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[200 word abstract] To address natural resource scarcity and externalities, economists focus on
property rights and prices. In contrast, engineers and policymakers focus on resource-conserving
technologies, such as energy-efficient or water-efficient technologies, and input-efficient
(precision) agriculture and forestry. Proponents of public programs that encourage adoption of
these technologies have identified numerous product adoption "puzzles," in which adoption rates
are low despite engineering estimates that imply both users and the environment would benefit.
Economists have been skeptical of such puzzles, but have relied on observational designs in
which identification of treatment effects are challenging, or experimental designs with short
horizons and low adoption rates.
To shed light on this debate, we report results from a randomized trial using water-efficient
technologies. First, we confirm prior claims that engineering estimates of input reductions are
real, but substantially exaggerated. Second, we demonstrate that the divergence in impact
estimates can be attributed to engineering and behavioral reasons other than the "rebound effect"
that has attracted the most attention from economists. Third, by combining our experimental
estimator, detailed cost information, and experimentally elicited and jointly estimated time and
risk preferences from the target population, we demonstrate the private welfare gains from
technology adoption are roughly zero, implying no "efficiency paradox."
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Introduction
To mitigate climate change and reduce pollution, environmental scientists and

practitioners promote the adoption of energy-efficient technologies (e.g., IPCC’s Climate Change
2014). To mitigate water scarcity and facilitate climate change adaptation, they promote the
adoption of water-efficient technologies (e.g., FAO’s 2014 Adapting to Climate Change in
Africa; California’s 2008 Adaptation Strategy). To mitigate fuelwood scarcity and the
ecosystem-damaging effects of fuel-wood extraction, they promote fuel-efficient cookstoves
(Global Alliance for Clean Cookstoves). To mitigate agriculture and forestry’s effects on habitat
loss, they promote the adoption of land-efficient (“land sparing”) technologies (e.g., Balmford et
al; Putz et al.). Because these technologies lower the costs of consuming resource-intensive
goods and services, proponents also claim they directly improve the welfare of humans who
adopt them, particularly in low-income communities around the world.
Yet the arguments in favor of public programs to encourage the adoption of these
resource-conserving technologies are based on incomplete models of human behavior.
Proponents seem unaware that the impacts of adopting these technologies are theoretically
ambiguous and empirically unsupported. Impact estimation of adoption is typically done by
natural and physical scientists and engineers using one of two approaches: (1) a prospective
“engineering” approach that combines assumptions about the performance of the old technology,
the performance of the new technology, and the behavior of the adopters (U.S. General
Accounting Office, 2000, Fidar et al. 2010, Cooley et al. 2009); and (2) a retrospective approach
that either uses a non-experimental before-after estimator (e.g., change in water use after
adoption, Davis 2008 and Lee et al. 2011) or a with-without estimator (e.g., difference in water
use between adopters and non-adopters as in Mayer et al. 1999, Kenney et al. 2008, and Brooks
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et al. 2016). In rare cases, they may use a non-experimental difference-in-differences estimator
(Bennear et al. 2011, Davis et al., 2014, Pfeiffer and Lin 2014, Alcott et al. 2017) or, even rarer,
an experimental estimator (e.g., Fowlie et al., 2015, Hanna et al. 2016).
In our experience and from our reading of water planning documents, we believe that the
prospective estimation is most prevalent. We focus on this engineering approach and contrast it
to an approach based on a randomized controlled trial design.
A related issue surrounding resource-conserving technologies is the broader “product
adoption puzzle,” which posits that consumers fail to adopt products with benefits that exceed
their costs. This puzzle has been identified in a variety of resource-conserving technology
contexts, including energy-efficiency (“the energy efficiency gap”), water-efficiency (“the water
efficiency gap”), and improved cook stoves. Whether limited adoption should be considered a
puzzle is the subject of much debate, often because of arguments over impacts, costs, and
consumer preferences (including time and risk preferences).
In our study, we aim to accomplish three objectives: (1) to assess whether common
engineering approaches to estimating the effect of water-efficient technology adoption are
accurate; (2) to explore the reasons for divergences between estimates from experimental designs
and popular engineering models; and (3) to assess whether there is a “water efficiency gap or
paradox,” whereby the marginal benefits from adoption exceed the marginal costs by a large
margin, but consumers nevertheless fail to adopt the technologies.
To accomplish these objectives, we ran a randomized controlled trial to test the impact of
water-efficient technology adoption on household water use. The study takes place in a droughtprone area of Central America where residents have not adopted water-efficient technologies.
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We find that the experimental estimate of the technology effect (8.7 % reduction) is statistically
and economically different from a traditional engineering estimate (28%) and an enhanced
engineering estimate based on actual technology performance and installation compliance in the
field (20%). This divergence in estimates is not a result of dis-adoption. We have suggestive
evidence that the divergence may result from post-adoption behavioral changes (longer periods
of water flow) that are ignored in engineering models. Even though the cost-benefit analysis
using the engineering estimate show positive profits, the analysis using the expected welfare gain
that includes the experimental estimate, uncertainty, subjective discount rates, beliefs about the
technology lifespan indicates that households would not take the technology.
In the next section, we describe the study site. In the third section, we present the
engineering estimate. In the fourth and fifth section, we present the experimental design and the
experimental estimate, respectively. In section six, we explore the reasons for the divergence
between the experimental and engineering estimates. Section seven presents the welfare analysis
and section 8 concludes.
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Study Site

Our study was part of a larger Canadian government-funded research project on climate change
adaptation and water scarcity in Central America. The experiment takes place in the rural area of
the western province of Guanacaste, Costa Rica, one of the driest areas in Central America.
Studies by climate modelers predict that the Guanacaste province, like most of Central America,
will experience more frequent and more extreme droughts in the next fifty years (Imbach et al.
2015, Lyra et al. 2017).
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Most communities (85%) in the province obtain their water from underground sources,
which is transported to homes by a community system of pipes. In about half of the
communities, water is managed by the national water entity Instituto Costarricense de
Acueductos y Alcantarillados. The other communities manage their own water systems through
community-based water management organizations (CBWMOs). From the group of rural
CBWMOs that were located in the zone that makes up the lowest decile of rainfall in Costa Rica
(based on 50 years of records), and drew water from underground sources, we selected
communities who met the following criteria: (1) CBWMOs measure household water use with
meters, (2) CBWMOs apply variable rate pricing (so households save money if they reduce
water use), (3) CBWMOs have monthly water records of households dating back to 2012, and
(4) CBWMOs were interested in collaborating with the team to install water-efficient technology
in a randomly chosen subset of their customers. Ten communities were the first ones to answer to
our request and to agree to share their data. We chose nine of them at random to meet the sample
size requirements. Within those communities, the target population comprised residential
households that receive water from the CBWMO.
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Engineering Estimate
We evaluate the impact of two water-efficient technologies: (1) 1.5 gpm (gallon per minute)

shower heads; and (2) 1 gpm faucet aerators installed in the bathroom and kitchen faucets.
Dishwashers are not used in the study region. Almost all homes have toilets and manual washing
machines, but no engineer in Costa Rica believed that they were cost-effective ways to reducing
water use in the region (for either private or social benefits). None of the selected water
conserving technologies is available in hardware stores in rural Central America. They are not
even common in urban areas of Costa Rica, including Guanacaste’s regional capital of Liberia.
5

We found no wholesale sellers and two retail stores selling limited amounts of shower heads in
San Jose, the capital of Costa Rica, which is at least five hours away from the study communities
(no wholesale sellers). No surveyed home in the study area had such technologies prior to the
experiment.
We calculate first a basic engineering estimate (BEE), which we believe improves the
procedures followed by other prospective approaches (Fidar et al. 2009, Bennear et al. 2011). For
that we need (i) the flow rates with the technology, (ii) the flow rates without the technology and
(iii) the percentage of water consumed in each fixture with respect to the total consumption of
the premise. For the first input, engineers use the flow rates as it appears advertised in the label.
For the second input, we randomly selected 72 households that did not receive the technology
during our experiment and measure the time it takes for them to fill a 3-liter container in each of
the fixtures. For the flow rate without the technology, we measured the flow by opening the
valve to its maximum flow, as is required in laboratory performance rating trials (and thus
comparable to the rate flow of the new technology).
To measure the third input (the percentage of water consumed in each fixture with respect to
the total consumption of the premise), we randomly selected 23 of the 72 households (2 or 3
within community), installed water micro-meters in their showers, kitchen and bathroom faucets,
and returned a month later to read the micro-meters and the water meter of the premise.
Using this information, we calculate the BEE:
∑3𝑖=1 𝐴𝑊𝑖 ∗ 𝐷𝐹𝑖

(1)

where i is the fixture: shower, bathroom faucet or kitchen faucet; AW is the average percentage
of water that runs through fixture i and DF is the difference in average maximum flow rates with
and without technology installed in fixture i. For the BEE, we also assume that we are able to
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install the whole technology package in all households and that all of in-home water use from a
fixture is affected by changes in efficiency. Using this formula, we estimate a BEE of 28.0%: in
other words, the expected reduction in water use for a randomly selected household from
adopting water-efficient technologies is 28%, which would be 4.88 m3 per month in our posttreatment period (i.e., 28% of the average water use by the control group).

4

Experimental Design
Before treatment assignment, we collected water consumption records from each of the

nine communities for the previous two years. Communities in rural Costa Rica do not have maps
with the location of houses and houses are not numbered. Thus, in order to facilitate the
randomization procedure and ensure measurement fidelity over time, we created community
maps with the location of all houses and placed identification number labels on every water
meter in the community.
For the treatment assignment field work, we had four teams, each with an interviewer and
a plumber. Interviewers had bachelors’ degrees and survey experience and were trained to
implement the randomization protocol. Using the community maps, we divided the community
into four equally populated sectors and assigned each team to one of them. Interviews were
conducted using a tablet.
The CBWMOs reported 2,246 billed customers in March 2015. Using pre-treatment billing
data and a pre-treatment field visit, we eliminated 348 homes that had zero consumption in the
months before the treatment, houses that were commercial establishments or houses that shared a
water meter with another house. Of the 1,898 remaining households, the team made contact with
1,346 heads of households. In the rest of the cases, the head of household was not available,
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nobody answered the door, or the structures were commercial establishments that were not
identified in the pre-treatment visit.
With each contacted household, the team introduced themselves as representatives of
CATIE [spell out], a widely known, non-governmental organization that implements and studies
development and environmental programs throughout Costa Rica and Central America. The
interviewer read a short script containing: 1) information about recent and future weather
changes in the region, 2) implications of weather changes for water conservation, 3) a description
of the technology and a video of it in use, and 4) an offer to install the water-efficient
technologies for free in some of the homes4.
Of the 1346 households, 1310 agreed to have the technologies installed should they be
selected to receive the technologies. The treatment arms are randomized across these 1310
households. Note two key features of the design: (1) we only randomized households into one of
the three treatment arms if a head of household indicates he or she is interested in accepting the
installed technology for free; and (2) all households received the same marketing script, thereby
ensuring any treatment effect we detect is from the technology rather than from the information
on water conservation.
The experiment has three treatment arms:
1. Control Group: Residents who expressed interest in installing the technologies when the
technology and installation was offered for free, but who did not receive the technology.
2. No Bonus Group: Residents who expressed interest in installing the technologies when the
technology and installation was offered for free, and who received the technology. Based on
field discussions with the CBWMOs prior to the experiment, the team took away the old,
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Human subjects approval from an Institutional Review Board was obtained for the evaluation design.
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replaced technologies in the home, in order to reduce the likelihood of dis-adoption and reinstallation of the old technology.
3. Bonus Group: Residents who expressed interest in installing the technologies when the
technology and installation was offered for free, who received the technology and who were
also offered (after they agreed to install the technology) a performance bonus of ~USD 38 if,
when the team returned unannounced sometime in the next six months, they still had all of
the technologies installed. A proportional bonus was paid if some, but not all, of technologies
were still installed. In this study, we combine the two treatment arms. The bonus treatment is
the focus of another study.
Randomization was achieved by having the resident put her hand in an opaque bag with three
colored chips inside (blue, red and white). Each chip assigned the resident to one of the three
treatment groups. In each community, every team received a bag of chips where the number of
chips was equal to the closest multiple of three higher than 50% of the homes per sector (e.g., if
there were 160 homes in a sector, the team received 81 chips with 27 chips of each color). Once
the teams were done with the first bag of chips, we gave them chips in the amount of 50% of the
remaining households. When there were fewer than 9 households in the sector, the teams
received only 3 chips at a time.
This randomization design achieves two objectives. It helps to increase power by
randomizing treatment within community, team, and small neighborhood groups. It also ensures
roughly equal numbers of households assigned to each treatment arm as households enter the
experiment: 440 households were assigned to the control condition, and 870 to the treated group
(432 to the No Bonus group and 438 to the Bonus group). Summary statistics by treatment
condition are in Table 1. The average pre-treatment monthly water use in both treated and
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untreated groups is about 24.86 m3. To provide indirect evidence that the randomization protocol
was followed by the field team, we examine whether treatment assignment predicts water use the
year before the treatment (column 1 in Table 2). It does not.
[table1_balance]
In the 870 treated households, the plumber was able to install at least one technology
fixture in all but six households (99+% success). We retain these six households in the analysis.
The number of each type of technology installed appears in Table A.1. Of the 1310 households in
the experiment, 395 were randomized in May 2015 and the other 915 in June 2015. Water use
data were collected from the CBWMOs in November 2015 and again in October 2016 (giving us
observations of water use through September 2016).
To assess the role of dis-adoption in any divergence between engineering and experimental
estimates, we conducted two audits of dis-adoption in all treated households; the first one took
place in November 2015 assignment and the second one, in October 2016. In order to determine
if any control household had adopted the technology in spite of the randomization, we conducted
an audit of a random sample of 20% of the control group. We do not find evidence of
contamination of the control group. In other words, we have nearly zero non-compliance with the
treatment assignment.

5

The Experimental Estimate
To estimate of the effect of the technology, we use a random effects panel model with

monthly water consumption data. The panel comprises a year of pre-treatment water
consumption and sixteen months of post-treatment consumption; i.e., May 2014-September
2016. The panel is unbalanced, with 4.7% of the sample having some missing observations in the
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monthly water consumption (m3)5. To increase the precision of our estimator and to account for
heteroskedasticity, we add the number of members in the household, fixed effects variables for
communities, month and year, and robust standard errors.
Column 2 in Table 2 presents the experimental treatment effect estimates. The control
group in the post-treatment period consumed on average 24.42 m3 of water per month (standard
deviation= 16.34). The treatment group consumed, on average, 2.13 m3 less water (95% CI:
[-2.99, -1.26]), or an 8.7% reduction6. The experimental estimate is thus less than one-third the
engineering estimate (BEE).
[table2_itt]
The BEE assumes that the treatment effect materializes instantly and stays constant over
time. To investigate that assumption, we do three analyses. First, we calculate a treatment effect
for each of the sixteen post-treatment months (Figure 1). We can see that the ITT is near zero
before the treatment and then drops in June 2015, consistent with the engineering assumption of
immediate effects. Whether the effect is constant over time is not easily discerned: the estimated
effect fluctuates around the long-term estimate with the highest water consumption reductions in
the first months after treatment and in April 2016. Thus, we next test whether there is a
difference between the estimated short-term effect, four months after treatment, and estimated
effect in the other twelve months of the post-treatment period (Column 3, Table 2). The
estimated short-term effect is higher and the difference between the short-term and longer-term
estimates is statistically significant at the 10% level, which provides some evidence that the
treatment effect wanes. To complement that analysis, we compare the estimated effects in the
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We obtain similar results using the balanced panel (Table A.2.).
As a robustness check we also run an OLS estimation using cross-sectional data of the average post-treatment
consumption as the dependent variable and pretreatment consumption variables since May 2014. The model
provides the same estimate as the panel data estimation, 8.7%. See Table A.3.
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first four post-treatment months and the last four post-treatment months (i.e., divide the posttreatment period into three sub-periods). The estimated ITT declines after the first four months,
but the difference between the estimated effects in the first and last four months is not
statistically significant. Thus, there is weak evidence that the ITT effect is highest just after
treatment assignment and then declines and stays relatively constant during the rest of the posttreatment period.

Figure 1: Monthly ITT
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Divergence between Engineering and Experimental Estimates

In this section, we consider possible explanations for the difference between the experimental
and engineering estimates (Figure 2). Recall the experiment estimate is an 8.7% reduction (-2.13
m3), while the engineering estimate (BEE) is 28.0% (-4.88 m3).

6.1

Actual rather than rated performance ratings
12

As is typical in engineering estimates, the BEE uses the flow rate reported by the manufacturer,
which is assessed under a strict laboratory protocol, rather than the actual flow rate under
naturally occurring field conditions. These field conditions include attributes like the home's
water pressure, its water quality, and the way in which the residents open the valves. The
divergence between rated efficiency and field efficiency of technologies has been recognized
across a variety of sectors (e.g., fuel efficiency in vehicles, citation). With the field data we
obtained, we can enhance the BEE by estimating the actual flow rate of the new and old
technologies as they are typically used by residents. In the 73 homes in which we evaluated the
old technology flows with the valves completely open, we also measured flow after asking
residents to open the valves as they normally do in their daily activities. In 30 randomly selected
treated households of the nine communities, we did the same with the new technologies. Using
these data, a revised engineering estimate implies a 24.4% reduction in water consumption
(Figure 2).

6.2

Using actual installation success

As is common in technology programs (Jessoe and Repson, XXXX), the team could not install
all the technologies in all the houses, either because one or more of the fixtures were missing, the
plumbing could not be adapted to fit the technology, or the head of household did not allow us to
replace one of the fixtures. Engineering estimates, in contrast, typically assume the technologies
are installed per the manufacturer's recommendations. Using the field data on actual installation
success (and the actual flows from 6.1), a revised engineering estimate implies a 22.1%
reduction in water consumption (Figure 2).

6.3

Using the actual percentage of water consumption affected by the technology
13

Water consumed in kitchens is used to clean dishes, vegetables and meat, but it is also used as a
fixed input in the preparation of food and beverages. For example, to prepare a cup of rice,
people use one cup of water, or to prepare a liter of coffee, a liter of water is needed. When using
water to clean, engineers and economists assume that water is usually wasted and that the water
conserving technologies can reduce total water use. In the case of water as a cooking input,
however, the efficiency provided by the technology will merely increase the time required to fill
the pot or glass, but it will not reduce the amount of water used since people require to consume
a certain volume. Engineers, in contrast, assume 100% of in-home water use from a fixture is
affected by changes in efficiency.
To enhance the engineer estimate, we identify the percentage of water used in the
preparation of dishes and beverages with respect to the total water consumed in the kitchen, and
assume that this percentage is not affected by the technology. There is no estimate in the
literature of the percentage of water used as a cooking input in a Central American country, so
we calculate it with data from a small sample of households from the region of study. We asked
women head of households, who traditionally do the cleaning and food preparation in the study
communities, to write down the minutes spent during breakfast, lunch and dinner of a weekend
day for cleaning dishes and food, and the number of liters consumed for cooking and beverages.
The women are trained to do the measurements, and provided with a chronometer and a one-liter
container, as well as a form to fill in the data. Each woman was paid 4 000 colones ( ~ US$ 8) to
complete the task. Based on these data, we estimate that 80% of the water consumed in the
kitchen is affected by the technology; i.e., 20% is for fixed-quantity uses.
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Using these data, and the data on actual flows and installation success, we obtain what we
an Enhanced Engineering Estimate (EEE) of a 20% reduction in monthly water use (Figure 2),
which is still more than double the experimental estimate.

6.4

Estimating standard errors for the engineering estimate

Engineering estimates using equation 1 do not typically include standard errors (we could find no
engineering reports on the impacts of efficiency using standard errors; see for example the
famous McKinsey report on greenhouse gas emissions abatement cost curves). However, to
estimate the BEE and the EEE using equation 1, we used data from randomly selected treated
and control households. In order to incorporate standard errors into the engineering estimate, we
run one million simulations that (i) randomly draw from our data the percentages of water used
through each fixture and the flow rates with and without the technology, and (ii) apply the actual
installation rates and the percentage of water used in the kitchen affected by the technology.
Using simulations, we generate a 95% confidence interval for the EEE: [-23.3%, -14.5%]. As can
be seen in Figure 1, some of the remaining difference between the EEE and the experimental
estimate may arise from sampling variability, but there is still an economically-relevant gap
between the two estimates. Thus we consider a range of potential behavioral reasons for the
divergence.
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Figure 2: BEE, EEE and ITT
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Disadoption and Other Behavioral Responses to Changes in Product Attributes

The enhanced engineer estimate assumes that every household keeps the technology and
therefore the EEE is an estimate of the effect of keeping the technology installed. In contrast, the
experimental estimate is the effect of a program in which water conserving technologies are
installed in people’s homes, where they can be subsequently uninstalled. The experimental
estimate that more closely matches the EEE is the average treatment effect (ATE) of keeping the
16

technology installed at least through September 2016. In experiments, treatment assignment
often does not lead to treatment exposure (e.g., Fowlie et al.) and, even when it does, it may not
lead to persistent technology use. In our case, treatment assignment leads to treatment exposure
(i.e., all but 6 treated households had technology installed in their homes), but households can
subsequently disdopt the technology.
In our study, the experimental estimate of the technology impact on those who
persistently use the technology for the entire post-treatment period is a type of Complier Average
Causal Effect (CACE; or Local Average Treatment Effect). The experimental estimate in Fig. 1 is
an estimate of the ITT of persistently using the technology, an estimand that is a weighted mix of
Compliers (i.e., persistent users) and Never-Takers (i.e., disadopters). There are no Always
Takers in our sample because the technologies are not accessible to the control households.
To estimate this CACE, we use a two-stage least-squares random effects model with use
two instrumental variables: the random variable that assigns people to receive the technology,
and the random variable that assigns people to be offered a bonus for persistently using the
technology during the first four months. Compliers are thus the households that kept the
technology installed at least until the 2016 audit if and only if they were randomized into one of
the treatment arms. Table 3 reports the estimated CACE. Compliers consumed, on average, 3.79
m3 less water (95% CI: {-5.52, -2.05}), or a 15.5% reduction with respect to the consumption of
the households that did not keep the technology installed.
[Table3_iv]
We cannot estimate the treatment effect for the Never-Takers (the disadopters) with our
data. However, our data allow as to infer the effect of the technology on the consumption of one
group of disadopters. For this analysis, we only use the data from the 2015 audit, four months
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after installation, and take advantage of the fact that the households that kept the technology
installed at least until the 2015 audit include two groups: the households that kept the technology
installed at least until the 2016 audit (T15_T16) and the ones that did not keep it in place by the
2016 audit (T15_NT16). The first column of Table 4 shows the intent-to-treat estimate of the
program in the first five months after installation (June - Oct 2015), ITT15 = −2.52. The second
column shows the CACE15 = −3.02 for the households that kept the technology installed at least
until the 2015 audit. The third column shows the CACE16 = −5.00 for households in the
T15_T16 group. Notice that the effect of the compliers that kept the technology installed at least
until the 2015 audit comprises the effect of the T15_T16 group and the effect of the T15_NT16
group. Using equation (2) and the results of Table 4, we calculate that the CACET15_NT16 is
almost zero, which means that during the first five months after installation the households that
uninstall the technology after the 2015 audit did not experience water reduction.

𝐼𝑇𝑇15 = %𝐶𝐴𝐶𝐸𝑇15 ∗ 𝐶𝐴𝐶𝐸𝑇15 = %𝐶𝐴𝐶𝐸𝑇15_𝑇16 ∗ 𝐶𝐴𝐶𝐸𝑇15_𝑇16 + %𝐶𝐴𝐶𝐸𝑇15_𝑁𝑇16 ∗ 𝐶𝐴𝐶𝐸𝑇15_𝑁𝑇16
(2)
We use survey data to shed light on the reasons why households in the T15_NT16 group show
no reduction in water consumption after adopting the technology. We asked all households to
compare the time it takes them to shower, wash dishes and use the bathroom faucet with and
without the new technology, and whether they like the new flowrates. In comparison to the T16
group, the T15_NT16 group show higher percentages of households reporting that they do not
like the flow of the new technology and that they take longer to do their households activities. In
other words, to achieve greater water efficiency, the fixtures slow the flow of water exiting the
fixture and households respond by keeping the faucet open for a longer period of time. This
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behavioral response is, on the surface, like the conventional rebound effect long-studied by
economists. Yet its source is fundamentally different: the behavioral response arises because of
an undesirable change in product attribute that accompanies the improvement in efficiency, not
because of a decrease in the effective price of the services provided by water. In their review of
the rebound effect literature, Gillingham et al. (2016) point out that efforts to isolate the rebound
effect from improvements in energy-efficiency are typically confounded by concomitant changes
in the price of the product and the energy service it provides, thereby leading to exaggerated
estimates of the rebound effect. In our case, the behavioral response to changes in the water
service that the fixtures provide not only leads to impacts that are lower than engineers predict,
but they also lead to a subsequent behavioral response: disadoption of the technology.
[Table4_iv15]
We don’t know the treatment effect of households that uninstalled the technology before the
2015 audit (NT15) but we suspect that the reduction in water consumption was even lower than
the one of T15_NT16 group because they report even higher percentages of households keeping
the faucets open for longer periods of time and lower percentages of households that like the
flowrate. See Table 5. Moreover, during the 2015 audit when we asked them the reason why they
uninstalled the technology, the majority responded that the flowrate was too low.
[Table5]

Even though we are not able to estimate the ATE because some households disadopt the
technology, our data suggest that disadoption does not explain the differences between the EEE
and the ITT. It seems that disadopters were not experiencing water reductions potentially
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because they adjusted their behavior by keeping the faucets open for a longer period of time, a
behavior that was not anticipated by engineers.
6.6

Alternative Explanations for the Difference between Engineering and Experimental
Estimates

Other behavioral reasons could explain the difference between the engineering and the
experimental estimate: pro-social preferences, moral licensing or rebound effect. For pro-social
preferences or moral licensing to be important explanations, households must engage in water
conservation behaviors for pro-social or moral reasons and these reasons must be of a form that
permits the technology to serve as a substitute for conservation behaviors. We look for evidence
of pre-existing conservation behaviors in the 2013 survey, which included the nine communities
of our study. To the question whether the household had acted to respond to warmer and longer
summers in the previous five years, 14.3 % responded affirmatively and 32.8% of this subgroup
reported having reduced their water consumption. In other words, less than 5% of the sample had
undertaken efforts to reduce their water consumption. Moreover, it is possible that all of these
respondents conserved water purely for private reasons, rather than pro-social or moral reasons.
When asked about the future summers, 60.5% of the sample believed that summers will be
longer and warmer than in the past and 55.6% of them planned to reduce water consumption
(i.e., 33.5% intend to conserve water in the future). However, previous studies show a large
divergence between reported intentions and actual behaviors in the water conservation field.
Although only suggestive, the data reveal that the percentage of households who actively
conserve water for pro-social or moral reasons is likely small, and thus pro-social preferences or
moral licensing are unlikely to explain the divergence between experimental and engineering
impact estimates. This conclusion, however, warrants further study.
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People may also increase the duration and frequency of activities that use water because of
the rebound effect. In our survey, less than 1% of the respondents reported an increase in the
frequency of using water-related services. 51.8% of households reported that they ran the shower
for longer after adopting the technology (23.9% for the bathroom faucet and 40.7% for the
kitchen faucet), but such reports were positively correlated with a dislike of the flow. Although
such evidence does not allow us to rule out rebound effects, they appear to use to be more
consistent with extended use caused by changes in flow rather than a demand response to the
reduction in the effective price of water services.

7

Welfare Analysis
As show below, an engineering cost-benefit analysis implies households are leaving cash

on the table, even if they had to purchase the technologies at the retail price (see details below).
Prior to our experiment, however, no households in the study communities had water-efficient
technologies in their homes. Similarly strong contrasts between the welfare estimates by
engineers and the revealed preferences of households has led to a large literature on "product
adoption puzzles," which often go by sector-specific labels such as the "energy efficiency
paradox" or "water efficiency gap." A variety of economic and psychological reasons for these
puzzles have been offered and explored (2 Gillingham citations; one for water; one for
cookstove; one for irrigation). In this section, we contrast the engineering estimates of private
welfare gains to more economically and data-informed estimates of these gains. Specifically, we
improve upon the engineering welfare calculations by using field data collected in our study, as
well as data on risk and time preferences elicited for the same population in another study
(citation).
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In all of the calculations, we estimate costs and benefits by month (t), where t = 0 is the
moment at which a household installs the water-efficient technologies. We assume each
household installs the technologies in an hour, and we value that hour by the province-level,
minimum wage for unskilled workers in 2015: US$ 2.287. The purchase price for the set of
technologies that could be deployed in the average home is assumed to be the retail price in one
of the two stores in the capital that sold the products in 2015: US$ 23.71. Thus the total
installation cost is assumed to be $25.99, which is an optimistic assumption because it assumes
trouble-free installation, sufficient plumbing skills to avoid having to hire a professional
plumber, and zero costs for transporting the technology from the capital to communities (i.e., no
mark-up for offering the product in local stores).
We assume that, without the technologies, the distribution of household monthly water
use in the first year matches the distribution in 2015 in the experimental control group, and use
grows 3.68% annually, which is the average water use growth rate in those households between
2013 and 2015. Monthly water use with the installed technologies is assumed to be the withouttechnology water use minus the estimated treatment effect of the technologies: either the BEE,
EEE, ATE, or CACE. To measure monthly expenditures based on water use with and without the
technologies, we use the 2015 price schedules in each community, and assume that tariffs
increase every three years by 20.85% (a figure based on a study of price changes 2015-17 in over
one hundred CBWMOs in the province).
For our engineering calculations of the expected private welfare gain, we use a standard
net present value analysis described in any Engineering Economics textbook (e.g., citation). For
our base case (Table 6, first row), we use the basic engineering estimate (BEE), a 10-year

7

Minimum wage of unskilled labor from Decreto Nº 39055 MTSS.
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lifespan based on the product warranty on the label (a common assumption in engineering
models), and a 7% discount rate (the discount rate used to evaluate input-efficiency investments
for greenhouse gas emissions abatement in a widely-cited study by McKinsey & Company
2007). Based on these assumptions, the net present value of technology adoption is $292.
When we revise those base case assumptions based on field data, the net present value of
technology adoption declines. In the second row, we use the enhanced engineering estimate
(EEE) rather than the BEE. In the third row, we acknowledge that installations are rarely troublefree. For example, they frequently required additional materials to retro-fit the new technologies
onto the old plumbing systems. Using our detailed field data on the time and materials required
for the installations, we estimate a more realistic installation cost: $33.96. In the fourth row, we
replace the manufacturer's estimate of the product lifespans and use the average lifespan reported
by households in the mid-line survey, four months after installation. Treated households were
asked to allocate ten chips to different lifespans, from less than 2 years to more than 9 years. In
the fifth row, we use the estimated impact (ATE) from the experimental design, rather than the
engineering estimate.
After making these four refinements for the calculation, the present value of the net
benefit from installing the technologies is only $9, which is equivalent to 3% of the base estimate
using assumptions that are widely used in engineering economics analyses. Nine US dollars is
roughly half the daily minimum wage of an unskilled worker in Costa Rica in 2015.
So far, we have assumed that we have certainty about all the factors that affect the
profitability of the technology, such as the effect of the technology on water consumption, its
lifespan and the tariffs growth. However, these values are uncertain at the time of purchase, that
is, the actual values might be higher or lower. We improve our expected welfare calculation by
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assuming different potential scenarios constructed based on three sources of uncertainty: the
technology impact on water consumption, the technology lifespan and the tariffs growth. In total
we assume eight potential scenarios. We use an economic model that describes decisions under
uncertainty, and also add subjective discount rates to consider how households value money
today versus money in the future.
The parameter estimates comes from Bernedo et al. (2017) that analyzes the risk and time
preferences of a sample of individuals and couples from thirty communities of the area of
Guanacaste. The study finds that the best model to characterize the preferences of the population
is a rank dependent utility (RDU) model for decisions under uncertainty, instead of an expected
utility model (EUT), and an exponential discounting model, in other words, constant discount
rates over time. The RDU model assumes that individuals not only are averse to the variability of
payouts (as in EUT) but also that they overweight or underweight the probability of the best
outcome. For this population the paper finds that individuals and couples are optimistic, that is
they overweight the probability of the best outcome. We consider the parameter estimates of both
individuals’ and couples’ preferences because the decision to buy the technologies could be taken
by the married couple.
We define the discounted rank-dependent utility of the technology savings as:
1

𝑡/12

𝐷𝑅𝐷𝑈 = ∑𝑇𝑡=0 (1+𝛿)

∑8𝑎=1 𝑤 𝑎 [𝑈(𝑠𝑡𝑎 )] (3)

where 𝑠𝑡𝑎 are savings at time t that vary depending on the scenario 𝑎, and are calculated as the
difference between the expenditures in water consumption with and without technology; 𝑤 𝑎 are
the probability weights of each scenario 𝑎; and 𝑈(𝑥) =

𝑥 1−𝑟
1−𝑟

is the CRRA utility function with

CRRA coefficient r, and 𝛿 is the subjective discount rate.
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Using this framework, we calculate the expected welfare gain as the discounted certainty
equivalents of monthly savings.
1

𝑡/12

EWG=∑𝑇𝑡=0 (1+𝛿)

𝐶𝐸𝑡 (4)

1

where 𝐶𝐸𝑡 = [(1 − 𝑟) ∗ (∑8𝑎=1 𝑤 𝑎 [𝑈(𝑠𝑡𝑎 )])]^(1−𝑟) .
The CRRA coefficient 𝑟 for individuals is 0.81 and the annual discount rate 𝛿 is 0.30. For
couples, 𝑟 is 0.77 and 𝛿 is 0.44. The eight scenarios are calculated using combinations of two
states of the three sources of uncertainty. These two states are the percentiles 5% and 95% of the
distribution of each source of uncertainty. We assume that each of the eight scenarios has the
same objective probability of occurrence (12.5%); however, because of the RDU model the
probability weights are: 49.93%, 9.60%, 7.21%, 6.24%, 5.83%, 5.79%, 6.22% and 9.17%
(52.44%, 8.09%, 6.16%, 5.44%, 5.22%, 5.39%, 6.15% and 11.10% for couples).
When we include the subjective discount rates and the RDU model for uncertainty, the
savings reduce considerably and profits become negative: $ -16 and $ -18, if we consider that the
decision to get the technology was done by the married couple. Even when we consider only the
compliers, the expected welfare gain is zero or negative ($ -5) when we use the couples’
preferences.
[Table 6. Expected Welfare Gain from Technology]
In sum, even though a basic cost-benefit analysis shows that the technology offers
households positive monetary benefits, introducing realistic assumptions reduces the expected
welfare gain by 96%, and once uncertainty and subjective discounting are introduced the
expected welfare gain from the technology becomes negative.
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8

Conclusion
Resource conserving technologies have been promoted as a measure to conserve and adapt

to climate change. These recommendations are mainly based on engineering estimates that do
not take into account human behaviors and thus can under- or overestimate the effect of the
technologies on resource use. Performance, market and behavioral factors can increase or reduce
the effect of the resource conserving technologies on resource consumption. For example, the
rated performance of the technology may differ under actual use conditions. Pre-existing
preferences and norms associated with conservation will also interact with the technology in
ways that cause the actual impacts to differ from the engineering estimates. Finally, individuals
may simply stop using the technology.
Experimental studies of resource-efficient technology adoption are needed, but rare. None
exist for water conserving technologies. In a field experiment in a middle-income nation, we find
that after sixteen months of installation household water-efficiency technology program reduced
monthly water consumption by about 8.7% (2.13 m3). This estimated effect is considerably lower
than a typical engineering estimate of about 28%.
The difference in the two estimates is partially attributable to differences in rated versus
actual performance of the technologies in the field. Engineers typically use rated performances
that come from laboratory testing under conditions that may not be matched in naturallyoccurring contexts. The difference is also partially attributable to differences in assumed
installation success rates and actual installation success rates. However, even after using field
data to adjust the performance and installation assumptions, the enhanced engineering estimate is
still almost double the experimental estimate (20%) and this difference is not attributable solely
to sampling error. The evidence does not point in the direction of behavioral changes post26

technology adoption that arise from pro-social preferences, moral licensing or a rebound effect.
Nor is it attributable to dis-adoption of the technology because evidence suggests that
disadopters were not saving money when technology was in place because undesired changes in
the flow rate induce them to spend more time showering, cooking and washing their hands, a
behavioral response that is absent in engineering models.
To determine whether the technology is a good investment for households we calculate the
expected welfare gain from the technology. The net present value of the technology is positive
when we consider the engineering estimate, market interest rates and the lifetime of the
technology. However, it is negative when we consider household preferences, which suggests
that once preferences and behavioral aspects are taken into account the investment is no longer
profitable for households, and therefore they do not invest.
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Tables
Table 1. Summary statistics by treatment condition
(1)
treated
mean
number of household members
3.67
number of showers at home
1.03
number of kitchen faucets at home
0.77
number of bathroom faucets at home
0.58
house owner
0.87
years in the same home
18.24
monthly income:<75,000 colones
0.12
secondary school
0.27
water consumption (m3) before treatment
24.94
participation in last CBWMO assembly
0.39
Observations
870

sd
1.78
0.30
0.46
0.58
0.33
15.31
0.33
0.44
14.22
0.49

(2)
control
mean
3.57
1.03
0.79
0.65
0.88
18.61
0.12
0.27
24.71
0.40
440

sd
1.73
0.36
0.43
0.62
0.33
16.29
0.33
0.45
13.50
0.49

(3)
all
mean
3.64
1.03
0.78
0.61
0.87
18.37
0.12
0.27
24.86
0.39
1310

sd
1.77
0.32
0.45
0.59
0.33
15.64
0.33
0.44
13.98
0.49
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Table 2. Long-Term ITT
(1)
m3
0.08
[-1.29,1.46]

receive technology

(2)
m3
-0.02
[-1.37,1.34]

(3)
m3
-0.01
[-1.37,1.34]

(4)
m3
-0.01
[-1.36,1.35]

-2.77***

-2.78***

[-3.60,-1.94]

[-3.60,-1.95]

-2.13***
[-2.99,-1.26]

receive technology * post

receive technology * post 1

-1.94***
[-2.91,-0.98]

receive technology * post 2

receive technology * post 3

-1.98***
[-2.93,-1.03]

receive technology * post 4

-1.89***
[-3.19,-0.59]

observations

15535

37509

37509

37509

Effect in % of control group water consumption
receive technology * post
receive technology * post 1
receive technology * post 2
receive technology * post 3
receive technology * post 4

-8.71%
-11.16%
-8.00%

-11.19%
-7.91%
-8.43%

95% confidence intervals in brackets
Note: Community, month, year fixed effects and robust standard errors are included. Other variables in the models
are the number of household members, whether the household receive the technology and the post-treatment
periods. Post is 1 if it is the whole post-treatment period, 0 otherwise. Model 1 shows the effect of the treatment
assignment in the pre-treatment period, from May 2014 until April 2015. The long-term ITT appears in Model 2.
Model 3 and Model 4 compare the effect of the technology in different periods. Post 1 indicates the period JuneSep 2015; post 2, Oct 2015-Sep 2016; post 3, Oct 2015 - May 2016, and post 4, June - Sep 2016.
*

p < 0.10, ** p < 0.05, *** p < 0.01
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Table 3. CACE of Having Technology in Place in 2016 Audit

technology in place in 2016 audit * post

Effect in % of control group water consumption
observations

(1)
m3
-3.79***
[-5.52,-2.05]
-15.50%
35921

95% confidence intervals in brackets
Note: Community, month and year fixed effects and robust standard errors. Other variables in the model are number
of household members, post and technology in place in the 2016 audit. Post is 1 for the whole post-treatment period,
0 otherwise. Results show second step of a RE-2SLS model.
*
p < 0.10, ** p < 0.05, *** p < 0.01
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Table 4. ITT and CACE of Having Technology In Place Five Months after
Treatment
(1)
(2)
m3
m3
receive technology * post

(3)
m3

-2.52***
[-3.33,-1.71]
-3.02***
[-4.01,-2.04]

technology in place in 2015 audit * post

-5.00***
[-6.63,-3.38]

technology in place in 2016 audit * post

Observations

23332

22850

22331

month FE
receive technology * post
technology in place in 2015 audit * post
technology in place in 2016 audit * post

Yes
-10%

Yes

Yes

-13%
-21%

95% confidence intervals in brackets
Note: Community and month fixed effects and robust standard errors. Other variables in the models are number of
household members, post, technology in place in 2015 audit, technology in place in 2016 audit and treatment assignment.
Post is 1 in the first five months after treatment assignment and 0 in the pre-treatment period. Model 1 is the ITT of the
technology five months after treatment assignment. Model 2 and 3 are the second step of RE-2SLS models to measure the
CACE of having the technology in place at least until the 2015 audit and the 2016 audit, respectively, in the first five
months after treatment.
*

p < 0.10, ** p < 0.05, *** p < 0.01
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Table 5. Comparison of Households based on the Disadoption Period
Variable
T15_NT16
T16
p-value

NT15

T16

p-value

NT15

T15_NT16

p-value

using bathroom faucet (f.) takes longer
in 2015
using bathroom f. takes longer in 2016
like flowrate of bathroom f. in 2015
like flowrate of bathroom f. in 2016
using kitchen f. takes longer in 2015
using kitchen f. takes longer in 2016
like flowrate of kitchen f. in 2015
like flowrate of kitchen f. in 2016
showering takes longer in 2015
showering takes longer in 2016
like flowrate of shower in 2015
like flowrate of shower in 2016
house owner
years in the same home
participate in CBWMO assembly
number of showers installed
number of kitchen faucets installed
number of bathroom faucets installed
water consumption before treatment

0.11
0.18
0.95
0.79
0.31
0.48
0.56
0.59
0.56
0.60
0.59
0.56
0.79
15.94
0.31
0.96
0.74
0.46
28.12

0.08
0.10
0.99
0.98
0.27
0.27
0.95
0.95
0.37
0.36
0.94
0.92
0.91
19.50
0.41
0.94
0.63
0.49
24.07

0.64
0.10
0.10
0.00
0.43
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.01
0.03
0.62
0.02
0.57
0.00

0.11
0.18
0.95
0.79
0.31
0.48
0.56
0.59
0.56
0.60
0.59
0.56
0.79
15.94
0.31
0.96
0.74
0.46
28.12

0.08
0.19
0.98
0.92
0.31
0.36
0.92
0.81
0.43
0.48
0.89
0.75
0.90
19.00
0.41
1.00
0.77
0.48
25.29

0.67
0.90
0.23
0.01
0.99
0.05
0.00
0.00
0.04
0.04
0.00
0.00
0.00
0.04
0.03
0.21
0.45
0.74
0.06

0.08
0.19
0.98
0.92
0.31
0.36
0.92
0.81
0.43
0.48
0.89
0.75
0.90
19.00
0.41
1.00
0.77
0.48
25.29

0.08
0.10
0.99
0.98
0.27
0.27
0.95
0.95
0.37
0.36
0.94
0.92
0.91
19.50
0.41
0.94
0.63
0.49
24.07

0.98
0.04
0.71
0.01
0.28
0.05
0.25
0.00
0.10
0.00
0.03
0.00
0.69
0.68
0.86
0.02
0.00
0.80
0.27

Note: The table describes the values for the variables in three groups of households: NT15, T15_NT16 and T16. NT15 are the households that uninstalled the
technology before the 2015 audit. T15_NT16 are the households that had the technology in place by the 2015 audit and uninstalled it after that. T16 are the
households that have the technology installed by the 2016 audit. The year in some variable names refer to the time when the surveys were taken, either during the
2015 or 2016 audit.
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Table 6. Expected Welfare Gain from Technology

Impact
Assumptions

Lifespan
Assumptions

Discount Rate (δ) Probability
Installation
Uncertainty and Risk Aversion Weighting Present Value (in
Cost
Assumptions (r) Coefficient
(PW)
US$)
Assumptions
Assumptions
Assumptions

BEE
EEE
EEE

Warranty time
Warranty time
Warranty time

Trouble-free
Trouble-free
Realistic

no
no
no

δ = 0.07, r = N/A
δ = 0.07, r = N/A
δ = 0.07, r = N/A

no
no
no

$291.49
$201.57
$191.33

EEE

Reported by
households

Realistic

no

δ = 0.07, r = N/A

no

$67.46

ITT

Reported by
households

Realistic

no

δ = 0.07, r = N/A

no

$9.13

ITT

Reported by
households

Realistic

yes

δ = 0.30, r = 0.81

no

-$24.17

ITT

Reported by
households

Realistic

yes

δ = 0.30, r = 0.81

Optimistic

-$15.91

δ = 0.44, r = 0.77

Optimistic

-$18.47

CACE

Reported by
households

Realistic

yes

δ = 0.30, r = 0.81

Optimistic

-$0.16

δ = 0.44, r = 0.77

Optimistic

-$4.70

Note: BEE is the basic engineering estimate. EEE is the enhanced engineering estimate. ITT and CACE refer to the intentto-treat estimate and the complier average causal effect estimate, respectively. The trouble-free installation cost assumes
that the only cost of installation is the technology package. The realistic one considers also additional costs. We assume
there is uncertainty with respect to the lifespan of the technology, the tariff growth rate and the effect of the technology. δ =
0.30, r = 0.81 are the parameter estimates for individuals risk and time preferences elicited in an artefactual field
experiment. δ = 0.44, r = 0.77 are the values elicited for couples.
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Appendix
Table A.1. Installation

Number of households with 0, 1, 2
units available
Number of households with 0, 1, 2
units with technology installed
Installation success rate
At least one technology installed
in each home with at least one
fixture

0
1
2
0
1
2

Shower

Kitchen
aerator

Bathroom
aerator

27
791
52
72
760
38
93%

214
640
16
284
575
11
89%

403
426
41
467
383
20
83%

95%

89%

86%

38

Table A.2. Intent-To-Treat using Balanced Panel
-1
m3
receive technology

-0.08
[-1.47,1.32]

-2
m3

-3
m3

-4
m3

-0.14
[-1.52,1.24]

-0.14
[-1.52,1.24]

-0.13
[-1.51,1.25]

-2.76***

-2.76***

[-3.60,-1.91]

[-3.61,-1.92]

-2.08***
[-2.96,-1.20]

receive technology * post

receive technology * post 1

-1.89***
[-2.87,-0.91]

receive technology * post 2

receive technology * post 3

-1.95***
[-2.91,-0.98]

receive technology * post 4

-1.80***
[-3.12,-0.48]

observations

14988

36221

36221

Effect in % of control group water consumption
receive technology * post
-0.32%
-8.42%
receive technology * post 1
-11.15%
receive technology * post 2
-7.66%
receive technology * post 3
receive technology * post 4

36221

-11.19%
-7.87%
-7.30%

95% confidence intervals in
brackets
Note: Community, month, year fixed effects and robust standard errors are included. Other variables in the
models are the number of household members, whether the household receive the technology and the posttreatment periods. Post is 1 if it is the whole post-treatment period, 0 otherwise. Model 1 shows the effect of the
treatment assignment in the pre-treatment period, from May 2014 until April 2015. The long-term ITT appears
in Model 2. Model 3 and Model 4 compare the effect of the technology in different periods. Post 1 indicates the
period June-Sep 2015; post 2, Oct 2015-Sep 2016; post 3, Oct 2015 - May 2016, and post 4, June - Sep 2016.
*

p < 0.10, ** p < 0.05, *** p < 0.01
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Table A.3. ITT using Cross-Sectional Data
(1)
m3
receive technology

-2.13***
[-2.92,-1.35]

observations
effect in % of control
group water
consumption

1250
-8.71%

95% confidence intervals in brackets
Note: Community fixed effects and robust standard errors. Omitted variables
are the number of household members and pre-treatment water consumption.
*

p < 0.10, ** p < 0.05, *** p < 0.01
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Figure A.1. Lifespan Beliefs
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