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Abstract

Water suppliers are showing greater interest in using different mechanisms to promote conser-
vation. One such mechanism is conducting home water audits, which involves assessing water
use and providing tailored suggestions for conservingwater for residential customers. Yet, very
little is known about the economic impacts of these water audits. This paper helps fill this gap
by implementing a natural field experiment in the United Kingdom. The experiment randomly
allocates 45,000 water customers to a control group or to treatment groups that receive different
behavioral encouragements to take-up an online water audit. Our analysis yields three main
findings. First, encouraging subjects to participate in an audit with financial incentives reduces
household consumption by about 17 percent over two months. Furthermore, we find that the
size of the financial incentive used to encourage conservation matters for take-up, but not con-
servation. Second, although there are substantial improvements inwater conservation for some
interventions, they do not appear to yield net benefits of more than £1 per person under var-
ious sensitivity analyses. We also implement a marginal value of public funds approach that
considers benefits and costs and reach a similar conclusion. Third, we find that targeting high
users could double the effectiveness of the financial incentive interventions.
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1 Introduction

Water conservation has the potential to help address water shortages, which are projected to be
severe in many parts of the world and could affect billions of people by 2050.1 One increasingly
commondemand-sidemechanism to help promote conservation is a residential water audit, which
identifies behavioral and technological changes that could be made in the home, and provides tai-
lored recommendations for conserving water. The U.S. Environmental Protection Agency consid-
ers water audits to be a an important first step in identifying and quantifying water uses and losses
(Environmental Protection Agency, USA, 2013). And a large number of water suppliers have be-
gun to promote and encourage audits as a means to conserve water (Sturm et al., 2015; Rupiper
et al., 2022). However, very little is known about the efficiency and cost-effectiveness of audits,
particularly at the household level.

This paper helps fill this gap by implementing a natural field experiment that encourages resi-
dential customers to take an online homewater audit. We partneredwith awater utility to examine
the effectiveness of these audits. We randomly encourage some customers to take up the audit. We
randomize the type of encouragement that customers receive using financial incentives, environ-
mental appeals, moral suasion, and social comparisons. Our experimental design allows us to
provide a short-run estimate of how different encouragements affect take up, how online water
audits affect consumption, and the welfare implications of such interventions.

Our paper contributes to recent research onwater and energy conservation in three ways. First,
to the best of our knowledge, this is the first paper to use a natural field experiment to estimate the
causal impact of home water audits, online or in-person, on consumption. Second, most previous
research on water conservation studies the effect of non-pecuniary interventions, such as moral
suasion and social comparisons (Nauges andWhittington, 2019). We introduce several treatments
that include both financial incentives and non-financial incentives, which allows us to compare
the effectiveness of different kinds of treatments. Third, while researchers have noted the need for
rigorous benefit-cost analysis of water policies based on causal estimates, we develop and oper-
ationalize two frameworks for implementing such analysis: one is a standard benefit-cost frame-
work; a second is a less traditional approach based on the marginal value of public funds (MVPF)
(Hendren and Sprung-Keyser, 2020; Hahn et al., 2024).2

The experimental design involves sending letters to residential customers in the United King-
dom that encourage them to take a do-it-yourself online water audit. This self-audit consists of
logging into the company’s online water audit tool, answering questions on water use habits and

1He et al. (2021) suggest that the global urban population facing water scarcity is projected to increase from 0.93
billion people in 2016 to between 1.7 and 2.4 billion people in 2050. Furthermore, the number of large cities in all
countries (population > 1 million) facing water shortages is also projected to increase from 193 (37 percent) to 292 (56
percent) by 2050.

2The benefit-cost analysis in Section 4.2 considers overall benefits and costs of the experiment. TheMVPF approach
in Section 4.3 considers the impact of spending a marginal pound on after-tax benefits to producers and consumers, and
compares this with the net cost to the entity providing the subsidy, which is typically the government.
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home features, and receiving recommendations for reducing consumption. The online tool pro-
vided information on free water-saving devices offered by the utility, and helped customers book
an in-home audit if appropriate. We measure water consumption after the interventions and com-
pare it with the water consumption of a control group.

We randomly allocate 45,000 customers to a control group and one of 6 treatment groups. The
control group received no communication. Treatment group 1 (Vanilla) received an encourage-
ment letter that was in use by the water utility, Northumbrian Water Group (NWG), prior to the
trial, while the remaining five groups received newly designed letters, each catering to a different
motivation for water conservation. Treatment group 2 (Simplified) received a simplified version of
the letter sent to treatment group 1, which made the call to action more salient. The third treat-
ment group (Altruism) received letters reminding them to save water in order to protect their local
environment, while treatment group 4 (Moral Cost) was sent a letter comparing the household’s
consumption to that of their neighbors (i.e., moral suasion). Treatment groups 5 and 6 (Incentives)
received letters that provided different levels of monetary incentives (£10 and £15) to encourage
completion of the home water audit.

We have three main results about the short-run effectiveness of water audits related to take-
up, overall welfare, and the benefits of targeting. First, the interventions affect both the take-up of
the audit and subsequent consumption. Relative to the Vanilla letter, all letters led to a significant
increase in the take-up of the diagnostic for about twomonths, with the Incentives treatment having
the maximum impact.3 Specifically, the increase in the rate of take-up for households exposed to
the Incentives £10 treatment relative to the Vanilla group was 4.5 percentage points. That increase
was 5.7 percentage points for households in the Incentives £15 group. Because the impact of the
two Incentives treatments are statistically different from each other, we calculate a price elasticity of
audit demand to be 0.53. Thus, increasing the amount of the financial incentive could be a fruitful
strategy to increase participation.

Next, we estimate the causal impact of audits on water consumption for metered households
using an encouragement design with two-stage least squares. We require an instrumental vari-
ables (IV) design to estimate this impact because there is potential for self selection among the
compliers, i.e., households that complete the audit when receiving the encouragement letters. For
the first stage, we estimate the impact of the randomized encouragement on the take-up of the
audit. Though we use different combinations of treatment assignment as IVs, we focus mainly on
the Incentives treatment which we believe is most likely to satisfy the exclusion restriction. This
is because the Incentives treatment did not include an environmental or altruistic message and,
therefore, could affect water consumption only through the audit.

Using the results from the first-stage, we then examine the impact of the audit on consumption,
which yields a local average treatment effect (LATE). Our analysis suggests that there is a reduc-
tion in consumption of about 17 to 18 percent (43 to 45 liters per day).4 Limiting our focus to the

3We use the terms audit and diagnostic interchangeably.
4Such effect sizes are not different than those from the non-experimental literature on household water programs,
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financial incentives intervention, we estimate the £15 treatment reduces consumption for metered
households by 44 liters per day, while the £10 treatment reduces consumption for the same sub-
group by 43 liters per day. This suggests that the size of the subsidy for completing the audit may
not be that important for water conservation, unlike take-up.

We also consider external validity by examining how our results could generalize to customers
who currently do not havemeteredwater consumption, assuming that theyweremetered. Weight-
ing each household by the inverse probability of being metered revises our estimates on water
conservation from 16 to 14 percent of pre-treatment consumption, though the results still remain
significant with our preferred specification. These effects persist for at least two months post-
treatment.

As a complement to our results on conservation, we conducted a survey that examines possible
factors ormechanisms that could help explain the increase in conservation. We find suggestive evi-
dence that the conservation resulted from both behavioral changes (e.g., shorter showers, detecting
leaks, and turning off taps) and the installation of water-saving technologies.

The secondmain result relates to the overall welfare impacts of the intervention, which we find
are close to zero. Net benefits per person typically range between -£1 to £1. Even though there
are substantial improvements in water conservation for some interventions, they do not appear to
yield net benefits of more than £1 per person unless we assume the conservation effects persist for
at least a year and producer profits are not reduced as a result of conservation.5

Because our analysis quantifies greenhouse gas emission benefits associated with water con-
servation, and does not quantify other potentially important benefits, we estimate the monetary
value of other benefits needed for net benefits to be zero.6 We begin with an estimate of the social
cost of carbon (SCC) of £241 per ton (United Kingdom Government, 2021).7 Using this estimate,
we find that a cubic meter of water conservation would need to yield other benefits of about £4.6,
or four times the marginal price of water, for benefits to just equal costs.8 In addition, we calculate
that the social cost of carbon would need to be 2.8 times higher, or £910 per ton, for benefits to
just equal costs.9 Additional sensitivity analyses on the magnitude of water conservation needed
to pass a benefit-cost test reveal that the impact needs to be three to seven times higher under

such as the pre-post analysis of Manouseli et al. (2019).
5We use intention-to-treat estimates for all our welfare calculations, and not the local average treatment effects.
6These emissions are associated with abstracting, pumping, treating and heating water, and treating and pumping

wastewater. Among these, heatingwater in the home is themost significant contributor (89 percent) to carbon emissions
in the total water system (Reffold et al., 2008). Breakdown of emission estimates by component in the water supply-use-
disposal system is presented in Table E.1.

7The SCC is a relevant metric for this exercise given water supply, use and disposal has a large carbon footprint.
8In what follows, we will round all estimates in the text to two significant digits, while all estimates in regression

tables will be rounded to three decimal places. All estimates are either in 2020 pounds or dollars. Estimates of dollars
from earlier studies have also been converted from original year dollars to 2020 dollars using the Consumer Price Index
(CPI) for Urban Consumers (US Bureau of Labor Statistics, 2021).

9The official US government estimate for the SCC is $51 per ton (InteragencyWorkingGroup, USGovernment, 2021).
The benefit-cost calculations look substantially worse if we apply this estimate.

3



di�erent scenarios for the intervention to yield positive net bene�ts.

We do several other sensitivity analyses, including changing the social cost of carbon, assuming

producer surplus is zero instead of negative, varying the long-run marginal cost, extending the

time horizon for which conservation bene�ts accrue, and assuming the price of water better re
ects

the opportunity cost of scarce water. These sensitivity analyses support the �nding that the net

bene�ts are likely to be relatively small in per capita terms.

As an alternative to our bene�t-cost framework, we also apply a marginal value of public funds

approach (Finkelstein and Hendren, 2020; Hendren and Sprung-Keyser, 2020; Hahn et al., 2024).

A key advantage of this approach is that it separates the problem of estimating the welfare impact

of the subsidy from the problem of estimating the welfare impact of the intervention that could

pay for the subsidy, such as a tax. While it is convenient to assume a lump sum tax will be used for

analytical simplicity, it is not necessary. 10 We calculate the MVPF using both short-run and long-

run marginal costs for the utility. Our results suggest that the MVPF in the base case is 0.18 using

the short-run marginal cost, and increases to 0.26 using the long-run marginal cost. 11 The MVPF

values under the di�erent cost assumptions imply that the government would be spending $1 to

generate less than 30 cents of bene�ts. However, assuming that the water conservation bene�ts last

for a longer time period ( i.e.,a year), and the utility breaks even, we �nd that the MVPF increases to

1.7. This implies that using the long-run case is much better in that $1 of net costs to the government

generates more than a dollar in welfare bene�ts.

The third main result relates to targeting. Our aim was to explore whether targeting of the

intervention could substantially improve its e�ectiveness (Allcott, 2011; Ayres et al., 2013; Ferraro

and Miranda, 2013; Brent et al., 2015; Wichman et al., 2016; Knittel and Stolper, 2019; Brent et al.,

2020; Gerarden and Yang, 2021; Baker, 2021). We consider the targeting of high users, who are

de�ned as users with pre-treatment consumption higher than the median consumption. We �nd

that targeting of high users that receive �nancial incentives roughly doubles the reduction in con-

sumption (89 liters per day versus 44 liters per day) over the short run. This suggests that audits

can be targeted to improve their e�ciency.

Taking this analysis a step further, we ask whether targeting could pass a bene�t-cost test. Sim-

ilar to our analysis above, we �nd that targeting is not su�cient for bene�ts to exceed costs in the

short-run, but can help in the long-run. Though targeting helps to improve cost-e�ectiveness by

47 percent (£3.4 per cubic meter versus£6.5 per cubic meter without targeting), we estimate that a

cubic meter of water conservation would need to yield other bene�ts or reduced investment costs

of at least £1.7 for the intervention to pass a bene�t-cost test. 12

The basic intuition behind our results can be explained simply. The short-run reductions in

10Recent work on audits in the energy area, discussed below, uses the assumption of lump sum transfers.
11Assuming a value of SCC equals the US government estimate of $51/ton, the MVPF values turn negative. Negative

MVPF values mean that the government is spending resources to generate negative net bene�ts as measured by the sum

of willingness to pay.
12The social cost of carbon in the base case would need to be 2 times higher (as compared to 3.8 times before) for

bene�ts to just equal costs in the short run.
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greenhouse gas emissions from water conservation are comparatively small, on the order of 1.6

tons for 65 days. And while the experimental cost per person is also relatively small, on the order

of $1.7 per consumer (not including the producer surplus loss), this leads to a cost e�ectiveness

(CE) of £950 per ton, which is much higher than most estimates for the SCC (Interagency Working

Group, US Government, 2021; Rennert et al., 2022). If we assume our results persist for a year and

utilities break even, the cost-e�ectiveness calculus looks more attractive ( £150 per ton) because the

bene�ts from conservation increase.

Our analysis builds on economic literature in both the water and energy sectors. In addition,

it builds more generally on the literature on behavioral nudges, particularly related to social norm

messaging. We consider these literatures in turn.

There are relatively few rigorous estimates of the economic impacts of audits on water use. To

the best of our knowledge, Ansink et al. (2021) provide the only cost e�ectiveness assessment of

water audits. They do not identify any natural �eld experiments that address online audits. Their

research suggests that technology is more cost-e�ective than information provision by a factor of

two for a water audit program in the United Kingdom. Our study di�ers from theirs in that we have

experimental variation into the audit program and we focus on all households in a geographical

area|not just above average water users.

There are several measures of the cost-e�ectiveness impacts of water conservation related to

other interventions. These include studies on the impacts of metering, social norm messaging,

subsidies for replacing garden landscapes, and the nature of the regulatory intervention. Ferraro

and Price (2013) �nd that social norm messaging augmented by technical advice reduces consump-

tion by 4.8 per cent, which implies a cost of $0.17 per cubic meter reduced for the utility. Bernedo

et al. (2014) demonstrate that persistent long-term impacts of the policy studied by Ferraro and

Price (2013) imply that the cost per gallon saved is 60 percent lower ( $0.07 per cubic meter) than

the �gure derived using only contemporaneous treatment e�ects. Baker (2021) estimates that the

cost-e�ectiveness of the Cash-for-Grassrebate program ranged from $0.8 to $1.0 per cubic meter.

All these values are substantially lower than the estimates for our experiment, which range from

$1.3 to $8.4 per cubic meter reduced.13, 14

Several interventions aimed at promoting water conservation have resulted in substantial re-

ductions in water use with some having e�ect sizes comparable to those we �nd. Browne et al.

(2021) disentangle the e�ect of di�erent residential water conservation policies adopted by a utility

13In Section 4.1, we calculate the cost e�ectiveness of our experiment, and compare it to the estimates in the literature.
14One area that we do not address is spillovers that may occur due to water conservation, for example, in terms of

energy use. This could, in many cases, increase the attractiveness of the interventions we study. Goetz et al. (2022)

�nd that a hot water saving intervention targeted at households in Switzerland had persistent spillover e�ects on room

heating energy consumption, as well as cold water consumption for dishwasher use and toilet 
ushing. Jessoe et al.

(2021b) experimentally test the e�ect of social norms messaging about residential water use on electricity consumption.

Taking into account the electricity conservation spillover increases the net bene�ts of their intervention from $2.9 per

household to $4.0 per household, an increase of 39 percent. It is, however, not always the case that such energy spillovers

are positive, e.g.Baker (2021) �nds that the Cash-for-Grassprogram increased household energy use by 3 percent.
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during the 2011-2017 California drought. They �nd large e�ect of rate changes (elasticity between

.22 and .41)15 and outdoor water schedule regulations (water use decreased by 21 to 24 percent).

These �ndings are similar in magnitude to our result that participation in audits leads to a 17 per-

cent decline in consumption relative to pre-treatment consumption. West et al. (2021) examine

the e�ects of automating the enforcement of water conservation regulations, and �nd similar large

e�ects, with treated households curtailing their water consumption by 31 percent. Baker (2021)

studies the impact on water usage of the Cash-for-Grassprogram, a water conservation e�ort in the

Las Vegas area that subsidized conversions of lawn to desert landscape. The author �nds that this

residential outdoor water conservation program had a sizeable impact, reducing monthly average

water usage by 19 to 21 percent. Thus, changes in price, enforcement policies, and subsidies lead

to e�ect sizes in the same range as our results. The one exception is Browne et al. (2023), who

implement a �eld experiment in California, randomly assigning visual or automated enforcement

methods to detect water-use violations. Their e�ect sizes are relatively small, with automated en-

forcement decreasing water consumption by about 3 percent.

The research literature on energy conservation is substantial, and we make no attempt to pro-

vide a comprehensive review. Insightful examples include Allcott and Greenstone (2017) and

Fowlie et al. (2018), who study the welfare impact of audits. Their results are similar to ours.

The former study models home energy e�ciency investment decisions to evaluate two large resi-

dential energy e�ciency programs in Wisconsin. These programs involved a home energy audit

followed by decisions on which recommended investments to undertake. They implement a large

�eld experiment in Wisconsin, and �nd that the programs reduced economic welfare. A compari-

son of the observed investment costs with the present discounted value of energy savings indicates

the programs has an internal rate of return of -4.1 percent, while a revealed preference model �nds

that the programs reduce welfare by $0.18 per dollar of subsidy. Our �nding of a negative MVPF,

discussed in the welfare results section has a similar implication. The costs to the government of

the intervention are higher than the social bene�ts. In Fowlie et al. (2018), the authors measure the

welfare gains from the Weatherization Assistance Program, a residential energy e�ciency program

in Michigan. The program involves conducting an energy audit of the home before implementing a

weatherization retro�t, with the purpose of recommending speci�c e�ciency improvements. The

paper uses experimental and quasi-experimental variation in participation to identify the returns

to investments. Their results suggest that the upfront investment costs are about twice the actual

energy savings, and the projected savings are more than three times the actual savings. This im-

plies that the costs outweigh the bene�ts.

Our study also relates more generally to the literature on behavioral nudges, particular in-

volving social norms. There have been several experiments and quasi-experiments examining the

implementation of social norm messaging (Ferraro and Price, 2013; Brent et al., 2015; Datta et al.,

2015; Jaime Torres and Carlsson, 2016; Gillingham and Tsvetanov, 2018; Jessoe et al., 2021a; Brent

and Wichman, 2022), peer e�ects (Bollinger et al., 2020), increased billing frequency (Wichman,

15The elasticity refers to the absolute value here.
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2017), and other nudges (Tiefenbeck et al., 2018; Byrne and Goette, 2022). Nauges and Whitting-

ton (2019) provide a review of the literature on the impact of information treatment on water and

energy use.16 Most studies, whether in the energy or the water sector, �nd that social norm infor-

mation treatments reduce consumption by about 2 to 5 percent for a period of time, with greater

and persistent reductions typically observed when the intervention includes social norm compar-

isons as opposed to interventions providing technical advice or raising awareness. 17 Our paper

integrates social norm messaging with online audits in the ( Moral Costletter), allowing us to study

the e�ect on diagnostic completion. We �nd that though the Moral Costletter has a signi�cant ef-

fect on take-up of the audit, the e�ect of the letter and the audit on consumption is relatively small

| a 1.2 percent decline in consumption relative to pre-treatment consumption. This is somewhat

lower than the impact of several interventions that use only social norms in related contexts.

The paper proceeds as follows. Section 2 provides details on the audit program and random-

ized trial. In Section 3, we describe our empirical strategy and present the results from the experi-

ment. Possible mechanisms that could explain the results on water conservation are also explored

in this section. Section 4 presents a welfare analysis, including information on cost e�ectiveness.

Conclusions and areas for future research are discussed in Section 5.

2 Background and Experimental Design

The United Kingdom (UK) is expected to face signi�cant water scarcity challenges in the coming

decades due to climate change and rising population. Environmental Agency, UK (2021) expects

that climate change will result in hotter, drier summers, and less predictable rainfall, which could

lead to increased drought risk and possible water shortages in the UK. 18 By 2050, the Environmen-

tal Agency, UK (2022) expects the gap between water availability and needs to reach 4 billion liters

per day in England.

In response to these challenges, the UK Water Services Regulation Authority (Ofwat) proposed

a three part approach to increase water resilience and decrease greenhouse gas emissions from the

water and sewerage sector (Ofwat, 2022).19 First, it set leakage reduction targets, with utilities

16Nauges and Whittington (2019) use illustrative calculations to argue that social norm messaging instruments may

not pass a bene�t-cost test, especially in low- and middle-income countries. Our results suggest that the same could

hold true for high-income countries for certain kinds of behavioral interventions, such as audits. In contrast, Mansur

and Olmstead (2012) suggest there could be potential welfare gains of switching from non-market to market-based

regulation of water supply during periods of drought.
17See,e.g., Allcott (2011); Ferraro et al. (2011); Ito et al. (2018); Brandon et al. (2019).
18The UK is expected to experience a fall in summer rainfall by approximately 15 percent by the 2050s, and by up to

22 percent by the 2080s (Environmental Agency, UK, 2021). This prediction is supported by the UK Centre for Ecology

& Hydrology, whose forecasts for river 
ows and groundwater levels up to 2080 suggest a worsening water scarcity

scenario (Hannaford et al., 2023).
19The operational activities of the water sector contribute about 1 percent of the UK's Greenhouse Gas (GHG) emis-

sions (Ofwat, 2008). Adding hot water use in households for washing, bathing and cooking increases this estimate to 5

percent of total UK GHG emissions (Department for Environment, Food & Rural A�airs, 2008).
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tasked with cutting leakage by 16 percent in the �ve years to 2025. 20 Second, Ofwat proposed

increasing supply through schemes to recycle and reuse water, and developing new reservoirs.

Finally, it encouraged water companies to help consumers reduce their water usage. Reducing

demand was recognized as a big part of the solution in the short-run. Beginning in 2009, utilities

were asked to produce water resource management plans with speci�c details on demand manage-

ment ambition and outcomes (Ofwat, 2008). Water companies were expected to help customers

reduce their usage, and consequently their greenhouse gas emissions, by bringing technological

and behavioral changes.21

It is in this context that in 2018, Northumbrian Water Group commissioned Save Water Save

Money (SWSM), a distributor of water e�ciency products, to provide its online water audit tool

for Northumbrian's customers. 22 The tool, hosted on SWSM's website, asked customers questions

about their water use habits and homes. The main purpose of the tool was to help customers un-

derstand their water consumption, and identify ways in which they can save water and money. The

tool also informed customers about free water-saving devices that NWG o�ers, and helped them

book an in-home water audit if appropriate. The questionnaire on the platform took approximately

ten minutes to complete.

NWG was interested in getting customers to take their online water audit, and understanding

the impact of the audits on consumption. We were interested in helping NWG with these ob-

jectives, and, in addition, understanding the impact of di�erent behavioral interventions on eco-

nomic welfare. In order to encourage the use of the SWSM platform, we designed a set of customer

communications using theories from economics and behavioral science. We used one of NWG's

existing direct mailers as a template, and designed 5 new direct mailers (see the templates in Ap-

pendix H). The only di�erence between the �ve communications was the application of di�erent

behavioral science ideas.

We implemented a natural �eld experiment (Harrison and List, 2004) to test the e�ectiveness of

the redesigned letters, and to understand how the SWSM platform in
uences water consumption.

This �eld experiment included 44,757 NWG customers, spread across three post code areas.23 The

customers that participated in the trial were randomly allocated to one of six treatment groups

that received letters or a control group that received no letter. Subsequently, customers for whom

NWG had email contact details were also randomly allocated to groups that either received or did

20Water utilities have a legal obligation to address leakage, with under-performance penalized through environmental

�nes (Ofwat, 2018).
21With the 2008 Climate Change Act, the UK became the �rst country to have a legally binding long-term framework

to cut emissions. In light of this, Ofwat expected water utilities to play a key part in cutting emissions and mitigating

climate change (Ofwat, 2010). Utilities are required to report their annual operational emissions, and must adhere to

performance commitments to achieve emission reduction targets (Ofwat, 2023). This is why our welfare analysis of

the intervention in Section 4 considers GHG reductions caused by a fall in household water consumption as the chief

component of the bene�ts derived.
22The water audit can be accessed at this url: https://www.getwater�t.co.uk/questions/ (last accessed: July 08, 2023)
23There are 121 2-letter postcode areas across the UK (e.g., YO for the city of York). These typically have hundreds of

thousands of residents.
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not receive an email reminder about the online audit tool. The reminder emails followed the same

theme as the initial letters that customers received. This design allows us to estimate the e�ects of

particular letters and reminders on take-up of the audit. 24 Note that the �eld experiment included

both metered (43 percent) and unmetered customers (57 percent). 25 Unmetered customers do not

have a water meter attached to their houses and, therefore, water utilities, including NWG, do not

have data on water consumption for such households. Consequently, their water bill is not based

on the amount of water used. 26 They were included in the �eld experiment because even though

such households will not save money by conserving water, promoting water conservation among

this subgroup could help NWG with its demand management targets. Furthermore, because there

is no data on water consumption for unmetered households, we can only study the impact of a

treatment on the take-up of an audit for such households, but not the impact of the audit tool on

water consumption.

There were six letter treatments. Treatment 1 (Vanilla) was NWG's initial letter, and informed

customers that they can save water and money by using the free online platform. It also noted that

many other customers had saved money with the platform, and told them how to access it. Treat-

ment 2 (Simpli�ed) was similar to the Vanilla communication but it simpli�ed the content, making

the main message succinct and the call to action more salient. Treatment 3 (Altruism) added to

the message of theSimpli�ed mailer by reminding the consumers that water is a scarce resource,

and asked them to help conserve it in their local area. Treatment group 4 ( Moral Cost) received a

letter that complemented the Simpli�ed mailer by telling customers that people in their region were

making a change in an e�ort to save water, and invited them to join their neighbors. Furthermore,

for consumers with relatively high water consumption, it informed them that they were in the top

50th percentile of consumption, whereas for the bottom 50 th percentile, it congratulated them on

being e�cient. The �nal two treatment groups, Treatment 5 and Treatment 6, were o�ered pe-

cuniary incentives ( £10 Incentiveand £15 Incentive) for completing the water audits. The former

supplemented the Simpli�ed mailer by emphasizing monetary savings, and o�ered a £10 incentive

for using the platform, while the latter communication changed the incentive from £10 to £15. The

incentives were provided in the form of a voucher which could be used in various stores. 27

The data used to randomize the trial participants and to measure outcomes came from three

24We are not aware of other studies of water audits that have estimated the e�ect of email reminders. However, there

are previous �eld experiments estimating the impact of reminders on behavior (Castleman and Page, 2016; Karlan et al.,

2016; Calzolari and Nardotto, 2017; Damgaard and Gravert, 2018; Rodr��guez and Saavedra, 2019; Fishbane et al., 2020;

Dai et al., 2021; Domurat et al., 2021; Zhang et al., 2023). See Appendix D.2 for the impact of reminders on increasing

take-up of audit.
25About 50 percent of households in England have a water meter (United Kingdom Government, 2019b).
26The bill for unmetered customers consists of two components: a (i) �xed charge, which includes billing and cus-

tomer service costs; and a(ii) charge based on therateablevalue, an estimate of the property's expected yearly rent. The

latter estimate is based on the UK's Valuation O�ce assessment. Rateablevalues were frozen in 1990. Further informa-

tion is provided at https://www.ofwat.gov.uk/households/your-water-bill/unmetered/ (last accessed on 2024-07-08).
27The UK stores where the voucher could be redeemed are listed here: https://www.highstreetvouchers.com/gift/where-

to-spend-love2shop-vouchers
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anonymized sources: NWG's administrative data on meter readings; the SWSM platform, which

was used to code responses to the diagnostic questionnaire; and Customer Relationship Manage-

ment (CRM) data identifying whether reminder emails were opened. 28

The experiment took place over four months between December 2018 and March 2019. We

collected baseline data for purposes of randomization and analysis of pre-treatment consumption

from January 2017 until October 2018. All direct mailers were posted on 8 th December 2018, and

email reminders were sent on 6th February 2019.

Table A.1 in the Appendix presents summary statistics on the observable characteristics of the

households across treatment groups, and shows that the groups were balanced across these vari-

ables. We have data on whether the household was in a rural or urban area, whether they had a

water meter, whether they provided NWG with an email, and their consumption before the ex-

periment. Using an F-test of joint signi�cance, we �nd that the di�erences across di�erent treat-

ment groups are not statistically signi�cant at conventional levels. This suggests that the various

treatments are balanced on pre-treatment observable variables. Though ideally we would like

to balance on a host of socio-economic variables, such as building and yard characteristics like

owner/renter, household income, education, length of occupancy, age of building and occupant,

and the existence and size of lawns, NWG does not collect information on these variables. How-

ever, Cominola et al. (2023), based on a comprehensive literature review of the determinants of

household water consumption, show that there is a strong correlation between these observable

characteristics and water consumption. This makes pre-treatment water consumption a reasonable

statistic for observable household characteristics.

3 Results

We begin by reporting the e�ect of the letters on the take-up of the audit program and then analyze

the impact of the interventions on water consumption using an intention-to-treat (ITT) analysis.

Next, we use a LATE framework to measure the e�ect of completing the diagnostic on water con-

servation. Our analysis of consumption is limited to households with meters as these were the

only subset of households for which we have water usage data. To measure the likely impact of

the interventions if scaled up to include non-metered households, we reweight our estimates to

re
ect the broader population of consumers. Subsequently, we provide preliminary evidence on

the mechanisms through which the audits enabled water conservation. Finally, we discuss data

limitations and results from robustness checks. The e�ect of the email reminders on completing

the audit is presented in Appendix D.2. 29

28CRM is a tool to help manage and analyze customer interactions and data on websites.
29Because the reminder emails were sent near the end of the study period, we cannot analyze their impact on con-

sumption.
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3.1 Likelihood of Engagement

The total number of households that completed the audit ( compliers) was 1,287, or 2.9 percent of the

total sample.30 To examine the e�ects of the behavioral interventions on the share of households

that complete the diagnostic, we run the following regression:

yi = � +
X

j

� j Tij + 
 X i + � i (1)

where, yi is a dummy variable that equals 1 if household i completed the water audit, and 0 oth-

erwise. � represents the average take-up of the audit for the excluded treatment group. Tij is a

dummy that equals 1 if household i received treatment j , and 0 otherwise, where j refers to the

di�erent treatment groups. The coe�cient of interest, � j , is the additional average treatment e�ect

(ATE) of the di�erent letters, over and above the impact of the excluded treatment group, on the

likelihood of completing the audit. X i represents a vector of dummy controls, 
 is a vector of esti-

mates of their impact, and � i is an error term. The control vector here includes Rural i , which is a

dummy that equals 1 if household i lived in a rural area, and Meter i , which is also a binary vari-

able that equals 1 if household i has a water meter. We present the results both with and without

controls included in the regressions.

Table 1 presents the estimates from this regression equation. The excluded category is the

control group in models (1) and (2), the Vanilla letter in models (3) and (4), and the Simpli�ed letter

in models (5) and (6). 31 Our results indicate that relative to the control group, all interventions

led to a signi�cant increase in take-up of the audit, with e�ect sizes ranging from 1.8 percentage

points for the Vanilla treatment arm to 7.5 percentage points for the Incentives 15treatment arm.

We also compare the impact of Vanilla treatment arms relative to other treatments, because NWG

was planning to send the former letter irrespective of our intervention. We �nd that relative to

the Vanilla treatment arm, all the letters increased the take-up of the diagnostic signi�cantly, with

the Incentivetreatment arm performing the best. Simpli�ed and Altruism letters increased take-up

by 0.7 and 0.5 percentage points, respectively, relative to the Vanilla letter. The Moral Cost letter

was more e�ective, with diagnostic completion higher by 1.6 percentage points in comparison to

the Vanilla letter. However, the Incentivestreatment resulted in the greatest impact. Within the

Incentivestreatment arm, the higher �nancial incentive of £15 had a marginally greater impact (5.7

percentage points versus 4.5 percentage points,p < 0:01). In percentage terms, this is equivalent

to the Incentivestreatment having a 240 to 300 percent greater impact than the Vanilla treatment.

Next, we change our reference group from Vanilla to Simpli�ed, and remove all observations that

received the former treatment from our sample. The e�ect of the Altruism letter becomes insigni�-

30The raw data from the �eld experiment on the number of households that completed the diagnostic, and how that

di�ers across di�erent treatment groups, and metered and unmetered households, is presented in Table A.2. We do not

have data on the water-saving devices ordered by di�erent households, and if they booked an in-home audit.
31The sample in models (3) and (4) excludes the control group, leading to 44,757 - 7,459 = 37,298 customers. The

sample in models (5) and (6) excludes both the control and the Vanilla group, leading to a sample of 37,298 - 7,460 =

29,838 customers

11



Table 1: ATE Estimates of Letters on Diagnostic Completion

Completed Diagnostic

Control Vanilla Simpli�ed

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

Vanilla 0:018��� 0:018���

(0:002) (0:002)

Simpli�ed 0:025��� 0:025��� 0:007��� 0:007���

(0:002) (0:002) (0:002) (0:002)

Altruism 0:023��� 0:023��� 0:005�� 0:005�� � 0:002 � 0:002

(0:002) (0:002) (0:002) (0:002) (0:003) (0:003)

Incentives £10 0:063��� 0:063��� 0:045��� 0:045��� 0:039��� 0:038���

(0:004) (0:004) (0:004) (0:004) (0:004) (0:004)

Incentives £15 0:075��� 0:075��� 0:057��� 0:057��� 0:050��� 0:051���

(0:004) (0:004) (0:005) (0:005) (0:005) (0:005)

Moral Cost 0:034��� 0:034��� 0:016��� 0:016��� 0:009��� 0:009���

(0:002) (0:002) (0:003) (0:003) (0:003) (0:003)

Intercept 0:000� � 0:009��� 0:019��� 0:008��� 0:025��� 0:013���

(0:000) (0:001) (0:002) (0:002) (0:002) (0:003)

Controls No Yes No Yes No Yes

Observations 44,757 44,757 37,298 37,298 29,838 29,838

Notes: Robust standard errors are in parenthesis. ��� p < 0:01; �� p < 0:05; � p < 0:1.
All regressions report the average treatment e�ect (ATE) estimates of di�erent behavioral interventions on diagnostic completion (Equation (1)). The
dependent variable for all models is Completed Diagnostic, a dummy variable that equals 1 if the household completed the water diagnostic, and 0 other-
wise. Models (3) and (4) exclude the observations in the control group, with the Vanilla letter comprising the reference treatment arm. Models (5) and
(6) exclude the observations in the control and Vanilla groups, with the Simpli�ed letter serving as the reference group. Models (2), (4) and (6) include
the dummy variables Meter and Rural as controls. The former equals 1 if the household has a water meter attached to it, and the latter equals 1 if the
household is located in a rural area.

cant, indicating that it did not have a signi�cantly di�erent impact relative to Simpli�ed. The impact

of the Incentivesand Moral Costletters continues to be positive and signi�cant, implying that these

letters even outperformed the Simpli�ed treatment arm in terms of their impact on take-up of the

online audit. As before, the £15 Incentivestreatment had a signi�cantly higher impact than the £10

Incentives(5.0 percentage points versus 3.9 percentage points). In other words, the completion rate

among households who got the Incentivestreatment was higher by 160 to 200 percent relative to the

Simpli�ed treatment. The results do not di�er when we control for whether a household is situated

in a rural area or has a water meter. We can, therefore, conclude that behavioral interventions can

help to promote the use of audit tools, with �nancial incentives being the most e�ective.

One question that arises is whether there is heterogeneity in who responds to di�erent treat-

ment arms, i.e., do di�erent treatments induce di�erent people to sign up. We can test for het-

erogeneity based on three household characteristics: rural (vs. urban), metered (vs. unmetered),

and pre-treatment water consumption. Speci�cally, we test if di�erent treatment arms had varying

e�ects on metered versus unmetered households, rural versus urban households, or high versus

12



low water users.32 For example, it is possible that the Altruism treatment incentivized both high

and low users to take up the audit by appealing to an important environmental cause, whereas the

Simpli�ed treatment only encouraged high users. We provide a brief overview of the results here,

and direct the reader to Appendix B.1 for details on the regression framework and tables. 33

We have three main results with respect to heterogeneous e�ects on diagnostic completion.

First, we �nd that metered customers always had a higher rate of diagnostic completion than the

corresponding unmetered customers in each treatment group. The di�erence ranged from 2.2 per-

centage points for the Vanilla letter to 5.2 percentage points for Moral Costletters. This result makes

intuitive sense as the �nancial bene�t of conserving water would only accrue to customers with

meters, giving them a higher incentive to complete an audit. 34 Even then, the rate of diagnostic

completion among unmetered customers was substantial, with 33 percent of total customers who

completed the audit being unmetered (see Appendix Table A.2). This implies that unmetered

customers also respond positively to behavioral interventions even when there may not be direct

�nancial bene�ts. Therefore, to the extent that diagnostic completion can help with water conser-

vation, unmetered customers could play a role in helping utilities meet their demand management

targets. Second, within each treatment group, there were no signi�cant di�erences in diagnostic

completion rates between rural and urban households. Lastly, within both the Vanilla and Simpli-

�ed treatment groups, metered high users were 2.2 percentage points more likely to complete the

audit as compared to low users. However, the Incentives, Altruism and Moral Costtreatment did not

have heterogeneous e�ects with respect to pre-treatment water consumption, implying both high

and low users in those groups were equally likely to complete the audit. This provides suggestive

evidence that without a call to an environmental cause or a �nancial incentive, low users may not

be incentivized to conserve energy.

3.2 E�ect of Behavioural Interventions on Water Consumption

Although the letters were successful in promoting the take-up of the water audit tool, the main

objective was to encourage water conservation. In this section, we estimate the e�ects of the dif-

ferent communications on household water consumption, i.e., the ITT estimates. The letters can

work in one of two ways: �rst, by directly encouraging an individual to conserve water after be-

ing in
uenced by the content of the letter; and second, through take-up of the audit ( compliers).

Unfortunately, we cannot estimate the direct e�ect of the letters because the time period between

receiving the letter and completing the audit is too small. This section, thus, focuses on the overall

32We de�ne high-usehouseholds as metered consumers who had pre-treatment water consumption greater than the

median of the pre-treatment consumption in the sample. The sample for this exercise only consists of metered house-

holds because data on pre- and post-treatment consumption was only available for this subset of customers.
33See Table B.1 for heterogeneous treatment e�ects of the interventions based on urban versus rural areas and me-

tered versus unmetered customers. For heterogeneous treatment e�ects based on pre-treatment water consumption, see

Table B.2.
34NWG charged unmetered customers based on a rateable value, and these customers got their bill once a year. See

NWG (2020) for details.
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impact on consumption of the direct encouragement and the take-up of the audit.

To estimate the e�ect of the treatment on consumption, we regress average daily water con-

sumption post the treatment ( yi ) on an indicator for whether the household was treated ( Ti ):

yi = � + �T i + 
 X i + � i (2)

where Ti equals 1 if the household i received any treatment letter, and 0 if it was in the control

group. Water consumption is measured in liters per day. To analyze the heterogeneity among dif-

ferent treatments, we ran a regression similar to Equation (1), with yi now denoting post-treatment

water consumption for household i . The vector of covariates, X i , consists of Rural i and an addi-

tional covariate, Pre-Treatment Water Consumptioni , which measures the average daily water usage

of a household before the letters were sent. 35 For all regressions, variables related to water con-

sumption are measured in liters per day.

The water consumption data that we obtained reduce the sample that we can use. First, we

only have data on water usage for metered customers (42.9 percent, see Table A.1). This reduced

our sample for the ITT analysis from 44,758 to 19,180 households. Second, for each metered house-

hold, we were provided with the last four readings of their water meter, including the date on

which the reading was taken. 36 This implies we do not have data on monthly consumption, and

can only calculate the average daily consumption of the household between two meter readings. 37

Furthermore, time periods between readings were not uniform across the metered households.

This lack of uniformity meant that we lost a further 5,779 households for whom we either did not

have pre- or post-consumption data because of a lack of readings for the respective time-period.

Third, among the remaining households, the meter reading was reset for 1,461 customers (for e.g.

due to a change of ownership), which left us with a �nal sample of 11,940 metered customers. 38

Finally, the latest meter reading for a majority of the sample was conducted by NWG in February

2019. As a consequence, we have, on average, 65 days of post-treatment water consumption for

each household. Therefore, our results provide an estimate of the short-run impact of the audit. 39

Though these data limitations reduce our sample, we believe our econometric identi�cation is

reasonable for several reasons. First, as shown in Table A.1, all treatment groups were balanced

on the proportion of households with a water meter, pre-treatment water consumption among

households, and the number of consumers in each treatment group who are in the top 50 th per-

35None of the qualitative results presented in this paper are contingent on the inclusion or exclusion of household

observable characteristics, suggesting that the randomization was done correctly.
36Water companies in the UK usually read each customer's meter twice a year (Ofwat, 2013).
37A better scenario would have been to have two readings pre-treatment and two readings post-treatment. This would

provide us with two data points on average daily water consumption for each household. We could then have used these

two data points to estimate the average impact of the treatment. However, NWG does not read meters for all households

on the same date, with visits spread across the entire year; neither does it read the data at �xed intervals.
38Details on the computation of pre- and post-treatment water consumption are provided in Appendix F.1.
39NWG created a key that was used to match treatment assignment to water consumption. They deleted that key

after the project ended in March 2019. Furthermore, they insisted they did not have the capacity to match on past water

consumption when we asked them for that.
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centile of consumption ( high-usehouseholds). Second, we run balance tests on observable char-

acteristics just for metered households in Table A.1 (columns (6) and (7)) and �nd no signi�cant

di�erences between treatment groups. Third, we test for balance among treatment groups sepa-

rately for the 11,940 metered customers in our consumption sample, results that are presented in

Table A.3. Overall, 2 of the 20 di�erences reported in columns (2)-(5) are signi�cant at the 5%

level, and 2 are signi�cant at the 10% level based on independent t-tests | as one would expect

under random assignment. We also test the null hypothesis that household characteristics ( e.g.,

rural/urban area and pre-treatment consumption) do not predict participation in any treatment

group using an F-Test for joint signi�cance. As column (6) shows, we fail to reject the null for

each of the treatment groups. Nevertheless, we control for the characteristics that are imbalanced,

namely rural and pre-treatment water consumptionin all our regressions. Finally, to address concerns

about possible bias in sample selection due to the focus on metered households, we reweight our

LATE estimates in Section 3.4 so that the metered sample matches the demographic composition

of the general population of NWG customers.

The e�ect of receiving a letter on consumption (Equation (2)) is presented in column (1) of

Table 2, while the heterogeneity results are reported in columns (2)-(4). We �nd evidence that

all behavioral interventions, except Vanilla, reduced water consumption, though results are statis-

tically signi�cant at the p < 0:05 level only for the Incentivesgroup. 40 Column (1) provides the

average treatment e�ect of receiving any letter on post-treatment consumption. Though the esti-

mate is negative (-1.3 liters per day), it is not signi�cantly di�erent from 0. Columns (2) through

(4) estimate the e�ect for each behavioral intervention, with the reference group as the control,

Vanilla, and Simpli�ed letter, respectively. With reference to the control group, all treatment arms

exceptVanilla experienced a fall in average daily consumption after letters were sent out; however,

only the monetary incentives led to a statistically signi�cant decrease. Though point estimates sug-

gest that Incentives15 had a larger impact than Incentives10 (4.7 versus 3.5 liters per day), the two

are not signi�cantly di�erent from each other. When we exclude the control group, and the Vanilla

letter becomes the omitted category (column (3)), the drop in consumption is signi�cant across

all remaining categories, with the decrease in consumption ranging from 3.0 liters per day under

Moral Cost to 6.4 liters per day under Incentives 15. In percentage terms, this decrease amounts

to between 1.2 percent and 2.5 percent of the average pre-treatment water consumption across all

households, a small but economically meaningful impact. 41 The e�ect of the Incentives 15treatment

is more than twice the e�ect of the Moral Costone, and the e�ect sizes are statistically di�erent from

each other. In general, pecuniary incentives lead to a signi�cantly larger decrease in consumption

when compared with other behavioral interventions.

40The Vanilla treatment group leads to a 1.7 liters per day increase in household water consumption, though the e�ect

is not statistically signi�cant. As a percentage of mean daily pre-treatment consumption (260 liters per day), it represents

a 0.66 percent increase in water consumption, which is not economically meaningful.
41The relatively small decrease in consumption due to the Moral Costletter (which also combined a social comparison

message) stands in contrast to the literature (Ferraro and Price, 2013), which �nds that social comparison messages have

a greater impact on water conservation than prosocial messages or technical information alone.
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Table 2: ATE Estimates of Letters on Post-Treatment Consumption

Post-Treatment Water Consumption (liters/day)

Control Control Vanilla Simpli�ed

(1) (2) (3) (4)

Treated � 1:324

(1:264)

Vanilla 1:737

(1:609)

Simpli�ed � 1:484 � 3:216��

(1:634) (1:598)

Altruism � 1:482 � 3:217�� � 0:032

(1:624) (1:587) (1:613)

Incentives £10 � 3:542� � 5:287��� � 2:113

(1:923) (1:893) (1:915)

Incentives £15 � 4:685�� � 6:436��� � 3:295�

(1:919) (1:889) (1:909)

Moral Cost � 1:301 � 3:035� 0:155

(1:592) (1:555) (1:581)

Intercept 8:798��� 8:814��� 11:038��� 9:761���

(1:614) (1:613) (1:662) (1:841)

Controls Yes Yes Yes Yes

Observations 11,700 11,700 9,770 7,795

Notes: Robust standard errors are in parenthesis. ��� p < 0:01; �� p < 0:05; � p < 0:1.
All regressions report the average treatment e�ect (ATE) estimates of di�erent behavioral interventions
on post-treatment water consumption (Equation (2)), measured in liters per day. The dependent variable
for all models is Post-Treatment Water Consumption, a continuous variable that measures the average daily
water consumption of a household after the treatment date of December 8, 2018. The data were trimmed
at 1 and 99 percentile of pre-treatment consumption. The model names re
ect the reference group for
each regression. The regressor of interest in Model (1), Treated, is a dummy variable that equals 1 for all
households that received any letter. Models (1) and (2) include all observations, with the control treatment
arm constituting the reference group. Model (3) excludes the observations in the control group, with the
Vanilla letter comprising the reference group. Model (4) excludes the observations in the control and Vanilla
group, with the Simpli�ed letter acting as the reference group. All models include Rural and Pre-Treatment
Consumptionas controls. Rural is a dummy variable that equals 1 if the household is located in a rural area.
Pre-Treatment Consumptionis a continuous variable that measures the average daily water consumption of
a household, in liters per day, before the treatment date of December 8, 2018.
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Finally, dropping both the control group and the Vanilla group with the Simpli�ed letter as

the reference category (column 4) leads to only the £15 �nancial incentive remaining signi�cant.

Speci�cally, customers in the £15 Incentivesgroup reduced their consumption by a signi�cant 3.3

liters per day (1.3 percent of the average pre-treatment water consumption) relative to households

in the Simpli�ed group. In summary, the Incentivesgroup experienced a signi�cant reduction in

their consumption relative to all comparison groups, while the other treatments had a signi�cant

negative impact only relative to the Vanilla arm. Again, it is important to note that these estimates

represent the overall impact of the treatment letters, and so the numbers are bound to be small as

we average across all households, many of which never completed the audit ( non-compliers). We

attempt to disentangle the e�ect of completing the audit in the following section.

3.3 E�ect of Diagnostic Completion on Water Consumption

We now turn our attention to estimating the impact of completing the audit on water consump-

tion. This entails calculating the e�ect of the diagnostic on water consumption for households

that completed the audit, i.e. the compliers. However, a local average treatment e�ect (LATE) es-

timated using a simple OLS could be biased because households that completed the audit may

have unobservable di�erences with the non-compliers. To address this endogeneity, we employ an

Instrumental Variable (IV) strategy using two stage least squares (2SLS). 42

The �rst stage involves running the following regression:

Diagnostic Completioni = � 0 +
X

j

� 1j Z ij + 
 X i + � i (3)

where Diagnostic Completioni is a dummy that equals 1 if household i completed the online diagnos-

tic, and Z ij is the instrument used. The number and combination of instruments vary depending

on the speci�cation, and the subscript j refers to the di�erent instruments. � 1j is the estimate of

the j th instrument. X i is a vector of household covariates as before, and consists ofRural i and

Pre-Treatment Water Consumptioni . 
 is a vector of estimates of the impact of the household co-

variates, and � i is the error term. The second stage uses the predicted values from Equation (3),
dDiagnostic Completioni , to run the following regression:

yi = � + � dDiagnostic Completioni + � X i + � i (4)

where yi represents average daily post-treatment water consumption in liters per day, and X i is

the same vector of household covariates used in the �rst stage.

We use di�erent combinations of instruments for our LATE estimates, all of which give simi-

lar results. As in the previous section, the sample for this exercise includes metered households

for which we had both pre- and post-treatment water consumption data (11,940 households). The

results are presented in Table 3. The model in column (1) uses all the letters as instruments. There-

fore, Z i is a vector of length j = 6 , with each element of the vector a dummy variable for the di�er-

ent treatments. This model satis�es the relevancecondition as letters do tend to increase adoption
42A comparison of observable characteristics between compliers and non-compliers is presented in Appendix A.7.
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of the water audit tool (see Section 3.1). The estimates in column (1) suggest that completing the

diagnostic led to a signi�cant fall in consumption of 45 liters per day ( p < 0:01) or 18 percent of

average daily pre-treatment water consumption (255 liters per day, Table A.3).

However, a potential problem with the instrument in column (1) is that the exclusion restriction

may not strictly be satis�ed, as certain letters could directly impact water consumption through

their message of altruism or moral suasion (the direct impact). Therefore, in column (2), we re-

strict the sample to the following four groups: Incentive£10,Incentive£15,Simpli�ed and the control

group. Z i now represents a vector of 3 instruments, namely Incentives£10, Incentives£15, and Sim-

pli�ed groups.43 We are reasonably con�dent of satisfying the exclusion restrictionhere because there

were few di�erences between the Incentivesand the Simpli�ed letter, with the exception that the for-

mer used a monetary incentive. These letters simply asked the customers to download the water

audit application, without any inducement to an environmental or altruistic cause, and therefore

our assumption is that they should not a�ect water consumption directly. Our results under this

speci�cation indicate that completing the diagnostic reduces daily water consumption on average

by 43 liters per day (17 percent; p < 0:01).

Finally, in column (3) we run a regression that we believe is even more likely to satisfy the ex-

clusion restriction. We restrict our sample to Incentives£10, Incentives£15, and control groups, with

the set of instruments now limited to the two Incentivetreatments. In our opinion, this speci�cation

is more robust because theSimpli�ed letter incentivized readers to download the audit as the same

would help them \save water, energy and money" (see Appendix H for templates). It is plausible

that this call to save resources led to subliminal changes in conservation behavior notwithstand-

ing the e�ect from downloading the audit. Consequently, the presence of the Simpli�ed group in

the regression would violate the exclusion restriction. Model (3) circumvents this problem by only

including customers that received the Incentivesletter (which had no such message) or the control

group. Given this, we feel more con�dent using model (3) as our preferred speci�cation. The

e�ect size is similar, and still signi�cant despite the fall in sample size. Completing the diagnostic

led to a average fall in post-treatment consumption by 44 liters per day (17 percent, p < 0:01).44

Our results suggest that there is a meaningful e�ect of completing the water audit tool on water

consumption, ranging from 17 to 18 percent of pre-treatment consumption. However, the duration

of this e�ect beyond 65 days is not known; nor do we know whether the audit may have stimulated

the adoption of new water-saving technologies over time.

43This formulation appears to satisfy the relevance condition i.e., the correlation between the endogenous regressor

and the IV is signi�cantly di�erent from 0. As Table 1 shows, the letters do tend to increase the likelihood of completing

the audit.
44We also estimated LATE using a sample of: i) only Incentives 15and control and; ii) Incentives 10and control. The

respective Incentivestreatments formed the IV in each regression. Results (not presented) show that the £15 treatment

reduced average daily post-treatment consumption by a signi�cant 44 liters per day, while the £10 treatment reduced

consumption by a signi�cant 43 liters per day (approximately 17 percent of average daily pre-treatment consumption

in both cases). This suggests that the size of the subsidy for completing the audit may not be that important for water

conservation, which di�ers from our result on take-up (see Section 3.1).
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Table 3: LATE Estimates of Diagnostic Completion on Post-Treatment Consumption

Post-Treatment Water Consumption (liters/day)

(1) (2) (3)

Complete Diagnostic � 45:446��� � 43:442��� � 43:751���

(15:335) (16:691) (16:699)

Intercept 10:402��� 10:276��� 10:351���

(1:525) (2:122) (2:476)

Instruments All Treatment Incentives+Simpli�ed Incentives

F-stat in First Stage 39 66 102

Controls ! ! !

Observations 11,700 5,830 3,904

Notes: Robust standard errors are in parenthesis. ��� p < 0:01; �� p < 0:05; � p < 0:1.
All regressions report the local average treatment e�ect estimates of diagnostic completion on post-treatment
water consumption. The dependent variable for all models is Post-Treatment Water Consumption, a continuous
variable that measures the average daily water consumption of a household, in liters per day, post the treatment
date of 08-Dec-2018. The data has been trimmed at 1 and 99 percentile of pre-treatment consumption. The
regressor of interest is Complete Diagnostic, a dummy variable that equals 1 for all households who completed
the water diagnostic. The IV in Model (1) is a vector of dummies for all the six di�erent treatment arms. The
IV in Model (2) is a vector that includes dummies for Incentives £10, Incentives£15, and Simpli�ed treatment
arms. The IV in Model (3) is a vector of dummies for Incentives 10 and Incentives 15 groups. The sample
in model (1) includes all metered households for which we had both pre- and post-consumption data. The
sample in model (2) consists of the Incentives, Simpli�ed and control group, while the sample in model (3)
includes only Incentivesand the control group. All models include Rural and Pre-Treatment Consumptionas
controls. Rural is a dummy variable that equals 1 if the household is located in a rural area. Pre-Treatment
Consumptionis a continuous variable that measures the average daily water consumption of a household, in
liters per day, before the treatment date of 08-Dec-2018.

Next, we examine whether there were any heterogeneous average treatment e�ects of the be-

havioral interventions on average daily post-treatment water consumption. Speci�cally, we test

whether households with consumption in the top half of the distribution ( high-usehouseholds)

conserved more in absolute terms after receiving the letter. 45 This is relevant because if audits di�er

in terms of their impact across high and low use groups, it may be more e�ective to target a behav-

ioral intervention based on this attribute. Details are provided in Appendix B.2.1, and we present

a brief summary here. We �nd strong evidence that high-usehouseholds reduced their daily water

usage signi�cantly after the treatment, while the e�ect on low-usehouseholds is indistinguishable

from 0, irrespective of the intervention. Receiving any letter reduced average daily consumption

for high-usegroup by a signi�cant 3.7 liters per day. Within treatment groups, the Incentives 15and

Incentives 10had the highest impact for high-use consumers, with water consumption falling by

8.3 and 7.4 liters per day, respectively, in comparison to high users in the control group. This was

followed by the Simpli�ed and Altruism letter, with a signi�cant reduction of 4.4 and 4.0 liters per

day, respectively. The Moral Costtreatment tends to be signi�cant for the high users only when the

comparison group is high users in the Vanilla treatment, with post-treatment consumption reduc-

45The average daily pre-treatment water consumption among high and low use households was 360 and 140 liters per

day, respectively.
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ing for high users by 3.9 liters per day. Finally, the Vanilla treatment did not have any impact on

conservation, and this is consistent across both high- and low-use households.

A related analysis for the LATE, presented in Appendix B.2.2, reveals a similar pattern even

with respect to the impact of completing the audit. For high users, completion of the audit led

to a large fall in average daily post-treatment water consumption, with e�ect sizes ranging from a

signi�cant 78 to 89 liters per day. This amounts to a 21 to 25 percent reduction compared to pre-

treatment consumption for the high users. As before, the impact of completing the audit on low

users, though negative, was not statistically di�erent from zero. Thus, average treatment e�ects

mask crucial heterogeneity in terms of which subgroup is driving the results. As our �ndings

show, it is the users with above median consumption that are positively impacted. 46

3.4 External Validity

The main results of our experiment are for metered households in NWG's service region. In this

section we explore how the results could generalize to other NWG consumers who do not currently

have meters. To evaluate this, we undertake a reweighting exercise that reduces the estimates of

water savings due to diagnostic completion from 43 liters per day (17 percent) to between 36 and

42 liters per day (14-16 percent) depending on the speci�cation.

The reweighting exercise is important because the sample used for estimating the e�ect sizes

of the interventions consists solely of metered households (see discussion in Section 3.2). This

may lead to concerns about the extent to which these �ndings generalize to other populations.

We cannot say whether our numerical estimates generalize to populations outside the region that

NWG serves; however, within our sample we can explore the extent to which the sample might be

a�ected by including all customers as opposed to just those customers that have meters. Though

we show that almost all observable covariates for the metered households are balanced across the

treatment groups (Table A.1), we can test the sensitivity of the results by reweighting the study

sample to match the demographic composition of the general population of NWG customers. We

reweight the metered sample so that it looks like the general population that was sampled, and

that yields a reweighted LATE.

One important caveat is that the reweighted LATE is conditional on unmetered households

getting a meter. If this is not the case, the impact of an intervention on a metered household is

likely to be very di�erent from the same intervention for an unmetered one because information

on water use via meters could signi�cantly alter water consumption. As of December 2017, only

32 percent of NWG customers had a water meter, with the corresponding number for the United

Kingdom at 50 percent (United Kingdom Government, 2017, 2019b). Though customers have a

right to demand a water meter, they are not required to install one. 47 Water metering in the UK

46We also checked whether di�erent interventions encouraged di�erent categories of households (number of appli-

ances, water use, frequency of usage, etc.) to take-up the water-audit tool. Results are presented in Appendix D.1.
47There are certain exceptions such as if the area is under severe water stress or the premises are not solely used as a

home, among others (United Kingdom Government, 2019b).
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has largely depended on whether the property is on a shared supply line, the condition of the

pipework, the ability of the utility to �nd a suitable place to �t a meter, and whether the property

accesses a communal water supply (Ofwat, 2013). Other reasons for the low metering statistics

include concerns related to impacts on large families on low incomes. However, there are e�orts

currently underway to require water metering due to increased demand and frequency of droughts

and 
oods (National Infrastructure Commission, 2023).

To implement the reweighting, we conduct the following four steps (similar to Stuart et al.

(2011); Hahn and Metcalfe (2021)). First, we determine the household demographics ( X i ) we use

to reweight. We choose all of the observable variables that were provided to us by NWG: rural-

urban classi�cation, availability of email address, and residential post-code. 48 Second, we use a

logistic regression to model the probability ( p̂i ) of being metered with the covariates as predictors.

p̂i thus denotes the estimated probability of sample selection for household i . Third, we follow

inverse probability of treatment weighting (IPTW) to weight each household. 49 IPTW gives each

household their own weight, which is calculated as the inverse propensity scores, i.e., in our setting,

the inverse probability of being metered: wi (X i ) = 1 =p̂i (X i ). Lastly, we estimate the LATE using

the weights wi we generated as a population weight.

To estimate the re-weighted LATE, we run the same regression as in Section 3.3, but include

the weights in the estimation. The reweighted LATE estimates are presented in Table 4. For our

preferred speci�cation in column (3) ( Incentives£10and Incentives£15 group as IV), re-weighting

reduces the point estimates of water conservation from 44 liters per day to 36 liters per day (14 per

cent), and the coe�cients still remain statistically signi�cant. The reweighted LATE estimates in

columns (1) and (2) are also very similar to the unweighted LATE in Table 3, with water usage

reduced by 42 (16 percent) and 34 (13 percent) liters per day, though the latter e�ect size is not sig-

ni�cant ( p-value=11.4). In conclusion, we are reasonably con�dent that our results are not driven

by sample selection, and can be scaled up with similar e�ects to unmetered households, provided

they are metered before the intervention. 50

3.5 Mechanisms

Our estimates of the impact of the audit on post-treatment water consumption range between 36

to 44 liters per day, e�ect sizes that are relatively large compared to the impact of most other in-

terventions studied in the literature. 51 Given the magnitude of these e�ects, a natural question

arises as to the mechanisms through which the audits enabled water conservation. We provide

preliminary evidence on the channels in this section, using an online follow-up survey which was

48We do not have data on household income or the number of household members, so we use the data on post codes

as a proxy. Owner/renter status could also a�ect external validity because presumably those that rent would be less

likely to perform the audit. NWG did not have access to this information. However, based on survey data discussed in

Section 3.5, we �nd no evidence that homeowners have a signi�cantly higher rate of diagnostic completion than renters.
49See Hahn and Metcalfe (2021) for weighting using sub-classi�cation, which is a coarser method than IPTW.
50Metered and unmetered households may di�er on unobservables, in which case the results may not generalize.
51Ansink et al. (2021) is one study that �nds comparable water savings to ours.
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Table 4: Reweighted LATE Estimates

Post-Treatment Water Consumption (liters/day)

(1) (2) (3)

Complete Diagnostic � 41:634�� � 33:854 � 36:391�

(20:607) (21:454) (21:572)

Intercept 7:819��� 7:125��� 7:954���

(1:790) (2:405) (2:783)

Instruments All Treatment Incentives+Simpli�ed Incentives

F-stat in First Stage 39 66 96

Controls Yes Yes Yes

Observations 11,700 5,830 3,904

Notes: Robust standard errors are in parenthesis. ��� p < 0:01; �� p < 0:05; � p < 0:1.
All regressions report the reweighted local average treatment e�ect (LATE) estimates of diagnostic completion
on post-treatment water consumption. The dependent variable for all models is Post-Treatment Water Consump-
tion, a continuous variable that measures the average daily water consumption of a household, in liters per day,
post the treatment date of 08-Dec-2018. The data has been trimmed at 1 and 99 percentile of pre-treatment con-
sumption. The regressor of interest is Complete Diagnostic, a dummy variable that equals 1 for all households
who completed the water diagnostic. The IV in Model (1) is a vector of dummies for all the six di�erent treat-
ment arms. The IV in Model (2) is a vector that includes dummies for Incentives 10, Incentives 15, and Simpli�ed
treatment arms. The IV in Model (3) is a vector of dummies for Incentives 10and Incentives 15groups. The
sample in model (1) includes all metered households for which we had both pre- and post-consumption data.
The sample in model (2) consists of the Incentives, Simpli�ed and control group, while the sample in model
(3) includes only Incentivesand the control group. All models include Rural and Pre-Treatment Consumption
as controls. Rural is a dummy variable that equals 1 if the household is located in a rural area. Pre-Treatment
Consumptionis a continuous variable that measures the average daily water consumption of a household, in
liters per day, before the treatment date of 08-Dec-2018.

administered to both control and treated customers for whom NWG had an email address (31 per-

cent of the households, or 13,984 participants; see Table A.1). The survey was conducted in March

2019, four months after the initial direct mailers were sent to households, and asked questions re-

lating to water use habits and customer attitudes towards the mailer and online audit, among other

things.52

There are two potential mechanisms through which the audit can directly a�ect water conser-

vation: behavioral changes and adoption of water-saving devices. We, thus, focus our analysis on

questions in the survey that can shed light on whether households that completed the audit were

di�erent either in terms of their attitude towards water-saving devices or in terms of actions that

could potentially reduce water usage.

We analyzed several di�erent questions. To examine behavioral changes, we identify ques-

tions that ask households whether they currently take shorter showers; turn o� the shower when

shampooing and the tap when brushing teeth or shaving; check for dripping taps and leaks; avoid

washing dishes under a running tap; and water the garden or yard less. To analyze whether adop-

tion of water saving devices after the audit could have played a role, we examine questions that ask

52The follow-up survey contained 22 questions. The list of all the questions is provided in Appendix G.
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customers whether they believe that water saving appliances are useful; requested water saving

products from NWG; and currently use a water butt, which is a large container for collecting and

storing rainwater.

Our analysis draws on the responses of households who completed the survey. The response

rate for the follow-up survey was 6.2 percent (861 households). 156 participants of all households

that received the survey completed both the survey and the audit. 53 Given the low response rate

and the selection into who completes the follow-up survey, the �ndings we present below should

be viewed as suggestive.

Our empirical speci�cation takes the following form:

yi = � + � Diagnostic Completioni + 
 X i + � i (5)

where yi is a dummy indicating the response to a survey question. 54 X i is a control vector, consist-

ing of Rural i and Meter i . The coe�cient of interest is � , which would indicate if answers to the

survey questions di�ered depending on whether households completed the diagnostic or not. 55

We have three results.56 First, we �nd evidence that the diagnostic encouraged water conser-

vation. Households that completed the diagnostic were 6.5 percentage points more likely to be

currently trying to reduce their water consumption. Furthermore, such customers were also 12

percentage points more likely to believe that they were well informed about ways to save water.

Second, our results indicate that completing the audit did lead to changes in habits, with house-

holds more likely to engage in certain water conservation activities. Speci�cally, customers that

completed the online diagnostic were signi�cantly more likely | in varying magnitude | to take

shorter showers, turn o� showers while shampooing and taps when brushing or shaving, check

for leaks, and not wash dishes under a running tap.

Third, there is evidence of signi�cant di�erences in attitudes towards water saving products.

People that completed the diagnostic were (i) 6.2 percentage points more likely to believe that water

saving appliances are useful; (ii) 26 percentage points more likely to have requested or looking

forward to order water saving products from NWG, and; (iii) 10 percentage points more likely to

use a water butt, a �xture recommended by the audit as a means of water conservation.

The sample for the preceding analysis includes all households that completed the survey, re-

gardless of whether they were in the treatment or the control group. Our identi�cation comes

from comparing responses of households that completed the diagnostic with responses of house-

holds that did not. A more natural comparison group for households that received the letters and

completed the diagnostic are customers in the control group, none of whom received the letter

or completed the diagnostic. As a robustness check, we reran the analysis using only the survey

53Summary statistics on survey completion are provided in Table A.4.
54For e.g., on the question of whether a household was taking shorter showers, we would code Yesas 1 andNo as 0.
55We considered using an IV strategy similar to the one employed in Section 3.3. However, it would not address the

problems associated with selection into completing the survey.
56This is based on 22 di�erent regressions, which are available on request.
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respondents from the control group as a comparison. Reassuringly, the results are very similar in

terms of the direction of the e�ects, their magnitude, and signi�cance. The only di�erence arises in

three cases (out of the 22 tested), namely whether customers who completed the diagnostic were

more likely to (i) turn o� showers when shampooing; (ii) check for dripping taps and turn them

o�, and; (iii) check for leaks and repair them. Even in these three cases, the e�ect sizes are similar

to the initial speci�cation, but not signi�cant, an issue that could be due to power.

Finally, we also investigate di�erences in survey responses between unmetered and metered

households who completed the audit. The large number of completed audits among unmetered

customers was surprising as unmetered households are not charged based on their water usage

and, therefore, have little incentive to interact with tools that promote water conservation. Our

analysis involves estimating the di�erences in answers to survey questions between metered and

unmetered households that completed the audit. Empirically, this involves estimating the inter-

action term between Diagnostic Completioni and Meteri in Equation (5) and removing the control

vector X i . The only signi�cant di�erence we observe relates to attitudes towards pecuniary sav-

ings from water conservation, with metered households that completed the diagnostic being 19

percentage points more likely to value money savings on water bills as compared to unmetered

households. This suggests that �nancial savings arising from lower water use were not the pri-

mary driver of sign-ups among unmetered households. For every other survey question, there

were no signi�cant di�erences between metered and unmetered customers who completed the

audit. This suggests that unmetered customers who completed the audit may have implemented

water conservation activities such as taking shorter showers and turning o� taps when not in use.

However, as noted earlier, we cannot test the impact of diagnostic completion, and subsequent

changes in behavior and attitudes, on water consumption for the unmetered households because

NWG does not have usage data on this group. The limited survey evidence does suggest that the

e�ect sizes could be similar for metered and unmetered households that took the audit.

In summary, an analysis of the follow-up survey suggests that both behavioral changes and

technology adoption were important mechanisms underlying water conservation. 57 More research

is needed to understand the potential importance of the mechanisms identi�ed here. However,

note that the mechanisms only a�ect the welfare calculation insofar as the assumed duration of

the treatment e�ects persists, which might di�er across behavioral changes and technology adop-

tion (Allcott and Rogers, 2014; Brandon et al., 2017). Since the results from the survey suggest

some technology adoption, we perform robustness checks to project the water conservation e�ects

beyond the short-term.

57While selection into the survey may explain these results, we did not �nd signi�cant di�erences in attitudes towards

environment and water conservation between customers who completed the audit and customers who did not. In

addition, people who completed the diagnostic were not more or less likely to: value monetary savings on water bills;

save water only if it helps them save money; and save water only if rest of their community does so.
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3.6 Data Limitations and Robustness Checks

The household level water consumption data provided by NWG has certain limitations, which

could potentially bias our results. In this section, we discuss these limitations and consider di�er-

ent robustness checks to address concerns with identi�cation.

3.6.1 Measurement Error Caused by Lack of Clean Pre-Post Delineation of Consumption

As discussed in Appendix F.1 on calculating pre- and post-treatment consumption data, we have

four meter readings for each household. The di�erence between two successive meter readings

provides the water consumption in the corresponding time period. However, these meter read-

ings are not cleanly delineated into pre- and post-treatment time periods. For illustrative purposes,

consider a household that has a meter reading on 1st November 2018 followed by another meter

reading on 28th December 2018. The total consumption between these two time periods, calculated

by taking the di�erence between the meter readings, would include 38 days of pre-treatment con-

sumption (1 st November 2018 - 8th December 2018) and 20 days of post-treatment consumption (9th

December 2018 - 28th December 2018). Given that the readings used to calculate post-treatment

consumption include a median time of four months prior to the treatment date, there are valid

concerns about using such a long pre-treatment period to attribute causality to the treatments.

Before we proceed to the robustness checks, it is important to note that the contamination from

the pre-treatment period in our measure of post-treatment consumption is not likely a major con-

cern because measurement error here would be biased against �nding any e�ect. For example, if

the number of days post-treatment in the meter reading is 10% of the number of days in the pre-

treatment period, then we are attributing water consumption from a large number of pre-treatment

days, when there should be no e�ect, to the post-treatment period. This will lead to reduced es-

timate of the true e�ect size. The fact that we estimate a signi�cant drop in consumption post-

treatment suggests that a cleaner sample would o�er stronger results.

Nevertheless, we address this concern by running weighted regressions estimating the ATE

and LATE of letters and diagnostic completion on water consumption, respectively. The weights

correspond to the fraction of days post-treatment included in the meter readings used to calculate

post-treatment consumption, divided by total number of days between the two readings. For ex-

ample, if the household had a reading on 8 th December 2018, then 100 percent of the post period

is treatedand so this household gets a weight of 1. Another household may have a reading on 30 th

July 2018 followed by another reading on 9 th December 2018, and would receive a weight of 1/133,

where 133 is the number of days between 30th July and 9th December.

We �rst provide more transparency regarding how the meter readings used to calculate post-

treatment water consumption are distributed across the di�erent months. This provides context

on where most of the weights used in the weighted regression might lie. Table F.2 in Appendix F.1

presents this using a 17 � 5 matrix, with rows representing the month of initial reading used to

calculate the post-treatment consumption, while the column names represent the month of the
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latest reading used for the same calculation. For example, there were 7,871 households for which

post-treatment consumption was calculated using the meter reading in August 2018 and February

2019. Our analysis reveals that for the majority of the households, the initial meter reading used for

calculating the post-treatment consumption was three to �ve months prior to the treatment date

(July to September 2018), while their �nal reading was one to three months after the treatment

(January to March 2019). The weighted average for the entire sample of the proportion of treated

days in post-treatment observations was 37 percent.

Second, we use the weights derived to calculate the weighted ATE of letters on post-treatment

water consumption. Details are provided in Appendix C.1, and we present a brief summary here.

Reassuringly, the results are very similar to the unweighted ATE regressions presented in Table 2.

With reference to the control group, all treatment arms except Vanilla experienced a fall in aver-

age daily consumption; however, only the Incentives 15treatment arm experienced a statistically

signi�cant decrease of 5.8 liters per day (as opposed to 4.7 liters in the unweighted regression).

When we exclude the control group, and the Vanilla letter becomes the omitted category, the drop

in consumption is signi�cant across all remaining categories, with the decrease in consumption

ranging from 4.1 liters per day under Moral Costto 8.5 liters per day under Incentives 15. This is in

contrast to the unweighted estimates of 3.0 and 6.4 liters per day for Moral Costand Incentives 15,

respectively. Finally, when we drop both the control group and the Vanilla group, and the Simpli-

�ed letter becomes the reference category, only the£15 �nancial incentive remains signi�cant with

consumption falling by 4.5 liters per day on average. In summary, the results are qualitatively sim-

ilar to the unweighted regressions in terms of direction, and larger in terms of magnitude. This is

expected as weighting reduces the downward bias that could be introduced.

Third, we present the weighted LATE estimates of the impact of diagnostic completion on wa-

ter consumption in Table C.2. Again, results are robust to weighting. For our preferred speci�ca-

tion with the Incentivetreatments as IV, we �nd that completing the diagnostic led to an average

fall in post-treatment consumption by 45 liters per day (18 percent, p < 0:05) as opposed to the

unweighted LATE estimate of 44 liters per day. As was the case with the weighted ATE results,

the weighted LATE estimates across all speci�cations are in the same direction as the unweighted

LATE results (Table 3), signi�cant, and of a slightly higher magnitude.

As a �nal robustness check, we run the ATE analysis on the subset of households that had a

meter reading just before the letters went out (so those in November and early December). 58 This

o�ers the cleanest sample with a clear pre- and post-treatment period. We consider the subset of

houses that had at least two meter readings after 1st November 2018, including necessarily after the

treatment date of 8th December 2018. However, this drastically reduces our sample, from 11,700

households to 128 households. The results, presented in Table C.3, are revealing. Though the

direction of the results is similar across di�erent treatment arms and speci�cations, the magnitude

of the coe�cients increases dramatically. With reference to the control group, the £15 monetary

58An ATE analysis on the sample of households with meter readings within a particular time frame requires us to

assume that the timing of the meter readings is essentially random.
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incentives led to a statistically signi�cant decrease of 51 liters per day, or 19.9 percent. This number

is almost an order of magnitude higher compared to the estimate of 4.7 liters per day reduction in

consumption for the Incentives 15group with the unweighted regression for the entire sample. If we

drop the control group and compare the e�ect sizes to the Vanilla letter, the drop in consumption

is signi�cant across all remaining categories except Simpli�ed, with the decrease in consumption

ranging from 42 liters per day (16 percent) under Incentives 10to 74 liters per day (29 percent)

under Incentives 15.

In summary, all of the robustness checks addressing potential measurement error indicate that

the initial estimates of the impact of letters and diagnostic completion on water conservation rep-

resent an underestimate. The true impact may be much larger. Because an underestimate would

bias our net bene�t calculations downward, we perform a wide array of sensitivity analyses for the

welfare calculations in Section 4.

3.6.2 Seasonality

Water consumption usually displays strong seasonality, with irrigation during summer months

the largest source of household water use.59 Ignoring this seasonality may bias our results. As

discussed previously, the consumption data shared by NWG is not at the monthly level, and so the

conventional way of controlling for seasonality by including month �xed e�ects is not possible.

However, we argue that seasonality is not a big source of concern for our results.

Two points are worth noting. First, the regressions estimate the di�erence in post-treatment

consumption between consumers who received and did not receive the letters. As long as there

are no di�erences between treatment and control groups in the impact of seasonality distribution

of meter readings across months, our results should not be biased. Given that households were

randomized into di�erent groups after balancing them on pre-treatment observables, we do not

expect any signi�cant di�erences in the impact of seasonality across the treatment arms.

Second, we can verify whether the distribution of meter readings across months di�ered be-

tween treatment and control. To test this, we run four di�erent OLS regression where the regres-

sand is a dummy variable that equals 0 if the customer is assigned to the control group, and equals

1 for customers assigned to any treatment group. The independent variables are a dummy for all

the months in a year. We run this regression separately for each of the four meter readings to test

if the seasonality concern manifests in any of the readings conducted by NWG. If any of the month

coe�cients across these regressions is signi�cant, it would suggest that meter reading in that par-

ticular month predicts participation in the treatment group | which likely biases our results. We

�nd that none of the month coe�cients in any of the four regressions are signi�cant, indicating that

the month of the meter reading does not predict participation in the treatment groups. 60 There-

fore, we are reasonably con�dent that the treatment group was not being a�ected by seasonality

59This is another reason why the experiment likely identi�es a lower bound. Consumption during the summer months

is higher due to irrigation needs, and the treatment e�ects during those months may have potentially been higher.
60This is based on 4 di�erent regressions, which are available on request.
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di�erently from the control group.

3.6.3 Spillovers

Spillovers of treatments e�ects to the control group could also cause the estimated e�ects to be bi-

ased. However, again, the spillover would tend to bias our results downward. To see this, assume

that the control group is in
uenced by their neighbors in the treatment group, and they adopt

water saving methods after being inspired from the advice o�ered through the letter or audit to

treated households. That would imply the treatment e�ects would be biased downward. Poten-

tial conservation e�ects associated with the treatments are thus likely to be higher than we have

estimated.61

3.6.4 Inclusion of Reminders Treatment Group in Sample

Households who had not completed the audit by 6 th February 2019, i.e. 60 days after the �rst

treatment on 8th December 2018, were randomly allocated to groups that either received or did

not receive an email reminder. Inclusion of this group in our analysis may lead to concerns as to

whether we are estimating the singular e�ect of a �rst letter treatment or dynamic e�ects of the

audit program including the reminders. However, note that we are only estimating the short-run

e�ect of the intervention, with only 65 days of post-treatment consumption data on average. There-

fore, given that the reminders were sent almost at the end of the our study period, our estimated

e�ect of the intervention (letters or audit) on consumption is being primarily driven by households

who completed the audit pre-reminders. In fact, for the two monetary interventions that had the

largest impact on both take-up and conservation, only 7.0 ( £10) and 4.7 (£15) percent of the house-

hold who completed the audit were in the reminder treatment group. Furthermore, including the

reminders treatment group would further downward bias our results, as their post-treatment time

period is minuscule and these households would not have had su�cient time to make changes to

their water consumption.

4 Welfare Analysis

In this section, we examine whether promoting online water audits improves economic welfare.

We consider the impacts of di�erent interventions from our experiment on various measures of

economic welfare. Note that for all welfare calculations, we use the intention-to-treat estimates in

Section 3.2 as a measure of water conservation, and not the local average treatment e�ect estimates

discussed in Section 3.3.

We have three main �ndings. First, the cost e�ectiveness of these interventions does not ap-

pear to be attractive relative to interventions studied by other researchers for promoting water

61We do not expect spillover impacts, if any, to increase the post-treatment consumption of the control group.
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conservation. Second, the per capita net bene�ts of the intervention are close to zero. Net bene�ts

typically range between plus or minus $1 per person under a wide range of assumptions. Using a

marginal value of public funds approach yields similar �ndings, implying government investment

in such interventions may be an unattractive strategy. Third, both cost e�ectiveness and welfare

improve if it is assumed that bene�ts accrue over a year and producers just break even. Details on

the parameters used in our welfare analysis and additional sensitivity analyses are presented in

Appendix E.

4.1 Cost E�ectiveness

There are many de�nitions of cost e�ectiveness. Here, we use di�erent measures that correspond

to direct resource cost and foregone pro�ts. Our purpose is to consider the cost e�ectiveness of the

interventions in our �eld experiment (Section 4.1.1) and then compare it with other interventions

in the literature (Section 4.1.2). 62

4.1.1 Cost e�ectiveness of the natural �eld experiment

We measure four categories of costs: the cost of sending letters, the direct cost of the incentives,

the lost producer surplus associated with the decline in production, and the value of time in �lling

out the survey. E�ectiveness is measured by the per capita reduction in water consumption. Our

base case is theIncentive£10treatment which, along-with the Incentive£15 treatment, was the only

intervention that resulted in a signi�cant reduction in water consumption among treated house-

holds (see Table 2). We measure its e�ectiveness relative to not sending out a letter, and to sending

out the Vanilla letter.63 Dividing total cost by e�ectiveness yields our cost e�ectiveness estimate.

Results are presented in Table 5.

We describe the parameters for the base case (column 1) below.64 The cost of mailing repre-

sents the postal cost of sending letters to 1,020 participants (the sample size in the Incentive£10

group for which we had both pre- and post-treatment consumption data) at a cost of 41 pence per

letter, which was the Royal Mail's standard tari� in 2020-21 for bulk orders containing less than

2,500 items. There would also be costs associated with paper, ink and time, but we assume they

are negligible. The direct cost of incentives refers to the pecuniary transfer to the customers who

completed the diagnostic. 85 households from the 1,020 participants in the Incentives 10treatment

group completed the audit and received £10, yielding a direct cost of £850. The incentive costs are

included in the calculations because only the Incentivesgroup experienced a drop in water con-

62We do not attempt to harmonize di�erent measures of cost e�ectiveness that have been used in this area. This could

be a useful exercise but is beyond the scope of this paper. For additional discussion of this issue in the context of climate

change cost e�ectiveness measures, see Hahn et al. (2024).
63We also run a sensitivity analysis with the Incentive£15 treatment in Appendix E.2. In all cases, even though the

water consumption was higher (4.7 liters per day as opposed to 3.5 liters per day with the Incentives£10 treatment), the

marginal gain is not worth the extra £5 of incentives.
64For a list of all the parameters and their sources, see Table E.1 in Appendix E.
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Table 5: Di�erent Measures of Cost E�ectiveness

Case Base Case
No Producer

Surplus Loss

Vanilla

Letter

Targeting

High Users

Duration: 1 Yr

& No PS Loss

Parameter (1) (2) (3) (4) (5)

Cost of Mailing 420 420 0 200 420

Direct Cost of Incentive 850 850 850 380 850

Producer Surplus Loss 200 0 300 200 0

Time Cost 68 68 0 30 68

[A]: Total Cost (in £) 1,500 1,300 1,100 810 1,300

[B]: E�ectiveness (in m 3) 240 240 350 230 1,300

Cost E�ectiveness ( £/m 3) 6.5 5.7 3.3 3.4 1.0

Notes: This table shows how the cost e�ectiveness changes using di�erent assumptions. Cost e�ectiveness is measured in terms of
pounds per cubic meter of water conserved in 2020 £. It is computed as the total cost divided by the e�ectiveness (A/B). See text for
details on the various cases.

sumption post-treatment when compared to usage in the control group. 65 The Producer Surplus

Lossis de�ned as the total loss in net revenue ( i.e., revenue minus cost) caused by water savings.66

Since the length of our post treatment consumption data di�ers across households, we assume that

water savings last for 65 days, which is the average number of days post-treatment for which we

have consumption data (see discussion in Section 3.2). Given a consumer price of £1.3 per cubic

meter, a short-run marginal cost of 44 pence, and average savings of 3.5 liters per day per house-

hold (refer to Table 2), the producer surplus loss over the 65-day period is £200. TheTime Cost

is de�ned as the monetary value of time associated with �lling out the survey and is computed

as the product of the average time taken by a household to complete the survey (7 minutes) and

50 percent of the median UK hourly wage rate of £14 per hour (O�ce for National Statistics, UK,

2021).67 The sum of these items gives a total cost of£1,500. To calculate e�ectiveness, we multiply

the per capita reduction in water consumption relative to the case of no letter (3.5 liters per day

for 65 days; see Table 2) with the number of people in the £10 incentive group, which gives 240

cubic meters. Dividing the total cost by e�ectiveness gives us a cost e�ectiveness estimate of £6.5

per cubic meter for the base case.

The other four cases are variations on the base case. They lead to cost e�ectiveness numbers

that range between £1.0 and £5.7 per cubic meter. The �rst variation labeled No Producer Surplus

65Considering either the Simpli�ed and Altruism treatment groups as the base case will eliminate these costs, but since

there was no meaningful impact of these treatments on water consumption relative to consumption in the control group

(Table 2), the e�ectiveness will likely be small.
66We include changes in producer surplus here because they represent a real cost to producers and society under

certain conditions. For a more in-depth discussion of di�erent de�nitions of cost-e�ectiveness, see Hahn et al. (2024).
67According to White (2016), for local personal travel, value of travel time savings (VTTS) is estimated at 50 percent

of hourly median household income. We follow the VTTS convention for our calculations.
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Loss(column 2) sets producer surplus losses to zero. This yields a cost e�ectiveness of £5.7 per

cubic meter, which is a 13 percent decline relative to the base case.68 The reason we present the

case ofNo Producer Surplusis because many studies do not consider changes in producer surplus

in computing cost e�ectiveness. In our view, this may be particularly important in cases involving

utilities, where prices may di�er substantially from marginal private costs (Reguant, 2019; Hahn

and Metcalfe, 2021). Many of the nudges that are carried out for water involve utility customers,

and thus, this change should be included where possible.

The second variation changes the benchmark for comparison from the control group to the

Vanilla letter (column 3). We do this analysis because NWG planned to send out this letter to their

customers without our intervention. The cost e�ectiveness falls to £3.3 per cubic meter, a decline

from the base case by 50 percent. The decline results from the reduction in mailing and time costs

to zero, and the increase in water savings per household.69

The third variation targets only high users (column 4), who are de�ned as users above the me-

dian consumption threshold of 220 liters per day. This leads to an increase in the average reduction

in consumption from 3.5 to 7.4 liters per household per day (see Appendix B.2.1 for details). The

more than doubling of water conservation also substantially improves cost e�ectiveness from £6.5

per cubic meter in the base case to£3.4 per cubic meter in the targeted case.70 This suggests that

targeting could be an important strategy for improving cost e�ectiveness and increasing net ben-

e�ts, which is consistent with other studies (Ferraro and Price, 2013; Ferraro and Miranda, 2013;

Brent et al., 2020).

The fourth variation considers the impact of a change in duration of the persistence of the e�ects

due to the intervention along with setting producers surplus losses equal to zero (column 5). 71 It is

reasonable to assume that regulators periodically adjust prices to cover costs, which would imply

producer surplus losses from water conservation would tend toward zero in the long run. In addi-

tion, various studies (Bernedo et al., 2014; Ansink et al., 2021) �nd a long-term persistent impact of

their interventions, going up to 6 years in some instances. 72 If we assume the bene�ts last for a year,

and prices adjust to eliminate producer surplus losses, cost e�ectiveness decreases from£6.5 in the

base case to£1.0 per cubic meter, or by 84 percent. This improvement in cost e�ectiveness relative

to the base case arises because the reduction in water use increased and producers did not incur

losses. Because we are estimating a plausible lower bound for conservation (see Section 3.6.1), we

also do a sensitivity analyses whereby we calculate by how much daily water consumption needs

to decrease for cost e�ectiveness to be£1 per cubic meter, the lowest CE value which was calculated

68Note that a decline in the measure of cost e�ectiveness represents animprovement. Either costs go down or e�ective-

ness, as measured by conservation, increases (or both).
69Incentives 10treatment leads to water savings of 5.3 liters per day in comparison to the Vanilla treatment, as opposed

to 3.5 liter per day earlier in comparison to the control group. See Section 3.2 for details.
70A similar calculation for the £15 intervention reveals that cost e�ectiveness is reduced by 44 percent.
71We ignore discounting here because it is not central.
72Brandon et al. (2017) demonstrate that the social norm home energy reports have a persistent e�ect on energy

consumption for up to two years after the discontinuation of the reports.
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under the most optimistic scenario of no producer surplus losses and conservation e�ects lasting

for a year. Our analysis reveals that daily water conservation would need to be 6.6 times higher, or

23 liters per day, for cost e�ectiveness to fall to this level. As discussed in Section 3.6.1, eliminating

the measurement error is expected to increase the e�ect sizes by 2.7 times, at most. The cost e�ec-

tiveness under such a scenario would only rise to £2.5 per cubic meter. Therefore, cost-e�ectiveness

remains unattractive even under the most bullish scenarios.

In Appendix E.2, we run a similar analysis for the £15 intervention. Under all variations, both

costs and e�ectiveness increase, but e�ectiveness increases by less than the costs. The result is that,

for the base case, the e�ectiveness of the£15 intervention is £7.8 per cubic meter, 19 percent higher

than the £10 intervention. Similarly, for all other scenarios, the £15 incentive is between 22 to 53

percent higher than the corresponding variation in the £10 incentive.

Finally, we also measure the cost-e�ectiveness in terms of costs incurred to reduce a tonne of

CO2 emissions. Details are presented in Appendix E.3, but our results suggest that cost e�ective-

ness numbers range between£150 and£950 per tonne of CO2 emissions reduced. These numbers

are higher than almost all estimates of the social cost of carbon, implying the costs outweigh the

policy bene�ts | at least based on short-run e�ects.

4.1.2 Comparison with other studies

There are a small number of other studies that compute the cost e�ectiveness of water conservation

measures using modern causal identi�cation strategies. These studies are summarized in Table 6.73

The table provides an estimate of the cost e�ectiveness of di�erent water conservation studies

in dollars per cubic meter of water conserved. The table illustrates �ve key points. First, cost

e�ectiveness estimates vary over a large range, from $0.06 per cubic meter in Ferraro and Miranda

(2013) to $8.1 per cubic meter in Ansink et al. (2021). Second, depending on the assumptions, our

study estimates appear to fall toward the center or right tail of the distribution of existing estimates.

Third, most existing cost e�ectiveness estimates using causal studies do not include changes in

producer surplus as an indirect cost. Fourth, only a small number of studies report estimates of

both cost e�ectiveness and the quantity of water reductions associated with that activity. Finally,

the persistence of the treatment e�ect is important for cost e�ectiveness, as can be seen from the

di�erence between the cost e�ectiveness numbers in Ferraro and Price (2013) and Bernedo et al.

(2014) ( $0.17 versus$0.07 per cubic meter). Both studies analyze the same �eld experiment, but the

former assumes the e�ect lasts for four months, while the latter estimates that e�ects are statistically

detectable six years later. Also, it is not clear in most cases whether these applications scale, and

over what domain. This is a problem with many studies of this type (List, 2022).

73These studies generally de�ne costs in terms of direct costs, but the de�nitions also include forgone revenues in

certain cases.
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4.2 Bene�t-Cost Analysis

The previous section considered the cost e�ectiveness of our intervention. In principle, one could

do a full-blown bene�t-cost analysis (BCA). We start with a simpli�ed BCA, and then consider a

Marginal Value of Public Funds (MVPF) approach in the next section that is more detailed. Our

purpose in this section is to present a framework for a BCA that allows us to ask a simple question:

how large do other bene�ts ( i.e., those not quanti�ed in our analysis) need to be under di�erent

scenarios to just o�set costs that we estimate? Other bene�ts could include the private opportunity

cost of water, ecosystem bene�ts, and reductions in investment costs (see discussion below).

The bene�ts in our analysis result from greenhouse gas emission reductions associated with a

reduction in water consumption. 74 Non-carbon greenhouse gas emissions have been converted to

CO2-equivalents for use in our analysis. 75 The carbon footprint numbers for the water supply, use,

and the disposal system have been obtained from the Environment Agency, a leading public body

for the environment in England and Wales (Re�old et al., 2008).

To de�ne bene�ts formally, we introduce some notation. Let � g be the total change in water

consumption due to the intervention over the time period of our analysis. Let V be the incremental

greenhouse gas bene�ts that result from one cubic meter reduction in water consumption. 76 The

bene�ts from the intervention, B , are then � V � g. The costs,C, are given by losses in producer

surplus plus the direct incremental costs of the experiment, E . The producer surplus losses can be

represented by the di�erence in the price of water, p, and the marginal cost of water, c (presumed

to be constant), multiplied by the change in water consumption, � g. That is, the producer surplus

losses are(p� c)� g. The direct costs,E , include the cost of mailing letters. 77 They also include the

cost of the �nancial incentives. 78 We can now estimate net bene�ts as follows:

Net bene�ts = B � C

= � V � g + ( p � c)� g � E (6)

Equation (6) does not include a measure of consumer surplus. 79 This is because we assume

that consumers who switch are just as well o� after receiving the subsidy and taking the audit as

74Precisely because the reduction in GHG emissions is only a subset of the overall bene�ts from water conservation,

we do a bounding exercise later to calculate how high other bene�ts need to be to o�set the estimated costs of the

intervention.
75The contribution of di�erent greenhouse gases to total water industry emissions are: carbon dioxide (74 per cent),

nitrous oxide (14 per cent), and methane (12 per cent) (Re�old et al., 2008).
76See Table E.1 for a full breakdown of the greenhouse gas bene�ts based on di�erent stages of water supply and use.
77These costs may be better approximated by the prices charged by a private sector �rm for doing these tasks. We

consider a sensitivity on costs below to address this issue.
78We assume the �nancial incentives are �nanced through a lump sum tax. It would be straightforward to add a

marginal deadweight loss associated through taxation if this were not the case, and it would not materially change our

qualitative �ndings.
79For a model that motivates our welfare equation based on nudge theory, see Allcott and Kessler (2019). These

authors assume a lump sum tax �nances the nudge and quasi-linear utility for consumers.
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they were before.80 If consumers are actually better o� after switching, then the measure of B � C is

an underestimate of net bene�ts. We explore this issue in a sensitivity analysis in Appendix E.5.4 in

which we assume that the cost savings from water conservation and the �nancial incentive provide

net bene�ts to the consumer.

In what follows, we also do not explicitly include other bene�ts from water conservation, which

may be substantial, but for which we do not have precise estimates. 81 We do, however, include these

bene�ts in a bounding calculation described below. These bene�ts include possible savings from

reduced capital and operating costs associated with expanded supply (Maddaus, 2011), or the

value of conservation in areas that may experience scarcity (Baker, 2021). In addition, ecosystem

services, such as habitat, biodiversity, �shing, recreation, erosion protection, aesthetic value, and

non-use values that can result from conservation are not included. 82

Estimates for the various parameters in Equation (6) are shown in Table 7 along with the de-

tailed results on net bene�ts. We perform the analysis using two di�erent assumptions about cost:

a short-run marginal cost (SRMC) of £0.44 per cubic meter, and a long-run marginal cost (LRMC)

of £0.98 per cubic meter. The cost numbers were estimated based on sources from NWG (NWG,

2009, 2021). The SRMC, in our case, is equivalent to the base operating expenditure per cubic meter

of water, or the marginal operating cost. It takes capacity as given, and includes costs associated

with electricity for water transport, storage and treatment, and abstraction charges by environmen-

tal agencies.83 LRMC, on the other hand, is the sum of marginal operating and marginal capacity

costs.84 We consider LRMC in our sensitivity analysis because it allows us to evaluate potential

long-run bene�ts of conservation. The LRMC was calculated based on the annualized cost of the

last major water resource investment undertaken by NWG { expanding Abberton reservoir in 2009

{ and equals £0.54 per cubic meter.85

We consider �ve di�erent cases for estimating net bene�ts associated with the SRMC and the

LRMC. The �rst uses the base case with the £10 Incentive, and it is compared to the case of no letter.86

80We are applying the envelope theorem. See,e.g., Finkelstein and Hendren (2020).
81We asked NWG to provide a willingness to pay for a cubic meter increase in water conservation, but they were

unable to furnish a value.
82See Bishop and Weber (1996) for a more extended discussion on the impact of demand reduction on water utilities

and the environment.
83Marsden Jacob Associates (2004) state that for all practical purposes in the water industry, estimating SRMC by

reference to operating costs is reasonable. Moreover, conversations with NWG representatives suggested that setting

SRMC equal to the short-run average costs was a reasonable assumption.
84Marginal capacity costs are de�ned as costs associated with investments as a result of an incremental increase in

demand.
85This is similar to the concept of long-run incremental cost in Mann et al. (1980), and includes both the capital

costs associated with a change in capacity and volume sensitive costs. However, in this case, it may be an underestimate

because it does not appear to include investments in raw water and wastewater treatment facilities, and water and sewer

networks. Such costs could increase the LRMC substantially, but NWG did not have an estimate.
86Results with the £15 Incentivetreatment as the base case are presented in Appendix E.5.3. We use the two incentive

treatments for all welfare analysis because those interventions are the ones that resulted in an economically signi�cant

reduction in water consumption.
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The second case sets producer surplus losses to zero. This assumption is made to explore what

would happen if the regulatory authority revised the rate setting process in response to capacity

expansion plans.87

The third case uses theVanilla letter as the benchmark with the £10 Incentive. The rationale for

considering a di�erent benchmark is that NWG was going to send out the Vanilla letter anyway. Us-

ing this benchmark means that there is not incremental cost of sending letters by mail. The fourth

case focuses on targeting high-users, de�ned as households who consume above the median pre-

treatment consumption threshold. The �fth case assumes the impact of the intervention lasts for a

year, in addition to eliminating producer surplus losses. For each case, we also specify the number

of people a�ected, or N , which is used to estimate the per capita net bene�ts. V is computed based

on the Social Cost of Carbon (SCC), which is the monetary value of the net harm to society associ-

ated with adding a small amount of carbon to the atmosphere in a given year. We use an estimate

of the SCC of £241 per metric ton of CO2 (in 2020 £) (United Kingdom Government, 2021). 88

Table 7 shows that the measured bene�ts fall short of the measured costs in four out of �ve cases

under both the cost structures. The only scenario with a positive net-bene�t is the �nal one where

the e�ect lasts for a year and there is no producer surplus loss. 89 For all �ve cases, the range of net

bene�ts is roughly from - £1 to + £1 per person, suggesting that the net bene�ts of the intervention

are small when only considering the climate change bene�ts.

The bene�ts considered up until now only include the reductions in greenhouse gas emissions

because estimates of other bene�ts are not readily available. Still, it is possible to do a bounding

analysis and explore what other bene�ts (or costs) would need to be for net bene�ts to be zero. It

is also possible to consider other estimates in the literature for key parameters, such as the oppor-

tunity cost of water, and compare these with the �ndings of our bounding analysis.

A key parameter is the opportunity cost of water. Unfortunately, this number is not available

from NWG or a water market in the UK. In the absence of such a market, we rely on three esti-

mates for the opportunity cost of scarce water. First, we use an estimate from Baker (2021), who

approximates a value of $0.06 per gallon in 2014 dollars (equivalent to £1.4 per cubic meter in 2020

£).90 Note, however, that this estimate is from Nevada, the driest state in the United States. The

opportunity cost in the relatively wetter regions served by NWG would likely be lower. A second

estimate can be derived from a water market in Spain, a water-stressed industrialized country in

Europe, to arrive at a marginal private value of water. Palomo-Hierro et al. (2015) list details of

87Water utilities in the UK are regulated as part of a legally binding long-term framework to cut emissions (Ofwat,

2023). Thus, they may be required to undertake conservation programs that result in short-term loss of pro�ts.
88We explore the sensitivity of our results to the SCC in Appendix E.5.2 where we assume an SCC estimate of $51 per

ton of CO2e based on the recommendations of the Interagency Working Group, US Government (2021).
89We get the same values for net bene�ts under SRMC and LRMC for cases with no producer surplus loss (columns

(2) and (5))because the marginal cost is only used for calculating the losses to the utility due to conservation. If these

losses are assumed away, the values under SRMC and LRMC are the same.
90Baker (2021) approximates the scarcity value of water based on an estimate from Edwards and Libecap (2015). The

latter study uses agriculture-to-urban water rights sales in the Truckee river basin in Nevada to assess the value of scarce

water.
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Table 7: Bene�t-Cost Analysis

Case Units
Base Case

( £10 Incentive)

No Producer

Surplus Loss

Vanilla Letter

as Benchmark

Targeting

High Users

Duration: 1 Yr

& No PS Loss

Parameter (1) (2) (3) (4) (5)

V £=m3 1.7 1.7 1.7 1.7 1.7

p £=m3 1.3 1.3 1.3 1.3 1.3

� g m3 -240 -240 -340 -230 -1,300

� V � g £ 390 390 570 390 2,200

E £ 1,300 1,300 850 580 1,300

N integer 1,020 1,020 1,020 484 1,020

Panel A (SRMC)

c £=m3 0.44 0.44 0.44 0.44 0.44

(p � c)� g £ -200 0 -290 -200 0

B � C (Equation (6) above) £ -1,100 -880 -570 -390 920

(B � C)=N £/ capita -1.1 -0.86 -0.56 -0.80 0.90

Breakeven Other Bene�ts = � (B � C) £ 1,100 880 570 390 -920

Breakeven Other Bene�ts / � g £=m3 4.6 3.7 1.7 1.7 -0.70

Breakeven Other Bene�ts / GHG bene�ts multiple 2.8 2.3 1.0 1.0 -0.42

Increase in Water Savings multiple 6.8 3.3 3.1 3.1 0.58

Months E�ect Needs to Last months 15 7 7 7 -

Panel B (LRMC)

c £=m3 0.98 0.98 0.98 0.98 0.98

(p � c)� g £ -72 0 -110 -71 0

B � C (Equation (6) above) £ -950 -880 -390 -260 920

(B � C)=N £/ capita -0.93 -0.86 -0.38 -0.54 0.90

Breakeven Other Bene�ts = � (B � C) £ 950 880 390 260 -920

Breakeven Other Bene�ts / � g £=m3 4.1 3.7 1.1 1.1 -0.70

Breakeven Other Bene�ts / GHG Bene�ts multiple 2.4 2.3 0.68 0.68 -0.42

Increase in Water Savings multiple 4.1 3.3 1.8 1.9 0.58

Months E�ect Needs to Last months 9 7 4 4 -

Notes: We implement the equation for net bene�ts, Equation (6). Panel Ashows the results for short-run marginal costs ( c= £0.44 per

cubic meter). Panel Bshows the results for long-run marginal cost ( c= £0.98 per cubic meter). See Table E.1 for details on parameters

used for welfare calculations.

several formal intra- and inter-basin lease contracts, including their prices, signed over the past

two decades in Spain. The prices for water transfer across all these leases ranged from£0.16 per

cubic meter to £0.28 per cubic meter (2020£), which is approximately 80 percent lower than the

opportunity cost of scarce water in Nevada, USA. A third estimate we consider as a proxy for pri-

vate value of water is the cost of desalination. Water-scarce regions may rely on this technology as

a substitute for fresh water (Gude, 2017; World Bank, 2019). As of 2019, the average cost range of

desalinated water was between $0.5 to $1.5 per cubic meter, i.e. £0.41 to£1.21 per cubic meter in

2020£(Cos��n, 2019).

We compare these estimates for the opportunity cost of water with the bounding calculations

in Table 7. As shown in Panel A (SRMC) and B (LRMC) of the table, we would need other bene�ts

to be between £1.1 and£4.6 per cubic meter in order to break-even. Our opportunity cost of water
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estimates range from £0.16 in Spain to £1.4 per cubic meter in Nevada, USA. Using the lower end

of the range for the opportunity cost of water would not be enough to change the sign of the net

bene�ts in any of the cases, while using the upper end of the range would change the sign in

selected cases (e.g., when long-run marginal cost is the relevant measure of cost and i) we target

high users, or ii) there are no costs to sending letters.)

One could also ask how much the SCC would have to increase for bene�ts to just equal costs

when other bene�ts are excluded (or assumed to be zero). The answer is that in the base case with

LRMC, the SCC would need to increase by about 240 percent to£830 per ton, and to £910 per ton

using the SRMC. If we include the opportunity cost of scarce water among other bene�ts, the SCC

numbers would still need to be in the range of £630 to£700 depending on whether we use LRMC

or SRMC, respectively. These numbers are higher than most estimates for the SCC.91

As discussed in Section 3.6, we identify a plausible lower bound of the treatment e�ects due to

potential measurement error and spillovers. In addition, since we only have consumption data for

65 days post treatment, the short time frame of accrued bene�ts could bias net bene�ts downward.

To address these concerns, we conduct two further sensitivity analyses. First, we measure how

high water savings need to be to pass a bene�t-cost analysis, provided e�ects last only for 65 days.

Second, we ask how long the e�ects would need to last under the current conservation estimates for

the intervention to yield positive bene�ts. The penultimate row in each panel of Table 7 provides a

measure of the conservation magnitudes needed. Under SRMC, the water savings would need to

be at least 3 to 7 times higher. This amounts to a 10 percent decline in consumption for the average

household under the base case (24 liters per day), as opposed to the negative 1.5 percent average

treatment e�ect we currently estimate. This multiple is lower for LRMC, with a decline in water

consumption required to be 2 to 4 times higher for net bene�ts to be positive. 92 Next, assuming

the e�ect sizes stay the same, the last row of each panel indicates that the time period of the e�ects

will need to be at least 15 months under the base case for net bene�ts to be positive. This reduces

to 9 months under LRMC as producer surplus losses are lower.

There is also uncertainty regarding the estimate of long-run csts. Speci�cally, one may be con-

cerned that the data on the LRMC from current projects do not re
ect the expected LRMC under

a climate change scenario where costs could be higher and will probably exceed the current wa-

ter price. Therefore, as a sensitivity check, we ask how high the LRMC needs to be such that net

bene�ts are at least 0 under the base case. Assuming bene�ts last for 65 days, under the base case

scenario, the LRMC would need to £5.1 per cubic meter as opposed to the 0.98 currently. This

represents a 500 percent increase in the long-run marginal cost.

The preceding analysis assumes that consumer private bene�ts from taking the audit are neg-

91In Appendix E.5, we explore a number of other sensitivities, including varying the relationship between price and

costs, varying the LRMC, and assuming the transfer from utility to consumers represents a net bene�t social bene�t.
92Note that the weighted average for the entire sample of the proportion of treated days in post-treatment observations

was 37 percent (see Section 3.6.1. Therefore, assuming that the true e�ect sizes are 2.7 times higher (100/37), the net

bene�ts would still not be greater than 0 under any of the SRMC scenarios which do not originally pass the BCA.
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ligible. In the appendix, we relax this assumption and develop an upper bound on consumer

bene�ts. We de�ne a plausible upper bound as the monetary savings in water plus the value of

the incentive. In the base case scenario with£10 incentive and bene�ts lasting for two months, we

�nd per capita net bene�ts become slightly positive, increasing from negative £1.1 per person in

Table 7 to £0.073 per person. Assuming persistent bene�ts lasting a year and no producer surplus

loss, the net bene�ts increase to £3.4 per person from £0.9 per person. This suggests that under

extreme assumptions, there may be modest net bene�ts from conservation when only considering

climate-related bene�ts. Further details are presented in Appendix E.5.4.

4.3 MVPF Framework

In this section we apply an MVPF approach to assessing bene�ts and costs. The core of the MVPF

approach is to consider the after-tax bene�ts to all groups in society from a small change in expen-

diture on a particular intervention and compare that with the net cost to the government (Hen-

dren and Sprung-Keyser, 2020; Finkelstein and Hendren, 2020; Hahn et al., 2024).93 In general, the

higher the bene�ts and the lower the net cost to the government, the more attractive the interven-

tion is.

We introduce some notation to clarify our estimation procedure. De�ne after-tax bene�ts as

WTP or willingness to pay net of private costs; and de�ne G as the net cost to the government.

The measure of MVPF is WTP=G. First, we consider WTP. De�ne dg=dnas the change in water

consumption for a small change in expenditure by the government on the intervention (say £1),

and de�ne tc as the tax rate on pro�ts of the �rm (which in this case is a utility). Then

WTP = (1 � tc)(p � c)
dg
dn

� V
dg
dn

= ((1 � tc)(p � c) � V )
dg
dn

(7)

Equation (7) says conservation is worth considering if the loss in after-tax unit pro�ts is more than

compensated for by the environmental gain (assuming net costs, G, are positive). 94

Now consider the net cost to the government. This is given by

G = 1 � tc(p � c)
dg
dn

(8)

This says that the net costto the government is the direct cost of the intervention ( £1) plus the loss

in �rm revenues from a £1 increase in expenditures.95

93Here, we are implicitly assuming that the program is paid for by the government or by a central authority that will

need to raise revenues to pay for the program. For other examples, see Hendren and Sprung-Keyser (2020).
94We ignore taxes on water for the consumer in this analysis in the interest of simplicity.
95A more complete analysis might consider rebound e�ects. For example, if water conservation resulted in a reduction

in the price of water, which led to greater use in other activities and more pollution, this would need to be accounted

for. In this case, we think such e�ects are not likely to be important. See Hahn et al. (2024) for an analysis of how to

include rebound e�ects in MVPF calculations.
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The formula for the MVPF is thus:

MV PF =
WTP

G

=
((1 � tc)(p � c) � V ) dg

dn

1 � tc(p � c) dg
dn

(9)

Table 8: MVPF Calculations

Case Base Case No Producer Vanilla Letter Targeting Duration: 1 Yr

( £10 Incentive) Surplus Loss as Benchmark High Users & No PS Loss

Parameter (1) (2) (3) (4) (5)

Panel A (SRMC)

Cost 0:44 0:44 0:44 0:44 0:44

WTP 0:18 0:31 0:40 0:39 1:7

G 1:0 1:0 1:1 1:1 1:0

MV PF = W T P
G 0:18 0:31 0:38 0:37 1:7

Panel B (LRMC)

Cost 0:98 0:98 0:98 0:98 0:98

WTP 0:26 0:31 0:58 0:57 1:7

G 1:0 1:0 1:0 1:0 1:0

MV PF = W T P
G 0:26 0:31 0:57 0:56 1:7

Notes: This table computes the MVPF for the three scenarios described in Table Table 7 using Equation (9). Panel Ashows the results for the
short-run marginal cost. Panel Bshows the results for long-run marginal cost. The values for V and p are the same as those in Table 7. See
Table E.1 in Appendix for details on parameters used for welfare calculations.

Table 8 summarizes �ve MVPF calculations. It mirrors the net bene�t calculations in Section 4.2.

For the short-run marginal cost scenario, the MVPF ranges from 0.18 to 1.7. The only scenario

where the MVPF is greater than 1 is when we assume there are no producer surplus losses and

the bene�ts last for a year (column (5)). This analysis is similar to our bene�t-cost analysis in that

it suggests the investment may not be worth making unless other bene�ts not included here are

signi�cant, or the conservation e�ects persist for a year. Using the LRMC instead of the SRMC

(Panel B) increases the after-tax bene�ts due to a reduction in the producer surplus loss. The

MVPF, though positive under all scenarios, still remains small and less than 1 for four of the �ve

cases.96

As with the bene�t-cost analysis, the MVPF values depend on the value of the SCC. Equa-

tion (7) shows that increasing the social cost of carbon, which is proportional to V , would increase

the MVPF. For example, if we consider the current US administration estimate of the SCC of $51 per

metric ton of CO 2 (in 2020 dollars), which assumes a discount rate of 3 percent (Interagency Work-

ing Group, US Government, 2021), the MVPF is negative for the �rst four scenarios, and positive

but less than 1 for the scenario that assumes long-run bene�ts and no producer surplus loss. The

96MVPF analysis for the £15 intervention is presented in Appendix E.5.6.
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negative sign here arises becauseWTP is negative and the net cost to the government is positive.

Further details are presented in Appendix E.5.5.

Similarly, increasing V to 6.2 in the case of the SRMC would mean that WTP, and henceMVPF,

were 1 using the other base case assumptions.97 This means that the "return" (or WTP) on a

government investment of £1 is £1. As other scholars have noted, there are several other climate

investments that yield higher MVPFs (Hahn et al., 2024).

We can also analyze the change inMVPF if we include the opportunity cost of water. Denoting

this by � , the WTP in Equation (7) will now be expressed as:

WTP = ((1 � tc)(p � c) � V � � )
dg
dn

(10)

We also do a sensitivity analysis that measures the impact on the MVPF when we add in the

scarcity value of water ( £1.4 per cubic meter), and �nd that the e�ect is small. The MVPF increases

but still remains below 1 for all scenarios that do not assume that conservation bene�ts last for a

long time. It equals 0.44 in our base case of£10 Incentive, and is just below 1 (0.98) in the case of

Vanilla letter. Importantly, the MVPF is much greater than 1, at 3.2, for the case with persistent

conservation impact up to one year and no producer surplus loss. This implies that in areas with

scarce water, conservation programs may be fruitful provided the e�ects can last for a long time and

utilities are able to recover their losses quickly. With LRMC, the MVPF increases, with the value

in the base case now equaling 0.52. However, in the long-run | with the exception of the base

case and the scenario with no producer surplus losses and only short-run bene�ts | the MVPF is

greater than 1. Thus, the potential bene�ts of the policy are greater than the net cost of the policy

for the government under a larger range of scenarios. This arises because a higher marginal cost

reduces the loss in after-tax unit pro�ts, and taking into account scarcity value of water increases

the environmental gain. Both factors increase the WTP in Equation (7).

In conclusion, in line with our analysis of net bene�ts, the MVPF increases when there are no

producer losses and we extend the period for which bene�ts accrue. In cases where we take into

account the opportunity cost of water, it exceeds one which would mean the bene�ts from the

policy would exceed the net cost to the government if the marginal value of water is high. In all

other cases, unless the e�ects persist for a long time, the government may not �nd it worthwhile

to spend resources on conserving water using the interventions discussed here.

There are many uncertainties in the preceding analysis. The largest uncertainties may relate to

categories that we have not quanti�ed, including bene�ts not quanti�ed and possible cost savings

from deferring capital investment. In addition, there are uncertainties in many of the key param-

eters such as costs. In some cases, we think these uncertainties could change the direction of the

bene�t-cost analysis. That is why we did the bounding analysis.

97This amounts to an SCC of £910 per ton of CO2e, which is 380 percent higher than the current estimate of £241 per

ton.
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5 Conclusion

Water suppliers and regulators are showing greater interest in assessing di�erent mechanisms to

encourage conservation. One approach that is being used is water audits, which o�er customers

recommendations on how they could reduce their water consumption.

This paper uses a natural �eld experiment to explore the cost e�ectiveness and economic e�-

ciency of online water audits. We have three main �ndings. First, �nancial incentives have a strong,

positive impact on the take-up of online water audits in the short run. Additionally, the size of the

�nancial incentive used to encourage conservation matters, as re
ected in the positive correlation

between the size of the incentive and the probability of completing the audit. Furthermore, encour-

aging subjects to participate in an online water audit with �nancial incentives reduces household

consumption by about 17 percent. These �ndings suggest that it may be useful to introduce dif-

ferent levels of the subsidy in future experiments to help optimize social welfare or better meet a

decision-maker's objectives. We also �nd some evidence that the large magnitudes of water con-

servation among treated households are being driven by both behavioral changes and technology

adoption. Second, notwithstanding these improvements in water conservation, the per capita net

bene�ts of the intervention are close to zero under a wide range of assumptions. Using a marginal

value of public funds approach for measuring bene�ts and costs yields similar conclusions. Third,

we �nd that targeting of high users could roughly double the e�ectiveness of interventions with

�nancial incentives. This suggests that further experiments targeting particular groups could help

improve social welfare.

There are several areas for future research that we think could be fruitful. First, it would be

useful to compare the cost-e�ectiveness of audits with behavioral interventions related to price

salience. For example, households often may not know the marginal price they pay for water, espe-

cially in a non-linear price setting. An interesting behavioral intervention could involve correcting

the biased beliefs and testing if it helps with water conservation and reducing bias (Rodemeier and

L •oschel, 2022).

Second, it would be useful to develop better measures of the cost e�ectiveness and net bene�ts

associated with di�erent kinds of interventions aimed at promoting water conservation. Table 6,

which reviews behavioral economics research in this area, reveals how little we know about the

cost e�ectiveness of di�erent interventions. Decision-makers in charge of water conservation may

�nd it helpful to know something about the likely costs and e�ectiveness of the interventions they

are considering. The same is true of net bene�ts. Very few studies using causal methods for es-

timating water conservation have tried to address the net bene�t question. We think using both

a standard net bene�t framework as well as the MVPF framework could provide useful inputs to

decision-making. Just as Hendren and Sprung-Keyser (2020) and Hahn et al. (2024) developed

and compared several estimates ofMVPFs in the education, health, labor, and climate change ar-

eas, it could be useful to undertake a similar exercise for water interventions. Such analyses could

also help inform equity and e�ciency trade-o�s (Cardoso and Wichman, 2022; Wichman, 2023).
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Third, it would be very useful to try to quantify some of the other bene�ts associated with water

conservation in monetary terms, such as the willingness to pay for greater reliability of supply.

Related to that, it would be useful to get better measures of the full marginal external cost of water

consumption, and how this varies over time and space (Hanemann et al., 2006; Garrick et al., 2017).

Finally, better information is needed on private costs, in particular the short-run and long-run

marginal costs associated with water supply in di�erent regions, as these will also be critical in

assessing the net bene�ts of conservation. Armed with more accurate information on the marginal

social cost and its relationship to price, policy makers will be in a better position to design more

equitable and e�cient policies that promote conservation when it is needed.
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The Appendix is divided into eight sections. Appendix A provides balance tables for the initial

direct mailer treatment and the reminder treatment. It also provides statistics on diagnostic com-

pletion across the two experiments. Appendix B provides additional results on heterogeneity of

treatment e�ects | both diagnostic completion and water conservation | based on pre-treatment

water consumption. Appendix C presents results from a set of robustness checks meant to address

concerns relating to a lack of clear pre-post delineation in meter readings and measurement error

in post-treatment consumption estimates. Appendix D discusses three additional results. First,

we compare the characteristics of households who complete the diagnostic versus those who did

not. Second, we estimate the e�ect of the reminders on diagnostic completion. Finally, we analyze

how households interact with the reminder emails, and how this di�ered across treatment arms.

Appendix E provides details on the welfare section. We �rst report all the parameters and their

sources, and subsequently present our calculations of the cost e�ectiveness of other studies in the

literature. Appendix F sheds light on the measurement of pre- and post-treatment water consump-

tion data using an illustrative example. It also provides information on the monthly distribution

of meter readings. Appendix G lists the questions in the online follow-up survey that was admin-

istered in March 2019 to NWG customers that had an email address. Finally, in Appendix H, we

provide samples of the di�erent letters and reminders that were sent to households.

A Baseline Balance Tests and Summary Statistics

A.1 Balance Tables for Initial Direct Mailers

Our various treatments are balanced on pre-treatment covariates. Table A.1 provides a measure

of the balance on observed covariates across di�erent treatment groups for the initial direct mailer

treatment. Column (1) reports the number of people in each treatment group. Columns (2) to (4)

provide the percentage of population with a water meter, living in a rural area, and for whom NWG

had an email address, respectively. Column (5) reports balance on the number of consumers for

whom we had water data available. We also check for balance within the sub-sample of customers

with meters as our LATE estimates only use metered households. It is important to note that water

consumption data was only available for metered customers and, therefore, columns (6) to (9) per-

tain to the sample with meters. In this regard, columns (6) and (7) report the number of metered

households living in rural areas who provided NWG with an email id. Finally, columns (8) and

(9) provide balance on pre-treatment water consumption, and how many consumers within each

treatment group were in the top 50 th percentile of water consumption for the entire sample.

We calculated the p-value on t-test of equality of means with control group, and the same is

reported in brackets. Predominantly, we �nd that the covariates for the treatment arms are not

signi�cantly di�erent from the covariates in the control group. The only signi�cant di�erences

(at 10 percent) are: a) metered Vanilla households have a lower probability (67 percent versus

70 percent in the control group) of living in rural areas, and b) fewer metered customers in the
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Incentives 10group (41 percent versus 44 percent in the control group) had registered their email

ids with NWG. We, therefore, control for these covariates in our regressions.

Column (10) reports the p-values from F-tests of joint signi�cance of all the regressors from

an OLS regression where the dependent variable is a dummy variable taking a value of 0 if the

customer is assigned to the control group, and it takes a value of 1 for customers assigned to the

treatment group in each respective row. A signi�cant F-test would represent that covariates can

predict participation in a particular group, but all of them are insigni�cant. Finally, the p-values

reported in the last row are from the F-test of joint signi�cance of the treatment dummies from

an OLS regression where the dependent variable is the observable covariate and the independent

variables are dummies for di�erent treatment groups. A signi�cant F-test would indicate that in

at least one treatment group the mean of the covariate is di�erent than the others. Again, we fail

to reject the null hypothesis that all coe�cients are 0.

A.2 Statistics on Diagnostic Completion

Table A.2 provides the raw data from the RCT on the number of households that completed the di-

agnostic. These �gures are further broken down based on the number of metered and unmetered

households. As reported in column (4), the majority of households that completed the audit were

metered (in contrast to the proportion of metered customers), and this is consistent across all treat-

ment groups.

A.3 Balance Tables for Customers with Consumption Data

Table A.3 provides a measure of the balance on observed covariates across di�erent treatment

groups for the initial direct mailer treatment. It is limited to the sample for which we have con-

sumption data. Refer to Section 3.2 and Appendix F.1 for details on sample selection. Column

(1) reports the number of people with consumption data in each treatment group. Columns (2)

and (3) provide the percentage of population with water consumption data living in a rural area,

and for whom NWG had an email address, respectively. Columns (4) and (5) provide balance on

pre-treatment water consumption, and how many consumers within each treatment group fell in

the top 50th percentile of water consumption for the entire sample.

We calculated the p-value on t-test of equality of means with control group, and the same is

reported in brackets. In a majority of the cases, we �nd that the covariates for the treatment arms are

not signi�cantly di�erent from the covariates in the control group. The only signi�cant di�erences

at 5 percent are:a) Vanilla households have a lower probability (62 percent versus 66 percent in the

control group) of living in rural areas, and b) fewer Top 50% customers in the Incentives 15group

(46 percent versus 51 percent in the control group). The signi�cant di�erences at 10 percent are: a)

Altruism households have a lower probability (63 percent versus 66 percent in the control group)

of living in rural areas, and b) Moral Costgroup has a higher average daily pre-treatment water

consumption than the control group (262 liters per day versus 252 liters per day in the control
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Table A.2: Statistics on Diagnostic Completion and Metered Households

Number of Customers Completed Audit Metered Customers
Metered Customers who

Completed Audit

(% of Customers) (% of Customers) (% of Completed Audit)

(1) (2) (3) (4)

All Customers 44,757
1,287

(2.9)

19,180

(42.9)

860

(66.8)

Control 7,459
3

(0.0)

3,184

(42.7)

3

(100.0)

Vanilla 7,460
140

(1.9)

3,193

(42.8)

102

(72.9)

Simpli�ed 7,460
189

(2.5)

3,196

(42.8)

133

(75.6)

Altruism 7,460
176

(2.4)

3,200

(42.9)

119

(67.6)

Incentives 10 3,789
242

(6.4)

1,652

(43.6)

136

(56.2)

Incentives 15 3,670
278

(7.6)

1,551

(42.3)

161

(57.9)

Moral Cost 7,459
259

(3.5)

3,204

(43.0)

206

(79.5)

Notes: All data was provided by Northumbrian Water Limited. Column (1) reports the number of customers assigned to each treatment group. Column
(2) reports the number of customers who completed the online diagnostic. Percentage of households which completed the audit relative to total number
of households in the corresponding treatment group are reported in parenthesis. Column (3) reports the number of customers who had a water meter
installed in their homes. Percentage of metered households relative to total number of households in the treatment group are reported in parenthesis.
Column (4) reports the number of metered households who completed the audit. Percentage of metered households which completed the audit relative to
total number of households which completed the audit in the corresponding treatment group are reported in parenthesis.
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group). We, therefore, control for these covariates in our regressions.

Column (6) reports the p-values from F-tests of joint signi�cance of all the regressors from

an OLS regression where the dependent variable is a dummy variable taking a value of 0 if the

customer is assigned to the control group, and it takes a value of 1 for customers assigned to the

treatment group in each respective row. A signi�cant F-test would represent that covariates can

predict participation in a particular group, but all of them are insigni�cant. Finally, the p-values

reported in the last row are from the F-test of joint signi�cance of the treatment dummies from

an OLS regression where the dependent variable is the observable covariate and the independent

variables are dummies for di�erent treatment groups. A signi�cant F-test would indicate that in

at least one treatment group the mean of the covariate is di�erent than the others. We fail to reject

the null hypothesis that all coe�cients are 0, except for the variable Top 50% consumers. We control

for this variable in our regressions.

A.4 Summary Statistics for Households who Completed Survey

Table A.4 provides summary statistics on which households received the follow-up survey in March

2019, the number of households who completed the survey, and the overlap between diagnostic

and survey completion. This information is provided both for the entire population, and by treat-

ment group. Column (1) reports the total number of customers in each treatment group, with the

numbers in parenthesis representing the percentage of people in the treatment group relative to

the total number of participating households. Column (2) reports the number of customers within

each treatment group who received the survey, both in absolute terms, and as a percentage of total

households in the respective treatment arm. Recall that surveys were only sent to households for

whom NWG had email contact details. Columns (3) and (4) report the number of people who

completed the survey and diagnostic, respectively. Columns (6) and (7) provide information on

the number of households who completed either only the survey, or only the diagnostic. Columns

(5) and (8), on the other hand, report the number of people who completed both the survey and

diagnostic, or neither the survey and the diagnostic, respectively. Finally, all numbers in parenthe-

sis in columns (3) to (8) represent the respective absolute numbers as a proportion of households

in the group who received the follow-up survey.

A.5 Balance Tables for Customers in Reminder Treatment

This section provides details on balance between reminder treatment and control groups across

various pre-treatment covariates. Table A.5 presents the results. Column (1) reports the number of

people within each initial direct mailer treatment group who were randomized into receiving and

not receiving a reminder. Columns (2) through (4) provide the percentage of the population with

a water meter, living in a rural area, and for whom NWG had water data. Note that we do not check

for balance on whether NWG had email contact information available because the reminders could

only be sent to households with an email address. Therefore, by construction, NWG had email
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Table A.3: Baseline Balance Across Treatment Groups

(Households with Consumption Data)

Number of

Customers

Lives in

Rural Area

Provided

an Email

Pre-Treatment

Consumption

(m 3/day)

Top 50%

Consumers

F-test of Joint

Signi�cance

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

All Customers 11,940
.641

(.004)

.435

(.005)

.255

(.002)

.499

(.005)

Control 1,962
.656

(.011)

.441

(.011)

.252

(.004)

.505

(.011)

Vanilla 2,017
.624

(.011)

[.034]

.436

(.011)

[.771]

.260

(.004)

[.201]

.501

(.011)

[.807]

f .156g

Simpli�ed 1,966
.659

(.011)

[.857]

.430

(.011)

[.505]

.257

(.004)

[.380]

.510

(.011)

[.775]

f .770g

Altruism 2,010
.628

(.011)

[.065]

.448

(.011)

[.640]

.254

(.004)

[.779]

.501

(.011)

[.796]

f .376g

Incentives 10 1,040
.650

(.015)

[.723]

.411

(.015)

[.110]

.251

(.006)

[.921]

.476

(.016)

[.129]

f .155g

Incentives 15 968
.633

(.015)

[.218]

.435

(.016)

[.760]

.244

(.006)

[.325]

.459

(.016)

[.018]

f .105g

Moral Cost 1,977
.634

(.011)

[.137]

.434

(.011)

[.687]

.262

(.004)

[.096]

.510

(.011)

[.741]

f .101g

F-test of Joint

Signi�cance
f .134g f .620g f .233g f .095g

Notes: Robust standard errors from OLS regressions are in parenthesis.
P-value on t-test of equality of means with control group is in brackets; P-value on F-tests is in braces.
All data was provided by Northumbrian Water Limited. This balance table only includes customers for which we had usable water consump-
tion data, i.e. 11,970 customers (see Section 3.2 and Appendix F.1 for more details). Column (1) reports the number of customers assigned
to each treatment. Columns (2) to (5) report the mean value of each customer characteristic, derived from an OLS regression of the char-
acteristic of interest on a series of dummy variables for each treatment group. The excluded (comparison) group in these regressions is the
control group. Top 50% Consumers(column (5)) represents the number of households within each treatment group who are in the top 50 th

percentile of pre-treatment water consumption across the entire distribution of households. Robust standard errors are reported in paren-
thesis throughout. Column (6) reports the p-values from F-Tests of joint signi�cance of all the regressors from an OLS regression where the
dependent variable is a dummy variable taking value 0 if the customer is assigned to the control group, and taking a value of 1 for customers
assigned to treatment group j , and the independent variables are the variables in columns (2) to (5). The p-values reported in the last row
are from the F-test of joint signi�cance of the treatment dummies in each column regression.
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contact details for the entire population in the reminder experiment. We also check for balance

within the sub-sample of customers with meters. Note that water consumption data was only

available for metered customers and, therefore, columns (5) through (7) pertain to the sub sample

with meters. In this regard, columns (5) reports the number of metered households living in rural

areas. Finally, columns (6) and (7) provide balance on pre-treatment water consumption, and how

many consumers within each treatment group were in the top 50 th percentile of water consumption

distribution for the sample in the reminder experiment.

We calculated the p-value on t-test of equality of means with Vanilla group and the same is

reported in brackets.98 We �nd that almost all the covariates for the di�erent reminder treatment

arms are not signi�cantly di�erent from the covariates in the Vanilla reminder group. The only

signi�cant di�erence (at 5 percent) is metered Simpli�ed households have a higher probability (69

percent versus 65 percent in the Vanilla group) of living in rural areas. We, therefore, control for

this covariate in our regressions.

Column (8) reports the p-values from F-tests of joint signi�cance of all the regressors from

an OLS regression where the dependent variable is a dummy variable taking a value of 0 if the

customer is assigned to not receive the reminder within the initial treatment group (control), and

it takes a value of 1 for customers assigned to receive the reminder (treatment). 99 Note that the

assignment we refer to here is the allocation to treatment and control within each initial direct

mailer treatment. For e.g., 1,168 households within the Vanilla group were assigned to receive the

reminder treatment, while 1,111 households were assigned to not receive one (see Table A.6 for

details). A signi�cant F-test would represent that within each initial direct mailer treatment group,

covariates can predict whether or not households received or did not receive a reminder. We fail

to reject the null hypothesis that all coe�cients are 0. Finally, the p-values reported in the last row

are from the F-test of joint signi�cance of the treatment dummies from an OLS regression where

the dependent variable is the observable covariate and the independent variables are dummies for

di�erent treatment groups. A signi�cant F-test would indicate that in at least one treatment group

the mean of the covariate is di�erent than the others. Again, we fail to reject the null hypothesis of

all coe�cients not being signi�cantly di�erent from 0.

A.6 Statistics on Households in Reminder Treatment

Customers for which NWG had email contact details were randomly allocated to groups that either

received or did not receive an email reminder. The reminder emails followed the same themes as

the initial direct mailers that the customers received. These reminders were sent on 6 th February

2019, two months after the direct mailers were �rst sent out. Table A.6 provides details on the

sample chosen for the reminder treatment, the proportion of people who completed the audit prior

to and post the reminders, and how that di�ered by treatment.

98The control group in the initial direct mailer experiment was not a part of the subsequent reminder experiment.
99The regressors include rural/urban classi�cation, pre-treatment consumption, and dummy for whether the house-

hold had pre-treatment consumption greater than the median.
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Table A.5: Baseline Balance Across Treatment Groups: Reminder Treatment

Number of

Customers

Has a

Water Meter

Lives in

Rural Area

Water

Consumption

Data Available

Lives in

Rural Area

(Metered h/h)

Pre-Treatment

Consumption

(m 3/day)

Top 50%

Consumers

F-test of Joint

Signi�cance

(1) (2) (3) (4) (5) (6) (7) (8)

All Customers 11,661
.586

(.005)

.666

(.004)

.449

(.005)

0.657

(.006)

.269

(.006)

.499

(.007)

Vanilla 2,355
.586

(.010)

.658

(.009)

.448

(.010)

0.647

(0.013)

.283

(.013)

.487

(.015)
f .393g

Simpli�ed 2,334
.587

(.010)

[.898]

.676

(.009)

[.204]

.447

(.010)

[.916]

0.686

(0.013)

[.028]

.257

(.013)

[.175]

.493

(.015)

[.781]

f .111g

Altruism 2,342
.596

(.010)

[.446]

.669

(.009)

[.447]

.456

(.010)

[.580]

0.659

(0.013)

[.517]

.261

(.013)

[.250]

.518

(.015)

[.147]

f .315g

Incentives £10 1,214
.568

(.014)

[.325]

.671

(.014)

[.459]

.423

(.014)

[.155]

0.657

(0.018)

[.663]

.274

(.019)

[.712]

.516

(.022)

[.284]

f .608g

Incentives £15 1,111
.594

(.015)

[.635]

.670

(.014)

[.503]

.472

(.015)

[.199]

0.645

(0.018)

[.951]

.255

(.019)

[.219]

.460

(.022)

[.316]

f .507g

Moral Cost 2,305
.580

(.010)

[.703]

.658

(.009)

[.973]

.451

(.010)

[.872]

0.641

(0.013)

[.750]

.277

(.014)

[.759]

.510

(.016)

[.285]

f .705g

F-test of Joint

Signi�cance
f .658g f .762g f .298g f .168g f .667g f .248g

Notes: Robust standard errors from OLS regressions are in parenthesis.
P-value on t-test of equality of means with Vanilla group is in brackets; P-value on F-tests is in braces.
All data was provided by Northumbrian Water Limited. Column (1) reports the number of customers assigned to the reminder experiment (treatment + control) within each direct mailer group.
Note that the control group in the direct mailer experiment was not a part of the reminder experiment. Columns (2) to (4) report the mean value of each customer characteristic, derived from
an OLS regression of the characteristic of interest on a series of dummy variables for each treatment group. The excluded (comparison) group in these regressions is the Vanilla group. Robust
standard errors are reported in parenthesis throughout. Columns (5) reports balance on rural/urban location for a speci�c sub sample: meteredhouseholds (see Section 3.2 and Appendix F.1
for more details). Columns (6) and (7) provide the balance on pre-treatment water consumption and Top 50% Consumers. The latter represents the number of households within each treatment
group who are in the top 50 th percentile of pre-treatment water consumption across the entire distribution of households. Column (8) reports the p-values from F-Tests of joint signi�cance of all
the regressors from an OLS regression where the dependent variable is a dummy variable taking value 0 if the customer is assigned to the control group in the reminder experiment within direct
mailer group j , and taking a value of 1 for customers assigned to reminder treatment group within direct mailer group j . The independent variables are the variables in columns (5), (6) and (7).
The sample only includes observations for which we have consumption data available, and therefore Water Consumption Data Available(column (4)) is excluded as the same will always be 1 for
every observation. The p-values reported in the last row are from the F-test of joint signi�cance of the treatment dummies in each column regression where the sample includes all customers,
except for columns (5) to (7), in which case the sample only includes observations for which we have consumption data available.
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Column (1) provides details on the number of customers in the control and each of the six

di�erent treatment groups for the initial �eld experiment that involved sending direct mailers to

households. The percentages in each row denote the proportion of total NWG customers in the

respective group. Column (2) lists the total number of households who completed the diagnostic

in each group, either pre- or post-reminders. The percentages represent the proportion of people

in the group who completed the audit relative to the total number of completed audits across

all groups. Column (3) represents the number of households for which NWG had email contact

details. The percentages represent the proportion of people in that speci�c group for which NWG

had contact details. It ranged from 30.3 to 32.0 percent. Note that this is also the population of

households who could potentially be in the reminder treatment as reminders were sent via email,

entailing email contact details a pre-requisite.

Column (4) provides the number of households for which NWG did not have contact details

but who had completed the audit before 6 th February 2019. Column (5) lists the number of house-

holds for which NWG had contact details, but who had completed the audit before 6 th February

2019. Since this group had already completed the diagnostic before reminders were sent out, they

were not included in the subsequent randomization. The percentages in column (5) and (6) rep-

resent the proportion of completed audits relative to the total number of completed audits in that

group. Across all groups, approximately 80 to 95 percent of the audits had already been completed

before reminders were sent.

Columns (6) and (7) list the number of households in the reminder treatment and control

group by letter type. The percentages represent the proportion of households in the two groups

relative to the total number of households in the �rst phase of the randomization. The numbers

indicate that around 26 to 28 percent of each group was a part of the reminder experiment. Approx-

imately half of this number got the reminder, while the other half did not. Note that the number

of households who were a part of this experiment (11,031) would be the di�erence between the

total population for which NWG had email contact details and the population for which NWG

had contact details but who had completed the audit before 6 th February 2019 ( total of column

(5) subtracted from the total of column (3)). Also, the control group in the initial direct mailer

experiment was not a part of the reminder experiment and, therefore, we remove this sub-group

to arrive at the �nal sample.

Finally, column (8) represents the number of people who completed the audit after 6 th February

2019, but were not in the reminder treatment group. Column (9), on the other hand, represents the

number of consumers who were in the reminder treatment group and completed the audit post

6th February 2019. Comparing these two groups would indicate the e�ectiveness of the reminders,

an exercise which we conduct in Appendix D.2. The percentages in the last two columns represent

the proportion of audits relative to the total number of completed audits in each group.
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A.7 Comparison Between Compliers and Non-Compliers

Table A.7 provides summary statistics on observable characteristics for households that completed

the audit ( Compliers) and households that did not ( Non-Compliers). This information is provided

for the entire population and by treatment group. We expect compliers and non-compliers to be

di�erent from each other, and summary statistics re
ect this.

Columns (1) and (2) report the number of compliers and non-compliers, respectively. The

percentage of households within each treatment group that complied and did not not comply are

reported in brackets. The percentage of compliers ranged from 7.6 percent in the Incentives 15

group to almost 0 percent in the control group. Columns (3) to (12) report the mean value of each

customer characteristic, derived from OLS regressions of the characteristic of interest on a series of

dummy variables for each treatment group (except row 1 which reports the average for the entire

sample). The regressions were run separately for compliers and non-compliers.

The excluded (comparison) group in these regressions is the control group.

Columns (3) and (4) represent the proportion of compliers and non-compliers who had a water

meter. The percentage of complier households with a water meter is consistently higher than the

corresponding percentage for non-compliers across all treatment groups. Columns (5)-(12) report

similar percentages for compliers and non-compliers for other customer characteristics, including

whether they live in rural areas, whether they provided NWG with an email, their pre-treatment

water consumption, and whether they are in the top 50 th percentile of pre-treatment water usage

across the entire distribution of households. The results highlight the di�erences between house-

holds who completed the diagnostic and households that did not. Compliers are less likely to live

in rural areas, more likely to have provided an email to NWG, have slightly lower pre-treatment

water consumption, and are also less likely to be in the top 50 th percentile of consumers in terms

of pre-treatment usage.

In conclusion, these results indicate that compliers were very di�erent from non-compliers.

This is expected given the motivation to complete the audit varies. It is also the primary reason why

we use an IV strategy to estimate the impact of completing the diagnostic on water conservation.

Running a simple OLS would likely lead to biased estimates as households who completed the

diagnostic could be di�erent across both observables and unobservables. We, thus, use our LATE

analysis to obtain unbiased estimates.

B Heterogeneity Analysis

Targeting households based on some pre-treatment covariates may be a more cost-e�ective inter-

vention for utilities if there is heterogeneity in response to the letters. This would allow the utility

to only target the subgroup of households who are most likely to respond to the treatment. In

our �eld experiment, heterogeneity can manifest in two domains: (a) diagnostic completion, and;

(b) post-treatment water consumption. Analysis of heterogeneity in diagnostic completion is pre-
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sented in Appendix B.1, while heterogeneity in post-treatment water consumption is discussed in

Appendix B.2.

B.1 Heterogeneity in Diagnostic Completion

We test for heterogeneity in diagnostic completion based on three household characteristics: rural,

metered, and pre-treatment water consumption. Our regression framework is as follows:

yi = � +
X

j

� j Tij + � Z i +
X

j

� j Z i � Tij + 
 X i + � i (11)

where, yi is a dummy variable that equals 1 if household i completed the water audit, and 0 oth-

erwise. Tij is a dummy that equals 1 if household i received treatment j , where j refers to the

di�erent treatment groups. Depending on the regression, Z i refers to one of the three di�erent

pre-treatment covariates of interest: Meteri is a binary variable that equals 1 if household i has a

water meter; Rurali is a dummy that equals 1 if household i resided in a rural area, and; High-Usei

which is also a dummy and equals 1 if household i had a pre-treatment water consumption greater

than the median pre-treatment consumption in the sample. 
 is a vector of estimates for the di�er-

ent dummy controls, represented by X i , for household i . These controls will vary according to the

regression and include Meteri , Rurali and Pre-Treatment Water Consumptioni in liters per day. Finally,

� i is the error term. Results for heterogeneity in diagnostic completion based on status of metering

as well as place of residence (urban/rural) are presented in Table B.1.

We �nd that the metering status had an impact on diagnostic completion, but there was no

di�erential impact of whether the household was in a rural or urban area. The excluded group in

models (1) and (2) is the Vanilla letter, and the excluded group in models (3) and (4) is the Simpli-

�ed letter. Models (1) and (3) check for heterogeneity based on whether households had a meter

installed. Note that in order to compute the di�erential impact of a treatment ( Tij ) based on a co-

variate Z i , we need to sum up the coe�cients � and � j in Equation (11), and then check if they were

signi�cantly di�erent from 0. For example, if we wanted to check whether the £10 Incentivestreat-

ment had a di�erent impact for metered versus unmetered customers, we add up the coe�cient

on Z i (metering status of household i ), i.e. � , and the coe�cient on the interaction term between

£10 Incentivesand Z i , which is � j (where j refers to the £10 Incentivestreatment). We �nd that for

all treatment groups and notwithstanding the excluded group, metered customers were always

signi�cantly more likely to complete the diagnostic relative to unmetered customers. Speci�cally,

for customers treated with the Vanilla letters, the probability of completing the diagnostic was 2.3

percentage points (100 percent) higher if the household had a meter installed. The highest dif-

ference was for the Moral Cost letter, where metered customers were 5.2 percentage points (330

percent) more likely to complete the diagnostic (column 1). Models (2) and (4) show regression

results when we analyze whether the location of the household in an urban or rural area impacted

their interaction with the diagnostic. Our results indicate that there was no impact of household

location on the probability of take-up of the audit. This is true irrespective of whether the excluded

group is the Vanilla or the Simpli�ed letter.
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Table B.1: Heterogeneity in Diagnostic Completion Based on Household Characteristics

Completed Diagnostic

Vanilla Simpli�ed

(1) (2) (3) (4)

Rural � 0:005�� � 0:006 � 0:004� � 0:006

(0:002) (0:004) (0:002) (0:004)

Meter 0:023��� 0:033��� 0:028��� 0:036���

(0:003) (0:002) (0:004) (0:002)

Simpli�ed 0:004� 0:006

(0:002) (0:005)

Altruism 0:004�� 0:003 0:000 � 0:004

(0:002) (0:005) (0:002) (0:005)

Incentives £10 0:041��� 0:040��� 0:036��� 0:034���

(0:005) (0:008) (0:005) (0:008)

Incentives £15 0:046��� 0:057��� 0:042��� 0:050���

(0:005) (0:009) (0:005) (0:009)

Moral Cost 0:004 0:017��� � 0:001 0:011�

(0:002) (0:005) (0:002) (0:005)

Rural � Simpli�ed 0:000

(0:006)

Rural � Altruism 0:003 0:003

(0:005) (0:006)

Rural � Incentives £10 0:006 0:006

(0:009) (0:010)

Rural � Incentives £15 0:001 0:000

(0:010) (0:010)

Rural � Moral Cost � 0:002 � 0:002

(0:006) (0:006)

Meter � Simpli�ed 0:006

(0:005)

Meter � Altruism 0:001 � 0:005

(0:005) (0:005)

Meter � Incentives £10 0:010 0:004

(0:009) (0:009)

Meter � Incentives £15 0:026��� 0:020��

(0:010) (0:010)

Meter � Moral Cost 0:029��� 0:023���

(0:006) (0:006)

Intercept 0:012��� 0:008��� 0:016��� 0:014���

(0:002) (0:003) (0:002) (0:004)

Controls Rural Meter Rural Meter

Observations 37,298 37,298 29,838 29,838

Notes: Robust standard errors are in parenthesis. ��� p < 0:01; �� p < 0:05; � p < 0:1.
All regressions report the ATE estimates of di�erent behavioural interventions on the take-up of the online diagnostic
tool (Equation (11)). The dependent variable for all models is Completed Diagnostic, a dummy variable that equals 1 if
the household completed the water diagnostic, and 0 otherwise. The model names re
ect the reference group for each
regression. The regressors of interest areMeterand Rural. The former equals 1 if the household has a water meter attached
to it, while Rural is a dummy variable that equals 1 if the household is located in a rural area. Models (1) and (2) exclude
the observations in the control group, with the Vanilla letter comprising the reference treatment arm. Models (3) and (4)
exclude the observations in the control and Vanilla groups, with the Simpli�ed letter serving as the reference group.

69



Next, we analyze if pre-treatment water consumption interacted with the treatment letters to

a�ect the probability of completing the diagnostic. Our sample for this exercise is limited to me-

tered households as data on pre- and post-treatment water consumption was only available for

households that had a meter installed (see discussion in Section 3.2). Results are presented in Ta-

ble B.2. As before, the excluded group in models (1) and (2) is the Vanilla letter, while the excluded

group in models (3) and (4) is the Simpli�ed letter, with both control and Vanilla removed from the

sample.

We detect heterogeneous e�ects based on pre-treatment usage, but only for customers who

were sent the Vanilla and Simpli�ed letters. First, we use Equation (1) to study the e�ect of the

letters on diagnostic completion, but limiting the sample to only metered customers with water

consumption data both pre- and post-treatment. This is presented in models (1) and (3). We �nd

that relative to Vanilla, all letters except Altruism had a signi�cant impact on diagnostic completion.

The Simpli�ed and Moral Costletters increased the probability of completing the diagnostic by 1.7

and 3.8 percentage points, respectively, relative to the Vanilla group. Similar to the pooled regres-

sion with both metered and unmetered customers (Section 3.1), the largest e�ect was observed for

the Incentivestreatment, with the £10 and £15 treatment increasing take-up by 5.0 and 7.4 percent-

age points (110 percent and 164 percent greater than the impact of theVanilla letter), respectively.

In column 3, we �nd that the Incentivesand Moral Costtreatment had a signi�cantly higher impact

relative to the Simpli�ed treatment as well. £15 Incentivestreatment increased take-up by 5.7 percent-

age points more than Simpli�ed, while Incentives 10was slightly lower at 3.3 percentage points (89

and 51 percent higher). Models (2) and (4) use Equation (11) to understand whether, conditional

on having a meter, the response of high users to the treatment was di�erent from the response of

the low users. The intercept represents the impact of the reference group treatment on low users.

We �nd that high users who received the Vanilla treatment were 2.2 percentage points more likely

to complete the audit relative to low users in the Vanilla group. A similar result is seen for high

use households in the Simpli�ed treatment group, who were 2.2 percentage points more likely to

complete the audit as compared to low use households in the Simpli�ed group. However, there

was no such heterogeneity observed for the Incentives, Altruism and Moral Costtreatment group,

implying both high and low users in those groups were equally likely to complete the audit. When

we remove the Vanilla treatment group from our sample, we �nd similar results. The Simpli�ed

treatment had a larger impact on high users (2.2 percentage points higher), while the e�ects for

high users in other treatment arms was not signi�cantly di�erent from 0. The latter results have

interesting implications on how to incentivize water conservation among households. Both Vanilla

and Simpli�ed groups did not appeal to an environmental or an altruistic cause, and neither did

they o�er a �nancial incentive. In such cases, it may be di�cult to incentivize low users to take

action. Of course, whether low users should even be targeted is another policy question.
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Table B.2: Heterogeneity in Diagnostic Completion Based on Pre-Treatment Usage

Completed Diagnostic

Vanilla Simpli�ed

(1) (2) (3) (4)

High-Use 0:022�� 0:022�

(0:010) (0:012)

Simpli�ed 0:017��� 0:017�

(0:006) (0:009)

Altruism 0:008 0:015� � 0:010 � 0:002

(0:006) (0:008) (0:007) (0:009)

Incentives £10 0:050��� 0:059��� 0:033��� 0:042���

(0:010) (0:013) (0:010) (0:014)

Incentives £15 0:074��� 0:089��� 0:057��� 0:072���

(0:011) (0:015) (0:011) (0:016)

Moral Cost 0:038��� 0:040��� 0:021��� 0:022��

(0:007) (0:010) (0:008) (0:011)

High-Use � Simpli�ed 0:000

(0:013)

High-Use � Altruism � 0:014 � 0:014

(0:012) (0:013)

High-Use � Incentives £10 � 0:018 � 0:018

(0:019) (0:020)

High-Use � Incentives £15 � 0:030 � 0:030

(0:022) (0:022)

High-Use � Moral Cost � 0:002 � 0:003

(0:014) (0:015)

Intercept 0:045��� 0:043��� 0:064��� 0:061���

(0:006) (0:007) (0:008) (0:009)

Controls Yes Yes Yes Yes

Observations 9,778 9,778 7,802 7,802

Notes: Robust standard errors are in parenthesis. ��� p < 0:01; �� p < 0:05; � p < 0:1.
All regressions report the ATE estimates of di�erent behavioural interventions on the take-up of the online diagnostic tool
(Equation (1) or Equation (11)).The dependent variable for all models is Completed Diagnostic, a dummy variable that
equals 1 if the household completed the water diagnostic, and 0 otherwise. The sample for all the regressions presented
in this table include metered households for which both pre- and post-treatment water consumption was available (see
Section 3.2 and Appendix F.1 for details). The data was trimmed at 1 and 99 percentile of pre-treatment consumption.
The model names re
ect the reference group for each regression. The regressor of interest, High-Use, is a dummy that
equals 1 if the household had a pre-treatment water consumption greater than the median of the sample. Models (1)
and (2) exclude the observations in the control group, with the Vanilla letter comprising the reference treatment arm.
Models (3) and (4) exclude the observations in the control and Vanilla groups, with the Simpli�ed letter serving as the
reference group. All models include Rural and Pre-Treatment Consumptionas controls. Rural is a dummy variable that
equals 1 if the household is located in a rural area. Pre-Treatment Consumptionis a continuous variable that measures the
water consumption of a household, in litres/day, before the treatment date of 08-Dec-2018.
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B.2 Heterogeneity in Post-Treatment Water Consumption

In this section, we show that the average treatment e�ect of the letters on water consumption was

greater for high water users, and the result holds with the LATE estimate of the impact of the online

audit. The results lend credence to the theory that behavioral interventions can have heterogeneous

impacts on consumers depending on their pre-treatment usage. Therefore, utilities can target the

households with high consumption as they are more likely to be incentivized to conserve energy.

B.2.1 Average Treatment E�ect

To test whether high use households are more likely to be in
uenced by these interventions, we

run the following econometric model:

yi = � +
X

j

� j Tij + � High-Usei +
X

j

� j High-Usei � Tij + 
 X i + � i (12)

where, yi denotes post-treatment water consumption for household i , Tij is a dummy that equals

1 if household i received treatment j , where j refers to the di�erent treatment groups. High-Usei

is also a dummy and equals 1 if household i had a pre-treatment water consumption greater than

the median of the sample. 
 is a vector of estimates for the di�erent dummy controls, represented

by X i , for household i . These controls include Rural i and Pre-Treatment Water Consumptioni in

liters per day. Finally, � i is the error term. If the letters incentivized households with higher pre-

treatment usage to conserve more water, we would expect the sum of � j and � j to be negative and

signi�cant.

Table B.3 presents the results. The coe�cient on Treatedrepresents the average impact of a letter

on post-treatment water consumption for low users. The average impact for the high users is the

sum of Treatedand High-Use� Treated. With reference to the untreated high users in the control

group, the interventions reduced water consumption by 3.7 liters per day for treated consumers in

the high usage category (column (1)). When we include individual dummies for di�erent behav-

ioral communications (column (2)), our �ndings suggest that the none of the treatments had any

signi�cant impact on consumption for the low use households. However, for Simpli�ed, Altruism

and Incentiveletters, treated high use households reduced their consumption signi�cantly as com-

pared to untreated high use households in the control group. Consumption was lower by 4.4 liters

per day for Simpli�ed high users, 4.0 liters for Altruism high users, and 7.4 and 8.3 liters per day

for Incentive 10and Incentive 15high users, respectively. This heterogeneity persists even when we

change our reference group to Vanilla in column (3). Relative to treated high users in the Vanilla

group, treated high users across all other treatments reduce their consumption signi�cantly. E�ect

sizes vary from 3.9 liters per day with Moral Costhigh users to 9.0 liters per day with Incentives 15

high users. The heterogeneity, however, dissipates when our reference group changes to Simpli-

�ed in column (4), but the e�ect sizes are still negative and large for the Incentivesgroup. Thus,

we do �nd evidence of heterogeneous treatment e�ects based on water usage prior to treatment,

especially when we compare the interventions to the control or Vanilla group.
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Table B.3: Heterogeneous Treatment E�ects Based on Pre-Treatment Usage

Post-Treatment Water Consumption (liters/day)

Control Control Vanilla Simpli�ed

(1) (2) (3) (4)

High-Use 9:716��� 9:729��� 7:328��� 5:361�

(2:702) (2:701) (2:822) (2:918)

Treated 1:193

(0:933)

High-Use � Treated � 4:891�

(2:503)

Vanilla 2:896��

(1:203)

Simpli�ed 1:471 � 1:429

(1:230) (1:229)

Altruism 1:207 � 1:691 � 0:323

(1:181) (1:178) (1:209)

Incentives £10 0:430 � 2:471� � 1:036

(1:451) (1:450) (1:473)

Incentives £15 � 0:945 � 3:845��� � 2:441�

(1:450) (1:448) (1:472)

Moral Cost 0:727 � 2:170� � 0:790

(1:218) (1:216) (1:245)

High-Use � Vanilla � 2:199

(3:196)

High-Use � Simpli�ed � 5:821� � 3:614

(3:220) (3:171)

High-Use � Altruism � 5:223 � 3:025 0:679

(3:223) (3:170) (3:194)

High-Use � Incentives £10 � 7:863�� � 5:655 � 2:053

(3:920) (3:882) (3:899)

High-Use � Incentives £15 � 7:398� � 5:195 � 1:554

(3:977) (3:934) (3:958)

High-Use � Moral Cost � 3:960 � 1:760 1:913

(3:148) (3:092) (3:123)

Intercept 7:771��� 7:770��� 10:546��� 10:879���

(1:664) (1:663) (1:739) (1:995)

Controls Yes Yes Yes Yes

Observations 11,700 11,700 9,770 7,795

Notes: Robust standard errors are in parenthesis. ��� p < 0:01; �� p < 0:05; � p < 0:1.
All regressions report the average treatment e�ect estimates of di�erent behavioral interventions on post-treatment water
consumption (Equation (11)). The dependent variable for all models is Post-Treatment Water Consumption, a continuous
variable that measures the water consumption of a household, in liters per day, post the treatment date of 08-Dec-2018. Pre-
treatment consumption and post-treatment consumption were available for only a subset (30 per cent) of the households.
Households with unreasonably large di�erences between pre- and post-treatment consumption (absolute value greater than
50 per cent) were dropped from the sample. The data was trimmed at 1 and 99 percentile of pre-treatment consumption.
The model names re
ect the reference group for each regression. The regressor of interest,High-Use, is a dummy that equals
1 if the household had a pre-treatment water consumption greater than the median of the sample. Treatedis a dummy
variable that equals 1 for all households who received any letter. The estimates on Treatedand the various treatment arms
(Vanilla, Simpli�ed, Altruism, Incentives 10, Incentives 15, and Moral Cost) are omitted from the table in the interest of space.
Models (1) and (2) include all observations, with the control treatment arm constituting the reference group. Model (3)
excludes the observations in the control group, with the Vanilla letter comprising the reference group. Model (4) excludes
the observations in the control and Vanilla group, with the Simpli�ed letter acting as the reference group. All models include
Rural and Pre-Treatment Consumptionas controls. Rural is a dummy that equals 1 if the household is located in a rural area.
Pre-Treatment Consumptionis a continuous variable that measures the water consumption of a household, in liters per day,
before the treatment date of 08-Dec-2018. 73



B.2.2 Local Average Treatment E�ect

We test for heterogeneity in our LATE estimates by running the following regression:

yi = � + � Completed Diagnostici + � High-Usei +

� High-Usei � Completed Diagnostici + 
 X i + � i (13)

where Completed Diagnostici is an indicator for whether household i completed the audit or not.

� represents the daily average post-treatment consumption for low users who did not complete

the audit. The sum of � and � represents the daily consumption for low users who completed the

diagnostic. � can, thus, be interpreted as the impact of completing the audit on water consump-

tion for low users. The sum of � and � is the average post-treatment consumption for high use

households who did not complete the audit. The coe�cient of interest is � , which represents the

additional impact of completing the diagnostic for high users compared with low users. As dis-

cussed in Section 3.3, we need to use IV's forCompleted Diagnostic, with the IV for the interaction

term, High-Usei � Ti , just the IV for Completed Diagnosticinteracted with High-Usei . The results are

presented in Table B.4.

For all speci�cations, the coe�cient on Completed Diagnosticis negative but insigni�cant. This

implies that the e�ect of completing the diagnostic for low users, though negative, was not signif-

icantly di�erent from zero. Notably, the coe�cient on the interaction term is negative and signif-

icant for all speci�cations, and also much higher than the coe�cients in Table 3 where we do not

distinguish between high and low use households. Completing the audit had a signi�cant impact

on water conservation for high users, with average daily post-treatment consumption falling in the

range of 78 to 89 liters per day. This savings amounts to a 21 to 25 percent reduction compared to

average daily pre-treatment consumption for the high users. These results imply that audits had a

far greater impact on high use households than low use households. Thus, the online audit incen-

tivized high use households to conserve more water, while the e�ect on low use households was

negligible.

C Robustness Checks

The lack of clear pre-post delineation in meter readings and measurement error in post-treatment

consumption estimates could bias our results. We perform a series of robustness checks to alleviate

these concerns. First, we present weighted ATE estimates of the impact of letters on post-treatment

consumption in Appendix C.1, followed by weighted LATE estimates of the e�ect of diagnostic

completion on water conservation in Appendix C.2. The weights are equivalent to the fraction of

days post-treatment included in the meter readings used to calculate post-treatment consumption,

divided by total number of days between the two readings. This is followed by ATE estimates of

the impact of treatment on consumption but for a restricted sample. We restrict the observations to

the subset of houses that had a meter reading just before the letters went out (so those in November
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Table B.4: LATE Estimates of Heterogeneous Treatment E�ects

Post-Treatment Water Consumption (liters/day)

(1) (2) (3)

Complete Diagnostic � 12:637 � 5:097 � 3:622

(10:745) (11:459) (11:486)

High-Use 9:851��� 13:475��� 14:419���

(2:651) (3:420) (3:781)

High-Use � Complete Diagnostic � 65:567�� � 82:943�� � 85:422��

(32:642) (36:576) (36:987)

Intercept 10:292��� 10:460��� 10:324���

(1:603) (2:311) (2:759)

Instruments All Treatment Incentives+Simpli�ed Incentives

F-stat in First Stage 20, 17 34, 30 52, 49

Controls Yes Yes Yes

Observations 11,700 5,830 3,904

Notes: Robust standard errors are in parenthesis. ��� p < 0:01; �� p < 0:05; � p < 0:1.
All regressions report the local average treatment e�ect estimates of diagnostic completion on post-treatment water consumption.
The dependent variable for all models is Post-Treatment Water Consumption, a continuous variable that measures the average
daily water consumption of a household, in liters per day, post the treatment date of December 08-Dec-2018. The data has
been trimmed at 1 and 99 percentile of pre-treatment consumption. The regressor of interest is High-Use� Complete Diagnostic.
Complete Diagnosticis a dummy variable that equals 1 for all households who completed the water diagnostic. High-Use is a
dummy that equals 1 if the household had a pre-treatment water consumption greater than the median of the sample. For all
the models, the instrument for the interaction term is the IV for the endogenous variable, Complete Diagnostic, interacted with
High-Use. The IV in Model (1) is a vector of dummies for all the six di�erent treatment arms. The IV in Model (2) is a vector
that includes dummies for Incentives 10, Incentives 15, and Simpli�ed treatment arms. The IV in Model (3) is a vector of dummies
for Incentives 10and Incentives 15groups. The sample in model (1) includes all metered households for which we had both pre-
and post-consumption data. The sample in model (2) consists of the Incentives, Simpli�ed and control group, while the sample in
model (3) includes only Incentivesand the control group. All models include Rural and Pre-Treatment Consumptionas controls.
Rural is a dummy variable that equals 1 if the household is located in a rural area. Pre-Treatment Consumptionis a continuous
variable that measures the average daily water consumption of a household, in liters per day, before the treatment date of 08-
Dec-2018.

and early December). This o�ers us the cleanest sample with a clear pre- and post-period. Results

from this exercise are presented in Appendix C.3.

C.1 Weighted ATE Estimates of Letters on Post-Treatment Consumption

We augment the analysis relating to the ATE estimates of the impact of the treatment on water con-

sumption, presented in Section 3.2, by using a weighted sample. Each observation is weighted by

the fraction of number of days post-treatment included in the two meter readings used to calculate

the post-treatment consumption estimates divided by the number of days between the two read-

ings. A larger weight implies that a sizeable proportion of the days between the meter readings

used to compute post-treatment consumption fell in the time period beyond 8 th December 2018,
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the treatment date. We follow the same empirical speci�cation as in Equation (2) and supplement

it by adding weights to each observation.

Results, presented in Table C.1, are very similar to the unweighted ATE estimates. The e�ect

of receiving any letter on consumption is presented in column (1), while the heterogeneity results

are reported in columns (2)-(4). We �nd evidence that all behavioral interventions, except Vanilla,

reduced water consumption, though results are statistically signi�cant at the p < 0:01 level only

for the Incentives 15group. Column (1) provides the average treatment e�ect of receiving any

letter on post-treatment consumption. Though the estimate is negative (-1.1 liters per day), it is

not signi�cantly di�erent from 0. Columns (2) through (4) estimate the e�ect for each behavioral

intervention, with the reference group as the control, Vanilla, and Simpli�ed letter, respectively.

With reference to the control group, all treatment arms except Vanilla experienced a fall in average

daily consumption after letters were sent out; however, only the £15 monetary incentives led to

a statistically signi�cant decrease. This is in contrast to the unweighted regressions where even

the £10 monetary treatment led to a statistically signi�cant fall. Also, the magnitude of fall in

consumption is higher, with consumption in the Incentives 15group falling by 5.8 liters per day as

opposed to 4.7 liters per day earlier.

When we exclude the control group, and the Vanilla letter becomes the omitted category (col-

umn (3)), the drop in consumption is signi�cant across all remaining categories, with the decrease

in consumption ranging from 4.1 liters per day under Moral Costto 8.5 liters per day under Incen-

tives 15. In percentage terms, this decrease amounts to between 1.6 percent and 3.3 percent of the

average pre-treatment water consumption across all households. As with the previous speci�ca-

tion, the magnitude of fall is greater for every treatment arm (except Incentive 10) when compared

to the unweighted regressions in Section 3.2. The e�ect of the Incentives 15treatment is more than

twice the e�ect of the Moral Costone, and the e�ect sizes are statistically di�erent from each other.

Therefore, similar to the unweighted regressions, pecuniary incentives lead to a signi�cantly larger

decrease in consumption when compared with other behavioral interventions.

Finally, dropping both the control group and the Vanilla group with the Simpli�ed letter as

the reference category (column 4) leads to only the £15 �nancial incentive remaining signi�cant.

Speci�cally, customers in the £15 Incentivesgroup reduced their consumption by a signi�cant 4.5

liters per day (1.8 percent of the average pre-treatment water consumption, as against 1.3 percent

with the unweighted speci�cation) relative to households in the Simpli�ed group. In summary, the

Incentives 15group experienced a signi�cant reduction in their consumption relative to all compar-

ison groups, while the other treatments had a signi�cant negative impact only relative to the Vanilla

arm. Reassuringly, all the weighted ATE estimates are similar in direction but larger in magnitude

compared to the unweighted estimates indicating that the measurement error was downward bi-

asing our e�ect sizes.
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Table C.1: Weighted ATE Estimates of Letters on Post-Treatment Consumption

Post-Treatment Water Consumption (liters/day)

Control Control Vanilla Simpli�ed

(1) (2) (3) (4)

Treated � 1:114

(1:446)

Vanilla 2:728

(1:811)

Simpli�ed � 1:416 � 4:147��

(1:825) (1:739)

Altruism � 1:608 � 4:337�� � 0:215

(1:828) (1:742) (1:755)

Incentives £10 � 2:277 � 5:007�� � 0:899

(2:201) (2:132) (2:146)

Incentives £15 � 5:778��� � 8:507��� � 4:458��

(2:155) (2:085) (2:094)

Moral Cost � 1:359 � 4:087�� 0:036

(1:784) (1:695) (1:709)

Intercept 7:935��� 7:955��� 10:650��� 9:030���

(1:788) (1:784) (1:828) (1:997)

Controls ! ! ! !

Observations 11,700 11,700 9,770 7,795

Notes: Robust standard errors are in parenthesis. ��� p < 0:01; �� p < 0:05; � p < 0:1.
All regressions report the ATE estimates of di�erent behavioural interventions on post-treatment water
consumption (Equation (2)). The dependent variable for all models is Post-Treatment Water Consumption, a
continuous variable that measures the water consumption of a household, in litres/day, post the treatment
date of 08-Dec-2018. Pre-treatment consumption and post-treatment consumption were available for only
a subset (30 per cent) of the households. Households with unreasonably large di�erences between pre-
and post-treatment consumption (absolute value greater than 50 per cent) were dropped from the sample.
The data was trimmed at 1 and 99 percentile of pre-treatment consumption. The model names re
ect the
reference group for each regression. The regressor of interest in Model (1), Treated, is a dummy variable that
equals 1 for all households who received any letter. Models (1) and (2) include all observations, with the
Control treatment arm constituting the reference group. Model (3) excludes the observations in the Control
group, with the Vanilla letter comprising the reference group. Model (4) excludes the observations in the
Control and Vanilla group, with the Simpli�ed letter acting as the reference group. All models include
Meter, Rural, and Pre-Treatment Consumptionas controls. Both Rural and Meter are dummies that equal 1 if
the household is located in a rural area, or if it has a water meter attached to it, respectively. Pre-Treatment
Consumptionis a continuous variable that measures the water consumption of a household, in litres/day,
before the treatment date of 08-Dec-2018. Each observation was weighted by the fraction of days post-
treatment included in the meter readings used to calculate post-treatment consumption, divided by total
number of days between the two readings.
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C.2 Weighted LATE Estimates of Diagnostic Completion on Post-Treatment Consump-
tion

We re-run the LATE analysis in Section 3.3 using a weighted sample. As in Appendix C.1, each

observation is weighted by the fraction of number of days post-treatment included in the two me-

ter readings used to calculate the post-treatment consumption estimates divided by the number

of days between the two readings. We use di�erent combinations of instruments for our LATE

estimates, all of which give similar results. The results are presented in Table C.2 below.

Table C.2: Weighted LATE Estimates of Diagnostic Completion on Post-Treatment

Consumption

Post-Treatment Water Consumption (liters/day)

(1) (2) (3)

Complete Diagnostic � 49:801��� � 45:250�� � 45:397��

(17:753) (19:050) (19:036)

Intercept 9:880��� 10:191��� 10:639���

(1:714) (2:453) (2:924)

Instruments All Treatment Incentives+Simpli�ed Incentives

F-stat in First Stage 38 67 102

Controls ! ! !

Observations 11,700 5,830 3,904

Notes: Robust standard errors are in parenthesis. ��� p < 0:01; �� p < 0:05; � p < 0:1.
All regressions report the LATE estimates of diagnostic completion on post-treatment water consumption. The
dependent variable for all models is Post-Treatment Water Consumption, a continuous variable that measures the
water consumption of a household, in liters per day, post the treatment date of 08-Dec-2018. Pre-treatment
consumption and post-treatment consumption were available for only a subset (30 per cent) of the households.
Households with unreasonably large di�erences between pre and post-treatment consumption (absolute value
greater than 50 per cent) were dropped from the sample. The data was then trimmed at 1 and 99 percentile of
pre-treatment consumption. The regressor of interest is Complete Diagnostic, which is a dummy variable that
equals 1 for all households who completed the water diagnostic. The IV in Model (1) includes dummies for
all the di�erent treatment arms. The IV in Model (2) includes dummies for Incentives 10, Incentives 15, and
Simpli�ed treatment arms. The IV in Model (3) is Incentives 10and Incentives 15, while the IV in Model (4) is
only Incentives 15. The sample in model (2) consists of the Incentives, Simpli�ed and control group, while the
sample in model (3) includes only Incentivesand the Simpli�ed group. Model (4) only includes the Incentives
group. All models include Rural and Pre-Treatment Consumptionas controls. Rural is a dummy variable that
equals 1 if the household is located in a rural area. Pre-Treatment Consumptionis a continuous variable that
measures the water consumption of a household, in liters per day, before the treatment date of 08-Dec-2018.
Each observation was weighted by the fraction of days post-treatment included in the meter readings used to
calculate post-treatment consumption, divided by total number of days between the two readings.

The model in column (1) uses all the letters as instruments. The estimates suggest that com-

pleting the diagnostic led to a signi�cant fall in consumption of 50 liters per day ( p < 0:01; as

opposed to the unweighted LATE estimate of 45 liters per day) or 20 percent of average daily pre-

treatment water consumption. In column (2), we restrict the sample to the following four groups:

78



Incentive£10, Incentive£15, Simpli�ed and the control group. The instrument set is now a vector of

3 instruments, namely Incentives£10, Incentives£15, and Simpli�ed groups. Our results under this

speci�cation indicate that completing the diagnostic reduces daily water consumption on average

by 45 liters per day (18 percent; p < 0:05), or 2 liters per day higher than the LATE estimate with

the unweighted sample. Finally, in column (3) we restrict our sample to Incentives£10, Incentives

£15, and control groups, with the set of instruments now limited to the two Incentivetreatments.

This is our preferred speci�cation as it is most likely to satisfy the exclusion restriction as none of

the treatments contained any inducement to an environmental or altruistic cause and, therefore,

should not a�ect water consumption directly. The e�ect size is similar, and still signi�cant despite

the fall in sample size. Completing the diagnostic led to a average fall in post-treatment consump-

tion by 45 liters per day (17 percent, p < 0:01), which is slightly higher than the unweighted LATE

estimate of 44 liters per day.

In conclusion, our weighted LATE estimates suggest that the measurement error arising from

lack of clear delineation between pre- and post-treatment consumption downward biases our es-

timates, and correcting for the same through weighting each observation increases the magnitude

of the impact, both for the treatment as well as diagnostic completion.

C.3 ATE Estimates of Letters on Post-Treatment Consumption for Restricted Sample

In our �nal robustness check, we estimate the ATE of the letters on the sample of households that

had a meter reading very close to the treatment date, i.e. November and early December, 2018.

This o�ers us the cleanest sample with a clear pre- and post-treatment delineation. However, this

inclusion criteria leads to a drastic drop in the number of observations from 11,700 to 128 (1.1

percent), which a�ects statistical power. Results are presented in Table C.3.

The direction of the estimates does not change but, importantly, the size of the e�ects increases

by an order of magnitude. Column (1) provides the average treatment e�ect of receiving any

letter on post-treatment consumption. Though the estimate is negative (-16 liters per day), it is not

signi�cantly di�erent from 0. With reference to the control group, all treatment arms except Vanilla

experienced a fall in average daily consumption after letters were sent out (column (2)); however,

only the £15 monetary incentives led to a statistically signi�cant decrease. Also, the magnitude of

fall in consumption is remarkably higher, with consumption in the Incentives 15group falling by

51 liters per day as opposed to 4.7 liters per day with the unweighted and unrestricted sample.

When we exclude the control group, and the Vanilla letter becomes the omitted category (col-

umn (3)), the drop in consumption is signi�cant across all categories except Simpli�ed, with the

decrease in consumption ranging from 42 liters per day under Incentives 10to 74 liters per day un-

der Incentives 15. In percentage terms, this decrease amounts to between 16 percent and 29 percent

of the average pre-treatment water consumption across all households. As with the previous speci-

�cation, the magnitude of fall is greater for every treatment arm when compared to the unweighted

regressions in Section 3.2.
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Finally, dropping both the control group and the Vanilla group with the Simpli�ed letter as the

reference category (column (4)) preserves the direction of the e�ects but the statistical signi�-

cance is lost, most likely due to noisy estimates arising from a very low observation count (95

observations). In summary, the Incentives 15group experienced a signi�cant reduction in their

consumption relative to control and Vanilla comparison groups, while the other treatments (ex-

cept Simpli�ed) had a signi�cant negative impact only relative to the Vanilla arm. Reassuringly, all

the ATE estimates with even the smaller, restricted sample are similar in direction, and much larger

in magnitude compared to the unweighted and unrestricted estimates. Though we lose statistical

power due to sample restriction, the results indicate that the measurement error has muted the

true e�ect size and our results should be considered a lower bound.

D Additional Results

Continuing with our theme of targeting, this section presents three additional results. First, in

Appendix D.1, we use the data submitted by households during diagnostic completion to study

the characteristics (number of appliances, water use, frequency of usage, etc.) of homes that com-

pleted the audit, and how that di�ers across di�erent treatment arms. Second, in Appendix D.2,

we estimate the impact of the reminders on diagnostic completion, and the e�ectiveness of re-

minders in di�erent treatment arms in incentivizing households to complete the audit. Finally, in

Appendix D.3, we analyze how di�erent treatment arms interacted with the reminders. Using data

on who opened the reminder, who clicked on the link to complete the diagnostic, and who unsub-

scribed from any future emails, we can identify which behavioral interventions were successful in

promoting user engagement.

D.1 Characteristics of Households that Complete the Diagnostic

We �nd that di�erent behavioral interventions in
uenced di�erent sets of households to take up

the water audit tool. This is relevant because if the di�erent letters di�er in terms of which house-

holds they in
uence, it may be easier to target the right behavioral intervention based on the cus-

tomer attributes.

Table D.1 provides the average value of the household characteristics across di�erent treatment

arms for the subset of households who completed the diagnostic. The columns represent di�erent

interventions and each row represents a household characteristic, ranging from the type of resi-

dence and the number of di�erent water-consumption devices installed, to its water and energy

usage. The last column reports the p-value from a joint F-test of whether the household character-

istic varies across the di�erent groups. The results indicate that the �nancial incentives treatment

in
uenced a relatively larger number of unmetered households to commit to the audit. Therefore,

households who were unable to monitor their daily consumption were more likely to complete the

diagnostic if o�ered monetary rewards. Furthermore, the average number of basins and toilets
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Table C.3: ATE Estimates of Letters on Post-Treatment Consumption:

Restricted Sample

Post-Treatment Water Consumption (liters/day)

Control Control Vanilla Simpli�ed

(1) (2) (3) (4)

Treated � 16:019

(23:718)

Vanilla 23:889

(30:115)

Simpli�ed � 13:816 � 37:088

(25:901) (22:374)

Altruism � 18:171 � 42:579� � 2:911

(28:637) (24:458) (19:361)

Incentives £10 � 18:641 � 41:884� � 4:797

(25:921) (22:332) (18:082)

Incentives £15 � 50:790� � 73:797��� � 37:424

(30:026) (27:469) (23:266)

Moral Cost � 24:729 � 48:692�� � 10:246

(26:093) (21:578) (16:870)

Intercept 38:650� 38:726� 56:596��� 33:441�

(21:528) (21:224) (19:460) (17:487)

Controls ! ! ! !

Observations 128 128 110 95

Notes: Robust standard errors are in parenthesis. ��� p < 0:01; �� p < 0:05; � p < 0:1.
All regressions report the ATE estimates of di�erent behavioural interventions on post-treatment water
consumption (Equation (2)). The dependent variable for all models is Post-Treatment Water Consumption, a
continuous variable that measures the water consumption of a household, in litres/day, post the treatment
date of 08-Dec-2018. Pre-treatment consumption and post-treatment consumption were available for only
a subset (30 per cent) of the households. Households with unreasonably large di�erences between pre-
and post-treatment consumption (absolute value greater than 50 per cent) were dropped from the sample.
The data was trimmed at 1 and 99 percentile of pre-treatment consumption. The sample only includes the
subset of houses that had a meter reading just before the letters went out, speci�cally post 01-Nov-2018. The
model names re
ect the reference group for each regression. The regressor of interest in Model (1), Treated,
is a dummy variable that equals 1 for all households who received any letter. Models (1) and (2) include
all observations, with the Control treatment arm constituting the reference group. Model (3) excludes
the observations in the Control group, with the Vanilla letter comprising the reference group. Model (4)
excludes the observations in the Control and Vanilla group, with the Simpli�ed letter acting as the reference
group. All models include Meter, Rural, and Pre-Treatment Consumptionas controls. Both Rural and Meter
are dummies that equal 1 if the household is located in a rural area, or if it has a water meter attached to it,
respectively. Pre-Treatment Consumptionis a continuous variable that measures the water consumption of a
household, in litres/day, before the treatment date of 08-Dec-2018.
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Table D.1: Characteristics of Households which Complete the Diagnostic

Vanilla Altruism Simpli�ed Incentives £10 Incentives £15 Moral Cost F-Test

(1) (2) (3) (4) (5) (6) (7)

Rural 0:61 0:66 0:65 0:70 0:68 0:65 0:71

Metered 0:73 0:68 0:70 0:56 0:58 0:80 9:18���

Number of:

Showers 1:29 1:31 1:31 1:19 1:21 1:27 1:76

Toilets 1:99 1:97 1:93 1:73 1:73 1:97 4:29���

Basins 1:95 1:81 1:83 1:64 1:63 1:81 4:05���

Bathtubs 0:90 0:92 0:93 0:88 0:89 0:90 0:37

Kitchen Utility Taps 1:33 1:25 1:44 1:26 1:37 1:28 3:03���

People at Home 2:25 2:11 2:10 2:22 2:23 2:17 0:69

Cost of Water ( £/year) 386:72 365:96 402:65 387:85 353:27 383:91 0:70

Frequency (per week):

Showers 10:36 10:22 9:71 9:95 10:83 10:34 0:81

Baths 2:85 2:97 2:89 3:19 2:86 2:81 0:29

Boiling Water 27:39 24:51 25:16 23:79 24:10 26:12 1:78

Wash Up by Hand 12:96 13:26 15:41 14:16 12:87 13:13 1:73

Dishwasher 2:22 2:28 2:15 1:62 1:73 2:17 2:08�

Washing Machine 5:22 4:85 4:51 4:98 4:51 4:36 1:16

Watering Garden 2:11 2:26 1:89 1:97 1:80 1:92 0:77

Shower Duration ( mins) 6:49 6:83 7:05 7:68 7:04 6:73 2:10�

Water Use ('000 litres/yr):

Bathroom 85:11 81:47 83:52 90:22 90:76 86:68 0:87

Kitchen 32:56 30:15 30:72 31:66 30:53 30:46 0:49

Outdoor 1:08 1:49 1:40 1:03 1:03 1:09 1:53

Household 118:74 113:11 115:65 122:92 122:32 118:22 0:63

Per Person 54:12 55:52 55:58 56:22 56:19 55:02 0:27

Energy Use ('000 kWh/yr):

Bathroom 1:22 1:21 1:23 1:34 1:34 1:27 0:65

Kitchen 0:67 0:63 0:64 0:65 0:63 0:64 0:35

Household 1:90 1:85 1:87 1:99 1:97 1:91 0:39

Type of Residence:

Cottage/Bungalow 0:09 0:06 0:10 0:07 0:08 0:12 1:25

Detached 0:31 0:35 0:28 0:21 0:23 0:34 3:83���

Flat 0:04 0:03 0:07 0:02 0:04 0:06 1:33

Semi-Detached 0:41 0:38 0:41 0:48 0:44 0:33 2:65��

Terrace 0:15 0:18 0:15 0:21 0:21 0:15 1:44

Observations 140 176 189 242 278 259

Notes: ��� p < 0:01; �� p < 0:05; � p < 0:1.
All data are from the water diagnostic survey, and the number of observations, therefore, include only the homes which completed the diagnostic. Columns 1 to 6 report the mean value
of each household characteristic for the respective treatment groups. Rural, Metered, and all �ve variables related to Type of Residenceare binary. Cost of Water (£/year) is self-reported and
only includes homes which pay for their own water. The variables related to Water Use (litres/year)and Energy Use (kWh/year)are calculated by NWL based on the answers provided by the
households in the diagnostic. Energy Use (kWh/year)is the total amount of energy used by a household in a year to heat water. The �nal column, F-Test, reports the test statistic and signi�cance
stars from a joint orthogonality test of equality of means between the six treatment groups.
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were lower in households that completed the diagnostic owing to the Incentivestreatment, sug-

gesting that �nancial inducement is a strong motivator for smaller or poorer households. In other

words, �nancial incentives also in
uenced households that would not reasonably be expected to

use the water audit tool. Finally, there were also di�erences in the type of residences that completed

the di�erent audits. Households that completed the audit in
uenced by the Incentivestreatment

were less likely to reside in detached residences, and more likely to reside in semi-detached resi-

dences.

D.2 E�ect of Reminders on Diagnostic Completion

Customers that provided NWG with email contact details (31 percent of total sample or 13,989

households; see Table A.1) were also randomly allocated to groups that either received or did not

receive an email reminder. The randomization was limited to households who had not completed

the water audit by 6 th February 2019. Details on the sample, baseline balance and diagnostic com-

pletion rates for the reminder experiment are provided in Appendix A.5 and Appendix A.6. The

reminder emails followed the same themes as the initial direct mailers that the customers received.

For example, a household in the Simpli�ed treatment arm in the initial experiment, if selected to re-

ceive a reminder, would receive one with the same Simpli�ed theme. This allows us to estimate

the impact of receiving a reminder on completing the audit. We run the following regression to

estimate the e�ect of reminders:

yi = � + �R i +
X

j

� j Tij +
X

j

� j Ri � Tij + 
 X i + � i (14)

where, yi is a dummy for diagnostic completion, Ri is a dummy that equals 1 if the household i

received a reminder email, and Tij is a dummy that equals 1 if household i initially received treat-

ment j . X i is a vector of household covariates, speci�cally dummies for whether the household

was located in a rural area, and whether it had a water meter attached to it. The constant � rep-

resents the average diagnostic completion rate for households that were not sent a reminder and

belonged to the excluded group in the regression analysis, � is the estimate for the average e�ect

of any reminder on diagnostic completion, and � j represents the e�ect of the initial treatment al-

location on diagnostic completion, conditional on households not completing the audit before 6 th

February 2019. Our main coe�cient of interest is � j which is the estimate on the interaction term.

It represents the additional e�ect of reminders belonging to the j th treatment group on diagnos-

tic completion. The sum of � and � j represents the di�erence in diagnostic completion rates for

people who did or did not receive the reminder, conditional on being in the j th treatment group.

� i signi�es the error term. Note that the control group in the initial direct mailer experiment was

excluded from this exercise. Table D.2 presents the results.

In column (1) of Table D.2, we estimate the direct impact of any reminder on the likelihood of

completing the diagnostic. 100 To do so, we modify Equation (14) and run the model without the
100See Appendix D.3 for an analysis of how households interacted with the reminders, i.e., how the content of the
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Table D.2: ATE Estimates of Reminders on Diagnostic Completion

Completed Diagnostic

Vanilla Simpli�ed

(1) (2) (3)

Reminder 0:026��� 0:015��� 0:026���

(0:002) (0:004) (0:005)

Simpli�ed � 0:000

(0:000)

Altruism 0:002 0:002

(0:001) (0:001)

Incentives £10 0:000 0:000

(0:000) (0:000)

Incentives £15 � 0:000 0:000

(0:000) (0:000)

Moral Cost 0:000 0:001��

(0:000) (0:000)

Reminder � Simpli�ed 0:011�

(0:006)

Reminder � Altruism 0:003 � 0:007

(0:006) (0:006)

Reminder � Incentives £10 0:015� 0:004

(0:008) (0:009)

Reminder � Incentives £15 0:011 0:001

(0:008) (0:009)

Reminder � Moral Cost 0:030��� 0:019��

(0:007) (0:008)

Intercept � 0:007��� � 0:008��� � 0:009���

(0:002) (0:002) (0:002)

Controls Yes Yes Yes

Observations 11,031 11,031 8,752

Note: Robust standard errors are in parenthesis. ��� p < 0:01; �� p < 0:05; � p < 0:1.
All regressions report the average treatment e�ect estimates of reminders on diagnostic completion
(Equation (14)). The dependent variable for all models is Completed Diagnostic, a dummy variable that
equals 1 if the household completed the water diagnostic, and 0 otherwise. Models (1) and (2) exclude
the observations in the control group, with the Vanilla letter comprising the reference treatment arm in
model (2). Model (3) excludes the observations in both the control and Vanilla group, with the Simpli�ed
letter constituting the reference group. The estimates on the various treatment arms ( Simpli�ed, Altruism,
Incentives£10, Incentives£15, and Moral Cost) are omitted from the table in the interest of space, but are
all statistically insigni�cant. Observations only include households for whom NWL had email contact
details, provided they did not complete the diagnostic before the reminder emails were sent. Therefore,
631 households for whom NWL had email details, but who had completed the water diagnostic before
the reminders were sent, were excluded from the analysis. All regressions include Meter and Rural as
controls. The former equals 1 if the household has a water meter attached to it, and the latter equals 1 if
the household is located in a rural area.
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e�ect of initial treatment groups ( Tij ) and the interaction terms between the treatment groups and

reminders ( Ri � Tij ). Our �ndings suggest that, on average across all treatment groups, reminders

increased the likelihood of completing the diagnostic by 2.6 percentage points as compared to the

population that did not receive the reminders. Next, in columns (2) and (3), we estimate the impact

of each speci�c reminder. The omitted category in column (2) is the Vanilla letter. Within the Vanilla

group, the population which received the reminders had a 1.5 percentage points higher probability

of completing the audit. With reference to the e�ect of the reminders on the Vanilla group ( � ),

reminders to the Moral Costgroup have the highest additional impact ( � j ) of 3.0 percentage points,

while the magnitude of impact for Incentives£10 and Simpli�ed groups is also signi�cant (1.5 and

1.1 percentage points, respectively). Notably, the impact of the Moral Costreminder is signi�cantly

di�erent from the impact of these other two treatments at the 10 percent signi�cance level. In

the �nal speci�cation in column (3), the omitted group is Simpli�ed, with both control and Vanilla

groups excluded from the sample. We �nd that a reminder to the Simpli�ed group increases the

likelihood of completing the audit by 2.6 percentage points relative to Simpli�ed households who

did not receive the reminder. Again, Moral Cost reminders tend to do signi�cantly better, with

reminders in this category having an additional signi�cant impact of 1.9 percentage points, but

the other reminders had no additional impact. In summary, we �nd that reminders were e�ective

in increasing take-up of the audit across all treatment groups, with the impact on Moral Costgroup

signi�cantly higher than the others.

D.3 Interaction of Households with Reminders

Sending reminders to consumers may be an important method to reinforce the impact of behavioral

interventions. Therefore, it is important to know how customers interact with reminders and their

impact on take-up of the audit. Here we analyze the interaction of households with reminders,

and refer the reader to Appendix D.2 for an analysis of the impact of reminders on take-up. We

�nd that customers interaction with the reminder email depends on the content of the reminder,

with Moral Costreminder doing well in terms of positive engagement.

Email reminders were randomly sent to the subset of customers that had not completed the

diagnostic by February 2019 (see Appendix A.6 for details). Using CRM data, we can count the

number of people who opened the reminder emails, or opened the reminder email and clicked

on the link to the audit tool, or simply unsubscribed. Results from this analysis are presented in

Table D.3. Vanilla treatment arm forms the excluded category in all the columns. The intercept,

therefore, refers to the percentage of people in the Vanilla reminder treatment group who opened

or clicked on the reminder (columns (1) and (2), respectively) or who unsubscribed from any

future emails (column (3)).

As compared to the Vanilla reminder, all reminders, except Altruism, had a positive and sig-

reminder a�ected the probability of opening the reminder emails, clicking on the link to the audit tool, or simply un-

subscribing from future emails.
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Table D.3: ATE Estimates of Letters on Interaction with Reminders

Opened Reminder Clicked Reminder Email Unsubscribed

(1) (2) (3)

Simpli�ed 0:060��� 0:009 � 0:001

(0:021) (0:009) (0:004)

Altruism � 0:059��� � 0:039��� � 0:002

(0:021) (0:006) (0:004)

Incentives £10 0:056�� 0:017 � 0:008��

(0:026) (0:011) (0:003)

Incentives £15 0:072��� 0:011 � 0:002

(0:027) (0:011) (0:005)

Moral Cost 0:068��� 0:028��� � 0:000

(0:021) (0:010) (0:004)

Intercept 0:432��� 0:028��� 0:017���

(0:019) (0:008) (0:004)

Controls Yes Yes Yes

Observations 5,563 5,563 5,563

Notes: Robust standard errors are in parenthesis. ��� p < 0:01; �� p < 0:05; � p < 0:1.
All regressions report the average treatment e�ect estimates of di�erent behavioral interventions on how customers
interacted with the reminders. Dependent variables, all dummy variables, are presented as column names. Opened
Reminderrefers to if the household clicked the email and were shown its content. Clicked Remindermeans that the
household clicked the link to the audit tool within the reminder. Email Unsubscribedrefers to a situation where the
household unsubscribed from receiving any further reminder emails from NWL. The reference group in each model
is the Vanilla group. The data for each regression includes only households who had not completed the diagnostic
by 06-Feb-2019, and had received an email reminder. All models include the dummy variables Meter and Rural as
controls. The former equals 1 if the household has a water meter attached to it, and the latter equals 1 if the household
is located in a rural area.
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ni�cant e�ect on the probability of opening the reminder. 43 percent of Vanilla households who

received the reminder ended up opening the email. This number increases to 50 percent or more

for the Incentivestreatment. The email appealing to an altruistic motive, however, was opened con-

siderably fewer times (37 percent). Moreover, almost no households clicked on the diagnostic link

after opening the email if it belonged to the said category. Surprisingly, the Moral Costreminder res-

onated positively, with greater participation in the audit as compared to households who received

the Vanilla reminder (5.6 percent of Moral Costhouseholds clicked on the reminder as opposed to

2.8 for the Vanilla households). Finally, 1.7 percent of the Vanilla households unsubscribed from the

emails on receiving the reminder, and this hold true across all other treatments except Incentives 10

where the probability of unsubscribing was 0.9 percent, signi�cantly lower than Vanilla treatment.

E Welfare Calculations

This section is divided into �ve parts. First, in Appendix E.1, we describe the value and sources

for all the parameters used in the welfare calculations. Appendix E.2 changes the base case for the

cost e�ectiveness calculations from the £10 Incentiveintervention in Section 4.1.1 to the £15 Incentive

intervention. Appendix E.3 presents cost e�ectiveness calculations, measured by the costs incurred

to reduce a tonne of CO2 emissions. Appendix E.4 provides details on how we calculated cost

e�ectiveness for di�erent studies in the literature so as to enable comparison with our estimates.

Finally, in Appendix E.5, we perform a number of sensitivity checks for the bene�t cost analysis

and MVPF analysis presented in Section 4.2 and Section 4.3, respectively.

E.1 Parameters

The di�erent parameters used in the welfare calculations are speci�ed in Table E.1, along with their

units and sources.

E.2 Cost E�ectiveness of the £15 Incentives Intervention

As in Section 4.1.1, we measure four categories of costs: the cost of sending letters, the direct cost of

the incentives, the lost producer surplus associated with the decline in production, and the value

of time in �lling out the survey. E�ectiveness is measured by the per capita reduction in water

consumption. Our base case is the Incentive£15 treatment which, along-with the Incentive£10

treatment, was the only intervention that resulted in a signi�cant reduction in water consumption

among treated households (see Table 2). We measure its e�ectiveness relative to not sending out

a letter, and to sending out the Vanilla letter. Dividing total cost by e�ectiveness yields our cost

e�ectiveness estimate. Results are presented in Table E.2.

We describe the parameters for the base case (column 1) below. The cost of mailing represents

the postal cost of sending letters to 954 participants (the sample size in the Incentive£15 group
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Table E.2: Di�erent Measures of Cost E�ectiveness: £15 Incentive Intervention

Case Base Case
No Producer

Surplus Loss

Vanilla

Letter

Targeting

High Users

Duration: 1 Yr

& No PS Loss

Parameter (1) (2) (3) (4) (5)

Cost of Mailing 390 390 0 180 390

Direct Cost of Incentive 1,500 1,500 1,500 630 1,500

Producer Surplus Loss 250 0 330 200 0

Time Cost 82 82 0 34 82

[A]: Total Cost (in £) 2,300 2,000 2,000 1,000 2,000

[B]: E�ectiveness (in m 3) 290 290 390 240 1,600

Cost E�ectiveness ( £/m 3) 7.8 6.9 5.0 4.4 1.2

Notes: This table shows how the cost e�ectiveness changes using di�erent assumptions. Cost e�ectiveness is measured in terms of
pounds per cubic meter of water conserved in 2020 £. It is computed as the total cost divided by the e�ectiveness (A/B). See text for
details on the various cases.

for which we had both pre- and post-treatment consumption data) at a cost of 41 pence per let-

ter, which was the Royal Mail's standard tari� in 2020-21 for bulk orders containing less than 2,500

items. The direct cost of incentives refers to the pecuniary transfer to the customers who completed

the diagnostic. 103 households from the 954 participants in the Incentives 15treatment group com-

pleted the audit and received £15, yielding a direct cost of £1,500. TheProducer Surplus Lossis

de�ned as the total loss in net revenue ( i.e., revenue minus cost) caused by water savings. We

assume that water savings last for 65 days, which is the average number of days post-treatment

for which we have consumption data. Given a consumer price of £1.3 per cubic meter, a short-run

marginal cost of 44 pence, and average savings of 4.7 liters per day per household (refer to Table 2),

the producer surplus loss over the 65-day period is £250. TheTime Costis de�ned as the monetary

value of time associated with �lling out the survey and is computed as the product of the average

time taken by a household to complete the survey (7 minutes) and 50 percent of the median UK

hourly wage rate of £14 per hour (O�ce for National Statistics, UK, 2021). The sum of these items

gives a total cost of £2,300. To calculate e�ectiveness, we multiply the per capita reduction in water

consumption relative to the case of no letter (4.7 liters per day for 65 days; see Table 2) with the

number of people in the £15 incentive group, which gives 290 cubic meters. Dividing the total cost

by e�ectiveness gives us a cost e�ectiveness estimate of £7.8 per cubic meter for the base case.

The other four cases are variations on the base case. They lead to cost e�ectiveness numbers

that range between £1.2 and £6.9 per cubic meter. The �rst variation labeled No Producer Surplus

Loss(column 2) sets producer surplus losses to zero. This yields a cost e�ectiveness of £6.9 per

cubic meter, which is a 11 percent decline relative to the base case.

The second variation changes the benchmark for comparison from the control group to the
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Vanilla letter (column 3). The cost e�ectiveness falls to £5.0 per cubic meter, a decline from the

base case by 36 percent.

The third variation targets only high users (column 4), who are de�ned as users above the me-

dian consumption threshold of 220 liters per day. This leads to an increase in the average reduction

in consumption from 4.7 to 8.3 liters per household per day (see Appendix B.2.1 for details). The

cost e�ectiveness is reduced by 44 percent as a result, from£7.8 per cubic meter in the base case to

£4.4 per cubic meter.

The fourth variation considers the impact of a change in duration of the persistence of the e�ects

due to the intervention along with setting producers surplus losses equal to zero (column 5). If

we assume the bene�ts last for a year, and prices can adjust to eliminate producer surplus losses,

cost e�ectiveness decreases from£7.8 in the base case to£1.2 per cubic meter, or by 84 percent.

E.3 Cost E�ectiveness: Cost Per Tonne of CO 2 Reduced

In this section, we present results on the cost e�ectiveness of our intervention. However, unlike

Section 4.1, where cost e�ectiveness was measured in terms of costs that need to be incurred to

reduce consumption of water by a cubic meter, here we measure it in terms of costs incurred to

reduce a tonne of CO2 emissions. As before, we measure four categories of costs: the cost of sending

letters, the direct cost of the incentives, the lost producer surplus associated with the decline in

production, and the value of time in �lling out the survey. E�ectiveness is measured by the per

capita reduction in CO 2 emissions. Our base case is theIncentive£10 treatment, and we measure

its e�ectiveness relative to not sending out a letter, and to sending out the Vanilla letter (column

3). Dividing total cost by e�ectiveness yields our cost e�ectiveness estimate. Results are presented

in Table E.3.

The parameters for the base case (column 1) are similar to our exercise in Section 4.1. The

only di�erence is the measurement of e�ectiveness. To calculate e�ectiveness, we multiply the per

capita reduction in water consumption relative to the case of no letter (3.5 liters per day for 65 days,

see Section 3.2) with the number of people in the £10 incentive group (for whom we have both pre-

and post-treatment consumption data), which equals 240 cubic meters. From Table E.1, we know

that emissions per mega Liter (ML) from water supply, sewage treatment, and household water

use equal 140, 520 and 6,200 kilograms (kg), respectively. Summing across all the three categories

gives us total emissions from water usage, which amounts to 6,900 kgCO2e/ML. We convert this to

tonnes of CO2e/m 3, and multiply by the total water savings to arrive at 1.6 tonnes of CO 2e emissions

reduced due to the Incentives 10intervention. Dividing the total cost by e�ectiveness gives us a cost

e�ectiveness estimate of £950 per tonne of CO2 emissions for the base case.

The other four cases are variations on the base case. They lead to cost e�ectiveness numbers

that range between £150 and£830 per tonne of CO2 emissions. The �rst variation labeled No Pro-

ducer Surplus Loss(column 2) sets producer surplus losses to zero, yielding a cost e�ectiveness of

£830 per tonne of CO2 emissions, which is a 13 percent decline relative to the base case. The second
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Table E.3: Cost E�ectiveness: Cost Per Tonne of CO 2 Reduced

Case Base Case
No Producer

Surplus Loss

Vanilla

Letter

Targeting

High Users

Duration: 1 Yr

& No PS Loss

Parameter (1) (2) (3) (4) (5)

Cost of Mailing 420 420 0 200 420

Direct Cost of Incentive 850 850 850 380 850

Producer Surplus Loss 200 0 300 200 0

Time Cost 68 68 0 30 68

[A]: Total Cost (in £) 1,500 1,300 1,100 810 1,300

Total Water Savings(m 3) 240 240 350 230 1,300

[B]: CO 2 Reduced (tCO 2e) 1.6 1.6 2.4 1.6 9.1

Cost E�ectiveness ( £/tCO 2e) 950 830 480 500 150

Notes: This table shows how the cost e�ectiveness changes using di�erent assumptions. Cost e�ectiveness is measured in terms of pounds
per tonne of CO2 emissions reduced. It is computed as the total cost divided by the e�ectiveness (A/B). See text for details on the various
cases, and Table E.1 for details on the value and sources of di�erent parameters.

variation changes the benchmark for comparison from the control group to the Vanilla letter (col-

umn 3). The cost e�ectiveness falls to £480 per tonne of CO2 emissions, a decline from the base case

by 50 percent. The third variation targets only high users (column 4), who are de�ned as users

above the median consumption threshold of 220 liters per day. This leads to an increase in the

average reduction in consumption from 3.5 to 7.4 liters per household per day (see Appendix B.2.1

for details). The cost e�ectiveness is reduced by 47 percent as a result, from £950 per tonne of CO2

emissions in the base case to£500 per tonne of CO2 emissions.101 The fourth variation considers

the impact of a change in duration of the persistence of the e�ects due to the intervention, coupled

with the elimination of producer surplus losses (column 5). If we assume the bene�ts last for a full

year, this directly impacts the quantity of water conserved and, consequently, the CO 2 emissions

avoided. Emissions reduced increase by a factor of 5.7 (9.1 v/s 1.6 tonne of CO2 emissions), and

cost e�ectiveness decreases from£950 in the base case to£150 per tonne of CO2 emissions, or by

84 percent.

Finally, we considered the impact of our base case of £10 versus the£15 intervention. In the £15

incentive case, both costs and e�ectiveness increase, but e�ectiveness increases by less than the

costs. The result (not shown in the table) is that the e�ectiveness of the £15 intervention is £1,100

per tonne of CO2 emissions, 19 percent higher than the£10 intervention.

101A similar calculation for the £15 intervention reveals that cost e�ectiveness is reduced by 44 percent.
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E.4 Cost E�ectiveness Calculations for Various Conservation Studies

Table 6 in the main text provides a comparison of the cost e�ectiveness with other studies in the

literature. Calculations related to the comparison with Ansink et al. (2021) are presented below

in Table E.4. The cost e�ectiveness calculations in their paper do not lend themselves easily to

comparison with our numbers, and therefore, we provide a summary of our calculations below.

Panel Ashows the total water savings from the information and technology arm for all the months

in the one year following the treatment. In other words, it provides a measure of the e�ectiveness

against which costs need to be compared. Panel Bshows the calculations related to total costs.

Subsequently, we divide the costs in Panel Bby the e�ectiveness in Panel Ato arrive at the cost

e�ectiveness.

For studies other than Ansink et al. (2021), there was a cost e�ectiveness number speci�ed, but

in dollars ( $) per gallon. The same has been converted to dollars ($) per cubic meter and in 2020

dollars (as opposed to dollars in the year of publishing) for comparison. The in
ation adjustment

used price data from US Bureau of Labor Statistics (2021).102 The details of the calculations are

presented in Table E.5.

E.5 Sensitivity Checks on Bene�t-Cost Analysis and MVPF Analysis

This section explores a number of sensitivity checks related to the bene�t-cost analysis and MVPF

analysis presented in Section 4.2 and Section 4.3, We consider changes in the SCC, LRMC, changing

the base case to the£15 Incentiveintervention, and assuming transfers from the utility to consumers

represent a net social bene�t.

E.5.1 Varying the LRMC

We consider the impact of substantially underestimating the LRMC (see Footnote 85 for why that

may be the case). As a bounding exercise, we consider an LRMC of £5 (Whittington et al., 2009),

an order of magnitude higher than our point estimate. In this case, if these costs are avoided with

conservation, the net bene�ts in the base case still remain negative, though become smaller in

magnitude. For example in the £10 Incentivecase with short-run bene�ts and a producer surplus

loss, net bene�ts go from from - £950 to -£6.1. In per capita terms, this amounts to a change from

-£0.93 per person to a small, but still negative, -£0.0059 per person. If the intervention is targeted

to high users, per capita net bene�ts go from - £0.54 to£1.4.

E.5.2 Bene�t-Cost Analysis for £10 Incentive Intervention using Current US SCC Estimates

The bene�t-cost analysis in Section 4.2 assumes an SCC of£241 per ton of CO2 (United Kingdom

Government, 2021). However, the US estimate is much lower, at $51 per ton of CO2 or approxi-

102Consumer Price Index for All Urban Consumers (US city average series for all items).
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Table E.4: Cost E�ectiveness in Ansink et al. (2021)

Panel A

Month
Reduction due

to Information

(liters/day/hh)

Reduction due

to Technology

(liters/day/hh)

Total Reduction

due to Information

(cubic meters)

Total Reduction

due to 1 Device

(cubic meters)

(1) (2) (3) (4)

Month 1 -46 -6 -13,011 -1,403

Month 2 -42 -6 -11,977 -1,407

Month 3 -39 -6 -11,171 -1,341

Month 4 -38 -4 -10,813 -1,053

Month 5 -31 -6 -8,702 -1,345

Month 6 -28 -5 -7,958 -1,240

Month 7 -26 -5 -7,286 -1,276

Month 8 -22 -6 -6,232 -1,387

Month 9 -19 -7 -5,523 -1,570

Month 10 -17 -7 -4,765 -1,564

Month 11 -15 -7 -4,205 -1,713

Month 12 -14 -7 -3,928 -1,717

A: Total Water Conserved in 1 Year (m 3) -95,570 -17,016

Panel B

Variable Unit
Information

Component

Technology

Component

(1) (2) (3)

Cost
£/hh (column 2)

£/device (column 3)
30 13.5

B: Total Cost £ 284,880 107,685

Cost E�ectiveness £/m 3 3.0 6.3

Cost E�ectiveness $/m 3 3.8 8.1

Notes: Total number of households in the study were 9,496. For calculating the reduction due to 1 device, the percentage of h/h's with no
water saving devices (16 percent) were removed from the sample. Reductions due to information and technology component are sourced
from Appendix Table A of Ansink et al. (2021). Total water conserved in 1 year is the sum of water reductions across all the 12 months. Cost of
information component calculated as the product of time taken per audit (1.5 hours) and average hourly labor cost of £20/hour (as assumed
by the authors). Cost of technology component includes cost of one device ( £9 per device) plus delivery costs per household ( £4.5). Total Cost
calculated as per household cost multiplied by total number of households. Total number of households in the case of technology component
adjusted for percentage of households with no water saving devices. For conversion rate from £ to $, see Table E.1 for parameters

93



Table E.5: Cost E�ectiveness Calculations for Other Studies

Paper Population / Bound
$ per 1000

gallons reduced

(Year of Paper)

$ per 1000

gallons reduced

(2020)

Cost e�ectiveness

( $/m3)

(1) (2) (3) (4)

Bennear et al. (2013)
Lower Bound 7.33 8.3 2.2

Upper Bound 26 29 7.6

Ferraro and Miranda (2013)
All Households 0.37 0.41 0.11

High-Use Households 0.20 0.22 0.06

Ferraro and Price (2013)
All Households 0.58 0.65 0.17

High-Use Households 0.42 0.47 0.12

Bernedo et al. (2014) All Households 0.24 0.26 0.07

Brent et al. (2015)
Lower Bound 1.7 1.9 0.50

Upper Bound 2.6 2.9 0.75

Notes: 1000 gallons equals 4.5 cubic meters. For all studies, the cost e�ectiveness was converted to 2020 values based on the cumulative in
ation rate
between the year the study was published and 2020. The in
ation adjustment used price data from US Bureau of Labor Statistics (2021). High-use
households in Ferraro and Miranda (2013) refer to households who both have above median consumption and own their homes. High-use households in
Ferraro and Price (2013) refer to households who have above median consumption.

mately £40 per ton of CO2 emitted in £2020 (Interagency Working Group, US Government, 2021).

In this section, we consider how the bene�t-cost numbers change if we use the US estimate of the

SCC instead of the UK estimate.

Before explaining the results, it is useful to highlight one key point. The price for water when

we assume an SCC of$51 per ton of CO2 appears to exceed the estimated marginal social cost

(MSC) based on quanti�ed bene�ts. The current price is £1.3 and the estimated MSC is the sum of

marginal private costs (either £0.44 if we use the SRMC or£0.98 if we use the LRMC) and marginal

external costs (equivalent to V in Equation (6) above and equals £0.27). This gives an estimated

MSC of either £0.71 if we use the SRMC (£0.44 + £0.27) or £1.3 if we use the LRMC (£0.98 + £0.27).

This observation implies that any conservation measure, even if it had no costs attached, would not

pass a narrowly prescribed bene�t-cost test because price already exceeds the estimated marginal

social cost. Stated another way, because price is greater than the estimated marginal social cost,

consumers may be consuming too little water relative to what might be viewed as economically

e�cient.

As before, we consider �ve di�erent cases for estimating net bene�ts associated with the SRMC

and the LRMC. The �rst uses the base case with the £10 Incentive, and it is compared to the case

of no letter. The second sets producer surplus losses to zero. The third uses theVanilla letter as

the benchmark with the £10 Incentive. The fourth focuses on targeting high-users. The �fth case

assumes the impact of the intervention lasts for a year, in addition to eliminating producer surplus

losses.
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Table E.6: Simple Bene�t-Cost Analysis: Using SCC of $51/ton of CO 2

Case Units
Base Case

( £10 Incentive)

No Producer

Surplus Loss

Vanilla Letter

as Benchmark

Targeting

High Users

Duration: 1 Yr

& No PS Loss

Parameter (1) (2) (3) (4) (5)

V £=m3 0.27 0.27 0.27 0.27 0.27

p £=m3 1.3 1.3 1.3 1.3 1.3

� g m3 -240 -240 -340 -230 -1,300

� V � g £ 64 64 94 64 360

E £ 1,300 1,300 850 580 1,300

N integer 1,020 1,020 1,020 484 1,020

Panel A (SRMC)

c £=m3 0.44 0.44 0.44 0.44 0.44

(p � c)� g £ -200 0 -290 -200 0

B � C (Equation (6) above) £ -1,400 -1,200 -1,000 -710 -910

(B � C)=N £/ capita -1.4 -1.2 -1.0 -1.5 -0.89

Breakeven Other Bene�ts = � (B � C) £ 1,400 1,200 1,000 710 910

Breakeven Other Bene�ts / � g £=m3 6.0 5.1 3.0 3.0 0.69

Breakeven Other Bene�ts / GHG bene�ts multiple 22 19 11 11 2.5

Panel B (LRMC)

c £=m3 0.98 0.98 0.98 0.98 0.98

(p � c)� g £ -72 0 -110 -71 0

B � C (Equation (6) above) £ -1,300 -1,200 -860 -590 -910

(B � C)=N £/ capita -1.3 -1.2 -0.84 -1.2 -0.89

Breakeven Other Bene�ts = � (B � C) £ 1,300 1,200 860 590 910

Breakeven Other Bene�ts / � g £=m3 5.4 5.1 2.5 2.5 0.69

Breakeven Other Bene�ts / GHG Bene�ts multiple 20 19 9.2 9.2 2.5

Notes: We implement the equation for net bene�ts, Equation (6). Panel Ashows the results for short-run marginal costs ( c= £0.44 per

cubic meter). Panel Bshows the results for long-run marginal cost ( c= £0.98 per cubic meter). See Table E.1 for details on parameters

used for welfare calculations.

Table E.6 shows that the measured bene�ts fall short of the measured costs in all �ve scenarios

under both the cost structures, but that the net costs per capita are small, on the order of £0.89 to

£1.5 per person. With the LRMC, the measured bene�ts are slightly higher, albeit still negative

(but small) on a per capita basis. The second to last row of each panel in the table shows that

other bene�ts would need to be between £0.69 to£6.0 per cubic meter for the total bene�ts to just

o�set the total costs. The �nal row for each of panels shows that other bene�ts would need to be

anywhere from 2.5 to 22 times as great as carbon emission bene�ts for bene�ts to justify costs.

We also run a sensitivity analysis to understand how incorporating the opportunity cost of

water, with estimates ranging from £0.16 in Spain to£1.4 per cubic meter in Nevada, USA, change

our results. We �nd that under the assumptions that i) conservation e�ects persist for a at least

a year; ii) utilities can increase prices to compensate for loss of revenue from conservation (no

producer surplus loss), and; iii) opportunity cost of scarce water is high, bene�ts exceed costs.

This can be seen in column (5), where other bene�ts need to be £0.69 per cubic meter to break-even,

which is lower than the opportunity cost of scarce water in a few places. For all other scenarios in
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columns (1) to (4), this does not hold true. Even in the most conservative case (other bene�ts in

order to break even equivalent to £2.5 per cubic meter, and an opportunity cost of water equivalent

to £1.4 per cubic meter), we would still need other bene�ts, not including scarce value of water, to

be £1.1 per cubic meter.

One could also ask how much the SCC would have to increase for bene�ts to just equal costs

when other bene�ts are excluded (or assumed to be zero). The answer is that in the base case with

LRMC, the SCC would need to increase by about 2,000 percent to$1,100 per ton, and to$1,200 per

ton using the SRMC. If we include the opportunity cost of scarce water among other bene�ts, the

SCC numbers would still be required to be in the range of $800 to$900 depending on whether we

use SRMC or LRMC, respectively. These numbers are much higher than most estimates for the

SCC.

E.5.3 Bene�t-Cost Analysis for £15 Incentive Intervention

The bene�t-cost analysis in the text (Section 4.2) focused on the net bene�ts with respect to the £10

Incentiveintervention. We now present a similar analysis for the £15 Incentiveintervention which

also resulted in signi�cant water conservation (see Section 3.2). As with the £10 intervention, we

consider �ve di�erent cases for estimating net bene�ts associated with the SRMC and the LRMC.

The �rst scenario uses the base case with the£15 Incentive, and it is compared to the case of no

letter. The second scenario sets producer surplus losses to zero. The third uses theVanilla letter as

the benchmark with the £15 Incentiveletter. The fourth variation focuses on targeting high-users,

de�ned as households who consume above the median pre-treatment consumption threshold. The

�nal variation assumes the impact of the intervention lasts for a year, in addition to eliminating

producer surplus losses.

Table E.7 shows that the measured bene�ts fall short of the measured costs in four out of �ve

scenarios under both the cost structures. The only scenario with a positive net-bene�t is the �nal

one where the e�ect lasts for a period of a year and there is no producer surplus loss. The net costs

per capita under the �rst four scenarios are small, on the order of £1.1 to£1.8 per person. With the

LRMC, the measured bene�ts are slightly higher, albeit still negative (but small) on a per capita

basis for the �rst four scenarios. For each scenario, the £10 Incentiveintervention in Section 4.2 has

a more favorable bene�t-cost ratio as compared to the £15 Incentiveintervention.

The second to last row of each panel in the table shows that other bene�ts would need to be

between £2.1 to £5.9 per cubic meter (as opposed to between£1.1 to £4.6 per cubic meter with the

£10 Incentiveintervention) for the total bene�ts to just o�set the total costs for the four scenarios

where net bene�ts are negative. The �nal row of the panels shows that other bene�ts would need

to be anywhere from 1.2 to 3.5 times (versus 0.68 to 2.8 times with the £10 Incentiveintervention)

as great as carbon emission reduction bene�ts to justify costs provided the intervention only leads

to short-run bene�ts.

Including the opportunity cost of scarce water as a potential bene�t in the four scenarios with
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Table E.7: Simple Bene�t-Cost Analysis: £15 Incentive Intervention

Case Units
Base Case

( £15 Incentive)

No Producer

Surplus Loss

Vanilla Letter

as Benchmark

Targeting

High Users

Duration: 1 Yr

& No PS Loss

Parameter (1) (2) (3)

V £=m3 1.7 1.7 1.7 1.7 1.7

p £=m3 1.3 1.3 1.3 1.3 1.3

� g m3 -290 -290 -390 -240 -1,600

� V � g £ 480 480 650 390 2,700

E £ 1,900 1,900 1,500 800 1,900

N integer 954 954 954 437 954

Panel A (SRMC)

c £=m3 0.44 0.44 0.44 0.44 0.44

(p � c)� g £ -250 0 -330 -200 0

B � C (Equation (6) above) £ -1,700 -1,500 -1,200 -620 770

(B � C)=N £/ person -1.8 -1.5 -1.3 -1.4 0.81

Breakeven Other Bene�ts = � (B � C) £ 1,700 1,500 1,200 620 -770

Breakeven Other Bene�ts / � g £=m3 5.9 5.0 3.1 2.6 -0.47

Breakeven Other Bene�ts / GHG bene�ts multiple 3.5 3.0 1.9 1.6 -0.28

Panel B (LRMC)

c £=m3 0.98 0.98 0.98 0.98 0.98

(p � c)� g £ -89 0 -120 -72 0

B � C (Equation (6) above) £ -1,500 -1,500 -1,000 -490 770

(B � C)=N £/ person -1.6 -1.5 -1.1 -1.1 0.81

Breakeven Other Bene�ts = � (B � C) £ 1,500 1,500 1,000 490 -770

Breakeven Other Bene�ts / � g £=m3 5.3 5.0 2.6 2.1 -0.47

Breakeven Other Bene�ts / GHG Bene�ts multiple 3.2 3.0 1.6 1.2 -0.28

Notes: We implement the equation for net bene�ts, Equation (6). Panel Ashows the results for short-run marginal costs ( c= £0.44 per

cubic meter). Panel Bshows the results for long-run marginal cost ( c= £0.98 per cubic meter). See Table E.1 for details on parameters

used for welfare calculations.

negative net bene�ts is also not su�cient for the bene�ts to exceed costs. This is because other

bene�ts needed to break even are in the range of £2.1 to £5.9 per cubic meter, which are much

higher than the most liberal estimates of the opportunity cost of scarce water in the literature (for

e.g., £1.4 per cubic meter in Nevada used by Baker (2021)). Even in the most conservative case

(other bene�ts in order to break even equivalent to £2.1 per cubic meter, and an opportunity cost

of water equivalent to £1.4 per cubic meter), we would still need other bene�ts, not including scarce

value of water, to be £0.7 per cubic meter.

One could also ask how much the SCC would have to increase for bene�ts to just equal costs

when other bene�ts are excluded (or assumed to be zero). The answer is that in the base case

with LRMC, the SCC would need to increase by about 320 percent to £1,000 per ton, and to£1,100

per ton using the SRMC (as opposed to £830 and£910 per ton, respectively, with the £10 Incentive

intervention). If we include the opportunity cost of scarce water among other bene�ts, the SCC

numbers would still be required to be in the range of £810 to £890 per ton of C02 depending on

whether we use LRMC or SRMC, respectively. These numbers are much higher than most estimates
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for the SCC.

E.5.4 Bene�t-Cost Analysis for £10 Incentive Intervention: Upper Bound

In our bene�t-cost analysis in Section 4.2, we have assumed that consumers are just as well o� as

they were before they switched to taking up the audit. In some situations, it might be argued that

people who made changes to their behavior as a result of taking the audit may actually bene�t

relative to the status quo. This could arise because of bene�ts from information that changes be-

havior or from bene�ts from the act of conserving ( i.e., "warm glow"). Therefore, a reasonable

assumption could be that consumer private bene�ts from taking the audit are non-negligible. Un-

fortunately, we do not have information on the extent to which such people bene�ted. What we can

do, though, is estimate an upper-bound on the bene�ts. A plausible upper bound on how much

better o� they would be is to assume their welfare increases by the amount of the incentive and

the private savings in water consumption. 103 Note that we are assuming the cost of the audit and

consumer surplus loss from consuming less water is zero ( e.g., from technology improvements or

simple reductions in consumption). Denoting the incentives as I and the private savings as p� g,

our new welfare bounding equation becomes:

Net Bene�ts = B � C

= � V � g + ( p � c)� g � E � p� g + I (15)

Results are presented in Table E.8.We consider �ve di�erent cases for estimating net bene�ts

associated with the SRMC and the LRMC. The �rst scenario uses the base case with the£10 Incen-

tive, and it is compared to the case of no letter. The second scenario sets producer surplus losses

to zero. The third uses the Vanilla letter as the benchmark with the £10 Incentiveletter. The fourth

variation focuses on targeting high-users, de�ned as households who consume above the median

pre-treatment consumption threshold. The �nal variation assumes the impact of the intervention

lasts for a year, in addition to eliminating producer surplus losses.

Our results indicate that the measured bene�ts exceed the measured costs in all of the �ve

scenarios under the SRMC structure, but that the net bene�ts per capita are small, on the order of

£0.073 to£3.4 per person. With the LRMC ( Panel B), the measured bene�ts for the interventions

are slightly higher, albeit still small on a per capita basis ( £0.20 to £3.4 per person). Therefore,

using upper-bound estimates for the bene�ts does make the net bene�ts positive, but they remain

small. However, as noted, we are not quantifying any other bene�ts from water conservation,

and including them along with the opportunity cost of scarce water in this analysis will make the

intervention more attractive. Thus, extreme assumptions on both consumer and ecosystem bene�ts

may change our conclusion about the intervention not being welfare improving in a majority of

103An alternative would be to estimate the consumer surplus loss associated with the decrease in water consumption.

Using such an approach does not change our qualitative �ndings about the e�ectiveness of this intervention, though it

would decrease consumer bene�ts as de�ned in this bounding case.
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Table E.8: Simple Bene�t-Cost Analysis: Upper Bound

Case Units
Base Case

( £10 Incentive)

No Producer

Surplus Loss

Vanilla Letter

as Benchmark

Targeting

High Users

Duration: 1 Yr

& No PS Loss

Parameter (1) (2) (3)

V £=m3 1.7 1.7 1.7 1.7 1.7

p £=m3 1.3 1.3 1.3 1.3 1.3

� g m3 -240 -240 -340 -230 -1,300

p� g £ 300 300 440 300 1,700

� V � g £ 390 390 570 390 2,200

E £ 1,300 1,300 850 580 1,300

I £ 850 850 850 380 850

N integer 1,020 1,020 1,020 484 1,020

Panel A (SRMC)

c £=m3 0.44 0.44 0.44 0.44 0.44

(p � c)� g £ -200 0 -290 -200 0

B � C (Equation (15) above) £ 75 270 720 290 3,500

(B � C)=N £/ person 0.073 0.27 0.71 0.60 3.4

Breakeven Other Bene�ts = � (B � C) £ -75 -270 -720 -290 -3,500

Breakeven Other Bene�ts / � g £=m3 -0.32 -1.2 -2.1 -1.3 -2.6

Breakeven Other Bene�ts / GHG bene�ts multiple -0.19 -0.70 -1.3 -0.75 -1.6

Panel B (LRMC)

c £=m3 0.98 0.98 0.98 0.98 0.98

(p � c)� g £ -72 0 -110 -71 0

B � C (Equation (15) above) £ 200 270 910 420 3,500

(B � C)=N £/ person 0.20 0.27 0.89 0.86 3.4

Breakeven Other Bene�ts = � (B � C) £ -200 -270 -910 -420 -3,500

Breakeven Other Bene�ts / � g £=m3 -0.86 -1.2 -2.6 -1.8 -2.6

Breakeven Other Bene�ts / GHG Bene�ts multiple -0.52 -0.70 -1.6 -1.1 -1.6

Notes: We implement the equation for net bene�ts, Equation (6). Panel Ashows the results for short-run marginal costs ( c= £0.44 per

cubic meter). Panel Bshows the results for long-run marginal cost ( c= £0.98 per cubic meter). See Table E.1 for details on parameters

used for welfare calculations.

the cases. Future work could address whether people who responded to a �nancial nudge were

substantially better o� if they changed their behavior (Bernheim and Taubinsky, 2018; Butera et

al., 2022).

E.5.5 MVPF Analysis using Current US SCC Estimates

This section runs an MVPF analysis for the £10 incentive, exactly as presented in Section 4.3, but

uses the US SCC estimate of$51 per ton of CO2 (Interagency Working Group, US Government,

2021) as opposed to the UK SCC of£241 per ton of CO2 United Kingdom Government (2021).

Results are presented in Table E.9.

For the short-run marginal cost scenario (Panel A), the MVPF ranges from -0.16 to 0.28. The

negative sign arises because theWTP is negative and the net cost to the government is positive.

The only scenarios under which the MVPF is positive, albeit less than 1, are when we assume away
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Table E.9: MVPF Calculations: Using SCC of $51/ton of CO 2

Case Base Case No Producer Vanilla Letter Targeting Duration: 1 Yr

( £10 Incentive) Surplus Loss as Benchmark High Users & No PS Loss

Parameter (1) (2) (3) (4) (5)

Panel A (SRMC)

Cost 0:44 0:44 0:44 0:44 0:44

WTP � 0:076 0:051 � 0:17 � 0:17 0:28

G 1:0 1:0 1:1 1:1 1:0

MV PF = W T P
G � 0:074 0:051 � 0:16 � 0:16 0:28

Panel B (LRMC)

Cost 0:98 0:98 0:98 0:98 0:98

WTP 0:0049 0:051 0:011 0:011 0:28

G 1:0 1:0 1:0 1:0 1:0

MV PF = W T P
G 0:0048 0:051 0:011 0:010 0:28

Notes: This table computes the MVPF for the three scenarios described in Table Table 7 using Equation (9). Panel Ashows the results for the
short-run marginal cost. Panel Bshows the results for long-run marginal cost. The values for V and p are the same as those in Table 7. See
Table E.1 in Appendix for details on parameters used for welfare calculations.

any producer surplus losses (columns (2) and (5)). This analysis suggests the investment may not

be worth making unless other bene�ts not included here are signi�cant, or the conservation e�ects

can persist for an extended period. Using LRMC instead of SRMC increases the after-tax bene�ts

due to a fall in producer surplus loss. The MVPF is positive in this case under all scenarios, but

still remains small and less than 1.

As can be seen from Equation (7), increasing the social cost of carbon, which is proportional

to V , would increase the MVPF. For example, increasing V to 0.68 in the case of the SRMC would

mean that WTP, and hence MVPF, were zero using the other base case assumptions.104 We can

also analyze the change inMVPF if we include the opportunity cost of water.

We run a sensitivity analysis to measure the impact of increasing the WTP when we add in

the scarcity value of water ( £1.4 per cubic meter), and �nd that the MVPF turns positive even

in the case of the SRMC. It equals 0.18 in our base case of£10 Incentive, and 0.38 in the case of

Vanilla letter. Importantly, the MVPF is greater than 1 for the case with persistent conservation

impact up to one year and no producer surplus loss. This implies that in areas with scarce water,

conservation programs may be fruitful provided the e�ects can last for a long time and utilities are

able to recover their losses quickly. Similarly, the MVPF for the LRMC increases, with the value in

the base andVanilla case now equaling 0.26 and 0.56, respectively. Again, even in the long-run |

with the exception of the scenario with the long-term bene�ts coupled with no producer surplus

losses | the MVPF is below 1. Thus, the net cost of the policy for the government is higher than

the potential bene�ts.

104This amounts to an SCC of $130 per tonne of CO2e.
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In conclusion, in line with our analysis of net bene�ts, the MVPF increases when there are no

producer losses and we extend the period for which bene�ts accrue. In cases where we take into

account the opportunity cost of water, it exceeds one, which would mean the bene�ts from the

policy would exceed the net cost to the government if the marginal value of water is high. In all

other cases, unless the e�ects persist for a long time, the government may not �nd it rewarding

to spend resources on conserving water using the interventions discussed in our paper, with the

caveat that the SCC is low.

E.5.6 MVPF Analysis for £15 Incentive Intervention

This section applies an MVPF approach to assessing bene�ts and costs for the £15 Incentivein-

tervention (for the £10 Incentiveintervention, see Section 4.3). Table E.10 summarizes �ve MVPF

calculations. It mirrors the MVPF calculations for the £10 Incentiveintervention. For the short-run

marginal cost scenario, MVPF ranges from 0.14 to 1.4. The only scenario under which the MVPF

is greater than 1 is when we assume away any producer surplus losses and conjecture that bene-

�ts last for at least a year (column (5)). This analysis is similar to our bene�t-cost analysis in that

it suggests the investment may not be worth making unless other bene�ts not included here are

signi�cant, or the conservation e�ects can persist for an extended period. Using LRMC instead of

SRMC increases the after-tax bene�ts due to a fall in producer surplus loss. The MVPF, though

positive under all scenarios as before, still remains small and less than 1 for four of the �ve cases.

Table E.10: MVPF Calculations: £15 Incentive Intervention

Case Base Case No Producer Vanilla Letter Targeting Duration: 1 Yr

( £15 Incentive) Surplus Loss as Benchmark High Users & No PS Loss

Parameter (1) (2) (3) (4) (5)

Panel A (SRMC)

Cost 0:44 0:44 0:44 0:44 0:44

WTP 0:15 0:25 0:25 0:29 1:4

G 1:0 1:0 1:0 1:0 1:0

MV PF = W T P
G 0:14 0:25 0:24 0:27 1:4

Panel B (LRMC)

Cost 0:98 0:98 0:98 0:98 0:98

WT P 0:21 0:25 0:36 0:41 1:4

G 1:0 1:0 1:0 1:0 1:0

MV PF = W T P
G 0:21 0:25 0:35 0:41 1:4

Notes: This table computes the MVPF for the three scenarios described in Table Table 7 using Equation (9). Panel Ashows the results for the
short-run marginal cost. Panel Bshows the results for long-run marginal cost. The values for V and p are the same as those in Table 7. See
Table E.1 in Appendix for details on parameters used for welfare calculations.

We can also analyze the change inMVPF if we include the opportunity cost of scarce water.
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The impact of increasing the WTP when we add in the scarcity value of water ( £1.4 per cubic

meter) is small. MVPF increases but still remains below 1 for all scenarios that do not assume

that conservation bene�ts last for a long time. It equals 0.35 in our base case of £15 Incentive,

and is just below 1 (0.86) in the case of targeting high-users. In contrast, the MVPF is 2.6 for the

case with conservation for one year coupled with an assumption of no producer surplus loss. With

LRMC, the MVPF increases, with the value in the base case now equaling 0.42. However, unlike the

£10 case, in the long-run | with the exception of the case with long-run bene�ts and no producer

surplus losses | the MVPF is not greater than 1 for any other scenario. Thus, the potential bene�ts

of the policy are greater than the net cost of the policy for the government under a larger range of

scenarios with the £10 intervention than the £15 intervention.

F Details Regarding Water Consumption Data

NWG provided us with data on meter readings for each household, and not their daily or monthly

water consumption. Therefore, we provide details on the steps undertaken to calculate water con-

sumption, as well as the distribution of meter reading dates. Appendix F.1 provides an illustrative

example of the format of the meter readings data and how we computed average daily water con-

sumption pre- and post-consumption for each household. The lack of clear pre-post delineation

between meter readings raises concerns about introducing bias in our estimates. We correct this

using weights in our regression, with weights equivalent to the fraction of days post-treatment

included in the meter readings used to calculate post-treatment consumption, divided by total

number of days between the two readings. Appendix F.2 provides more transparency in terms of

the distribution of meter readings across di�erent months, so as to shed light on where most of the

weights lie.

F.1 Calculating Pre- and Post-Treatment Water Consumption

We provide a detailed description of the computation of consumption data for di�erent house-

holds. To help illustrate the format of the data shared by NWG, and our data cleaning process, we

use some randomly generated data in Table F.1

Table F.1: Format of Consumption Data

Unique ID Readdate 1 Read 1 Readdate 2 Read 2 Readdate 3 Read 3 Readdate 4 Read 4

1 2017-02-21 7438 2018-02-23 7585 2018-12-24 7864 2019-04-20 7986

2 2016-11-03 1184 2017-07-27 1379 2018-07-19 1674 2019-01-14 1803

The consumption data from NWG consisted of a series of four meter readings for each house-

hold. Each meter reading includes the date of the reading and its corresponding value. For exam-

ple, Readdate 1 represents the date of the earliest reading for the household in our data set, while
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Readdate 4 represents the date of the latest reading. All households for which we did not have

at least one reading before and after the treatment date (i.e., 08-Dec-2018) were dropped from the

sample. Readings for di�erent households were taken at di�erent times, and therefore, Readdate

1 for Unique ID 1 could be very di�erent from Readdate 1 for Unique ID 2. Pre-treatment water

consumption was calculated by di�erencing the two readings immediately prior to the treatment

date. In the example, pre-treatment consumption for Unique ID 1 is the di�erence between Read

2 and Read 1, whereas the pre-treatment consumption for Unique ID 2 is the di�erence between

Read 3 and Read 2. If either of the two readings immediately prior to the treatment were taken

before 01-Jan-2010, the household was dropped as the date is too far back in time to accurately

measure consumption in the present period.

Post treatment water consumption was the di�erence between the two most recent readings.

Most of the households only had a single reading post treatment, and therefore, post consumption

in that case would be the di�erence between the reading post treatment and the reading immedi-

ately prior to the treatment. For example, post consumption for both Unique ID 1 and Unique ID

2 would be the di�erence between Read 3 and Read 4, but Readdate 3 in case of Unique ID 2 was

prior to the treatment date.

The di�erence between any two readings gives the water consumption in cubic meters during

the time interval obtained by di�erencing the two corresponding reading dates. To standardize

this measure across all households, the di�erence between any two readings was divided by the

number of days between the respective readings to obtain average water consumption in cubic

meters per day. Finally, this measure was multiplied by a 1000 to obtain water consumption in

liters per day.

F.2 Distribution of Meter Readings

The distribution across months of the meter readings used for calculating the post-treatment con-

sumption is presented in Table F.2. The row names represent the month of initial reading used

to calculate the post-treatment consumption, while the column names represent the month of the

latest reading used for the same calculation. For example, the value of 116 in the grid cell with

the row name Aug-2018and column name Jan-2019indicates that there were 116 observations for

which post-treatment consumption (after 8 th December 2018) was calculated by taking the di�er-

ence between meter readings in August 2018 and January 2019. In this case, the weight given to

the household would range from 24/154 to 54/154. The former case arises when the meter read-

ings are on 1st August 2018 and 1st January 2019 (24 is the number of days between 09th December

2018 and 1st January 2019), while the latter case arises when the meter readings are on 31st August

2018 and January 31st 2019 (54 is the number of days between 09th December 2018 and 31st January

2019). The denominator is the number of days between the two readings.

Table F.2 reveals that for majority of the households, the initial meter reading used for calcu-

lating the post-treatment consumption was around July to October 2018, while their �nal reading
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Table F.2: Monthly Distribution of Readings Used to Calculate Post-Treatment Consumption

Month of Latest Reading 09 th -31st Dec-2018 Jan-2019 Feb-2019 Mar-2019 Apr-2019 Total

Month of Initial Reading (1) (2) (3) (4) (5) (6)

Mar-2019 0 0 0 0 2 2

Feb-2019 0 0 0 21 11 32

Jan-2019 0 0 5 6 7 18

09th -31st Dec-2018 0 1 12 3 3 19

Nov to 8 th Dec-2018 0 11 26 11 9 57

Oct-2018 0 7 32 2 376 417

Sep-2018 0 6 46 495 3 550

Aug-2018 0 116 7,871 88 7 8,082

Jul-2018 0 1,860 29 5 3 1,897

Jun-2018 0 11 10 6 0 27

May-2018 0 3 0 0 0 3

Apr-2018 0 2 7 1 5 15

Mar-2018 0 3 17 44 6 70

Feb-2018 0 10 183 21 3 217

Jan-2018 0 77 7 10 1 95

Dec-2017 0 1 15 9 2 27

Prior to Dec-2017 0 61 44 59 8 172

Total 0 2,169 8,304 781 446 11,700

Notes: The table shows the distribution across months of the meter readings used for calculating the post-treatment consumption. The row names represent
the month of initial reading used to calculate the post-treatment consumption, while the column names represent the month of the latest reading used for the
same calculation.
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was in the four month period between January to April 2019. Further, the top four rows indicate

that for 72 households, both meter readings used for calculating post-treatment consumption were

after the treatment date. The weights assigned to such households equals 1 because 100 percent of

the post period is treated.

G Follow-up Survey

Below we list the questions in the online follow-up survey that was administered in March 2019 to

NWG customers that had an email address.

1. Do you own or rent your home?

2. Which of the following best describes your home?

ˆ Detached house, cottage or bungalow

ˆ Flat

ˆ Semi-detached house

ˆ Terraced house

3. Do you have a garden and/or a front lawn?

4. How many people (including you) live in your home?

5. Do you live with your family/partner or in shared accommodation?

6. To what extent is it important for you to save money on your water bills?

ˆ Extremely important

ˆ Very important

ˆ Of slight importance

ˆ Neither important nor unimportant

ˆ Not important at all

7. To what extent are you concerned about the environment?

8. Please indicate whether you agree or disagree with the following statements:

ˆ I will only save water if it helps to lower my utility bills

ˆ I will only save water if the rest of my community does so

ˆ I do not believe that water saving appliances are useful

ˆ I will only save water if it is required by regulations

ˆ I know what I would have to do in order to save more water

ˆ I am currently using water wisely

9. Are you currently trying to reduce the amount of water that your household consumes?
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10. Please indicate what you are doing or planning on doing to save water:

ˆ Have shorter showers

ˆ Turn o� the shower when shampooing etc.

ˆ Check for dripping taps and turn them o�

ˆ Turn o� the tap when brushing teeth

ˆ Turn o� the tap when shaving

ˆ Don't wash dishes under a running tap

ˆ Request water saving products from Northumbrian Water

ˆ Check for leaks and repair them

ˆ Use a water butt

ˆ Water the garden less

ˆ Encourage friends and family to save water

ˆ Other, please specify

11. Northumbrian Water sent out a circular mailer about the aqKWa Savings Engine TM in December of
last year. Do you remember looking through the mailer?

12. Please indicate which factors made you look through the mailer:

ˆ I thought that the mailer looked appealing

ˆ I opened it to �nd out more about how to save money and water

ˆ I open all mailers

ˆ I thought it was something else

ˆ Other, please specify

13. Why did you not look through the mailer?

ˆ I thought it was spam

ˆ I intended to open it, but I didn't get around to it

ˆ I don't open mailers

ˆ I don't remember receiving a mailer

ˆ I usually throw away my mail

ˆ Other, please specify

14. Did you visit the Savings Engine website that was mentioned in the mailer?

15. Please indicate which factors encouraged you to visit the Savings Engine website that was mentioned
in the mailer

ˆ I was curious

ˆ I wanted to know how to save money

ˆ I wanted to know how to save water
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ˆ It reminded me about the importance of saving water

ˆ I wanted to claim the voucher

ˆ Because so many other people have used it

ˆ I was interested in requesting free water saving products

ˆ I want to do my bit to help protect our local environment

ˆ I like using online tools and platforms

16. Please indicate how you felt about the Savings Engine?

ˆ Easy to navigate

ˆ Fun

ˆ Informative

ˆ Useful

ˆ Worthwhile

17. Please indicate which of the following suggestions you have implemented or are planning on imple-
menting:

ˆ Have shorter showers

ˆ Turn o� the shower when shampooing etc.

ˆ Check for dripping taps and turn them o�

ˆ Turn o� the tap when brushing teeth

ˆ Turn o� the tap when shaving

ˆ Don't wash dishes under a running tap

ˆ Request water saving products from Northumbrian Water

ˆ Check for leaks and repair them

ˆ Use a water butt

ˆ Water the garden less

ˆ Encourage friends and family to save water

ˆ Other, please specify

18. Have you noticed any changes in how you use water since completing the Savings Engine?

19. How likely would you be to recommend the Savings Engine overall to your friends and family? (1 is
Not at all and 10 being Very likely)

20. Please indicate whether you had any trouble throughout the process of:

ˆ Receiving the mailer

ˆ Completing the Savings Engine

ˆ Taking action on the recommendations

ˆ Other, please specify
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21. Do you have any suggestions on improving the Savings EngineTM ?

22. Why did you not visit the website?

ˆ I want to, but haven't gotten around to it

ˆ I didn't think that it would be worth my time

ˆ I didn't know how to visit the website

ˆ I'm not interested in saving more water

ˆ I don't feel like I need to save more on my utility bills

ˆ The mailer wasn't that attractive

ˆ I felt targeted by the mailer

ˆ I don't think the platform would actually help me save water or money

ˆ It wasn't a priority at the time

H Sample Letters

The templates for the letters and the reminder emails sent to the di�erent treatment groups by

NWG to their customers are presented below.
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Figure H.1: Vanilla (Status Quo) Mailer

(a) Back and Front Page

(b) Inside the Mailer

109



Figure H.2: Simpli�ed Mailer

(a) Back and Front Page

(b) Inside the Mailer
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Figure H.3: Altruism Mailer

(a) Back and Front Page

(b) Inside the Mailer
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Figure H.4: £10 Incentive Mailer

(a) Back and Front Page

(b) Inside the Mailer
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Figure H.5: £15 Incentive Mailer

(a) Back and Front Page

(b) Inside the Mailer
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