Scott Yeager et al., 2014; David S. Yeager et al., 2016). However, 

the interventions often include additional messaging on the value of effort and strategies 

for coping with challenge so it is possible that changing beliefs about the relationship 

between intelligence and effort is not what’s causing the observed effects. 

If it is the case that growth mindset interventions work through the additional 

messaging on the value of effort, then they are theoretically similar to a positive 

performance feedback shock: if successful, they increase the student’s perceived 

marginal product of effort (MPE). Given that theory and the empirical literature show 

such a shock can increase or decrease effort, we’d expect to find a growth mindset 

intervention causing reduced performance for some. However if psychologists are right 

that growth mindset successfully changes beliefs about intelligence and that this is the 

driving mechanism, then the finding is distinct from previous work in economics. In this 

case students may or may not change their beliefs about the MPE today, but they will 

believe that greater effort today can increase the MPE in the future. This information 

could have the additional impact of increasing a student’s sense of agency since it 
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implies that future ability is a function of their choices today. It is argued that personal 

agency (or locus of control) may be an important predictor of achievement in school 

(Almlund, Duckworth, Heckman, & Kautz, 2011; Heckman & Kautz, 2013; Rotter, 1966). 

Furthermore, Ersoy (2017) finds that it is a college student’s sense of personal agency or 

locus of control that explains whether they react positively or negatively to a perceived 

productivity shock1. Thus, an intervention that promotes an internal locus of control and 

increases the perceived MPE may more consistently result in increased effort. These 

differences may explain why growth mindset interventions have had consistently non-

negative impacts on learning in contrast to interventions that target only perceived MPE 

which have moved outcomes in both directions. Despite the different implications of 

these two possible explanations, to my knowledge, no prior study on growth mindset 

has disentangled the impacts of the messaging on beliefs about intelligence from that on 

the general value of effort.  

In this paper I seek to expand our understanding of the determinants of student 

effort in economics and test the claim in psychology that growth mindset works by 

changing beliefs about intelligence with evidence from a randomized-controlled trial 

                                                     

1 Those with a greater sense of agency (internal locus of control) intend to increase (decrease) their effort 

when perceived productivity increases (decreases) whereas those with an external locus of control may shift 

in the opposite direction. 
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(RCT) in secondary schools of Dhaka, Bangladesh2. Roughly 1000 students from grades 

6, 7 and 8 in two large, government-curriculum schools were assigned to one of three 

groups: control, growth mindset, or growth mindset without beliefs about intelligence 

('no-plasticity' hereafter). Students in the growth mindset group received a standard 

growth mindset intervention, modeled after those done in the US. This consisted of four 

weekly 1-hour sessions designed to teach students that the brain physically grows 

stronger while we learn, and that the quantity and quality of our effort today is the key 

to our success. Those in the no-plasticity group received the same messaging on the 

importance of effort, but instead of learning about plasticity they learned about how 

information is filtered through different parts of the brain before arriving in our long-

term memory. The two neuroscience lessons were designed to yield the same take-away 

lessons for learning, while maintaining the key distinction, that the no-plasticity group 

made no comment on whether the brain could change. This design allows me to 

measure the overall impact of the growth mindset intervention and to test whether the 

inclusion of the “beliefs about intelligence” material has a significant impact over the 

rest.  

I find students in the growth mindset group were twice as likely as those in the 

control to be mentioned by teachers as having increased effort in the second semester 

                                                     

2 While previous work has shown growth mindset to be most effective among vulnerable populations, this 

is one of only two papers I am aware of to test the intervention in a developing country, the other is an 

ongoing pilot in Peru (Outes, 2017). 



 

8 

(post-intervention). The no-plasticity group showed a slight increase, however it was not 

statistically significant. On other measures of effort—self-reported effort ranking, 

reported study hours, friend’s report of effort ranking—I find no effect. It is possible that 

students only increased the quality of their effort, and not the quantity, however time 

use data is notoriously noisy and effort rankings are subject to updating based on 

shifting peer effort so I am not equipped to draw a strict conclusion here.  

My primary measure of learning is a set of six monthly, math quiz scores (3 pre, 

3 post-intervention) that were written and graded by the research team. I find the 

growth mindset intervention increased scores by 0.12 standard deviations ($\sigma$ 

hereafter) on average and evidence that the effect size varies by effort starting point and 

gender. There is no effect for those who state they are “one of the hardest working” or 

who report study hours in the top quintile at baseline, consistent with a theory of 

diminishing marginal returns to effort. The effect on girls is more than 0.1 std. dev. 

greater than for boys at 0.18 std. dev. in line with previous work that has shown growth 

mindset to be more effective for marginalized groups that perform lower on average. 

While these effect sizes are on the small to medium end of those reported in the 

development literature, the cost per student is roughly $1 per 0.1 std. dev. on par with 

the most cost-effective interventions listed in a recent review (Glewwe & Muralidharan, 

2016). If the intervention were properly targeted to those for whom the impact is largest 
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the cost could drop to less than half of the most cost effective previously listed 

interventions.  

The most surprising result is in comparing the growth mindset intervention to 

the no-plasticity group: while I cannot detect a difference between the two (or reject the 

null for the no-plasticity group) in the full sample, if I examine the difference within 

groups where growth mindset had an unambiguous effect (girls and those not in the top 

effort quintile), I see the standard growth mindset intervention significantly 

outperformed the no-plasticity group with the no-plasticity group having close to zero 

effect. This is remarkable since the interventions were identical on 3 out of the 4 days, 

and the take-away lessons on the day they differed were the same. Evidence from the 

survey data shows that growth mindset may have caused students to form more 

accurate beliefs about their current preparedness, reducing over-estimation, which may 

have contributed to motivating additional effort. At least one previous growth mindset 

study found a similar effect on overconfidence (Ehrlinger, Mitchum, & Dweck, 2016). 

The no-plasticity group had no effect on beliefs. I find no impact on beliefs about the 

returns to effort from either group, however these were noisy measures.  

The primary contribution of this paper to the economics literature is the 

demonstration that subtly different beliefs about the nature of the learning production 

function (in this case, whether intelligence factors in dynamically or not) can have 

practically significant impacts on a student’s behavior and learning. Furthermore, these 
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beliefs are manipulable and, combining my findings with previous work on growth 

mindset in schools, manipulation appears to cause relatively consistent effects across a 

variety of settings.  

These findings appear closely related to new and growing literature on 

aspirations. Defined as the future opportunity set an individual considers attainable, 

there is evidence that aspirations can be increased simply by screening videos with role 

models from similar backgrounds who have attained success in some way, and that 

increasing aspirations can lead to a host of welfare improving behaviors (Genicot & Ray, 

2017; Tanguy, Dercon, Orkin, & Taffesse, 2014). A recent study showed that increasing 

aspirations of secondary school students in Uganda in this way increased test scores by a 

magnitude similar to that found in my study, and that this effect was larger for girls 

than for boys, as in my study (Riley & others, 2017). This is not entirely surprising given 

the growth mindset intervention teaches that effort today can increase ability in the 

future, since greater future ability implies a greater set of opportunities, growth mindset 

may have the effect of increasing aspirations.  

Also related is the literature which examines the role of perceived monetary and 

non-monetary returns to schooling in educational investment decisions (Avitabile & De 

Hoyos, 2018; Fryer Jr, 2017; Hastings, Neilson, & Zimmerman, 2015; Jensen, 2010; 

Nguyen, 2008; Wiswall & Zafar, 2014). Interventions studied in these papers are similar 

to growth mindset in that they provide information that changes the perceived returns 
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to investment in education. However they accomplish this by changing the perceived 

returns to learning (eg. an additional year of schooling provides an additional unit of 

human capital and that additional unit is worth more on the labor market than you 

thought). Growth mindset interventions affect the perceived returns to the investment 

itself (effort) on learning (eg. an additional year of schooling, assuming you apply 

yourself over this year, will provide you with more units of human capital than you 

thought). Importantly, I find an increase in learning, while the papers from this 

literature that are set in developing countries do not. As with incentives, it may be that 

this is because it is more effective to target inputs directly than to target outputs.   

The rest of this paper is structured as follows: section 2 explains the setting and 

study design, section 3 presents the results on effort and learning, section 4 discusses 

mechanisms, section 5 considers cost-effectiveness and policy implications, section 6 

concludes. 

1.2 Setting and Study Design 

1.2.1 Sample Selection 

The experiment was conducted in Dhaka, Bangladesh for a number of reasons: 1) 

Growth mindset interventions have the potential to be a cost effective way to increase 

learning in developing countries but at the start of my study, there had been no test 

outside the developed world; 2) Bangladesh’s education trends follow those observed in 

the developing world more broadly (enrollment up, learning still lags) making it a 
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relevant test case; 3) Cultural norms specific to south Asia may promote more of a fixed 

mindset in comparison with the US (where most prior experiments were run), thus a 

greater change in beliefs may be possible, potentially leading to a greater change in 

effort and learning; 4) A pilot survey before the study showed that belief in a malleable 

theory of intelligence was correlated with performance in school, the same trend found 

in the US that motivated the original interventions; 5) Transportation costs made rural 

field sites infeasible given budget constraints; 6) The author’s prior field work in 

Bangladesh ensured that running a study there would be logistically feasible.   

Secondary school was chosen for three reasons: 1) The growth mindset 

intervention was originally designed for middle school students in the United States as 

middle school was shown to be a turning point in student’s academic trajectories, 

especially in STEM fields. Students who fell behind in STEM courses in middle school 

typically were not able to catch up later on; 2) Secondary school is a similar turning 

point in Bangladesh. Performance  on the Junior School Certificate exam taken at the end 

of grade 8 determines the track students take from level 9 onwards (Science, Business or 

Humanities); 3) Much of the research on improving education in developing countries 

has been conducted in primary school, more research is needed to understand how to 

improve post-primary education. 

While it was not feasible to choose a representative sample given that budget 

constraints limited me to randomizing at the student level within two to three schools, I 
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attempted to select schools that were typical and contained students from the largest 

income bracket. My search criteria were: government curriculum, Bengali medium, and 

medium sized (120 to 240 students per grade level). I used the vast network of my 

implementing partner, Innovations for Poverty Action, Bangladesh to identify a list of 15 

schools that met this criteria and set up meetings with their headmasters. The majority 

of headmasters were willing to participate but some were very difficult to communicate 

with (not always returning calls). For this reason we narrowed the list to five schools 

whose administrators seemed responsible and enthusiastic enough to make 

coordinating the study feasible. From these five schools three were chosen for the study 

and two were selected to act as back-ups in case a school dropped out. The back-ups 

were slightly less conveniently sized, one was small (90 students per grade), the other 

large (~300 per grade). One of the three schools was dropped from the study after the 

second month when our contact person went on maternity leave and her replacement 

failed to take up her responsibilities. After updating power calculations I determined it 

was not necessary to use a back-up school.  

The two schools that participated were University Laboratory School (ULAB) in 

Shahbag neighborhood and Hazrat Shah Ali Model School (HSAM) in Mirpur 

neighborhood. ULAB has 120 students per grade level and is coed. HSAM has 240 

students per grade level and is single-sex, dividing boys and girls into two separate 

shifts (girls come in the morning and boys in the afternoon) so class sizes are roughly the 
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same in both schools. Mean income rank is the same for both schools, both have 95% of 

students in low to middle income families; ULAB has a larger share of the lowest 

earners, possibly owing to a lottery system used to enroll roughly half of its students. 

Compared to the Dhaka city average, the students in my sample come from slightly 

wealthier families: in the study sample ~40% are low income and 55% are middle 

income, city wide it’s 57% low and 41% middle income. An important distinction is that 

while my sample may provide reasonable insight into citywide behavior, Dhaka city 

demographics are quite different from the rest of the nation where ~85% of secondary 

students come from low income families and 15% come from middle income. In terms of 

academic performance, ex post I found out that ULAB students score significantly 

higher than HSAM students on the JSC board exam. In 2017 HSAM passed 82% of 

students while ULAB passed 100%. For reference, the national pass rate on the JSC is 

82% and the pass rate in Dhaka city is 90%. This pass rate for ULAB is higher than 

expected, though high pass rates are not extremely rare in the capital city with 30% of 

schools passing 97% and above.  

I enrolled all students from grades six, seven and eight from ULAB and HSAM, 

providing a total sample of roughly 1000 students. 

1.2.2 Intervention 

The growth mindset intervention I evaluate was designed after those done in the 

United States by the intervention’s creators and drew heavily from materials available 
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online at mindsetkit.org and mindsetworks.com, two websites that try to make it easy 

for educators to do their own growth mindset lessons. While computer-based growth 

mindset interventions as short as 45 minutes in length have shown impacts in previous 

studies, I decided a more intensive treatment, similar to earlier versions of the 

intervention would likely produce larger effects allowing for more a more detailed 

analysis of mechanisms in this new setting. The most intensive intervention from 

previous work was an eight-day version used in one of the key papers in the psychology 

literature (Blackwell et al., 2007). Given budget constraints I settled for three days of 

interactive class time with a fourth day used for a quiz on the intervention material, a 

quick review of the correct answers after the quiz and student feedback 3. Intervention 

leaders were recent university graduates with a passion for teaching and helping the 

poor. They were recruited primarily through the Teach for Bangladesh network. The 

intervention took place over the first four weeks of the second semester of the 2017 

school year (school years run from January to December in Bangladesh).  

On the first day students in both treatment groups received a general 

introduction to the brain, a common primer in growth mindset interventions before 

getting into the more complex topic of neuroplasticity. They were taught facts such the 

weight of the brain, the percentage of your body’s energy it uses, and that it is made of 

                                                     

3 For a detailed description of each day of the intervention, see appendix N, forthcoming 
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many small building blocks called neurons. They learned the anatomy and basic 

function of a neuron and played a game called the “neuron relay race” where students 

act out the functions of the various parts of the neuron as it receives a message and 

passes it on to the next neuron. The main take-away lesson from the first day is that 

sleep and proper nutrition are important for learning as the brain needs these to 

function at its best.  

On the second day the topic was “What happens in the brain when we learn?” 

Students in the growth mindset group learned that the brain physically changes, 

forming new connections as we learn, while students in the no-plasticity group were 

taught that information is filtered through sensory and working memory and only the 

things we really learn make it to long term memory. Both interventions teach about 

what goes on in the brain when we learn, but the normal growth mindset group 

emphasizes that the brain grows more powerful as we learn while the no-plasticity 

group makes no comment on whether the brain changes. While material taught differed 

across treatments, the take-away lessons emphasized were the same:  “To really learn 

you must…, 1) Practice, ‘Practice makes perfect’; 2) Challenge yourself; 3) Don’t just 

memorize details, aim to learn the concepts that tie them together.”  

On the third day both groups shifted from learning about the science of the brain 

to learning about how our attitudes, or mindsets about learning can affect our success, 

and how to cultivate a good learning mindset, a “growth mindset”. Importantly, no 
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mention was made on this day about whether the brain can change. Students learned 

that one thing many successful people have in common is a determination that is not set 

back by challenge or even failure. The example of Abdul Kalam a famous Indian 

engineer, scientist and politician was given. Kalam oversaw India’s first and failed 

attempt to launch a satellite into space, but continued to work on the project until India 

eventually succeeded. He later went on to become the President of India. A key message 

was that a life without mistakes meant a life without challenge and a life without 

learning, mistakes and failures are the pillars of success. Students were taught that a 

good strategy for maintaining this mindset is to set learning goals, not performance 

goals, then even when the performance result is not as desired, one assesses the more 

relevant factor of what was learned along the way. A final tip was, don’t say “I can’t do 

something”, say “I can’t do something yet!” All of the lessons from day 3 were gleaned 

from previous growth mindset interventions, however ours may be the first to separate 

these from the day two material. This was done to ensure that both treatment groups 

would receive this messaging in full and to test the hypothesis that perhaps it is this 

information, and not changing beliefs about the malleability of intelligence, that causes 

growth mindset interventions to work.  

On the fourth day both groups took the same quiz that included questions on 

shared material (intro to the brain, mindset, common take-away messages) as well as 

questions on material unique to each treatment. Students were told that they were not 
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expected to know all the information on the quiz and that we expect them to leave some 

questions blank. To discourage guessing on multiple choice questions (which could 

increase noise and reduce precision in measuring a treatment effect on knowledge), 

students were told that there was at least one question that had no correct answer so it 

would be clear if a student guessed, furthermore, students would get negative points for 

each guess and as an incentive, students with the highest points in each class would win 

a small prize. After the quiz, intervention leaders reviewed the answers that students in 

their respective treatment should have known, and ignored questions on material they 

were not taught. Finally, students were asked to fill out a short feedback on the 

intervention sessions and intervention leaders they had. 

1.2.3 Control Design 

As randomization was done within schools and as the intervention had to be 

done during class time, it was not possible to have a pure control, something had to be 

done with the students in the control group, however the goal was to mimic that of a 

pure control, having as little an effect as possible relative to business as usual schooling. 

I settled on “supervised study”. Students were told that they could use the time 

however they liked as long as they remained in class and did not disturb their 

classmates, similar to being in a library. They were allowed to work on reading or 

homework for classes, or spend the time reading or drawing for pleasure. They could 

talk to fellow students quietly as long as it was not causing a distraction. It was assumed 
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that most students would not take advantage of this time to get ahead in their studies 

and that those who did would not be at a significant advantage relative to those in the 

treatment as 4 hours of extra studying over the remainder of the school year would not 

constitute a significant difference. 

1.2.4 Explaining the Division 

Students in the control and treatment groups were told that we had come to their 

school to try out some new activities that might help them to do better on their exams. 

One of those activities was a lecture with information that might help students, the other 

was providing quiet time for students to study. We explained that while some students 

might prefer to attend the lecture and others might prefer to attend the free study time, 

it would not be possible to allow students to choose on their own, so we made the 

selection using a lottery system. We made clear to students in the control that any 

material taught to other students was not material they would be expected to know, or 

that would appear on an exam. 

1.2.5 Randomization 

Students were assigned to growth mindset, growth mindset without plasticity or 

control using a stratified randomization approach. Stratification attempted to balance 

the randomization within school, grade level and gender, as well as over the baseline 

outcome tercile and over the number of others who mention a student in the baseline 

survey, high vs low number (we asked students to list their friends and other 



 

20 

connections in the baseline survey). Number of mentions was included to avoid 

imbalanced network effects across treatments and increase power for using networks to 

detect spillovers. 

1.2.6 Data 

1.2.6.1 Learning 

While the effort decision is of primary theoretical interest, to accurately measure 

effort requires regular, repeated data collection from students, which was not feasible. I 

included several cheaper measures in attempt to in detect changes in effort which I 

summarize below, but due to their unreliability, I took learning outcomes, as measured 

by grades on quizzes and exams to be the primary outcome of the study. Indeed if the 

intervention changes learning for treated students relative to their control counterparts 

(who have all the same school inputs), then one can conclude that the quantity or quality 

of effort has changed.  

Both schools provided copies of their gradebooks, but ex ante I did not trust that 

they would be reliable measures of whether students were learning the curriculum. 

Discussions with IPA employees and educators revealed many anecdotes of teacher bias 

in grading and of teachers providing the questions before exams so students merely 

have to memorize material instead of learning the concepts. To combat these two issues, 

we administered our own monthly math quizzes, three before and three after the 

intervention. The research team wrote and graded the exams to eliminate any bias or 
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memorization. The team worked with secondary school students from other schools in 

Dhaka to create the exams and with teachers in our schools to ensure the material 

reflected the teaching that month. Schools agreed to replace their own math quizzes 

with ours and incorporate our quizzes into the students’ term grades. 

1.2.6.2 Effort 

Teacher Survey: Around the same time as the endline I survey teachers and ask 

them to list students whom they have observed increasing or decreasing their effort in 

the second term (post-intervention) compared to the first (pre-intervention). While 

experience observing the intervention gives me confidence that the teachers were blind 

to treatment, after listing the students I ask the teachers if they know which group any of 

the listed students were in (“…the group receiving lecture/activities or the group with 

quiet study time?”). If they say they know, then I ask them to state which group they 

were in.   

Questionnaire: I measure effort in three ways at baseline (just before the 

intervention) and endline (~2.5 months after intervention): 1) Self-reported hours spent 

studying per week; 2) A coarse self-reported effort ranking: “How hardworking are you 

compared to your classmates? Average or above (below)?” Then if above (below): “Just 

above (below) average or one of the most (least) hard working?”; and 3) An average of 

the rankings given to a student by his or her friends (when asking students to list their 

friends I ask them to provide the same coarse effort ranking of each).  
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Attendance: The schools also provide daily attendance data, however it is unclear 

in our context what level of agency students have in the decision to attend. Discussions 

with the research team suggest in most cases this decision is entirely made by the 

parent(s). 

1.2.6.3 Knowledge and Beliefs 

To test whether the intended information was learned by students in the 

treatment groups and that this produced a difference in knowledge or beliefs between 

groups, students in both treatments were quizzed on the intervention material 

immediately following the intervention and the key quiz questions were repeated in the 

endline survey administered to all groups. Control students did not receive the quiz 

immediately flowing the intervention as this could have acted as a treatment in itself. 

The set of questions in the quiz, and at endline, were the same regardless of the 

student’s groups, allowing for comparison in performance on material students were 

taught and that which they were not.  

In addition to measuring knowledge and beliefs directly affected by the 

intervention, I sought to detect changes in beliefs that may be indirectly impacted, such 

as perceptions of the returns to effort (marginal product of effort, returns to schooling 

(monetary and non-monetary)) and perceptions about one’s own intelligence. The 

baseline and endline questionnaires included a number of questions targeting these 

beliefs (for a full accounting, see appendix). 
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1.2.6.4 Networks 

Student network data is collected for three reasons: 1) to enable some analysis of 

potential spillovers, 2) to provide a less biased measure of student effort, and 3) to learn 

about how networks may affect belief formation.  

Spillovers could occur if control students learn treatment information, or if they 

observe fellow students changing behavior and are inspired to change their own as a 

result. Both forms of spillover are conceivably more likely to occur the more a control 

student interacts with treated students, as these interactions increase likelihood of 

exposure to treatment material and its resulting behaviors. If we know who students are 

connected to then we can measure the degree of this exposure and see whether it indeed 

has an impact.  

While asking students to list their network connections (siblings, friends, study 

partners, and other respected students), I also ask them to state for each a coarse effort 

ranking (“How hard working is .... relative to other students at his grade level in this 

school?”) with the same options as the coarse self-effort ranking and a coarse 

performance ranking (“How do ....’s grades compare to others students at his grade level 

in this school?”), with similar options. Using this data I can construct measure of each 

student’s friends’ perceptions of his or her effort (as long as at least one other student 

mentioned him or her). This may be a slightly less biased effort measure than the one 

reported by the student about himself or herself. Lastly, using each student’s perception 
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of their friends’ efforts and the rewards they reap to construct an observed product of 

effort ranking and I can compare this to other measures of the student’s MPE and 

speculate on the role of social networks in formation of these beliefs. Furthermore if 

treatment provides exogenous shifts in networks that wouldn’t have occurred otherwise 

I may be able to infer the causal impact of networks on these beliefs, though it is unlikely 

I will have power for this. 

1.2.6.5 Quiz Score Guess 

Prior to each quiz, students were asked to guess their quiz score. Guesses, being 

a function of actual preparedness and confidence, could provide additional insight into 

effort, if confidence stays constant. Alternatively, if the accuracy of students’ perceptions 

of their own preparedness changes as a result of the intervention we may be able to 

detect it here controlling for other measures of effort4. 

1.2.6.6  Additional Controls 

In addition to collecting data on the main outcomes and potential mechanisms 

listed above, a number of other measures were included that might be related to the 

outcome and might interact with the treatment: Socio-economic status has been shown 

to interact with the treatment previously (Paunesku et al., 2015); students were asked 

about their parents occupations and education as well as some details of the type of 

                                                     

4 The guesses may be used in future work to estimate perceived production functions using the measured 

student inputs to predict the reported guessed outputs. 
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housing they live in. Hours per week spent in tutoring was asked in the questionnaire; 

while it may not be subject to the student’s decision making, it likely has an impact on 

other decisions and on performance. Prior to each monthly quiz students were asked if 

anything had occurred that made it more difficult than usual to study; the idea is to soak 

up random noise affecting scores not accounted for in the regressions. Students’ 

preferences regarding schooling and future careers might affect motivation and might 

interact with treatment so a few questions were included to measure this. Lastly 

students’ perceptions of their teachers’ support (ok to ask questions in class, ok to ask 

after class, treated fairly), were measured. For a full accounting, see appendix. 

1.3 Results 

1.3.1 Balance and Attrition 

The randomization worked and though attendance was low, 2/3rds during the 

intervention and quizzes, this was equal to the average attendance on any given school 

day and did not differ by treatment arm. A more detailed breakdown is forthcoming. 

1.3.2 Specifications 

The main specification is a standard Difference and Difference model controlling 

for stratification variables. To check for robustness I also run ANCOVA regressions 

(recommended by McKenzie in "The case for more T", cite) and examine impacts with a 

host of additional controls. Binary dependent variables are treated with a logistic 

regression model also controlling on stratification variables. 
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1.3.3 Impact of Treatments on Learning and Effort 

1.3.3.1 Math Quiz Scores 

Students who received the growth mindset intervention scored 0.12 std. dev. 

higher on the math quizzes than their counterparts in the control group (std. err. 0.06, 

p<.05, Table 1, Panel A). The no-plasticity group’s scores were not significantly different 

from control, but with a small positive point estimate (0.05 std. dev, Table 2), they could 

not be distinguished from growth mindset group either in the full sample5. This finding 

is robust to a host of controls that predict the outcome and were not used in stratifying 

the randomization (Table 1, Panel B). The effect size is close to the average of previous 

RCTs done on growth mindset (Sisk, Burgoyne, Sun, Butler, & Macnamara, 2018) and is 

quite large in terms of cost effectiveness, ranking among top programs tested at around 

$1 per 0.1 std. dev (Glewwe & Muralidharan, 2016). 

                                                     

5 The full sample includes populations that were not affected by GM which lowers the ATEs and makes it 

more difficult to distinguish impacts. I examine the difference again after reviewing heterogeneity below. 
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Table 1: Did treatments impact math quiz scores? 

 

1.3.3.2 Effort 

The teacher’s survey reached 64 teachers in total, each listed 1 to 4 students that 

had increased their effort after the intervention for a total of 99 student listings (some 

students were listed more than once). Growth mindset students were twice as likely as 

control students to be listed by a teacher as having increased effort after the intervention 

(P(listed|control)=0.05 , P(listed|GM)=0.10); Diff = 0.05, std. err. 0.02, p<0.05, Table 2). As 
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with learning, the no-plasticity group could not be distinguished from the control or 

growth mindset group (Table 2). 92% of teachers said they did not know which group 

(“lecture” or “study-time”) the student was in. Those who claimed to know were correct 

50% of the time, suggesting teachers were in fact blind to treatment6. 

Table 2: Did treatments lead to increased effort? 

 

The results from the teacher’s survey combined with the observed gains in 

learning suggest the growth mindset intervention did cause students to increase effort, 

however, I see no impact of either treatment on self-reported effort rank, study hours, or 

friend’s report of effort rank. While effort ranking effects could be attenuated by 

updating (if treated students see their peers increasing effort as well they may not report 

being harder working even if they have increased their effort), I expect self-reported 

                                                     

6 This is as we would expect, given that my team members and I diligently patrolled the halls to ensure 

teachers did not even peer into the classrooms to see what was being done. 
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study hours to increase. It could be that the gains in learning are driven by increased 

quality of effort, not quantity, or simply that the measure of quantity is imprecise or 

inaccurate. I can’t rule either out, though I will speculate further on the accuracy of the 

measure when I discuss mechanisms below.  

I see no impact on attendance from either treatment, possibly owing to students 

lacking agency in the decision of whether to attend school. 

1.3.3.3 Administrative Grades 

Schools provided term one (pre-intervention) final grades for all students and 

term 2 (post-intervention) final grades for students in grades six and seven. Grade eight 

students take Junior School Certificate national exam in lieu of final exams. Board exam 

scores were obtained online. Table 3 shows the growth mindset intervention increased 

scores in math, science and world studies but not in English. Bengali, religion, physical 

education, and home economics all had a null result as well but are not displayed. Prior 

work on growth mindset has shown a similar subject heterogeneity (Paunesku et al., 

2015), as has work on aspirations (Riley & others, 2017). Education RCTs in the United 

States have also found that interventions often impact math scores but not English, some 

evidence suggests language skills are formed at an earlier age and are more difficult to 

change (Fryer Jr, 2017). I find no impact on grade eight board exam results in any 

subject.  
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Table 3: Did treatments impact school exam scores? (grades 6,7 only) 

 

These results are remarkably consistent with the math quiz scores. For direct 

comparison, Table 4 shows the impact on quiz scores excluding grade eight, we see the 

impact is quite a bit larger than in the full sample at ~ 0.2 std. dev. (std. err. 0.076, 

p<0.01). If we look within grade eight only, we find no impact of either treatment. I 

speculate below on the cause of this heterogeneity. 
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Table 4: (Table 1 main results excluding level 8) 

 

1.3.4 Heterogeneity in the treatment effect 

1.3.4.1 Effort starting point 

A surprising finding of the baseline survey and subsequent investigation was 

that 90% of students attend after school tutoring five to six days per week and that the 

quantity of tutoring is not correlated with income or parents’ education. Even the 

poorest students in our sample receive daily tutoring. This is made possible by a large 

variety of types of tutoring available: from expensive one-on-one tutoring with 

university graduates down to extremely cheap “coaching” sessions in which a tutor of 

lesser qualifications guides a tightly packed room of students through memorization of 

pages in a text. This observation strongly contrasts with the context in which growth 
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mindset has been effective in previous studies. In the US, vulnerable students typically 

do not have structured learning time after school.  

Given that growth mindset increases learning via increasing effort, this led me to 

question 1) whether students in Dhaka would have the scope to change their effort if 

their time was already scheduled for them and 2) if an increase in effort would be 

beneficial if starting effort is high and there are diminishing returns. While I’m unable to 

disentangle these two channels, I do find evidence that students with the highest effort 

starting points are not impacted by the program. Adding hours of tutoring to hours of 

self-study at baseline and interacting with treatments reveals those in the top quintile 

(those spending more time on schooling than 80% of their peers at baseline) are not 

impacted by the treatments; point estimates on the interaction are almost equal and 

opposite the treatment for the rest, however the interaction term is not significant at the 

10% level (p=0.13, Table 5(forthcoming)). Interacting self-effort ranking has a similar 

effect, those who state they are “One of the most hardworking” compared to their 

classmates are not impacted by treatment, however standard errors are much larger on 

this estimate (p=0.417).  

It appears that it is a difference in effort starting point that is driving the 

heterogeneity we see going from grades six and seven to grade eight. Table 5 shows that 

students in grade eight are spending an additional 5 hours per week outside of school 

compared to students in grade six and that goes up to 6.9 additional hours in the post-
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intervention period when changes in effort are needed to realize gains (p<0.01 for both)7. 

Students in grade seven may spend 1 to 2 hours per week more than those in grade six 

but this difference is not significant (the difference between 7 and 8 is significant, 

p<0.01). The higher effort level in grade eight is almost surely due to the pressure to 

perform well on the national board exam, results from which have implications for 

future educational opportunities. This higher level of pressure to prepare for the 

national exams may also make students less open to trying different study strategies and 

thus less likely to change the quality of their effort.  

Table 5: Is grade level 8 at a higher effort starting point? 

 

 

While I cannot disentangle these mechanisms, it is clear that students in grade 

eight face a different set of starting conditions when choosing their effort quantity and 

                                                     

7 Regression sample is control group only. 
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quality, thus it reasonable to conduct analyses separately (only grade eight vs. without 

grade eight) in further investigation. In particular, if we are interested in understanding 

what factors contribute to the success of the intervention, it makes sense to focus on 

grades six and seven where the intervention was successful, as including grade eight 

only reduces power in hypothesis testing to this end.  

The key finding in utilizing this insight is that the growth mindset intervention 

was significantly more effective than growth mindset without plasticity (Diff. = 0.17 std. 

dev., p<0.05, Table 4). Furthermore we still cannot reject the null that the no-plasticity 

group had no effect. This is a striking result given that the two interventions differed 

only in portions of the material in one out of three lessons. It’s a strong affirmation of the 

theory behind the development of the growth mindset intervention which posited that 

changing student’s beliefs about the malleability of intelligence is key to changing their 

behavior.  

Manipulation checks show that indeed, the growth mindset intervention 

significantly increased the fraction of students who believe the brain changes when we 

learn. On the last day of the intervention, 66% of students in the growth mindset group 

believed this, compared to 25% in the no-plasticity group (Diff. in P(believe can change) 

is significant, p<0.01). At endline, in both control and the no-plasticity group, 24% of 

students believed the brain changes, compared to 44% in the growth mindset group 

(Diff. in P(believe can change) is significant, p<0.01). While the drop from 65 to 44% 
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appears to show some attenuation in the effect, the number of students answering 

“changes” has remained roughly the same (142 to 141) it’s just that the endline survey 

covered the full sample, while the intervention quiz was taken only by those in 

attendance. Attendance is two thirds on average.  
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Figure 1: Mindset by treatment immediately after intervention 
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Figure 2: Mindset by treatment at endline 
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Figure 3: Mindsets in GM group at treatment and endline 

 Revisiting the effort analysis within grades six and seven reveals a larger impact 

from growth mindset (Diff. = 0.07 std. dev. (up from 0.05 std. dev.), std. err. 0.03, p<0.05), 

and a significant difference between growth mindset and no-plastisicy (Diff. = 0.04, 

p<0.05). 
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1.3.4.2 Gender 

Previous studies on growth mindset have shown it can reduce the impacts of 

stereotype threat8 (Aronson et al., 2002) and be more effective for under-performing 

groups. Girls in Bangladesh are likely subject to pressures similar to stereotype threat as 

they are seen as fundamentally different both in conservative and popular culture. An 

anecdote from an enumerator on my team highlights the concern, his teacher when he 

was in school said that “…a girls brain is half that of a boys.” It is therefore prudent to 

look at key results separately by gender.  

Table 6 shows the main results (impact on math quizzes) separately for girls and 

boys, excluding grade level eight. Looking at grade 8 alone we see no impact for boys or 

girls. While the difference between boys and girls is not statistically significant, 

separating them reveals the striking impact of growth mindset on girls in this sample, 

0.28 std. dev. (std. err. 0.101, p<0.01, Table 6). Note, the difference between growth 

mindset and the no-plasticity group is still significant. The point estimate for boys is still 

modest at 0.15 std. dev., but this is not significant in the smaller sample.  

                                                     

8 Stereotype threat occurs when a member of a marginalized group has their group membership made 

salient prior to taking an exam or some other performance measure; studies have shown that this can cause 

affected students to underperform.  
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Table 6: (Table 1 main results excluding level 8 and separated by gender) 

 

 

Revisiting the effort analysis for girls reveals an even larger difference between 

growth mindset and control (still excluding grade 8) (Diff. = 0.12 std. dev. (up from 0.05 

std. dev.), std. err. 0.05, p<0.05), and a still significant difference between growth 

mindset and no-plastisicy (Diff. = 0.07, p<0.05). 

1.3.4.3 SES 

Interacting parents income rank and parents education with treatment 

(separately), I find growth mindset appears to be more effective for lower SES students, 

however these interaction terms are not significant. 
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1.3.5 Mediating Beliefs 

1.3.5.1 Returns to Effort 

As discussed above, a reasonable theory for why growth mindset is effective is 

that it changes the perceived returns to effort on some level, thus changing optimal 

effort. I wasn’t however able to detect any shifts in beliefs about the returns to effort 

(tables forthcoming). This could be because these measures were imprecise, or because 

the intervention actually changes behavior through another channel. Further 

investigation and discussion forthcoming9. 

1.3.5.2 Perception of own Intelligence 

The growth mindset intervention tells students that their potential future 

intelligence level may be higher than they previously thought. I asked students at 

baseline and endline to rank their own intelligence relative to their peers. I hypothesized 

that students at endline who had taken the intervention to heart might believe they were 

now more intelligent as a result of their efforts. Surprisingly I found the opposite, that 

the growth mindset intervention reduced one’s ranking of their own intelligence (tables 

forthcoming). In comparing intelligence rankings with actual performance ranking I see 

that the vast majority of students overestimate their intelligence and that growth 

                                                     

9 Using students’ math quiz score guesses and data inputs the learning production function measured 

(effort, study hours, attendance, etc…) I can estimate production functions and calculate perceived MPEs. I 

can compare estimates to the actual production function and actual MPEs and see how perceived MPEs are 

impacted by treatments. 
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mindset appears to result in a more accurate assessment of one’s ability. This is 

consistent with one RCT that showed that fostering a fixed mindset (opposite of growth 

mindset) results in more overconfidence about one’s abilities (Ehrlinger et al., 2016). If 

overconfidence results in a perception of less need for preparation, then it is logical that 

reducing overconfidence would cause effort to increase. This is an interesting channel 

that I hadn’t considered when designing the experiment that is worthy of further 

investigation. 

1.3.6 Spillovers 

Table 7 shows the impact of exposure to treatment (using four measures of 

exposure) on quiz scores for students in the control group. I do not detect a statistically 

significant impact, however the point estimates are not trivial in size. Table 8 shows the 

estimates by gender. For girls we see estimates either close to zero or positive and not 

significant. This implies either no spillovers, or positive spillovers that would bias our 

treatment estimates downward, meaning out we may be underestimating the true 

impact on girls. For boys two of the estimates are negative and significant, implying 

boys in the control may have been discouraged upon seeing their friends in treatment 

and performed worse as a result. This would bias our treatment estimates for boys 

upwards, meaning the true impact of growth mindset on boys is smaller, and close to 

zero. Further investigation is needed to determine the reliability of the estimates and 

further investigation may reveal the likelihood of the negative spillover story. 
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Table 7: Did exposure to treated peers impact student learning in the control? 

 

Table 8: (Table 7, spillovers separated by gender) 
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1.4 Conclusion 

While the story for boys is ambiguous at the moment, it is clear that growth 

mindset had a large impact on girl’s performance in math and science. It is also clear by 

looking in samples where growth mindset worked, that the no-plasticity group did not 

work, showing that students’ specific beliefs about the nature of the learning production 

function are important determinants of their chosen effort, and a that they are 

manipulable. This study contributes to a growing body of literature showing the reliable 

impacts of growth mindset interventions. Further work ought to be done to reveal the 

optimal target group and the optimal method of delivery. The designers of the growth 

mindset intervention envision an education system where teachers privy to the lesson of 

growth mindset reinforce the lessons with each teacher-student interaction. Could 

lessons from growth mindset be used to develop more effective pedagogy? Future 

research seems promising. 

2. Chapter 2 – Disgust, Shame and Soapy Water: Tests 
of Novel Interventions to Promote Safe Water and 
Hygiene 

Lack of access to clean water is among the most pressing environmental 

problems in developing countries, where diarrheal disease kills nearly 700,000 children 

per year. While inexpensive and effective practices such as chlorination and 

handwashing with soap exist, efforts to motivate their use by emphasizing health 

benefits have seen only limited success. This paper measures the effect of messages 
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appealing to negative emotions (disgust at consumption of human feces) and social 

pressure (shame at being seen consuming human feces) on handwashing behavior and 

use of and willingness to pay for water chlorination among residents of slum 

compounds in Dhaka, Bangladesh. Neither the traditional, health-based message nor the 

new disgust and shame message led to high levels of chlorination during a free trial, nor 

to high willingness to pay for the chlorine at the end of the free trial. Provision of low-

cost handwashing facilities did increase handwashing, although the effect size is 

modest. 

This work on health interventions was done in collaboration with Raymond P. 

Guiteras of North Carolina State University, David I. Levine of UC Berkeley Haas, 

Stephen P. Luby of Stanford, and Kaniz Khatun-e-Jannat and Leanne Unicomb of the 

International Centre for Diarrhoeal Disease Research, Bangladesh. Levine secured 

funding for his idea to test the impact of disgust and shame based messaging on safe 

water and hygiene behaviors. Guiteras brought funding and the idea to measure 

willingness to pay for chlorine dispensers. I worked with Levine, Guiteras and Jannat to 

develop these ideas into an experimental design with additional research questions such 

as the test of the soapy water bottle. I worked with Jannat to manage the implementation 

of the experiment in Dhaka, and worked on preparing data for analyses. Guiteras 

conducted most of the analyses. I assisted in writing up the manuscript. Our manuscript 
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was published in the Journal of the Association of Environmental and Resource 

Economists (2016). 

2.1 Introduction 

Lack of access to clean water is among the most pressing environmental 

problems in developing countries. Approximately 1.1 million people die each year from 

diarrheal disease, including 700,000 children under age 5 (Walker et al., 2013). Typhoid 

fever, which is commonly transmitted through contaminated water, claims an additional 

190,000 lives per year (S. Baker et al., 2011; Lozano, Naghavi, Foreman, & others, 2012). 

In addition to this mortality impact, water-borne diseases can have long-lasting negative 

consequences for human capital development. Childhood episodes of diarrhea 

contribute to undernutrition, which in turn can lead to stunting, wasting and reduced 

cognitive development (Black et al., 2008). Furthermore, repeated exposure to 

gastrointestinal pathogens can permanently harm the body’s ability to absorb nutrition, 

reducing the effectiveness of compensatory household behavior or nutritional 

interventions (Lin et al., 2013; Taniuchi et al., 2013). 

From a biological perspective, the solution is known: safe sanitation prevents 

pathogens from entering the environment; while water treatment and handwashing 

prevents infection by pathogens that do reach the environment (Acharya & Paunio, 

2008; Hunt, 2006). However, from the point of view of economics, the problem is more 

difficult. First, individuals often lack the relevant information and are either unaware of 
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the link between untreated water and disease (Gupta, Islam, Johnston, Ram, & Luby, 

2008) or hold beliefs that contradict good health practices (Bennett, Naqvi, & Schmidt, 

2015). In addition, present bias and the lack of salience of the link between prevention 

activities and health may reduce water treatment and handwashing (Kessler & Zhang, 

2015). As a result, private behavior is unlikely to lead to privately optimal outcomes. 

Second, behaviors to prevent water-borne disease carry large positive externalities, so 

even if individuals’ behavior were privately optimal, prevention behavior would be less 

than the social optimum. Third, there are large economies of scale in providing clean 

water and sanitation, so a fully efficient water and sewer system requires large-scale 

investment, coordination and solving challenging issues of governance. 

In today’s rich countries, governments typically solve these problems by 

investing in the large-scale infrastructure needed to provide water and sanitation, 

raising bonds and levying taxes to pay for their construction, and mandating their use. 

These public interventions are generally credited with the historical reductions in water-

borne disease in developed countries (Cutler & Miller, 2006; Mackenbach, 2007). To date, 

this strategy has not been successful in poor countries. For example, no major city in 

India provides treated water without interruption (McKenzie & Ray, 2009).10 High costs 

                                                     

10 Continuous service is required to maintain positive water pressure. If service is interrupted, pipes are not 

pressurized, which allows contaminants from the environment to seep in and pollute the water (Kumpel & 

Nelson, 2013). 
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and weak institutions are the most commonly cited reasons for this deficit (Zwane & 

Kremer, 2007).  

There are several possible strategies for addressing this problem. In the long run, 

at least in urban environments, infrastructure-based solutions are likely to be most 

efficient. However, this requires waiting for sufficient economic growth and institutional 

development, discovering interventions to improve institutional capacity, or finding 

alternative institutions.11 In the short term, though, it is important to understand the 

determinants of behaviors individuals and households undertake to protect themselves 

from environmental risks. Important dimensions of private behavior include propensity 

to use and willingness to pay for different health technologies. Willingness to pay is 

especially important when institutional or government budget constraints require 

private cost-sharing. 

A neoclassical model of behavior in the face of environmental threats to health 

posits that individuals rationally weigh the perceived private costs and benefits of 

available mitigating actions, and choose the behavior that maximizes their expected 

utility.12 The implication of this model is that a policymaker who wishes to increase a 

behavior should promote interventions that reduce costs (both financial and non-

financial) and increase perceived health benefits. Such interventions include the 

                                                     

11 For an example of the latter, see Duflo, Greenstone, Guiteras, and Clasen (2015). 
12 See, for example, Freeman III (2003) or, in a developing country context, Pattanayak and Pfaff (2009). The 

Health Belief Model of public health has similar assumptions and conclusions (Janz & Becker, 1984).  
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subsidization or free provision of hardware, or educational programs to increase 

awareness of the relationship between untreated water and diarrheal disease. 

However, water or hygiene interventions rarely achieve sustained large-scale 

behavior change and improved public health (Luby, Agboatwalla, et al., 2009; Olembo, 

Kaona, Tuba, & Burnham, 2004; Stockman et al., 2007). Thus, both handwashing with 

soap (HWWS) and treating drinking water remain uncommon among the world’s poor 

(V. A. Curtis, Danquah, & Aunger, 2009; Rosa & Clasen, 2010), and willingness to pay 

for water treatment is low in many contexts (Ahuja, Kremer, & Zwane, 2010; J. M. Berry, 

G. M. Fischer, & R. P. Guiteras, 2015; Luoto et al., 2011). 

The lack of success of large interventions based on increasing information and 

reducing financial costs suggests that the neoclassical economic model may have 

limitations in explaining health-related behavior. Research in other fields suggests that 

other motivations, not typically considered in a neoclassical model, are potentially 

important.13  

First, psychology and anthropology suggest that disgust can be a powerful 

motivator for avoiding environmental health risks (Valerie Curtis, Barra, & Aunger, 

2011; Oaten, Stevenson, & Case, 2009). For example, a field experiment in Australia 

found that a disgust-based treatment to encourage handwashing was substantially more 

                                                     

13 In this Introduction, we provide a brief, intuitive framework for the economic ideas that motivated our 

intervention. We provide a simple formal model in Section 1 of the Online Appendix. 
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effective at increasing rates of handwashing than health education (Porzig-Drummond, 

Stevenson, Case, & Oaten, 2009). A recent review of 11 developing country studies 

conducting interviews with over 4,000 primary caregivers of children found that subjects 

consistently reported disgust at the possibility of feces remaining on hands as the most 

powerful motivator of promoting handwashing with soap (HWWS) after defecation. In 

contrast, fear of disease was not generally reported as a motivating factor (V. A. Curtis et 

al., 2009). A study of a television and radio campaign in Ghana that emphasized disgust 

at contamination of hands found, in a pre-post design, a 13 percentage point (pp) 

increase in self-reported HWWS after defecation and a 41 pp increase in self-reported 

HWWS before eating (Scott, Schmidt, Aunger, Garbrah-Aidoo, & Animashaun, 2008). A 

study of a social marketing campaign in Burkina Faso that included disgust found, again 

in a pre-post design, a 16 pp increase in observed HWWS after defecation and an 18 pp 

increase in HWWS after handling a child’s feces (V. Curtis et al., 2001). 

Second, evidence suggests that people are often concerned that their failure to 

engage in socially normative behaviors will be observed by others, and change their 

behavior when they are observed. For example, until recently most medical doctors in 

developed-country hospitals did not wash their hands between patients (Boyce, 1999). 

Presumably, neither knowledge nor monetary cost was an impediment, because doctors 

know how germs are spread, and soap and handwashing facilities are free and easily 

available in hospitals. However, Pittet et al. (2004) found that rates of handwashing with 
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soap between patients increased from 44% to 61% when doctors in a Swiss hospital 

knew someone was watching them, while an education intervention had no effect. 

Similarly, Munger and Harris (1989) found that only 39% of visitors to a public restroom 

at a U.S. college washed their hands when they believed they were alone,  but 77% did 

when they knew someone was watching. We label this motivation as “shame.” 

In economic terms, disgust and shame may increase the private disutility of 

failing to engage in a positive health behavior, and thereby increase the behavior. One 

useful feature is that both disgust and shame operate quickly, and so may be less subject 

to present bias, a likely source of under-investment in health (Kessler & Zhang, 2015). 

Shame can be seen as a tool for countering the negative externality of failing to take 

action to prevent communicable disease – Pigovian taxation is usually not feasible in a 

local, informal community, but sanctions against those observed to violate norms can act 

as a tax (Habyarimana & Jack, 2011). 

This paper studies handwashing behavior and the use of and willingness to pay 

for chlorine-based water treatment among over 2,000 low-income households living in 

over 400 compounds (groups of 4-18 households sharing a water source and latrine) in 

slums of Dhaka, Bangladesh. We randomized two treatments. First, we varied the 

promotional message. One intervention focused on disgust at the consumption of 

human feces and shame at being seen consuming human feces by one’s neighbors, while 

the other used a standard, high-quality message focused on health benefits. Second, we 
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added a specific handwashing component to the messaging treatment and provided a 

“soapy water bottle,” a sturdy plastic bottle in which packets of powdered soap (also 

provided) and tap water are mixed to provide convenient, inexpensive access to soap 

and water for handwashing.  

We allocated compounds to treatment arms using the optimal sequential method 

of Atkinson (1982). To our knowledge, this is the first application of this method in any 

field (Ciolino, Zhao, Martin, & Palesch, 2011; McEntegart, 2003). To reduce courtesy bias, 

we analyze impacts on: (1) presence of soap and water near the latrine, an important 

proxy for handwashing with soap after defecation; (2) observed handwashing with soap 

using low-salience methods; (3) free residual chlorine in household drinking water. To 

estimate the impact on demand, we developed a variant of the Becker-Degroot-

Marschak (BDM) method (Becker, Degroot, & Marschak, 1964) to measure each 

compound’s collective willingness to contribute to a shared chlorine dispenser. 

Neither messaging treatment achieved high levels of water chlorination, nor 

substantial willingness to pay for water treatment hardware. Two months after our 

promotion, during an extended free trial, 11.8% of households in the disgust treatment 

had detectable levels of chlorine in their drinking water, versus 8.5% in the standard 

treatment (estimated difference 3.4 pp, p<0.10) and essentially zero in the non-study 

population. This difference between treatments vanished by the end of the four-month 

free trial, with chlorination rates of approximately 8% in both arms. Mean willingness to 
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pay was not significantly higher in the disgust treatment than in the standard treatment 

(USD 0.58 vs USD 0.52 per compound per month, not statistically significant).  

The handwashing intervention did increase rates of handwashing. Two months 

after the intervention began, the rate of handwashing with soap after toilet visits was 15-

17% in compounds that received the handwashing treatment, versus 10-11% in 

compounds that did not (estimated difference 4.8-6.0 pp, p<0.01). While this effect size is 

modest, the intervention was extremely cheap, costing approximately USD 0.75 per 

household per year. The handwashing intervention also significantly increased the 

availability of soap and water: at the end of the free trial, soap and water were present at 

the latrine in 58.5% of compounds that received the handwashing treatment, versus 

15.9% of compounds that did not (estimated difference 42.6 pp, p<0.01). Using quasi-

random variation in whether compounds continued to receive free powdered soap after 

the free trial of the dispenser, we find ending this free supply eliminates roughly one-

third of the gains in the availability of soap and water, even though the costs of 

powdered soap were extremely low – approximately USD 0.05 per household per 

month. There were no detectable differences in handwashing rates or availability of soap 

and water between the two messaging arms. 

Follow-up surveys and qualitative interviews with compound residents 

identified several main barriers to water treatment. The first barrier was dislike for the 

taste and smell of chlorine. Second, many households stated that they disliked sharing 



 

54 

hardware with other households in the compound. Third, the effectiveness of the shame 

component of the disgust and shame treatment was limited by the fact that there were 

not strong ties within these compounds. Although water treatment decisions were 

typically visible to neighbors, most residents placed little importance on their neighbors’ 

opinions. Also, our messaging was not repeated often and was disseminated during the 

day, when most men were at work outside the compound. Thus, we estimate our 

messages reached fewer than 20% of adult men.  

2.2 Experimental Design and Intervention 

To test the relative effectiveness of a combined disgust and shame message 

versus a traditional health message at increasing handwashing and use of and 

willingness to pay for chlorine-based water treatment, we conducted a randomized trial 

among 434 compounds in slums of Dhaka, Bangladesh. In all compounds, we conducted 

a promotional meeting and provided the compound with a 4-month free trial of a 

chlorine dispenser, a device that allowed households to treat their drinking water in a 

convenient and safe manner (Jameel Poverty Action Lab, 2012). We randomized the 

promotional message, allocating half of compounds to a standard health message and 

half to a message targeting disgust and shame, both emphasizing water treatment. We 

orthogonally randomized two-thirds of treatment compounds to receive additional 

messaging on handwashing, and provided a simple, inexpensive “soapy water bottle” to 

facilitate washing hands with soap (Hulland et al., 2013). Finally, compounds were 
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randomized between a group auction, in which we asked the compound for its 

collective willingness to pay, and a “weakest link” auction intended to uncover 

household-level willingness to pay.  

We describe the context and the selection of the sample in Section Error! 

Reference source not found., the treatments in Section Error! Reference source not 

found., and the treatment assignment procedure in Section Error! Reference source not 

found.. A timeline of the key intervention activities is provided in the Online Appendix. 

Full scripts for the promotional activities and the sales exercises are provided in the 

Supplementary Materials. 

 

2.2.1 Context and Sample Selection 

 

This study was conducted in compounds in slums of Dhaka, Bangladesh. 

Compounds are clusters of households, typically located around a small courtyard, 

sharing a common toilet, water source and cooking facilities. This setting was chosen for 

the following reasons: 

• Poor water quality and high incidence of water-borne disease (diarrhea, cholera); 

• Water collection (and treatment / non-treatment) and post-toilet handwashing 

were easily observed by other compound residents, making social norms a 

potential tool for behavior change; 
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• Experience piloting the chlorine dispenser in areas of Dhaka with similar 

demographics; 

• The implementing organization, the International Centre for Diarrhoeal Disease 

Research, Bangladesh (icddr,b), was well-known and well-regarded in the area, 

primarily because of its free cholera hospital, facilitating access to compounds. 

The setting had the following disadvantages: 

• The population had little familiarity with chlorinated water, making distaste a 

potential barrier to adoption; 

• Natural gas was priced at zero marginal cost in most areas, providing a heavy 

subsidy to boiling, the most common mode of water treatment. 

• The population was highly mobile and most compounds contained migrants from 

a variety of rural areas, potentially social pressure.  

We identified five communities as best suited for the study, on the basis of poor 

water quality, high levels of water-borne disease, and high population density: 

Mohammedpur, Mirpur, Badda, Khilgaon and Bashabo. Within these communities, we 

selected a sample of 434 compounds meeting the following criteria: 4-18 households per 

compound; shared toilet(s), water source and cooking facilities; adequate space to hold 

promotional activities; and no other water or hygiene interventions occurring at the 

time. Further details on the sample selection process are provided in Section 2 of the 

Online Appendix. 
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2.2.2 Treatments 

2.2.2.1 Chlorine dispenser 

We provided all compounds with a four-month free trial of a chlorine dispenser, 

an easy-to-use appliance that supplies a specific dose of dilute sodium hypochlorite. We 

mounted the dispenser near the compound’s shared water source, usually a hand pump. 

Households in these communities typically collect drinking water from the common tap 

using their own vessels and then store the water in their private room. 

This dispenser was developed in rural western Kenya (Jameel Poverty Action 

Lab, 2012). In a randomized trial, over half of households in intervention communities 

were chlorinating their water six months after the intervention, with over 40% 

continuing to chlorinate 2.5-3 years after the intervention (Kremer, Miguel, 

Mullainathan, Null, & Zwane, 2011). This intervention was estimated to cost 

approximately USD 0.50 per person per year. As part of a separate study in Dhaka, the 

Kenya design was piloted extensively. Icddr,b made several design changes to adapt to 

the local context (Arman et al., 2013). 

In addition to the dispenser, the free trial included two 15 liter reservoirs that the 

compound could use to have treated water available at all times, and two plastic stools 

to help with dosing private vessels and the shared reservoirs. All compounds received 

detailed demonstrations on use of the dispenser. During the free trial, all compounds 

also had free visits for maintenance and to refill the chlorine. After the free trial ended, 



 

58 

compounds that purchased the subscription received monthly visits for maintenance, 

refilling and fee collection. 

2.2.2.2 Messaging 

We randomized compounds to one of two behavior change messages, one based 

on standard health messages and the other targeting feelings of disgust and shame. 

There were three promotional meetings at each compound, the first lasting 

approximately two hours and two for reinforcement and follow-up, each lasting 

approximately one hour.  

The standard treatment meeting was modeled after existing water treatment 

interventions used by icddr,b. An icddr,b field intervention specialist (FIS) gave a 

presentation accompanied by flip charts. The content of the presentation included 

explaining how germs can enter our bodies via untreated water, how they can cause 

illness or death, especially among children, and how these risks can be reduced by water 

treatment. The messaging emphasized the role of externalities, explaining that all 

members of the compound should treat water not just for their own family’s health but 

also to improve the health of others. 

The disgust and shame meetings contained similar explanations and 

demonstrations of contamination mechanisms and risk, but emphasized the presence of 

fecal matter in or on contaminated objects, and neighbors’ role in spreading fecal matter 

to their families. To provoke a strong reaction from participants, the FIS used the Bengali 



 

59 

word gu, roughly equivalent to “shit,” rather than the more polite, clinical paykhana 

(“feces”). They communicated that we sometimes unknowingly serve gu to our family 

by not washing hands with soap or by not treating our drinking water. They 

emphasized how gu can spread between people, especially neighbors, to encourage 

people to care about others’ behaviors and what others think of their behaviors. To 

demonstrate that even clear water from the hand pump can be contaminated, the FIS 

used a custom “disgust box” to show how gu gets into drinking water through leaky 

pipes.14 As in the standard messaging treatment, the FIS discussed externalities, but with 

a different emphasis: if your neighbors do not treat their water, they are feeding gu not 

just to themselves and their children, but making it more likely that you and your 

children will eat gu. Residents were encouraged to monitor each other’s behavior and 

speak up when they observed dangerous, disgusting acts. The messaging also 

emphasized social interactions: if your neighbors see you failing to treat your water, 

they will know that you feed gu to yourself and your family, which is a shameful act.  

The disgust and shame presentation was developed with extensive pilot testing. 

While the message was occasionally disturbing, only one person left a presentation 

because it was too upsetting. Qualitative evidence collected during the design stage 

suggested that the presentation was effective in conveying its message among those who 

                                                     

14 More information on the disgust box, including a photo, a description of its use and a link to a video of its 

use in a promotional meeting, is provided in Section 4 of the Online Appendix. 
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attended, at least in the short run (Rahman, Levine, Khatun-E-Jannat, Chowdhury, & 

Unicomb, 2013).  

2.2.2.3 Handwashing Intervention 

The presence of soap at a latrine is strongly positively correlated with 

handwashing after defecation or contact with a child’s feces (K. K. Baker et al., 2014; 

Hoque, 2003; Luby, Halder, et al., 2009).  However, Bangladeshi households often cite 

the inconvenience or expense of soap as a barrier to handwashing, and shared latrines 

make it especially challenging to keep soap near the latrine (ibid.).  

To study the effect of providing inexpensive, convenient hardware on the 

presence of soap and on handwashing, we randomly assigned 2/3 of compounds to a 

handwashing treatment, in which we provided a sturdy plastic bottle and two small 

packets of detergent per household (approximately one month’s supply). We 

demonstrated how to mix water and detergent in the soapy water bottle and  how to use 

discarded plastic bottles to create additional or replacement units (Hulland et al., 2013). 

We resupplied detergent periodically during the free trial period. 

In compounds assigned to the handwashing arm, we included handwashing 

messages in the behavior change activities. In the arm receiving the standard health 

messages, the messaging focused on transmission of germs by unwashed hands and 

how washing with soap would reduce risks of illness. In the arm receiving the disgust 

and shame messages, we emphasized that failure to wash hands led to eating gu and 
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causing neighbors to eat gu. We used Glo Germ, a powder that requires soap to remove 

and is visible only under ultraviolet light, to demonstrate how invisible dirt or gu can 

remain on hands when not washed with soap, and to show how easily gu was spread in 

the compound. 

2.2.2.4 Auction 

At the end of the four-month free trial, we measured willingness to pay (WTP) 

for a year’s subscription to the chlorine dispenser, including use of the hardware, 

maintenance, and monthly refills of chlorine. In the compounds assigned to the 

handwashing treatment, the subscription included monthly resupply of detergent 

packets. To measure the compound’s collective WTP, we developed a variant of the 

Becker-Degroot-Marschak (BDM) mechanism. 

The standard use of BDM is to measure individual WTP for a private good 

(Shogren, 2005). The subject states her “bid”, B , the maximum amount she is willing to 

pay for an item. She then draws a random number, in our context choosing one 

envelope from an unmarked set. This “draw”, D , is then compared against the bid B . 

If the draw is greater than the subject’s bid ( D B ), the subject cannot purchase the 

item. If the bid is at least as high as the draw ( D B ), then the subject purchases the 

item and pays D . For expected utility maximizers, the subject’s optimal strategy is to 

bid her true maximum willingness to pay, i.e. *B WTP=  (Becker et al., 1964; Horowitz, 

2006). While BDM has primarily been used in laboratory or laboratory-like 
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environments, a few recent papers have used BDM in field settings in developing 

countries to measure households’ preferences (J. M. Berry et al., 2015; Cole, Gine, & 

Vickery, 2013; Guiteras, Levine, Polley, & Quistorff, 2014; Hoffmann, 2009; Luoto et al., 

2012).  

Compound-level WTP depends on two components: first, the individual WTPs 

of the constituent households; second, the compound’s ability to coordinate and 

cooperate. As is typical with public goods, information asymmetries and desire for free-

riding likely mean that the outcome of the bargaining process within the compound will 

result in a collective WTP that is less than the sum of the households’ individual WTPs. 

Our intervention could alter compound-level WTP by increasing the WTP of individual 

households, by improving coordination, or both. In collective BDM, we seek only to 

measure the total effect of these two processes. That is, we assume the compound’s 

bidding behavior in BDM truthfully reveals the compound’s collective WTP that arises 

from its within-compound bargaining process.  

Our tests of how our experimental interventions affect WTP require a weaker 

assumption: even if a compound’s BDM response does not equal its compound-level 

collective WTP, such deviations are uncorrelated with our randomized treatments.  That 

is, if bias is similar across treatment arms, comparing BDM responses still provides 

useful information about relative effects. 
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Approximately two weeks before the sale, the FIS convened compound residents 

for coaching. The FIS reminded the compound that the free trial was coming to an end, 

and that they would have an opportunity to purchase a year’s subscription to use of the 

hardware, refills and maintenance, with an option to renew for a second year after the 

first year ended. The FIS explained the auction mechanism in detail, conducted several 

role-play demonstrations designed to show that truthful revelation was their best 

strategy, and held a real-money practice round for a token item (a shared bag of laundry 

detergent). The FIS told the compound that they would be responsible for deciding how 

much collectively they were willing to pay and how payment would be divided among 

households, and asked them to designate a spokesperson who would be the official 

speaker for the compound at the sale. 

At the sales meeting, the FIS reviewed the auction procedure with the 

households in attendance. Compound members were informed that possible prices in 

the envelope were 25, 50, 75, 100, 150, 200 and 250 taka per month (between USD 0.30 

and USD 2.10, or roughly USD 0.03 and USD 0.21 per household per month).15 The FIS 

went over each possible price and asked the group whether they would subscribe if that 

                                                     

15 The range of prices was chosen to cover the full range of non-zero WTP observed in piloting. The number 

of prices was chosen to balance resolution against simplicity of exposition and implementation. There is 

evidence indicating that the range and distribution of prices can influence WTP (Mazar, Koszegi, & Ariely, 

2014; Urbancic, 2011). Given our sample size and implementation capacity, it was not feasible to test for 

these effects with any useful precision, so we chose the simplest, most transparent design that provided 

satisfactory detail on the distribution of WTP. 
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price were drawn. At each price that the spokesperson indicated the compound was 

willing to pay, the FIS asked the households present for a general voice confirmation 

that the compound understood that they were committing to pay that amount each 

month for a year, and that they were prepared to meet that obligation. At each price that 

the spokesperson indicated that the compound would not pay, the FIS asked households 

to confirm that they did not wish to pay the indicated price, that they understood that if 

that price were drawn, they would not be permitted to change their decision, and that 

they would not regret this decision after the price was revealed. 

We also developed a variant of BDM, which we call “weakest link BDM,” as an 

attempt to measure individual households’ willingness to contribute to the compound-

level public good. This variant, assigned to 217 compounds, was not successful, in that it 

did not provide useful information on household-level WTP. We discuss this attempt in 

a separate note (Guiteras, Levine, Lopez-Vargas, & Polley, 2015). We do not analyze 

WTP data from these compounds, but they are retained in other analyses. 

2.2.3 Treatment Assignment 

Our design was a 2-by-2-by-2 interaction of  

• behavior change message: disgust and shame vs. standard health; 

• handwashing message and soapy water bottle; 

• BDM type: collective vs. individual. 

This design created 8 cells. Because we were especially interested in the effect of 

the disgust and shame treatment on handwashing in the handwashing arm, we gave 
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handwashing 2/3 weight. The other treatments were equally weighted. We stratified on 

compound size (number of households) and the presence of gas burners connected to 

the municipal supply. Compound size was chosen because social dynamics could 

depend on compound size. Gas was chosen because boiling with gas was a low-cost 

alternative to chlorination.16 Operational constraints required us to collect stratification 

variables and assign treatments at the time of enrollment, so we used the AD -optimal 

sequential allocation method first proposed in Atkinson (1982), which optimally 

balances treatments and stratification covariates given the constraint of not knowing ex 

ante the characteristics of the entire sample. To our knowledge, this study is the first to 

apply this method.17 

We provide descriptive statistics for the sample and balancing tests in Tables A1-

A4 in the Appendix. Table A1 presents descriptive statistics and p-values from a test of 

the joint significance of all 8 treatment categories, while Tables A2-A4 provide pairwise 

comparisons for the messaging, handwashing and auction type treatments, respectively. 

                                                     

16 This choice was based on our piloting, which was conducted in areas that were physically close to our 

study area and generally similar in terms of most characteristics. It turned out that gas coverage nearly 

universal in our study area, so ex post we learned that stratifying on gas was a poor choice. However, this 

did not lead to imbalance on the other stratification variable, nor on the other observables (see Tables A1-A4 

in the Appendix).  
17 See two surveys of the clinical trials literature (Ciolino et al., 2011; McEntegart, 2003); also confirmed via 

personal communication with J. Ciolino, Northwestern University, January 17, 2014. We provide further 

exposition of the method and details on field implementation in Section 3 of the Online Appendix and in 

Guiteras, Levine, and Polley (2015). Stata code is provided at  

http://www.econ.umd.edu/research/papers/617.   

http://www.econ.umd.edu/research/papers/617
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2.3 Data 

In this section, we describe the measures used for our key outcome variables: 

water chlorination, availability of soap and water at the latrine, and handwashing with 

soap after visiting the latrine. Data on willingness to pay were collected as part of the 

BDM auction during the sales meeting, as described in Section Error! Reference source 

not found.. A timeline is provided in the Online Appendix.  

2.3.1 Water treatment 

We measured water treatment by testing for chlorine in household drinking 

water. We made two unannounced visits to each compound during the free trial, 

approximately 2 months and 3.5 months after the promotional meeting. We requested a 

sample of household drinking water from each of 6 households in the compound.18 We 

then tested the samples for the presence of free residual chlorine using the Hach color 

wheel.19 We code a sample as positive if any residual chlorine was detected. 

Free residual chlorine was our preferred measure of water treatment for several 

reasons. First, survey responses on water treatment practices are subject to courtesy or 

social desirability bias. Second, chlorine testing has almost no false positives: the test is 

almost never positive unless there is chlorine in the water and there was essentially zero 

                                                     

18 See Section 2 of the Online Appendix for details on the selection process. 
19 More precisely, the N,N-diethyl-p-phenylenediamine colorimetric method, Hach Company, Loveland, 

CO. 



 

67 

chlorination of drinking water in this population other than in our study.20 Third, direct 

measures of contamination are either prohibitively expensive (E. coli counts)21, or have 

high rates of false positives (H2S testing). The primary disadvantage of chlorine testing 

is that chlorine residual declines over time and is non-detectable roughly 24 hours after 

treatment. This may lead to false negatives: although the household did treat their 

water, the chlorine test is negative because the water no longer contains detectable 

amounts of free residual chlorine.22  

2.3.2 Availability of soap and water at compound latrine 

At baseline (2 weeks before the first promotional meeting), midline (3.5 months 

after the first promotional meeting), and endline (7 months after), an enumerator 

checked whether soap and water were available at the compound’s common latrine. 

These data were collected at the beginning of these unannounced visits to avoid bias due 

to households placing soap at the latrine because of the arrival of an observer. A 

compound was recorded as positive if (a) a soapy water bottle was present,  contained 

                                                     

20 Another icddr,b study in similar neighborhoods in Dhaka carried tested 1,264 homes’ stored water for 

chlorine from June to December 2012. Exactly zero had detectable chlorine residual (personal 

communication with Dr. Shwapon Kumar Biswas, iccrd,b, January 23, 2013).  
21 In a study of similar neighborhoods in Dhaka, Luoto et al. (2011) find that the presence of chlorine 

residual is strongly negatively correlated with E. coli counts. 
22 We cannot quantify this error rate but we believe it is low: the most common time for households to fill 

their private vessels is in the early morning, so it is unlikely that we were taking samples of water that had 

been collected more than a few hours earlier. Furthermore, this type of false negative is not so false in 

practical terms: the protective efficacy of chlorine declines over time, so water that was chlorinated more 

than 24 hours earlier is more likely to be recontaminated; both messages emphasized the importance of 

drinking water within 24 hours of treatment, so treatment more than 24 hours prior is only weak adherence 

to the desired behavior. 
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water, and the enumerator could detect soap mixed into the water or (b) soap and water 

were otherwise available. 

2.3.3 Handwashing 

As with water treatment, survey methods for measuring handwashing are 

subject to both courtesy and social desirability bias (Biran et al., 2008; Stanton, Clemens, 

Aziz, & Rahman, 1987). To reduce these biases, we measured handwashing using 

structured observation, in which enumerators would observe handwashing behaviors 

during a 5-hour session in each compound. The enumerator stayed in the compound 

from 7:00 am to 12:00 pm.  

To reduce the influence of the presence of an observer (Ram et al., 2010), the 

enumerator stated she was there to observe daily household activities, without 

mentioning handwashing specifically, and visited at a busy time with many residents 

and non-residents coming and going. Using a pre-tested instrument (Luby, Halder, 

Huda, Unicomb, & Johnston, 2011), field workers noted handwashing behavior at key 

times: before preparing food, feeding a child or eating, after visiting the latrine, and after 

cleaning the anus of a child. They observed all available household members and noted 

whether they used water, whether they used soap and whether they washed both 

hands.  
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2.4 Results 

In this section, we describe the effect of our interventions on: water treatment, as 

measured by detectable chlorine residual; availability of soap and water at the toilet; 

observed handwashing behavior; and willingness to pay for the continued use of the 

dispenser for one year. In all cases, standard errors of estimates using household-level 

data are clustered by compound. Unless otherwise noted, estimates are intention to 

treat: while some compounds dropped out of the intervention during the free trial, they 

were surveyed and remain in the sample. 

2.4.1 Water treatment 

Our preferred measure of water treatment, as discussed in Section Error! 

Reference source not found., is detectable chlorine residual in household drinking 

water, sampled from six households per compound 2 months and 3.5 months after the 

promotional meeting. At both times, the free trial was ongoing.  

We estimate the effect of the messaging treatment on water treatment using logit 

regression, estimating 

 ( ) ( )0, 1,1hct ct t t cP y T T = =  + ,  (1) 

where hcty  indicates detectable chlorine in the sample taken from household h in 

compound c at time t, and cT  represents the treatment status of compound c. The 
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positive health treatment is the excluded category, so 1cT =  indicates that compound c 

was assigned to the disgust and shame treatment.  

Predicted probabilities and treatment effects (discrete differences) are provided 

in Table 9, and predicted probabilities with 95% confidence intervals are plotted in 

Figure 4. Chlorination rates are low in both arms, with between 8 and 12 percent of 

samples testing positive. The baseline rate is approximately zero in this population. The 

disgust and shame treatment does not have a large differential impact relative to the 

standard health treatment: there is a small and marginally significant difference (3.4 pp, 

p<0.10) at the 2-month measurement, but this difference is not maintained at 3.5 months. 

Table S1 and Figure S1 in the Online Appendix show that short-run chlorination rates 

are higher overall in smaller compounds (8 or fewer households), but the short-run 

differential effect of the disgust and shame treatment is concentrated in larger 

compounds (more than 8 households). In both large and small compounds, chlorination 

rates fall between the 2-month and 3.5-month surveys, and there is no differential effect 

of the disgust treatment in either subgroup in the 3.5-month survey.  

 

Table 9: Share of households with detectable chlorine residual, by 

motivational treatment 

 (1) (2) 

 2-month 3.5 month 

Standard message 0.0846 0.0814 

 (0.0137) (0.0111) 

   

Disgust message 0.118 0.0837 
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 (0.0146) (0.0119) 

Estimated difference (disgust - standard) 0.0337* 0.0023 

Std. Err. (0.0201) (0.0163) 

Number of compounds 417 413 

Number of households 2259 2036 

 

Note: this table shows the share of households, by treatment and survey wave, with 

detectable chlorine in their drinking water, as well as the estimated difference between the 

disgust and standard treatments. Estimation by logit regression. Estimated discrete 

differences presented with standard errors clustered at the compound level in parentheses. 

* p<0.1, ** p<0.05, *** p<0.01. 
 

 
Figure 4: Rates of detectable chlorine in household drinking water, by 

treatment 

Note: this figure shows the share of households, by treatment and survey wave, 

with detectable chlorine in their drinking water. Point estimates and 95% confidence 

intervals estimated via logit regression. Standard errors clustered at the compound level. 

2-month survey: 417 compounds, 2259 households. 3.5-month survey: 413 compounds, 

2036 households. 
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2.4.2 Availability of soap and water at compound latrine 

We measure the effect of the handwashing treatment on the presence of soap and 

water at the communal latrine using logit regression, estimating 

 ( ) ( )0, 1,1ct c t t cP y T T = =  + ,  (2) 

where cty  indicates the presence of soap and water at the latrine of compound c 

at time t and cT  represents the treatment status of compound c. The non-handwashing 

treatment is the excluded category so 1cT =  indicates that the compound was assigned 

to the handwashing treatment. Standard errors are clustered by compound. 

Predicted probabilities and treatment effects (discrete differences and difference-

in-differences) are provided in Table 10, and predicted probabilities with 95% 

confidence intervals are plotted in Figure 5. At midline (3.5 months), the handwashing 

treatment has a practically large and statistically significant effect on the availability of 

soap and water: 42.6 pp (p<0.01) in a raw comparison and 54.0 pp (p<0.01) using the 

difference in differences estimate.23 ,24  

                                                     

23 As a robustness check, we estimated the model with a balanced panel, restricting the sample to 

compounds observed in all three survey rounds. The results, presented in Table S2 of the Online Appendix, 

are generally similar. 
24 We are unable to explain the statistically significant baseline difference (11.4 pp, p<0.05) between the two 

groups. The survey procedures were the same across rounds and neither the surveyors nor the compound 

residents knew the compound’s assignment status at the time of the baseline. This baseline difference 

increases the difference-in-differences estimate relative to a simple difference between treatment and 

control. However, the effect of the handwashing treatment is still large and statistically significant in the 
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Table 10: Effect of handwashing treatment on availability of soap and water 

 (1) (2) 

 Baseline 3.5-month 

No handwashing treatment 0.291 0.159 

 (0.049) (0.031) 

   

Handwashing treatment 0.176 0.585 

 (0.029) (0.030) 

Estimated difference -0.114** 0.426*** 

Std. Err. (0.057) (0.043) 

Difference in differences  0.540*** 

Std. Err.  (0.069) 

Number of compounds 256 413 

 
Note: this table shows the share of compounds, by handwashing treatment and survey 

wave, with soap and water available at the common latrine, as well as the estimated difference 
between treatments. Estimation by logit regression. Standard errors clustered at the compound 
level in parentheses. * p<0.1, ** p<0.05, *** p<0.01. 

 

                                                     

simple difference. As shown in Table S3 and Figure S2 of the Online Appendix, this baseline difference is 

concentrated in larger compounds (more than 8 households), where compounds assigned to the 

handwashing treatment were 21.6 pp less likely to have soap and water present at baseline, versus a 

difference of just 3.2 pp (with the opposite sign) among smaller compounds (8 or fewer compounds). The 

simple differences estimates are similar between small and large compounds, while the difference-in-

differences adjustment leads to a large increase in the estimated effect among large compounds. In all cases 

(simple differences vs. difference-in-differences; small vs. large compounds), the estimated effect is 

statistically significant and practically important. 
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Figure 5: Share of compounds with soap and water available at the common 

toilet, by treatment 

Note: this figure shows the share of compounds, by handwashing treatment and 

survey wave, with soap and water available at the common latrine. Point estimates and 

95% confidence intervals estimated via logit regression. Standard errors clustered at the 

compound level. Baseline survey: 256 compounds. 3.5-month survey: 413 compounds. 

 

Roughly 2 weeks after the midline survey, compounds participating in the BDM 

auction either won, in which case free detergent continued to be provided monthly, or 

lost, in which case no further detergent was provided, although the compound retained 

the soapy water bottle itself. This provides a quasi-experiment to estimate the 

importance of free provision of soap. While there is some randomness in BDM, it is not a 

pure randomization, because winning compounds on average had higher WTP than 
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losing compounds. Therefore, we compare midline (3.5-month) and endline (7-month, 

after free soap ended) outcomes within the winning and losing groups in the 

handwashing arm, estimating 

 
( ) ( )

( ) ( )

0,W 1,

0, 1,

1 , EndLine

1 , EndLine

ct c W

ct c L L

P y t W

P y t L

 

 

= =  +

= =  +
  (3) 

for winning compounds cW  and losing compounds cL . The omitted category is 

the response at midline, so 
1,L  represents the change in availability between midline 

and endline for losing compounds. As shown in Table 11 and plotted in Figure 6, the 

probability that soap and water would be present at the latrine in compounds that lost 

the auction fell from midline to endline by 15.3 pp (p<0.05, 51.0% to 35.7%), as compared 

to a small and statistically insignificant reduction of 0.6 pp among winning compounds 

(63.1% to 62.5%). This decline represents approximately 1/3 of the 42.6-54.0 pp gain 

between baseline and midline, which suggests some habit formation but also strong 

sensitivity to a very low price.25 The losing compounds retained the plastic bottle, and 

any discarded water bottle could serve as a replacement. Detergent packets are 

commonly available and extremely cheap: 2 packets costing approximately USD 0.05 

total will last a household at least one month. Therefore, the difference between winner 

                                                     

25 This effect is generally similar between small (-13.9 pp) and large (-15.9 pp) compounds, as shown in 

Tables S4 and Figure S3 in the Online Appendix, although the smaller sample size within subgroups makes 

these effects no longer statistically significant. 
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and loser compounds can probably be attributed to the very small and inexpensive 

nudge of delivering detergent once per month or to the transaction costs of tracking and 

enforcing whose turn it was to contribute a tiny amount of soap.26 

 

Table 11: Effect of losing free soap delivery on soap and water availability 

 (1) (2) 

 Winners Losers 

Midline (3.5 mo.) 0.631 0.510 

 (0.060) (0.051) 

   

Endline (7 mo.) 0.625 0.357 

 (0.061) (0.049) 

Estimated difference -0.006 -0.153** 

Std. Err. (0.085) (0.070) 

Number of compounds 65 98 

 
Note: this table shows the share of compounds with soap and water available at the latrine 

by BDM outcome and survey wave. Column (1) shows levels for compounds that won the 
BDM auction at the 3.5-month midline survey, i.e. during the free trial and approximately two 
weeks before the BDM auction, and the 7-month endline survey, approximately 3 months 
after the BDM auction, as well as the estimated difference between the midline and endline. 
Column (2) shows the same for compounds that lost the BDM auction. Compounds that won 
kept the chlorine dispenser and the soapy water bottle, and continued to receive 2 packets of 
detergent per household per month for use in the soapy water bottle. Compounds that lost 
retained the soapy water bottle, but did not receive resupply of detergent. The sample consists 
of compounds in the handwashing arm and in which an auction was conducted. Estimation 
by logit regression. Standard errors clustered at the compound level in parentheses. * p<0.1, 
** p<0.05, *** p<0.01. 

 

 

 

                                                     

26 There was no explicit handwashing promotion during delivery, although it is possible that the visit itself 

motivated handwashing in some way, perhaps by reminding the household of its importance. 
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Note: this figure shows the share of compounds, by BDM outcome and survey 

wave, with soap and water available at the common latrine. Compounds that won kept 

the chlorine dispenser and the soapy water bottle, and continued to receive 2 packets of 

detergent per household per month for use in the soapy water bottle. Compounds that 

lost retained the soapy water bottle, but did not receive resupply of detergent. The 

sample consists of compounds in the handwashing arm and in which an auction was 

conducted. Point estimates and 95% confidence intervals estimated via logit regression. 

Standard errors clustered at the compound level. 3.5-month survey: 163 compounds. 7-

month survey: 162 compounds. 
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Figure 6: Effect of losing free soap delivery on soap and water 

availability at the latrine 
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To measure the effect of the messaging treatment on the presence of soap and 

water at the latrine, we re-estimated Equation (2), but with cT  representing the 

messaging treatment ( 1cT =  indicates the disgust and shame treatment). The messaging 

treatment does not have a large or statistically significant effect, either in simple 

differences or in difference-in-differences (Table 12, col. 2 and 3).27 The same null result 

is found when estimating the model separately for small and large compounds (Table 

S5.A-S5.B) and for compounds with and without the handwashing treatment (Table S6).  

Table 12: Share of compounds with soap and water available at the latrine, by 

messaging treatment 

 (1) (2) (3) 

 Baseline 3.5-month 7-month 

Standard 0.177 0.462 0.400 

 (0.034) (0.035) (0.034) 

    

Disgust 0.254 0.424 0.409 

 (0.039) (0.035) (0.035) 

Estimated difference 0.077 -0.037 0.009 

Std. Err. (0.051) (0.049) (0.049) 

Difference in differences  -0.114 -0.068 

Std. Err.  (0.070) (0.073) 

Number of compounds 256 413 408 

 
Note: this table shows the share of compounds, by messaging treatment and survey wave, 

with soap and water available at the common latrine, as well as the estimated difference 
between treatments. Difference-in-difference estimates for the 3.5-month midline (column 2) 
and 7-month endline (column 3) surveys use differences at baseline for comparison. 
Estimation by logit regression. Standard errors clustered at the compound level in parentheses. 
* p<0.1, ** p<0.05, *** p<0.01. 

                                                     

27 This is an intention-to-treat analysis (i.e, we do not condition on winning in the midline and endline data) 

because, as seen in Section Error! Reference source not found., there was no detectable impact of the 

messaging treatment on WTP.  
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2.4.3 Handwashing behavior 

To determine whether the interventions affected handwashing behavior, we 

collected data on handwashing behavior during structured observation sessions 

approximately 2 months after the promotional meeting and start of the free trial. The 

key outcome of interest is handwashing after toilet visits. We examine three variables, in 

increasing order of effective hygienic practice: whether the subject rinses her hands with 

water (whether or not she uses soap); whether she washes at least one hand with soap; 

and whether she washes both hands with soap. We estimate Equation (2), although we 

have only one cross-section so we cannot perform difference-in-differences estimation. 

The handwashing treatment increased handwashing with soap by 5-6 pp, 

relative to control group levels of 10-11 percent (Table 13, columns (2) and (3)). There 

was no effect on the use of water (with or without soap, column (1)), suggesting that the 

mechanism is the result of easier access to soap for those who choose to wash their 

hands, rather than an increased propensity to wash hands among those who otherwise 

would not. Effects were somewhat larger in small compounds (+7-8 pp, 0.01p  ) than 

in large compounds (+3-4 pp, marginally significant), as shown in Tables S7.A-S7.B in 
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the Online Appendix. There was no detectable effect of the messaging treatment on 

handwashing (Table 14; Tables S8.A-S8.B). 

 

Table 13: Handwashing after visiting toilet, by handwashing treatment 

 (1) (2) (3) 

 Used 

water 

Used soap Used 

soap, both 

hands 

No handwashing 0.557 0.114 0.106 

 (0.0187) (0.0116) (0.0115) 

    

Handwashing 0.549 0.173 0.154 

 (0.0136) (0.00960) (0.00897) 

Estimated difference (HW - no HW) -0.008 0.060*** 0.048*** 

Std. Err. (0.023) (0.015) (0.015) 

Number of compounds 417 417 417 

Number of observations 5141 5151 5182 

 

Note: this table shows the share of toilet events after which compound residents (1) 

rinsed their hands with water (with or without soap), (2) used soap to wash at least one 

hand, (3) used soap to wash both hands, by handwashing treatment, as well as the estimated 

difference between the handwashing and non-handwashing treatments. Data collected 

during structured observation at approximately month 2 of the free trial. Estimation by logit 

regression. Standard errors clustered at the compound level in parentheses. * p<0.1, ** 

p<0.05, *** p<0.01. 
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Table 14: Handwashing after visiting toilet, by motivational treatment 

 (1) (2) (3) 

 Used 

water 

Used 

soap 

Used soap, both 

hands 

Standard 0.555 0.146 0.134 

 (0.0166) (0.0106) (0.0100) 

    

Disgust 0.548 0.161 0.143 

 (0.0144) (0.0109) (0.0103) 

Estimated difference -0.006 0.015 0.009 

Std. Err. (0.022) (0.015) (0.014) 

Number of compounds 417 417 417 

Number of observations 5141 5151 5182 

 

Note: this table shows the share of toilet events after which compound residents (1) 

rinsed their hands with water (with or without soap), (2) used soap to wash at least one 

hand, (3) used soap to wash both hands, by motivational treatment, as well as the estimated 

difference between the disgust and standard arms. Data collected during structured 

observation at approximately month 2 of the free trial. Estimation by logit regression. 

Standard errors clustered at the compound level in parentheses. * p<0.1, ** p<0.05, *** 

p<0.01. 
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Our survey results shed light on the modest effects of the disgust-and-shame 

method. First, although our qualitative results suggest the shame and disgust 

intervention increased self-reported feelings that untreated water is disgusting in the 

short term, the effects were not sustained. For example, 78% of those with the disgust-

and-shame message vs. 73% of those with the health messages self-reported feelings of 

disgust at untreated water after 3.5 months, converging to 70 vs. 71% at 7 months 

(neither difference statistically significant at the 5% level). In addition, these compounds 

had high mobility. Perhaps for that reason, in qualitative research, most respondents 

reported low concern for how their neighbors viewed them (Rahman et al., 2013). Thus, 

the preconditions for the effectiveness of the disgust-and-shame intervention were not 

satisfied in this setting.  
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Figure 7: Willingness to pay, by handwashing treatment (group auction) 

Note: this figure plots the share of compounds with total WTP greater than or 

equal to the indicated price, by handwashing treatment. The sample is restricted 

to compounds in the group auction treatment.  
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2.4.4 Willingness to pay 

2.4.4.1 WTP by messaging treatment 

We can assess the impact of the messaging treatment on collective WTP visually, 

by comparing the inverse demand curves by treatment, and by regression. Figure 7 plots 

inverse demand curves by messaging treatment. Specifically, for each price 

 25,50, ,250p , we estimate 

   ( )0 11 c cWTP p T  =  + ,  (4) 

where cWTP  is WTP for compound c and cT  is compound c’s treatment 

assignment. We also report results for WTP per household, dividing by the number of 

households in the compound at baseline. The standard health message is the omitted 

category, so 1  represents the effect of the disgust and shame treatment relative to the 

standard health treatment. We then use the estimates to compute predicted shares. 



 

 

85 

 

Figure 8: Willingness to pay, by messaging treatment (group auction) 

 

Note: this figure plots the share of compounds with total WTP greater than or 

equal to the indicated price, by messaging treatment. The sample is restricted to 

compounds in the group auction treatment.  

 

The share of compounds willing to purchase at any given price is slightly higher 

among compounds assigned to the disgust and shame message than compounds 

assigned to the standard health message, but this difference is not statistically significant 

at any price. As an aggregate measure, we obtain the effect on mean WTP by estimating  

 0 1c cWTP T  = + +   (5) 
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by OLS. The results, presented in Table 15. Mean WTP is low in both treatment 

groups: no more than 5 BDT (USD 0.14) per household per month in either arm. WTP is 

slightly higher in the disgust arm (by 0.7 BDT, USD 0.01, per household per month), but 

this difference is neither economically nor statistically significant. Similar null effects are 

found in both large and small compounds (Tables S9.A-S9.B in the Online Appendix). 

  

 

 

 

 

 

 

 

 

 

 

 

Table 15: Willingness to pay by messaging treatment 

 (1) (2) 

 Compound 

WTP 

WTP per HH 

Standard 38.835 4.479 

 (4.373) (0.532) 

   

Disgust 43.868 5.137 

 (5.014) (0.619) 

Estimated difference 5.033 0.658 

Std. Err. (6.653) (0.817) 

Number of compounds 209 209 

 

Note: this table shows mean willingness to pay (WTP) for a one-year subscription to 

the chlorine dispenser by messaging treatment, as well as estimated differences between 

treatments (disgust - standard). Column (1) reports total compound WTP, while column 

(2) reports WTP per household. WTP for compounds that dropped out before the sale is 
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coded as zero. The sample is limited to compounds assigned to the group auction treatment. 

Units are Bangladesh Taka (BDT), approximately 75 BDT / 1 USD at the time of the sale. 

Estimation by OLS regression. Robust standard errors in parentheses. * p<0.1, ** p<0.05, 

*** p<0.01. 

 

2.4.4.2 WTP by handwashing treatment 

We did not have a strong ex ante belief that the handwashing treatment would 

increase WTP for the chlorine dispenser. However, during implementation the field staff 

reported that the households liked the soapy water bottle and that it increased interest in 

the intervention generally. As a result, we decided ex post to test whether there was any 

effect on WTP. As shown in Table 16 and, there was no systematic increase in WTP. A 

slightly higher share of handwashing compounds were willing to participate in the 

auction (0.62 vs 0.58), but this increase was not statistically significant. Similar null 

effects are found in both large and small compounds (Tables S10.A-S10.B in the Online 

Appendix). 

  

Table 16: Willingness to pay by handwashing treatment 

 (1) (2) 

 Compound 

WTP 

WTP per HH 

No handwashing 43.116 5.203 

 (6.176) (0.759) 

   

Handwashing 40.536 4.620 

 (3.943) (0.483) 

Estimated difference -2.580 -0.583 

Std. Err. (7.327) (0.900) 

Number of compounds 209 209 
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Note: this table shows mean willingness to pay (WTP) for a one-year subscription to 

the chlorine dispenser by handwashing treatment, as well as estimated differences between 

treatments (handwashing - no handwashing). Column (1) reports total compound WTP, 

while column (2) reports WTP per household. WTP for compounds that dropped out before 

the sale is coded as zero. The sample is limited to compounds assigned to the group auction 

treatment. Units are Bangladesh Taka (BDT), approximately 75 BDT / 1 USD at the time 

of the sale. Estimation by OLS regression. Robust standard errors in parentheses. * p<0.1, 

** p<0.05, *** p<0.01. 
 

 

 

2.4.4.3 WTP and payment compliance 

The extent to which BDM can successfully measure true willingness to pay 

remains an open question even in the case of a single agent (J. M. Berry et al., 2015), and 

little is known about whether the compound’s collective bid in a group BDM 

approximates a true underlying parameter. One useful indicator of the compound’s 

sincerity in the bidding process is whether it completes the full year subscription. Using 

the sample of compounds that won the subscription in the BDM auction, we estimate  

   ( )0 1 21 Complyc c cWTP D  =  + + ,  (6) 

where  1 Complyc  indicates that compound c  made all 12 payments to 

complete its yearly subscription, cWTP  is the compound’s BDM bid, and cD  is the 

compound’s price draw. We control for the price draw because winning compounds 

that bid more will, on average, also have a higher monthly payment. Table 10 presents 
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logit coefficients and average marginal effects for Equation (6), as well as a specification 

interacting  cWTP  and cD .1 While precision is limited by the small sample size, we find a 

small but positive relationship: a 10 BDT increase in the compound’s bid is associated 

with a 1.2 – 1.4 pp increase in the probability of completing the year’s subscription. This 

positive point estimate provides some evidence that BDM obtained useful information 

from these compounds. 

 

Table 17: WTP and Payment Compliance 

 (1) (2) 

Compound bid 0.0065 0.0030 

 (0.0079) (0.0104) 

   

Monthly payment -0.0170 -0.0265 

 (0.0113) (0.0249) 
   

Interaction of bid and payment  0.0001 

  (0.0001) 

Avg. marg. effect of WTP 0.0012 0.0014 

Std. Err. (0.0015) (0.0015) 

Number of compounds 52 52 

 

Note: this table presents estimates from a logit model where the dependent variable is 

an indicator for whether the compound completed its yearly subscription, i.e. makes all 12 

monthly payments, and the independent variables are the compound's WTP, i.e. its bid in 

BDM, the monthly subscription fee, i.e. the price drawn in BDM, and, in column (2), their 

interaction. The first three rows present logit coefficients, while the fourth row presents the 

average marginal effect of an increase in a compound's WTP. The sample consists of all 

compounds that participated in the group auction and won the subscription, i.e. the lottery 

price was less than or equal to the compound's bid. 

                                                     

1 Estimated marginal effects from linear probability models, presented in Table S11 in the Online Appendix, 

are similar. 
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2.5 Discussion and Conclusion 

When people do not use an effective method to prevent illness, economists 

typically assume that price is a barrier or that consumers lack information on the 

problem and/or the effectiveness of this prevention. However, in the case of the chlorine 

dispenser, providing a free trial of an effective prevention while also teaching people 

about the presence of dangerous germs in untreated water only increased water 

treatment modestly.  

Mean willingness to pay for the chlorine dispenser after the free trial was low: no 

more than USD 0.14 per household per month. This low WTP cannot be explained by 

lack of interest in water treatment: in subsequent research with similar households in the 

same communities, median household WTP for a ceramic water filter was 

approximately USD 17 (Guiteras et al., 2014). This filter was marketed as lasting up to 2 

years, implying median household WTP of approximately USD 0.70 per month. Thus, 

the low WTP for the chlorine dispenser relative to the filter is likely the result of dislike 

of the dispenser, dislike of chlorine, non-treatment value from the filter (e.g., safe storage 

or the filter’s attractive appearance), and challenges of group coordination in agreeing 

on collective payments.  
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We hypothesized that a message combining motives based on disgust and shame 

might be effective in promoting water treatment.  We find little evidence that this 

message performed better than a traditional health message. However, our disgust-and-

shame messages were repeated only a few times and never reached many compound 

members. Importantly, we reached only perhaps 20% of men – who are typically much 

more socially powerful than women in Bangladeshi culture. Qualitative interviews with 

households suggested the presentation evoked feelings of disgust at untreated water, 

but these feelings did not last. Specifically, the disgust and shame intervention did not 

increase self-reported feelings of disgust at untreated water seven months later. In 

addition, residents reported low concern for how their neighbors viewed them, even 

though household mobility was somewhat lower than expected.2  

The results from providing a soapy water bottle were modest but encouraging. 

Two months after the intervention began, people in compounds with the soapy bottle 

were washing their hands with soap after 15-17% of visits to the toilet, which was more 

often than the 10-11% share at compounds without that intervention. Because this 

intervention was so cheap (just USD 0.75 per household per year), even this modest 

                                                     

2 Among households surveyed at baseline, 92% were found at midline, which was typically 3-4 months after 

the intervention (q10-q90 range 85-112 days). This is an upper bound on household turnover, because some 

of these households may not have been present that day. Similarly, enumerators found 82% of baseline 

households at endline, which was typically 6-7 months after the intervention (q10-q90 range 186-220 days). 
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impact is cost-effective by conventional standards.3 The finding that free provision of a 

simple tool for handwashing substantially increases availability of soap and water and 

rates of handwashing with soap, while messaging treatments have no differential effect, 

is consistent with a growing body of research finding that the effects of price and 

convenience are large relative to other treatments such as promotion or education 

(Dupas, 2011). Furthermore, the fact that the availability of soap and water dropped 

sharply when we no longer provided free soap shows that  even a small positive price 

can dramatically reduce use (Holla & Kremer, 2009).  

This paper’s results indicate the need for further research in several key areas. 

First, the low rates of adoption we found contrast with those of Kremer et al. (2011) and 

other dispenser interventions, primarily in rural Africa, which report sustained 

chlorination rates of 40% or greater (Evidence Action, 2014). It is important to 

understand why adoption rates of very similar technologies differ so dramatically. This 

may be the result of subtle differences in the context (in rural Africa, water is typically 

carried for 20 minutes or more after collection and treatment, which allows the smell of 

chlorine to dissipate, while in urban Dhaka, water might be consumed very soon after it 

is collected), or other cultural factors (although chlorination rates are low in rural Africa, 

                                                     

3 See Section 4 of the Online Appendix. Our point estimates suggest the chlorine dispenser, in contrast, 

would not be “highly effective” using the World Bank’s criteria. 
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households are usually familiar and comfortable with chlorine-based treatment, while 

there is much less familiarity with chlorine-based treatment in urban Dhaka). Second, it 

remains an open question whether a more intensive disgust-and-shame based 

intervention, conducted in communities with stronger social ties, could be more 

effective in establishing and enforcing new and more healthful norms. Third, the sharp 

decrease in the availability of soap after monthly delivery of inexpensive detergent 

packets ceased suggests that more research is needed to improve understanding of both 

small behavioral barriers and lack of coordination in providing local public goods. 

3. Chapter 3 – The Pursuit of Balance in Sequential 
Randomized Trials 

In many randomized trials, subjects enter the sample sequentially. Because the 

covariates for all units are not known in advance, standard methods of stratification do 

not apply. We describe and assess the method of DA-optimal sequential allocation 

(Atkinson, 1982) for balancing stratification covariates across treatment arms. We 

provide simulation evidence that the method can provide substantial improvements in 

precision over commonly-employed alternatives. We also describe our experience 

implementing the method in a field trial of a clean water and handwashing intervention 

in Dhaka, Bangladesh, the first time the method has been used. We provide advice and 

software for future researchers. 
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The work on optimal sequential allocation algorithms was done in collaboration 

with Raymond P. Guiteras of North Carolina State University, David I. Levine of UC 

Berkeley Haas. Guiteras had the idea to implement Atkinson’s optimal algorithm and 

write a note on it. I worked with Guiteras to code the algorithm for implementation and 

I wrote code to run simulations to compare Atkinson’s method to others commonly 

used. I assisted Guiteras in writing the manuscript. Our manuscript was published in 

the journal, Development Engineering (2016). 

3.1 Introduction 

Randomized-controlled trials (RCTs) are an increasingly important tool for 

policy evaluation and estimation of economic parameters. However, they are expensive, 

and efficient use of limited resources (funding, inputs from implementation partners, 

and researchers' time) requires that they be designed carefully. In an important 

contribution, Bruhn and McKenzie (2009) reviewed stratification methods that were 

common in economics RCTs at the time, and showed that large gains in precision were 

available by adopting more sophisticated stratification methods from the clinical trials 

literature. These stratification methods require researchers to obtain stratification 

covariates from all subjects prior to randomization. However, this is not always feasible. 

In clinical trials, subjects are often allocated to treatment as they arrive. In field trials, 

operational constraints may prevent defining and surveying the full sample frame in 
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advance. In such situations, subjects must be assigned sequentially, with the researcher 

only learning the value of the stratification variables for that subject's at the time of 

enrollment and assignment.4 

In this paper, we propose the use of DA-optimal sequential allocation (Atkinson, 

1982) to improve balance and power when subjects are enrolled sequentially. The DA-

optimal method minimizes imbalance given the constraint of not knowing covariate 

values in advance. We describe the method and its properties, and provide an algorithm 

for its implementation. We conduct a set of simulations, based on Bruhn and McKenzie 

(2009), and show that the DA-optimal method offers clear benefits relative to commonly-

used sequential alternatives. In fact, surprisingly, optimal sequential designs are 

comparably well-balanced to stratifications performed with full knowledge of covariates 

in advance. In spite of these practical advantages, the method had not, to our knowledge 

and according to three survey articles, ever been employed in the field.5 We describe our 

experience implementing the method in a water treatment and hygiene intervention in 

                                                     

4 Examples of sequential randomization in economics include Beaman and Magruder 

(2012), which randomized without stratification, and Bronchetti, Dee, Huffman, and 

Magenheim (2013), which stratified using the block randomization method. 
 
5 See McEntegart (2003), Table 1 in Donald R. Taves (2010), and Ciolino et al. (2011). 

Confirmed by personal communication with J. Cicolino, Northwestern University, 

January 17, 2014. 
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Dhaka, Bangladesh (Guiteras, Levine, Luby, et al., 2015), and offer practical advice on its 

implementation under field conditions. Implementation was feasible with standard 

software (Stata), and produced an allocation that was well-balanced both on the 

stratification variables chosen ex ante and, ex post, on other important variables that were 

not included in the stratification. 

3.2 Theory 

Text Our exposition follows Atkinson (2002), with some changes in notation. 

First, we lay out the model and notation. Second, we develop the theory for the 

traditional situation of a fixed population of N subjects, for whom covariates X have 

been collected in advance. Third, we introduce sequential designs using a simplified 

case where the researcher is concerned with the precision of all estimated parameters, 

both treatment effects and nuisance parameters (coefficients on stratification variables). 

Finally, we adapt the sequential design to the standard situation where only precisely 

estimated treatment effects are of interest. 

3.2.1 Model and Notation 

Suppose the researcher is conducting an individual-level trial with J treatments, 

including the control treatment. We first consider a linear model with homogeneous 

treatment effects and i.i.d.errors. In Section 3.3, we discuss extensions, including 

heteroscedasticity, nonlinear models, and cluster designs. The model for unit i is 
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where di is a J × 1 vector of indicator variables assigning unit i to a single treatment (i.e., 

exactly one element of di is equal to one), xi is a K × 1 vector of covariates, and εi is an 

error term. Without loss of generality, we order the treatments with the control 

condition first. Let di(j) indicate assignment to the jth treatment; that is, di(1) = ( 1 0 … 0 )’, 

di(2) = ( 0 1 0 … 0 )’, etc. We are interested in estimating contrasts between the elements 

of α ; that is, α1 - α2 , α1 - α3 , etc. The control group mean is a nuisance parameter,6 as are 

the K elements of β (the coefficients on the covariates), so we have K+1 nuisance 

parameters and J-1 parameters of interest.7 

3.2.2 Optimal designs with baseline covariates 

First, consider a population of N subjects, for whom the researcher has obtained 

baseline covariates X prior to randomization. The population regression model is given 

by 

                                                     

6 We are not interested in α1 per se, but a precise estimate of α1 is necessary to estimate 

contrasts precisely. 
 
7 A more familiar setup for economics readers would include an intercept term as a 

covariate, so α∼1 would have J-1 elements (corresponding to the J-1 treatment conditions 

excluding the control) and the augmented covariate vector (1 , x')' would have K+1 

elements including the intercept. This turns out to be less convenient for some of the 

matrix algebra below. 
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where D is the N × J matrix assigning all subjects to treatment (i.e., D = (d1 … dn)’ ). X is 

the N × K matrix of covariates, and α and β are as before. Given the covariates X , our 

goal is to choose D to minimize the variance of our estimated treatment effect. As a 

simple example, with one treatment plus a control condition, J = 2 , we are interested in 

the contrast α1 - α2 and wish to minimize V[ �̂�1 - �̂�2  ] .  

A useful matrix to create contrasts is 

 

Now we can create a vector of contrasts by premultiplying α by L' : 

 

 
To annihiliate the nuisance parameters, we augment L' with a ( J-1 ) × K matrix of zeros, 

and define 
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The variance of �̂� is is proportional to square root of the determinant of the generalized 

variance: 

       

This quantity is minimized when D'X = 0 ; that is, when the treatment assignment is 

orthogonal to the covariates, which is to say the treatments are balanced across the 

covariates. When D'X = 0 , the generalized variance simplifies, and the determinant is  

 

This minimum possible value is the standard against we any other treatment assignment 

D . Note that this value is increasing in J and decreasing in N , which matches our 

intuition that the variance will increase with the number of treatments and decrease 

with the number of observations.  

The relative efficiency of a design D is the ratio of the determinant of the 

generalized variance to this minimal value: 
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where 1/( J - 1 ) is a scale factor. A smaller denominator |A' ( W'W )-1 A| leads to higher ε 

, implying a more efficient design. Note that ε =1 for an exactly balanced design. A 

useful representation is the loss  

 

which is expressed as the effective loss of observations relative to an optimal design. 

That is, a non-optimal design D with N units is as precise as an optimal design with  

N(1- ε ) fewer units. For an exactly balanced design, L =0 . 

Although not the focus of this paper, this framework can be used for near-

optimal randomization in cases where a researcher can collect baseline data prior to 

randomization. Specifically, create a large number S of random allocations  D  1 , … , D s , 

… , D S  and choose the allocation D s with lowest associated loss. Kasy (2013) considers a 

more general Bayesian framework, and provides a search algorithm to find an optimal 

allocation.8 

                                                     

8 This optimal allocation is unique if any element of x is continuous, and may be unique 

(in finite samples) even for discrete x with a large number of treatments and covariate 

cells. See also Bertsimas, Johnson, and Kallus (2015) 
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3.2.3 Sequential D-optimality 

To extend to sequential randomized trials, we first consider the simple case 

where all elements of θ = ( α', β' )' are of interest. Our goal is to minimize the variance of 

𝜃. The variance of 𝜃 is proportional to the inverse of the design matrix (W'W)-1 , so we 

want to minimize (W'W)-1 or, equivalently, maximize |W'W| , which will give us a D-

optimum design. 

Suppose the first n units have been allocated, with the resulting design given by 

Wn = [Dn  Xn] . Suppose that unit n+1 arrives, with covariate vector xn+1 . By the 

Generalized Equivalence Theorem of Kiefer and Wolfowitz (1960), maximizing |W'W| 

is equivalent to minimizing the maximum variance of the predicted response, where this 

maximum is taken over the space of w . That is, given the current allocation Wn , the 

variance of �̂� at a point w = (d',x')' is 

     

where s( w, Wn ) is the standarized variance at w given the allocation Wn . Because 

minimizing V[𝜃] is equivalent to minimizing the maximum variance of the predicted 

mean, we can restate our objective as minimizing 
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That is, given the existing design Wn and the covariate values xn+1 , the optimal 

assignment for unit n+1 is  

              

In other words, we want to allocate this unit to the treatment where the variance is 

greatest. To accomplish this, for unit n+1 , write the set of possible values for w n+1 as 

wn+1(1) = (d(1)' , xn+1')' , … wn+1( J ) = (d( J )' , xn+1')' , where d( j ) denotes allocation to 

treatment j . For each wn+1( j ) , we calculate 

     

The best allocation for unit n+1 is the d( j ) with the largest value of sj. In this simplest 

case, we mechanically assign person n+1 to this treatment. The intuition is that the unit 

is being assigned to the treatment where it is most needed, which is where the variance 

is highest. In Section 3.3.7, we discuss non-deterministic or “biased coin” assignment. 

3.2.4 Sequential DA-optimality 

The D-optimal procedure in the previous subsection minimizes V[𝜃] . That is, it 

maximizes precision for estimates of both treatment effects and the coefficients on 

baseline characteristics. However, in most cases our goal is to maximize precision for the 

estimated treatment effects. That is, our objective is to minimize V[�̂�] , and we are not 

per se interested in minimizing V[�̂�]. Atkinson calls this problem DA-optimality. The 
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intuition and the basic procedures are the same, but the formula for the standardized 

variance sA ( wn+1( j ) , Wn) is slightly more complicated: 

 

where A' = [L' 0], as above. 

The assignment algorithm follows the logic of Section 3.2.3. Suppose that n units 

have been allocated, and the current matrix of assignments and covariates is                  

Wn = [Dn Xn] . When unit n+1 arrives with covariates xn+1 , check the value of                      

sj = sA (wn+1( j ) , Wn) for each possible assignment j . The optimal allocation of unit n+1 is 

where where sj is greatest.  

 

3.2.5 Algorithm 

The procedure described above cannot be used for the first units, because W'W is 

singular as long as the number of observations, n , is less than the number of incidental 

parameters, J . These first units could be assigned randomly, or the W'W matrix could be 

made invertible by adding a small amount of random noise to the diagonal. 

Having allocated n units, allocate unit n+1 as follows: 

1. Subject n+1 arrives with xn+1  

2. For each treatment j , calculate sA (wn+1( j ) , Wn) using equation (5). 

3. Assign treatment to the study arm where sA (wn+1( j ) , Wn) is greatest. 
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4. Update Wn to Wn+1 . 

3.3 Extensions 

3.3.1 Unequal allocations 

The basic exposition assumes that the researcher places equal weight on the 

precision of each element of α (that is, on the coefficient of each treatment effect). 

However, the researcher may wish to weight these unequally – if, for example, the cost 

of treatments vary, or if external constraints require unequal numbers of treated units. 

To create unequal allocations, inflate or deflate the corresponding values of                      

sj = sA (wn+1( j ) , Wn). For example, to overweight treatment j , premultiply sj by an 

appropriate weight mj . These weights  mj  can be calculated analytically in some simple 

cases, or the researcher can conduct simulations to tune the weights. See Section 3.6 for 

an example. 

3.3.2 Heteroskedasticity 

If the variance of the outcome of interest is a function of treatment, equal 

allocations may be inefficient because coefficients corresponding to treatments that 

increase variance will be less precisely estimated. If the researcher has a strong prior that 

the variance of the outcome of interest is likely to be greater under certain treatment 

conditions, she can allocate more units to that treatment following the weighting 

strategy described in the previous subsection. 
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3.3.3 Unequal penalties for imbalance 

The researcher may wish to emphasize balance in one covariate or set of 

covariates over others. Suppose one set of K1 covariates x1 have very strong predictive 

power for the outcome variable, while the remaining K2 covariates x2 have some 

predictive power but less than x1 . The researcher wants to balance against both 

covariates, but imbalance in x1 will cause greater efficiency loss than imbalance in x2 . To 

assign a greater penalty to imbalance in x1 , note from Equation (5) that efficiency is 

maximized when D'X is zero, and decreases as D'X ( X'X )-1 X'D becomes larger. Partition 

X into X = [X1 X2] . Now  

 

so to penalize imbalance in x1 simply multiply D' X1 – but not D' X2 – by a scalar weight 

m > 1 . The same logic applies in the sequential algorithm: in the standardized variance 

formula (5), replace Dn'X 1n with m Dn'X1n . Again, simulations can help choose the 

appropriate weights. 

3.3.4 Subgroups and Interactions 

As described, the algorithm maximizes marginal balance. That is, it minimizes 

the variance of the estimates of the treatment effects overall, not for any particular value 

of the covariates. To optimize estimates for subgroups, augment the vector containing 
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the covariates of interest, α , with the relevant interaction coefficients. Similarly, if the 

interaction of two treatments is of interest, augment α and d appropriately. See Section 

3.6 for an example. 

3.3.5 Nonlinear models 

The algorithm is motivated by linear regression, so the allocation it produces 

may not be optimal for nonlinear designs. In particular, for linear regression, the optimal 

design does not depend on the value of the unknown parameters, but it does for 

nonlinear or generalized linear models (Atkinson & Haines, 1996). Therefore, the 

optimal design, for a non-sequential or sequential trial, in a nonlinear model requires 

that the researcher specify her prior belief distribution about the parameter of interest. 

While the intuition is similar (maximizing the log of the determinant of the information 

matrix), the calculation can be quite difficult. However, it is difficult to imagine a 

scenario where balancing to minimize the variance of OLS estimates would severely 

worsen the precision of nonlinear estimators. Therefore, we speculate that such concerns 

are of second order, and that, while the method may not produce the optimal design for 

a nonlinear model, it is likely to produce a good approximation. In highly specialized 

situations, there may be some efficiency gains to more specialized solutions.9 

                                                     

9 For an example, see Zocchi and Atkinson (1999), who derive the optimal design to study the relationship 

between a discrete treatment (dose of gamma radiation) and a multinomial, ordered outcome (whether 

housefly pupae die before opening, die during emergence, or survive past emergence). 
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3.3.6 Time trends 

Because the algorithm seeks to maintain balance at each point in the sequence, it 

is robust to trends or fluctuations in potential outcomes that occur as sample enrollment 

proceeds. For example, neither a geographic pattern to enrollment nor a change in 

recruitment methods would cause bias, even if these were correlated with potential 

outcomes (e.g., moving from richer to poorer neighborhoods, or making a greater effort 

to recruit poor subjects).  

3.3.7 Biased coin methods 

The DA-optimal method will produce unbiased estimates as long as each unit’s 

exact place in the sequence is uncorrelated with potential outcomes. This assumption 

could be violated if, for example, an intake nurse in a clinical trial knows the algorithm 

and current allocation. The nurse could then manipulate the order in which subjects are 

processed to ensure that a particular subject receives a particular treatment.  

To reduce the possibility of gaming, a “biased coin” version of the sequential 

allocation algorithm allocates a subject probabilistically, putting highest probability on 

the study arm that would reduce the variance of estimated treatment effect,                     
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sA (wn+1( j ) , Wn), the most. Following the logic of Efron (1971) and of Atkinson (1982) 

suggests this formula for the probability for allocation to study arm: 

                                         

Randomization may also be useful for expositional purposes, to explain to 

subjects that the process is fair and to regulators or other consumers of the research who 

are used to hearing about “randomized,” rather than “optimally allocated,” trials.  

3.3.8 Cluster designs 

The development above is based on individual-level treatments, but can be 

adapted for cluster designs. The first application is to interventions where the treatment 

is assigned at a cluster level. In this case, the DA-optimal method applies directly, using 

cluster-level covariates.  

A second application is when treatments are assigned to individuals, but 

individuals belong to clusters and for logistical reasons these clusters are enrolled 

sequentially. For example, consider a study of the demand for water filters among N 

households in V villages.10 The researcher wishes to vary a sales treatment at the 

                                                     

10 This example is inspired by J. Berry, G. M. Fischer, and R. P. Guiteras (2015), who, 

regrettably, were not aware of the DA-optimal method at the time of implementation, 

and used a complicated version of the Block method described in Section 3.5.1.2. 
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household level. However, villages are enrolled – and stratification covariates collected – 

sequentially, so at the time of assigning treatments in village v , the researcher only 

knows covariates for households in villages 1, … ,v , and the history of assignments in 

villages 1, … ,v-1 . This is not a purely sequential allocation, since the researcher knows 

the values of the covariates for all households in village v , and can assign treatments 

simultaneously within village v . However, the researcher does not know the value of 

covariates for households in future villages v+1, … V . The tools of sequential allocation 

can be usefully applied in this situation. Suppose that the matrix of assignments and 

covariates through village v-1 is Wv-1 =[Dv-1 Xv-1] . The researcher obtains covariate data 

for households in village v , resulting in the covariate matrix Xv for all v villages. The 

researcher then creates a large number S of random treatment allocations for village v , 

resulting in a set of assignment matrices Dv1 , … , Dvs , … , DvS and corresponding design 

matrices  Wv1, … , Wvs, … , WvS. For each s , we can calculate the associated determinant 

A' ( Wvs′ Wvs)-1 A , where, as in Section 3.2.2, the matrix A allows us to focus on the 

parameters of interest. Since this determinant is proportional to the expected variance of  

�̂� , we select the allocation that minimizes this determinant. 

3.4 Inference 

Confidence intervals can be constructed from the usual regression-based 

methods, and the standard covariance matrices can also be used for t-tests of 
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hypotheses. Shao, Yu, and Zhong (2010) prove that controlling for balancing variables 

will yield tests of the correct size. As emphasized by Bruhn and McKenzie (2009),  

researchers should commit ex-ante to controlling for the balancing variables, since this 

increases power on average, but retaining the option to analyze without controlling for 

the balancing variables gives the researcher a degree of freedom that can distort the size 

of a test.  

Randomization inference can be conducted by following the “reasoned basis for 

inference” logic of Fisher (1935): because the design assumption is that the precise order 

of arrival of units is arbitrary, one can construct counterfactual distributions by 

reshuffling this order in which subjects arrive (Simon, 1979). If the study incorporates a 

biased coin (as in Section 3.3.7), then one can instead re-randomize the biased coin flips, 

holding the order of arrival fixed. Shao and Yu (2013) also propose a covariate-

augmented bootstrap method and show that it provides valid tests for generalized linear 

models. Bugni, Canay, and Shaikh (2015) generalize the results of Shao et al. (2010) by 

showing that the traditional t-test provides asymptotically conservative inference, and 

that asymptotically non-conservative inference can be achieved by using tests based on 

covariate adaptive permutations or based on regressions with strata-specific dummies. 

The use of these asymptotically non-conservative methods often results in power 

advantages relative to the t-test. 
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3.5 Simulation 

Using the four panel datasets and simulation structure of Bruhn and McKenzie 

(2009), we compare the D A -optimal method to two sequential methods, simple 

randomization and block randomization (permutations within block), which are 

commonly used in clinical and other trials (McEntegart, 2003). We describe these 

methods in greater detail in Section 3.5.1.2. For each dataset and each allocation method, 

we simulate 10,000 randomizations. In each iteration, the enrollment order is 

randomized, treatments are assigned according to the given method, a simulated output 

variable is created by adding a true treatment effect (possibly zero) to those assigned 

treatment, and we obtain an estimated treatment effect with associated standard errors 

and p-values. 

3.5.1 Methods 

3.5.1.1 Data 

We use the four panel datasets used in Bruhn and McKenzie (2009), who provide 

further detail on these data. The first dataset covers microenterprises in Sri Lanka and 

contains information on firms’ profits, assets and other firm and owner characteristics. 

The second dataset is a subsample from the Mexican employment survey (ENE) 

containing data on heads of household between 20 and 65 years of age who were first 

interviewed in the second quarter of 2002. The third dataset comes from the 1997 and 
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2000 waves of the Indonesian Family Life Survey (IFLS) and contains child schooling 

outcomes as well as household level data such as weekly expenditure. The final dataset 

comes from the Learning and Educational Achievement Project (LEAPS) in Pakistan and 

includes math and height z-scores as well as other covariates for children aged 8 to 12 at 

baseline. From each dataset, we draw sub-samples of 30, 100 and 300 observations to 

allow a comparison of the methods over small, medium and large samples.  

3.5.1.2 Allocation Methods 

In the simulations, we use three allocation methods: a simple, unstratified 

randomization; stratified permuted block randomization; and the DA-optimal method. 

In simple randomization, each subject is randomly assigned to treatment as she 

arrives, with each treatment given the desired probability. In our simulations, there are 

only two arms (treatment and control), and each is given probability 0.5 . 

In stratified permuted block randomization (“block randomization” for brevity 

in what follows), the researcher creates a separate randomization list for each stratum 

(unique combination of balancing covariates). For example, when balancing on 3 binary 

variables, there are 8 (= 23) strata.11 Since the number of subjects who will fall in each 

                                                     

11 When using the the Block method, the researcher must discretize continuous variables, e.g.above and 

below the median. However, the median (or other sensible cut point) may not be known in advance. One 

advantage of the DA-optimal method is that it allows for continuous covariates. In our application, we 

included the number of households in each compound as a balancing variable. Although we did not know 
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stratum is unknown ex ante, a list should maximize overall balance at each point in the 

sequence while keeping predictability of each allocation low. The block randomization 

method uses lists that are sequences of blocks of random but balanced permutations of 

the treatments. The size of the blocks can be as low as the number of treatments — 2 if 

there is one treatment and a control (e.g. ~(T,C), (C,T), (C,T), (T,C) …) — or higher to 

reduce predictability (e.g. ~2 treatments, block size 4: (T,C,C,T), (C,T,C,T), (T,C,T,C), 

(C,T,T,C), …). The size of the blocks may also be varied randomly to minimize 

predictability. In our simulations, we abstract from concerns about allocation 

manipulation and set the block size equal to the number of treatments, which achieves 

the greatest balance and therefore provides the most conservative test of the DA-optimal 

method.  

Our third method is the DA-optimal method, for which we follow the algorithm 

laid out in section 3.2.5. For the first J units, we added random noise to the diagonal of 

the matrix. We did not use the biased coin variant. 

For the block and DA-optimal methods, we use the same balancing variables as 

Bruhn and McKenzie (2009). The outcome at baseline is always included. Other 

                                                     

the distribution of this variable in advance, the DA-optimal method produced an allocation that was well-

balanced both on the mean of the continuous variable and on the proportion above / below the median. 
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variables are chosen based on their likelihood of being good predictors of the follow-up 

outcome.  

3.5.2 Simulation Results 

3.5.2.1 Balance at Baseline 

We first examine balance on the baseline outcome variable. After each 

randomization we regress the baseline outcome on the assigned treatment. Since the 

treatment is fictitious, the distribution of these coefficients gives an idea of the potential 

for imbalance under each method. Figure 9 presents the distributions for the three 

methods over a number of datasets at all three sample sizes. Table 18 gives the average 

coefficient, the 95th percentile of the distribution, and the proportion of iterations with a 

p-value less than 0.1 for each dataset and method, for the sample size 100. 
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Table 18: How do the different methods compare in terms of baseline balance? 
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Figure 9: Baseline Balance
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Panel A of Table 18 shows that all methods, even simple randomization, achieve 

balance on average at baseline since all have means close to zero. However, Panel B 

shows the methods that balance over the baseline outcome do significantly better than 

simple randomization at avoiding extremes and that the D A -optimal method clearly 

dominates the Block method in this respect. The ninety-fifth percentile of the 

distribution drops from around 0.4 standard deviations for simple randomization to 

around 0.2 for the Block method and to below 0.08 for the D A -optimal method. This 

point is illustrated by the kernel density plots in Figure 1, where the distribution of 

coefficients for D A -optimal appear as a sharp spike around zero compared to the more 

rounded bell curves for Block and simple randomization.  

We also see that including additional balancing variables in either method 

reduces balance on existing balancing variables, although only slightly.  

Table 1 also shows how the methods may affect balance on “unobservables.” Of 

course, it is not possible in practice to assess balance on true unobservables, but in a 

simulation we can mimic unobservables with observed variables we expect to be 

correlated with the outcome of interest, but which we intentionally exclude from the set 

of stratification variables. Standard stratification methods should not, on average, lead 

to more imbalance on unobservables than unstratified randomization (Aickin, 2001). 

Here, we obtain a similar result for the sequential balancing methods. All result in 
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balance on unobservables on average (zero average coefficients) and all have roughly 

the same or lesser likelihood of extreme imbalance, with 95th percentiles of the 

coefficient distributions at or below that of simple randomization (Sri Lanka: 0.434 for 

simple and 0.414 to 0.434 for balancing methods; Mexico: 0.457 for simple and 0.429 to 

0.448 for balancing methods).  

3.5.2.2 Balance at Follow-up 

We now address balance on the outcome of interest at follow-up. Just as for the 

baseline case, we have regressed the follow-up outcome on the fictitious treatment 

variable in each iteration. Figure 10 shows the distribution of coefficients. Tables 2 and 3 

present the same statistics as Table 1 but for the follow-up case, for sample sizes 30 and 

300 and with the addition of Panel D. In all cases, the p-values are based on regressions 

that take into account the method of randomization: for Block randomization, stratum 

dummies are added to the regression, for D A -optimal, the balancing covariates are 

included as controls. 
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Figure 10: Follow-up Balance
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Panel A of Tables 2 and 3 show that balance on the follow-up outcome is 

achieved on average by all methods. We expect to see the likelihood of extreme 

imbalance reduced only when the balancing covariates used are good predictors of the 

outcome. Bruhn and McKenzie (2009) note that covariates in the LEAPS datasets 

(specifically, lagged values for both outcomes, math and height z-scores) have high 

predictive power, with 43% or more of the variation in the outcome explained by the 

balancing covariates. The Sri Lankan microenterprise data and the IFLS schooling data 

fall at the other end of the spectrum with 17% or less explained. The results in Panel B of 

Table 19 confirm this hypothesis. For both of the LEAPS outcomes, we see substantial 

improvements in balance when using block randomization or DA-optimal methods 

compared to simple randomization. However, for outcomes where balancing covariates 

have low predictive power, there is no detectable improvement. This is not surprising: 

given that these baseline covariates have low predictive power for endline outcomes, we 

would not expect any balancing method to make much difference.  
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Table 19: How do the different methods compare in terms of balance on future 

outcomes? 

 

Additionally, as with Bruhn and McKenzie (2009), we see that the benefit of 

using covariates to balance attenuates as the sample size increases (compare Panel B of 
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Table 19 to Panel B of Table 20). We also confirm that test statistics are incorrect when 

not controlling for the method of randomization (see Panel C vs Panel D in Tables 2 and 

3).  

Table 20: How do the different methods compare in terms of balance on future 

outcomes? 
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3.5.2.3 Power to detect a given treatment effect 

Lastly, we turn to perhaps the most important question: how do the methods 

compare in terms of power for detecting a given treatment effect? To answer this 

question, we add a constant treatment effect to the output of all subjects assigned to 

treatment,1 and then regress the modified outcome on treatment. Tables 4 and 5 presents 

the proportion of estimated treatment effects that are significant at the 0.10 level, with 

and without proper controls for the method of randomization. As with Bruhn and 

McKenzie (2009), we see an increase in power in nearly all cases when proper controls 

for the method of randomization are included.  

In Table 21, Panel B we see the DA-optimal method improves power for all six 

datasets. The size of the improvements are modest with the given balancing variables, 

but improvement is consistent. The Block method on the other hand decreases power as 

often as it increases it. Table 22 shows that the differences in power are small across 

methods as N grows large.  

                                                     

1See the notes to Tables 4 and 5  for the values of these imposed treatment effects. 
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Table 21: How do the different methods compare in terms of power in 

detecting a given treatment effect? 
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Table 22: How do the different methods compare in terms of power in 

detecting a given treatment effect? 

 

3.6 Experience from the field 

We implemented the DA-optimal method in a randomized trial of safe water and 

handwashing interventions among 435 compounds in slums of Dhaka, Bangladesh. To 

our knowledge, this study was the first to apply the D A -optimal method. Details of the 

study and results are provided in Guiteras, Levine, Luby, et al. (2015). 
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All participants received behavior change communication and a free trial of a 

“chlorine dispenser,” a compound-level device for treating water with chlorine (Action, 

2014). At the end of the free trial, we measured the compound's willingness to pay for a 

one-year subscription for use and maintenance of the chlorine dispenser. We had 8 

study arms in a 2-by-2-by-2 interaction of  

• Behavior change message was a standard health message vs. messages based on 

disgust and shame;  

• Included handwashing messages and soapy water bottle vs. not included; and 

• Measured collective willingness to pay for the compound vs. individual 

household willingness to pay.  

Because we were especially interested in the effect of the disgust and shame 

treatment on handwashing in the handwashing arm, we allocated 2/3 of compounds to 

handwashing. The other treatments were allocated equally. By trial and error, we found 

that we could achieve this allocation by the using weight m= √5 on the handwashing 

arms in the weighting procedure described in Section 3.3.1. Our balancing variables 

were the number of households in the compound and an indicator for the presence of 

gas burners connected to the municipal supply. 

To implement the allocation, the enumerator collected baseline data on 

compound size and gas status from each eligible compound and transmitted these data 

to the field office, either by SMS or a phone call. The field supervisor then entered the 
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covariates into a Stata program that assigned the compound to a treatment cell using the 

DA-optimal method.  

Manipulation was not likely in our context, because the enumerators could not 

plausibly have anticipated which assignment any given compound would receive. First, 

the enumerators collected several baseline variables, but did not know which would be 

used for stratification. Second, they did not have access to the full list of compounds, 

covariates and assignments. Third, they were unfamiliar with the DA-optimal algorithm. 

If manipulation is a concern, the biased-coin variant (Section 3.3.7) may be appealing.  

The resulting sample was well-balanced on both the balancing variables and 

other plausibly important covariates that were not explicitly included in the 

randomization. See Tables A1-A4 of Guiteras, Levine, Luby, et al. (2015) for detailed 

results. Compounds were well-balanced both on the mean of the (continuous) number 

of households in the compound and on an indicator for whether the compound had the 

median (8) or fewer number of households, even though we did not know in advance 

what the median number would be.  

These results were obtained in spite of choosing one balancing variable poorly. 

In our piloting, we observed that water treatment practices varied importantly by 

whether the compound had a connection to the municipal gas supply. A gas connection 

also appeared to be a useful proxy for better overall socio-economic status. However, 

gas coverage in our study area turned out to be much higher than in the pilot area (even 
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though the pilot area was nearby and similar in many other respects), and in fact was 

nearly universal ( >95% ). Despite this unhelpful balancing variable, the algorithm 

produced a sample that was well-balanced on the other balancing variable and on our 

main SES variable, household monthly income. We view the robustness of the method 

as encouraging. 

3.7 Discussion and Conclusion 

Given the theoretical optimality of the DA-optimal method, and the evidence in 

its favor from our simulations and other simulation studies (Atkinson, 2002; Senn, 

Anisimov, & Fedorov, 2010), it is somewhat puzzling that this free lunch has previously 

gone unclaimed, both in economics and more broadly. We consider this situation in two 

ways: first, by comparing DA-optimal allocation to the two most popular covariate-

adaptive2 allocation methods, block randomization and minimization (McEntegart, 2003; 

Pond, Tang, Welch, & Chen, 2010; Donald R. Taves, 2010); second, by addressing 

concerns that have inhibited all all covariate-adaptive methods. 

Block randomization, described in Section 3.5.1.2, is intuitively appealing, simple 

to implement, and allows for randomization inference through re-randomization within 

blocks. However, it can only be used with discrete (or discretized) covariates and as the 

                                                     

2 Covariate-adaptive methods adjust allocation probabilities based on the history of covariates and 

assignments. Response-adaptive methods adjust based on the history of covariates, assignments and outcomes 

of previously treated units. 
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number of blocks (the number of cells of all interacted balancing covariates) grows 

relative to the overall sample size, a “remainder problem” can arise where marginal 

balance (overall balance of the number of units per treatment) must be traded off against 

balance within block.3 Minimization (Pocock & Simon, 1975; D. R. Taves, 1974), in which 

each unit is assigned to minimize the sum of absolute (or squared) imbalances by 

balancing variable (see McEntegart (2003) for an extended discussion and examples), is 

simple to implement and can be used when there are many balancing covariates. As 

with block randomization, it requires discrete or discretized balancing variables. 

Relative to block randomization and minimization, we suspect that the primary 

drawback of D A -optimal allocation is its complexity. McEntegart (2003) notes that “the 

method is difficult to explain to nonstatisticians and it is probably for this reason that it 

has never been used in practice.” Furthermore, the algorithm is not trivial to program 

and implementation requires rapid communication between the field and a centralized 

database. However, mobile computing power and communication technology continue 

to improve, which will reduce these barriers.  

                                                     

3 Bruhn and McKenzie (2011) describe a solution that can be applied when stratification is conducted ex ante, 

and provide sample code for their particular application. See Quistorff (2015) for more generally applicable 

code.  
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All covariate-adaptive methods have faced academic and regulatory resistance, 

chiefly on two grounds: predictability and inference.4 Predictability occurs when the 

implementer can anticipate, either with certainty or high probability, the treatment to 

which the next unit with a given set of covariates will be allocated. The implementer 

may be tempted to manipulate the order in which units are processed in a way that is 

correlated with potential outcomes. This manipulation is clearly a concern in 

minimization, because the algorithm's simplicity can make it easily predictable. Block 

randomization is also subject to predictability if the implementer knows the number of 

treatments and the length of the random block. As the trial moves towards the end of 

each successive block, the implementer knows which treatments remain and therefore 

has at least some information on which treatment the next unit may receive. Both 

minimization and block randomization can be adapted to reduce predictability by 

adding a probabilistic element similar to the “biased coin” approach we describe in 

Section 3.3.7, at the cost of some increase in operational complexity and loss of balance. 

DA-optimal allocation is also subject to predictability, although in this case its relative 

complexity may be a virtue because it makes prediction difficult. As mentioned in 

Section 3.6, predictability can be made virtually impossible without resorting to a biased 

                                                     

4 For example, the European Medicines Agency's Committee for Proprietary Medicinal Products once wrote 

that “techniques of dynamic allocation such as minimization ... remain highly controversial.... Dynamic 

allocation is strongly discouraged”(for Proprietary Medicinal Products, 2004). See Buyse and McEntegart 

(2004) and Senn (2004) for a lively discussion. 
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coin by including “placebo” covariates in the intake form and not telling implementers 

which covariates are operative.  

The second major criticism of covariate-adaptive methods is that balancing can 

complicate inference. In our view, this concern is overstated because many simulation 

studies have shown that simply controlling for balancing covariates is sufficient for 

conservative inference in most cases. In addition, several permutation or 

rerandomization-like methods provide appropriate inference (see references in Section 

3.4). Proponents of covariate-adaptive methods appear to be winning this battle, in that 

these methods are becoming increasingly common in at least some forms of clinical trials 

(Pond et al., 2010). 

To conclude, the DA-optimal method is a useful tool for improving balance in 

situations when ex ante stratification is not feasible. The benefits are most pronounced 

when sample sizes are modest relative to the number of balancing covariates and the 

number of parameters of interest (including subgroup analysis). Our field experience 

demonstrates that implementation is feasible and yields a well-balanced sample. In our 

simulations, inference using the usual regression-based methods performed well, 

provided we controlled for stratification variables. However, we expect that there are 

gains to both validity and power from using permutation tests such as those proposed 

by Bugni et al. (2015). Our implementation required a qualified field supervisor to run 

the treatment assignment. Future trials could improve on our implementation by coding 
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the algorithm into tablets or smartphones. With such an app, enumerators in the field 

would then be able to allocate treatments optimally in real time.  

 

Conclusion 

The work in this dissertation shows that efforts from governing bodies and 

NGOs can effectively modify human capital investment decisions and result in greater 

human capital acquisition. The results also show that it is not always the interventions 

which appear to be the most effective ex ante that will produce the greatest results, 

underscoring the importance of careful research to evaluate well intentioned work.   
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