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Abstract
We compare the behavior and welfare effects of two popular behavioral interventions for resource 
conservation. The first intervention is social comparison reports (SC), primarily providing consumers with 
information motivating behavioral change. The second intervention is real-time feedback (RTF), primarily 
providing consumers with information facilitating behavioral change. In a field experiment with around 
1,000 participants, SC reduces water use per shower by 9.4%, RTF by 28.8%, and the combination of both 
interventions by 35.0%. Participants’ willingness to pay for RTF and the combination is higher than for 
SC. We find that all interventions enhance welfare.
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1 Introduction

In the last decade, there has been increasing interest in behavioral economic inter-

ventions from research, society, and politics. A whole series of empirical studies have

investigated the effectiveness of behavioral interventions in a wide range of areas,1 be-

havioral insights groups have been installed around the world (Obama, 2015; OECD,

2017), several books on behavioral interventions became bestsellers (Ariely and Jones,

2008; Thaler and Sunstein, 2009; Kahneman, 2011; Halpern, 2015), and Daniel Kahne-

man, Robert Shiller and Richard Thaler each won a Nobel prize.

However, the welfare effects of such interventions have rarely been studied. From

a cost-effectiveness standpoint, many behavioral interventions triumph (Allcott and

Mullainathan, 2010; Benartzi et al., 2017). By design, they usually do not impose mon-

etary costs on the consumer, and implementation costs are low. These characteristics

make behavioral interventions particularly attractive to policymakers and even in-

terventions with small effects are often assessed as “cost-effective”. However, such

cost-effectiveness analyses usually ignore non-monetary costs and benefits, including

shame, pride, and social pressure (DellaVigna et al., 2012; 2016; Butera et al., 2022),

(dis-)utility resulting from changes in consumption behavior (Allcott and Kessler,

2019), or the non-instrumental (dis-)utility of information provision (Sharot and Sun-

stein, 2020).

This paper contributes to this discussion by offering a comprehensive welfare anal-

ysis of two popular behavioral interventions affecting consumers along two different

dimensions. While one intervention primarily affects consumers by providing infor-

mation that motivates behavioral change, the other provides information that facilitates

a change in behavior. While many interventions can be classified along similar lines

(see Congiu and Moscati, 2020), it is still unclear whether targeting one or the other

dimension is more effective in creating behavioral change and a positive welfare im-

pact. To provide a clean evaluation for informational interventions,2 we compare both
1For recent meta-analyses see, for example, Jachimowicz et al. (2019), Nisa et al. (2019), Cadario and

Chandon (2020), and Mertens et al. (2022).
2Our focus in this project is on behavioral interventions providing information, which constitute a
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interventions in a common context: fostering resource conservation in showering be-

havior.3

We focus on social comparison reports (SC) as a representative and well-studied4

example of an intervention providing consumers with information that motivates a

change in behavior. Our SC reports provide treated participants with weekly informa-

tion on their average water use per shower and compare it to that of other participants.

This communicates the social desirability of conserving resources, motivating partici-

pants to conserve water and energy.

We focus on real-time feedback (RTF) as a representative and well-studied5 exam-

ple of an intervention providing consumers with information that facilitates a change

in behavior. Our RTF intervention activates participants’ shower heads to glow in

different colors when showering, depending on how much water has already been

consumed during the current shower. This solves two problems impeding behavioral

change in the absence of RTF. First, the quantity of energy and water consumed while

showering is usually only imperfectly observable to consumers, leading to consumers

either not being able to act upon this aspect at all or making consumers reliant on

imperfect heuristics. Consumption can be thought of as a shrouded attribute in this

setting.6 Second, consumers’ attention might not be focused on energy and water con-

servation at the moment of showering – even if a consumer had developed a perfect

subset of the behavioral interventions described in, e.g., Congiu and Moscati (2020). Our findings might
not apply to other types of interventions, e.g., interventions changing product attributes or product
placement.

3Showering consumes a considerable amount of resources, both due to the energy necessary to heat
the water used and the water use itself. A typical individual in our sample uses 33 liters of hot water
per shower, which requires on average 1.6 kWh to heat it up. In comparison, the average household in
the European Union uses 1.0 kWh for lighting per day (Faberi et al., 2015), and a modern refrigerator
uses 0.63 kWh per day (Michel et al., 2016). Furthermore, showering behavior is prone to behavioral
biases, such as salience bias (Tiefenbeck et al., 2018), and thus to inefficiently high levels of resource
consumption. At the same time, it is a daily activity that can be directly controlled by consumers,
making it an ideal application for behavioral interventions.

4See, for example, Allcott (2011); Ferraro and Price (2013); Allcott and Rogers (2014); Brent et al.
(2015); Goette et al. (2021b).

5See, for example, Tiefenbeck et al. (2018; 2019); Byrne et al. (2021); Fang et al. (2021); Goette et al.
(2021a).

6The most prominent examples of shrouded attributes are of a financial nature, such as taxes (Chetty
et al., 2009), shipping costs (Gabaix and Laibson, 2006; Brown et al., 2010), or marginal prices (Ito, 2014).
In the context of resource consumption, which is what we are concerned with, it is consumption itself
that is often not observable to consumers (Jessoe and Rapson, 2014).
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heuristic, she would still require an unusually high level of self-control to be able to

direct her attention toward this heuristic during every shower. The RTF intervention

addresses both of these problems by making resource consumption salient and action-

able, facilitating behavioral change.

Our experiment design allows us to draw conclusions on both the behavioral and

welfare effects of both interventions SC and RTF, as well as their combination (BOTH).

We equip all of our 1,003 field experiment participants in 574 households with smart

shower heads to track showering behavior, capturing water use, temperature, and

time of every shower. After observing baseline showering behavior for four weeks,

participants in the treatment groups experience an information intervention for four

weeks based on the experimental group to which they are exogenously assigned. For

participants receiving RTF, we remotely activate the real-time feedback function in

their shower heads. For participants receiving SC, we configure weekly e-mail reports.

The third treatment, BOTH, combines both interventions: Participants receive real-

time feedback through their shower head and social comparison reports. Further, we

elicit participants’ willingness to pay to experience the interventions for four weeks.

We elicit willingness to pay twice. We first ask participants for their willingness to

pay before having experienced any of the interventions, and then again after they

have experienced one of the interventions due to their exogenous assignment. The

willingness to pay bids are binding and thus constitute revealed preferences, as the

field experiment includes a phase in which the treatments are allocated endogenously

based on the elicited willingness to pay.

The willingness to pay elicitation constitutes the basis of our welfare analysis. The

willingness to pay subsumes the private benefits from resource savings, the change in

shower comfort, the psychological costs and benefits of the interventions, and any fur-

ther factors relevant to the consumers. Adding the societal benefits from the reduction

in carbon emissions due to the reduction in hot water use caused by the interventions

and subtracting the program costs, taking into account the marginal cost of public

funds, yields estimates of the welfare effects of the interventions.
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In terms of behavioral impact, we find that the RTF intervention decreases water

use per shower by 28.8%. SC reports decrease water use per shower by 9.4%, and the

combination BOTH by 35.0%. RTF is thus around three times as effective as SC reports

in our context, and the combination of both interventions is most effective. Our results

suggest that providing consumers with information facilitating behavioral change is

more effective than providing information motivating consumers to change behavior.

While all interventions are highly valued by participants, RTF and the combina-

tion of both interventions are around 10% more highly valued than SC reports alone.

We find that the experience of the interventions does not substantially alter the will-

ingness to pay for them. Furthermore, the endogenous allocation of the interventions

based on willingness to pay instead of exogenous allocation based on a random draw

leads to similar conservation effects. Willingness to pay is, on average, much above

and beyond actual and perceived cost savings realized through the interventions, im-

plying the existence of psychological benefits. For around 25% to 28% of participants,

however, willingness to pay is lower than perceived savings, implying that these par-

ticipants incur psychological costs with the intervention.

In terms of welfare impact, we estimate the highest welfare increase for the com-

bined intervention and the lowest increase for the SC intervention. Recognizing that

our sample of volunteers may be particularly motivated to conserve resources and to

receive the interventions, we conduct an additional welfare analysis under particu-

larly conservative assumptions with regard to conservation effects and consumer sur-

plus. This conservative analysis yields positive welfare effects for both RTF and the

combined intervention, while the welfare effect of SC is close to zero. Our results in-

dicate that providing consumers with information facilitating behavioral change has

a slightly more positive effect on consumer welfare than providing information moti-

vating behavioral change.

We contribute to the literature in three ways. First, our study contributes to the

relatively young literature on the welfare effects of behavioral interventions. As re-

cent literature has pointed out (Allcott and Kessler, 2019; Butera et al., 2022), policy-
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makers must be cautious of behavioral interventions producing the desired behavioral

effect at the cost of imposing disproportionate psychological costs on consumers. In

response, a dynamic strand of research has emerged. Essentially, two main approaches

to welfare analysis have developed, which differ in their way of quantifying changes

in consumer surplus: one that derives consumer surplus from structural models or

sufficient statistics (Chetty et al., 2009; DellaVigna et al., 2012; 2016; Rodemeier, 2020;

Löschel et al., 2022; Rodemeier and Löschel, 2022), and one that directly measures con-

sumer surplus by eliciting the willingness to pay to receive a behavioral intervention,

which may be combined with a structural approach (Allcott and Kessler, 2019; Allcott

et al., 2022; Butera et al., 2022). Our paper aligns with this second strand of research,

providing the first welfare comparison of two interventions affecting consumers along

different dimensions. Importantly, the two interventions and their combination are

evaluated within the same experimental context, providing an apples-to-apples com-

parison so far lacking in the literature.

Another difference to previous literature lies in our double elicitation of consumer

willingness to pay, both before and after receiving the intervention. Previous literature

on welfare effects differs not only in the consumption context studied but also in the

timing of the willingness to pay inquiry. Allcott and Kessler (2019) elicit consumer

willingness to pay to continue receiving an intervention, while Butera et al. (2022)

elicit willingness to pay for receiving an intervention for the first time. By eliciting

both measures within the same consumption context, we provide evidence on whether

economically large differences exist between the two measures and provide guidance

for future research on how an experiment can be designed to capture both.

Second, our paper relates to conceptual work classifying behavioral interventions.

Our focus on the two dimensions of motivating vs. facilitating behavioral change most

closely relates to Congiu and Moscati (2020) who classify interventions into a message

and an environment dimension. Our findings can also inform earlier classifications

by Johnson et al. (2012), Hansen and Jespersen (2013), and Mongin and Cozic (2018)

with empirical evidence. The added value of our paper lies in our ability to provide
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a clean and comprehensive comparison of two information interventions affecting be-

havior among different dimensions. Since consumption context, participant sample,

and timeline are common, differences in treatment and welfare effects can be cleanly

and causally attributed to differences in the nature of the interventions.

Finally, our study contributes to previous literature on the efficacy of behavioral

interventions in reducing resource consumption. Social comparison reports have been

prominently discussed in previous literature (Allcott, 2011; Ferraro and Price, 2013;

Allcott and Rogers, 2014; Brent et al., 2015; Goette et al., 2019; 2021b), but are not

generally cost-effective across different countries (Andor et al., 2020a) and may im-

pose substantial (intangible) costs that reduce the welfare effects of such interventions

(Allcott and Kessler, 2019). Real-time feedback has been identified as a promising in-

tervention to influence showering behavior, with previous studies reporting higher

effect sizes than for social comparison reports (e.g., Tiefenbeck et al., 2018).7 However,

the existing evidence is derived from very different consumption contexts, e.g., study-

ing the electricity consumption of a specific appliance versus aggregated electricity

consumption. Our paper adds to recent research comparing different behavioral in-

terventions within the same consumption context (Brandon et al., 2019; Fang et al.,

2021). Our findings are relevant for all consumption contexts in which fine-grained

data is available with smart sensors and the question is how to best utilize this data

to increase the effectiveness of interventions, adding to a broader strand of literature

(e.g., Jessoe and Rapson, 2014; Asensio and Delmas, 2015; Grubb and Osborne, 2015;

Ito et al., 2018; Brülisauer et al., 2020; Gerster et al., 2021). They also connect to the

literature focusing on shrouded attributes and the importance of making shrouded at-

tributes salient at the moment of purchase (e.g., Gabaix and Laibson, 2006; DellaVigna

and Pollet, 2009; Chetty et al., 2009; Grubb, 2009; Brown et al., 2010; Taubinsky and

Rees-Jones, 2018). The shrouded attribute in our setting is the quantity consumed –

making it both difficult for consumers to allocate their attention to this attribute and

costly to calculate adequate estimates. Since consumers in this case need to develop

7For more detailed reviews of behavioral interventions applied in the context of resource consump-
tion see, for example, Andor and Fels (2018) and Khanna et al. (2021).
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heuristics to guide their behavior, and our interventions help develop effective and

simple heuristics – for example, to stop showering when real-time feedback gives a

specific cue – we also connect to the literature on heuristic thinking (e.g., Lacetera

et al., 2012; List et al., 2023).

The paper proceeds as follows: In section 2, we describe the experimental design

and our study sample. In section 3, we present the behavioral impact of the inter-

ventions and explore the mechanisms underlying treatment differences, specifically

focusing on the role of social comparison reports in motivating behavioral change and

the role of real-time feedback in facilitating behavioral change. We then present par-

ticipants’ willingness to pay for receiving the interventions, and our analysis of the

welfare effects of each of the interventions. Section 4 concludes.

2 The field experiment

2.1 Technical equipment

We provided all study participants with a smart shower head, a WiFi gateway,

and installation instructions. Details on the functioning and installation of the shower

head are included in Appendix A5. The shower head and WiFi gateway, connected to

the participants’ WiFi network, formed a data infrastructure that allowed the shower

head to continuously send data on the water use in liters, date, time, and temperature

of every shower to the researchers. The participants did not have access to this data

during the study.

2.2 Sample

Participants were recruited in collaboration with the German survey institute forsa,

which maintains a sample of panelists that is representative of German-speaking inter-

net users aged 14 and above. In late August 2020, forsa sent out an invitation e-mail to

9,376 panelists, living in the Rhine-Ruhr-Area, Germany’s largest metropolitan area.8

8This area was chosen because two of the research institutions involved in the research project, RWI
– Leibniz Institute for Economic Research in Essen and the University of Bonn, are located in this region,
thus enabling potential technical support at the premises of the participating households.
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The invitation email conveyed some general information about the environmental

impact of showering, information on the compensation for participation,9 and infor-

mation about the tasks as a study participant, which included installing the shower

head and data infrastructure and completing several surveys throughout the study.

The study was presented to the participants under the name “Project Sustainable

Showering”. Those who were interested in participating were referred in the email

to a project website where more detailed information was provided and where they

had the opportunity to register for study participation. The invitation email and the

project homepage neither explained that a randomized experiment was to be con-

ducted, nor which interventions were planned. Registration took place via an online

form on the project homepage in which we queried contact details, consent to data

processing within the study, and initial information on household size and techni-

cal circumstances to ensure that participants met the requirements to take part in the

study. The content of the invitation email is depicted in Appendix A2, and the content

of the project website is presented in Appendix A3.

1,100 of the invited persons registered for the study, representing 11.7% of those

originally invited. We selected the final study participants among the eligible regis-

trations10 targeting smaller households with fewer showers in the home because we

consider it more likely for these households that the information provided to the par-

ticipants in the course of the experiment would reach all shower users. Since we tar-

geted a total sample size of around 600 households and expected some attrition during

the study, we confirmed the participation of a total of 685 participants and sent them

an invitation for the baseline survey in October 2020. 647 participants filled out the

baseline survey within the given time frame. Those who did not fill out the survey

after a reminder email were not considered for study participation anymore. From the

9Participants were compensated for study participation in two ways. First, they were allowed to
keep the smart shower head after the study period and could then control it independently using an
app. Secondly, the participants received a monetary amount of 35 EUR, which was paid out to them at
the end of the study in the form of a voucher of their choice.

10We had to delete 25 registrations because they were either obvious duplicates or the participants
provided an address outside the Rhine-Ruhr-Area. Further, 203 registered persons did not meet the
technical requirements needed for successful installation of the shower head and the data infrastructure.
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outset, we divided the participants into two study waves. The first study wave began

immediately, while the second wave began in January 2021. The division into the two

study waves was made to logistically simplify the roll-out of the smart shower heads.

This division allowed for regional clustering of the respective waves, which in turn

minimized travel time for on-site technical support. Apart from the difference in tim-

ing, the research design was identical for both study waves. The final study sample

consists of 574 households.11

Table 1: Socio-economic summary statistics

Variable Explanation Mean Std. Dev. N

Age Age of respondent 53.85 13.31 567
Female Dummy: 1 if respondent is a woman 0.39 – 572
Household size Number of persons living in the household 1.75 0.59 574
Children Dummy: 1 if children live in the household 0.07 – 574
College degree Dummy: 1 if respondent has a university degree 0.49 – 565
Number of showers Number of showers installed in the household 1.25 0.52 574
Income Monthly net household income in EUR 3489.93 1445.03 541

Note: This table shows summary statistics for the final sample of study participants, i.e., participants
who filled out the baseline survey and successfully installed the shower head infrastructure. The num-
ber of observations per variable varies, because participants had the option of not answering some of
the questions. Since our main specification relies on fixed-effects models that do not require informa-
tion on individual time-constant covariates, the lack of information on socioeconomic characteristics of
some participants does not limit the size of our estimation sample. Household income was determined
using an interval scale and converted into a continuous income measure for the empirical analysis, in
which a participant’s income was set to the value of the midpoint of the selected income interval.

Table 1 provides summary statistics on the study sample. As a result of our selec-

tion process, the average household size is smaller than that of the German population

(1.75 compared to 2.0; BiB, 2023b) as is the share of households with children (7% com-

pared to 29%; Destatis, 2022). Correspondingly, the monthly net household income is

slightly lower than in the population (3,490 EUR compared to 3,612 EUR; Destatis,

2021). The study sample furthermore consists of slightly older participants (54 years

compared to 51 years; own calculation of the average age of the German adult popu-

lation based on BiB, 2023a), a higher share of participants with a college degree (49%

compared to 19%; Destatis, 2022) and a lower share of female participants (39% fe-

males compared to 51%; Destatis, 2022).
11The remaining 73 households either dropped out after the baseline survey or were unable to install

the smart shower heads or the data infrastructure.
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2.3 Experimental design

Our experiment consists of three phases illustrated in Figure 1: A baseline phase,

an exogenous treatment phase, and an endogenous treatment phase.12 In the base-

line phase, i.e., the first four weeks of the experiment, we tracked showering behavior

without introducing any behavioral intervention. The baseline phase was followed

by the exogenous treatment phase, i.e., four weeks in which the behavioral interven-

tions were exogenously assigned to the participants. In the following four weeks, the

endogenous treatment phase, we reassigned the experimental groups based on partic-

ipants’ willingness to pay (WTP) to receive the interventions. The primary purpose

of this endogenous treatment phase was to make the WTP inquiry consequential and

thus incentive-compatible (Carson and Groves, 2007).13 Furthermore, it allows us to

observe the conservation effects in a setting in which participants receive the interven-

tions based on their WTP. The experimental design was pre-registered with the AEA

RCT Registry as trial AEARCTR-0006747 (Andor et al., 2020b) and IRB approval was

obtained from the GfeW (Certificate No. nQ9jc48B).

2.3.1 Experimental groups

For the exogenous treatment phase, we split the sample into five equally-sized

experimental groups. We allocated the experimental groups randomly, with stratifica-

tion ensuring that they did not significantly differ from each other concerning baseline

water use per shower, age, household size, number of showers installed in the house-

hold, environmental attitudes, perceived social norms regarding energy use, and edu-

cation. The five experimental groups are characterized as follows:

Super-control group: This group received no behavioral intervention throughout

the study and served two purposes: First, it provided data on showering behavior

over time in the absence of any intervention and second, this group was used to form

12Baseline phase of wave 1 (wave 2): From October 15, 2020 to November 20, 2020 (from January
1, 2021 to March 11, 2021). Exogenous treatment phase of wave 1 (wave 2): From November 21, 2020
to December 21, 2020 (from March 12, 2021 to April 14, 2021). Endogenous treatment phase of wave 1
(wave 2): From December 22, 2020 to January 21, 2021 (from April 15, 2022 to May 14, 2021).

13Details on the treatment assignment mechanism in the endogenous treatment phase are provided
in Appendix A1.1.3.
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Figure 1: Overview of the experimental design

Note: This figure shows the experimental design. Participant treatment during the exogenous phase de-
pended on treatment group assignment. Participant treatment during the endogenous phase depended
on WTP indicated during the two elicitations (before and after the exogenous phase) and a random
draw.

reference groups needed for the behavioral interventions: Each participant who was

not in the super-control group was randomly assigned to a reference group consist-

ing of nine members of the super-control group. Participants who received the social

comparison reports were compared to their reference group in the comparison reports.

Similarly, the thresholds in the real-time feedback intervention were based on the be-

havior of the reference group. Because the super-control group was not eligible for

an intervention in either phase of the study, the WTP inquiries filled out by these

households were purely hypothetical. Yet, to ensure that these participants stayed at

a similar attention level regarding their study participation as the other participants,

they received weekly emails (”newsletters”) with general information about shower-

ing and its energy intensity throughout the study; as did all other study participants.

The upper panel of the exemplary newsletter in Appendix A4 contains one example

11



of the general information texts.

Control group: Like the super control-group, this group received weekly newslet-

ters but no intervention in the exogenous treatment phase. Yet, this group was eligible

for receiving an intervention in the endogenous treatment phase, making this group’s

WTP inquiry binding and thus incentive compatible.

Social comparison (SC) group: Participants assigned to this group received a so-

cial comparison section in their weekly newsletters in addition to the general informa-

tion section. In this social comparison section, the average water use per shower (and

corresponding CO2 emissions, given the average water temperature) was reported and

compared to the average of the participant’s reference group constituting of untreated

households from the super-control group. Furthermore, weekly averages of the water

use per shower of both the participant household and its reference group were plotted

in a time diagram. In addition, participants were shown how their water consumption

per shower ranks compared to the nine reference households, i.e., they were assigned

a rank between one (lowest use) and ten (highest use). For each rank, an additional

emoticon was displayed: A smiling face for comparatively low consumption, a neutral

face for medium consumption, and a frowning face for high consumption. To ensure

that enough data was available to calculate the social comparison, the information

was updated every two weeks, so that the second newsletter repeated the informa-

tion of the first newsletter, the fourth newsletter repeated the information of the third

newsletter, and so on. The middle panel of the exemplary newsletter in Appendix A4

is an example of the social comparison information.

Real-time feedback (RTF) group: For participants assigned to this intervention,

the real-time feedback function was activated in participants’ shower heads. The LEDs

built into the shower head signaled the water consumption of the shower in real time.

Shower heads were configured to light up green for the first 15 liters of a shower.

Thereafter they turned blue, purple, red and eventually started to flash in the red color.

The thresholds at which the colors changed were determined by the behavior of the

participant’s untreated reference group. In detail, the shower head would start to flash
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red once the reference group’s average water use per shower over the past two weeks

was exceeded. The thresholds of the remaining colors were allocated in regular inter-

vals between 15 liters and the average water use per shower of the reference group.

For these participants, a RTF section was added to the weekly newsletter. This section

contained information on the water consumption corresponding to each of the color

thresholds, but participants were not informed about the origin of the color thresh-

olds. For each threshold in liters, the corresponding average CO2 emissions caused

by heating the water to the usual water temperature of the household were also de-

tailed. To ensure that enough data was available to reliably construct the thresholds,

the thresholds were updated every second week, as they were for the SC group so that

the newsletter in between was a repetition of the newsletter of the week before. The

lower panel of the exemplary newsletter in Appendix A4 is an example of how the

real-time feedback functionality was communicated.

BOTH group: For participants assigned to this intervention, the SC section was

added to the weekly newsletters, and the RTF function in the smart shower heads was

activated. Participants thus received both the interventions of the SC group and the

RTF group. The weekly newsletters of this group thus contained a SC section as well

as a RTF section, and the full newsletter in Appendix A4 is a representative newsletter

of a participant that received the BOTH intervention. Having the information from

both interventions, the participants in this group were able to infer that their shower

thresholds depended on their reference group’s average water use per shower.

2.3.2 Elicitation of willingness to pay for the interventions

Towards the end of the baseline phase and the end of the exogenous treatment

phase, participants filled out a willingness to pay (WTP) inquiry, in which they indi-

cated how much they are willing to pay to receive each of the interventions (SC, RTF,

and BOTH) in the endogenous treatment phase.

The WTP inquiry was conducted in the form of a survey which consisted of several

multiple price lists (MPL), with one MPL for each of the three interventions. In each

MPL, the participants were asked to decide if they preferred to receive four weeks of

13



Figure 2: Illustration of the multiple price list for SC

Note: This figure is abridged - left side options continue with 15 e, 16 e, 17 e, 18 e, 19 e, 20 e, 25 e, 30
e. Multiple price lists for RTF and BOTH were identical apart from the left-hand-side illustrations.

the intervention in question plus a varying monetary amount or whether they pre-

ferred to forego the intervention and receive an amount of 15 EUR. An example of

an MPL eliciting WTP for the social comparison reports is provided in Figure 2. The

participants had to fill out an MPL for each treatment twice, once before and once to-

wards the end of the exogenous treatment phase, totaling six MPLs. Except for the

super-control group, these inquiries were binding in that one of the decisions made,

i.e., the decision of a randomly drawn row (of 15) in one randomly selected MPL (out

of six), was actually implemented in the endogenous treatment phase. So the partici-

pant would, depending on her decision, receive the treatment and the corresponding

monetary amount or the fixed amount of 15 EUR.

3 Results

3.1 Data

As a first step, we present the shower data from the baseline phase in Table 2.14 For

the baseline phase as well as the exogenous treatment phase, we pool the super-control

group and the control group to maximize power and refer to this pooled group as the
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“(super-)control group”. We see a slight difference in baseline water use and base-

line shower temperature in the (super-)control group compared to the three treatment

groups. This difference is only statistically significant in one case (water temperature

of the SC group) and will not affect our regression results, since we include household

fixed effects in all regression specifications.

Table 2: Shower statistics in the baseline phase by experimental group

(Super-)
Variable Unit control SC RTF BOTH

Baseline water use Liters per shower 34.07 32.16 31.89 32.31
(0.84) (0.94) (0.76)

Baseline shower °C 38.12 37.17 36.88 37.81
water temperature (2.43) (1.33) (0.73)
Baseline water flow Liters per Minute 9.18 9.21 9.05 8.87

(0.13) (0.54) (1.21)
Baseline Shower Number of showers per day 0.96 1.12 1.08 0.99
frequency (1.13) (1.31) (0.38)

No. of households 236 110 109 109
No. of observations 8,416 4,207 4,360 4,056

Note: This table shows baseline averages. The test statistics in parentheses are t-values for compari-
son to the (super-)control group obtained from OLS regressions with either baseline water use, water
temperature, water flow, or shower frequency as the outcome variable and group membership as the
explanatory variable with standard errors clustered at the household level and controlling for time fixed
effects (not in the case of shower frequency as this is a cross-sectional variable). 10 households in the
(super-)control group were only able to properly connect their shower heads after the baseline phase,
so they are excluded from these statistics and all analyses in this section.

3.2 Impact of the interventions on behavior

Figure 3 depicts the daily average water use per shower in the different treatment

groups in the baseline phase and in the exogenous treatment phase.15 During the

first four weeks, average water use per shower is not distinguishable between the

(super-)control group and the treatment groups. The start of the treatment phase, as

14We cleaned the raw shower data, in that we remove showers with water consumption above 200
liters or below 5 liters. This is necessary so that water withdrawals that are very likely not showers
do not add additional noise to the results. A similar approach is taken by Fang et al. (2021). It should
also be noted that showers taken while the WiFi gateway was not connected to the Internet were, for
technical reasons, recorded with the time stamp of the next successful data transmission from the WiFi
gateway and not the actual time stamp of the shower. This is the case for 17.2% of showers taken
throughout the entire study period. To correct this, we redefine the time stamps of such offline showers
and allocate them evenly over the period between the last and the next successful data transmission.

15This graph pools data from the two study waves, such that the onset of the treatment phase was
on November 20, 2020 for the first study wave and on March 11, 2021 for the second study wave.
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indicated by the blue vertical line in Figure 3 leads to a sharp and immediate drop in

water use per shower for all groups that received treatment, while the behavior of the

control group does not change systematically. Moreover, visual inspection suggests

that RTF and BOTH lead to stronger reductions in water use per shower than SC.

Figure 3: Exogenous treatment phase - average water use per shower by day and
treatment group

Note: This figure compares average water use per shower between treatment groups during the ex-
ogenous treatment phase, shown on the left vertical axis. The right vertical axis translates water con-
sumption into energy consumption required to heat the water, given a water temperature of 38 °C (the
average water temperature in our sample).

In a next step, we estimate the treatment effects using a difference in differences

regression model of the following form:

yjit = αi + β1SCit + β2RTFit + β3BOTHit + τt + ϵjit, (1)

where yjit represents the outcome variable, i.e., water used during shower j by house-

hold i on day t. αi represents household-specific fixed-effects. SCit, RTFit and BOTHit

are indicators of household i receiving the respective treatment at time t. τt represents

day-specific fixed effects and ϵjit is the error term that is clustered at the household

level.

The estimates of the average treatment effects in the exogenous treatment phase
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are depicted in Table 3. The SC treatment reduced water use per shower by 3.19 liters,

the RTF treatment by 9.79 liters, and the BOTH treatment by 11.91 liters. Relative to

the average water use of the (super-)control group in the exogenous treatment phase,

which is 34.1 liters, these effects correspond to a 9.4%, 28.8%, and 35.0% reduction

in water use per shower. All effects are statistically significant at the 1% level. The

effect of SC is significantly smaller than the effects of RTF and BOTH (p-values of

the differences: <0.00) and the effect of BOTH is somewhat larger than that of RTF

(p-value of the difference: 0.13). The robustness checks presented in Appendix A1.1.1

indicate that the estimates of the effects remain largely unchanged if household or time

fixed effects are excluded from the regression model. In addition, the interventions

have only a negligible effect on shower temperature and shower frequency.

Table 3: Average treatment effects on water use per shower in the exogenous phase

(I) (II)
Relative to

Volume (Liters) control group

SC -3.19*** -9.4%
(0.66)

RTF -9.79*** -28.8%
(0.88)

BOTH -11.91*** -35.0%
(1.22)

(super-)control group average 34

No. of households 564
No. of observations 38,453

Note: OLS estimates with household and time fixed effects included. Standard errors are clustered at
the household level. ***, ** and * denote statistical significance at the 1%, 5% and 10% level, respectively.
The (super-)control group average corresponds to the average water use per shower of the control
and super-control group in the exogenous treatment phase. Column (II) contains manual calculations
obtained by dividing the treatment effects in column (I) by the (super-)control group average. These
percentages are indistinguishable from those obtained when the dependent variable is divided by the
average of the (super-)control group before performing the regression analysis.

The effect of 28.8% that we find for RTF is slightly larger than that found in Tiefen-

beck et al. (2018), who estimate that RTF reduces water use per shower by 22%. The

9.4% reduction in water use per shower caused by the SC intervention is substantially

larger than that reported by Allcott (2011), who finds that SC reports decrease aggre-

gate household electricity use by 2%. One reason for this difference could be that our
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SC reports are appliance-specific and thus could make behavioral adjustments easier.

Previous studies (e.g., Allcott, 2011; Tiefenbeck et al., 2018; Andor et al., 2020a) have

shown that the effectiveness of behavioral interventions on resource conservation in

absolute terms increases in baseline resource use. For example, this may be because

there is a higher potential for savings when initial resource use is high. We find a

similar pattern with our sample. As shown in Figure 4, this pattern is particularly

pronounced for RTF and BOTH, where the treatment effects increase from below 5

liters per shower in the second decile of baseline water use to around 15 liters in the

10th decile. By contrast, the effect of SC is close to zero in the first six deciles of baseline

water use and increases to about 5 liters thereafter.

Figure 4: Treatment effect by baseline deciles

Note: The markers visualize effect sizes by baseline use decile, with tails indicating 95% confidence
intervals.

3.2.1 Including the endogenous treatment phase

Next, we include data from the endogenous treatment phase. This analysis is in-

sightful from several angles: First, we can investigate the treatment effects when the

interventions are allocated based on individual preferences for receiving them. This

is an important use case as such interventions, as long as they are not mandated by
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the government, will be rolled out on an opt-in basis. To avoid incorrectly attributing

potential long-run effects of the interventions from the exogenous treatment phase to

the endogenous treatment phase, we control for the interventions received in the ex-

ogenous treatment phase in the regression. The results of this analysis, presented in

column (I) of Table 4, reveal that treatment effects are slightly lower in the endogenous

treatment phase compared to the results from the exogenous treatment phase, which

represent estimates of the average treatment effects (ATE) in absence of self-selection

into treatment. Specifically, we find that in the endogenous treatment phase SC re-

duces water consumption per shower by 2.83 liters, RTF by 6.73 liters, and BOTH by

9.07 liters. These effects can still be considered quite large, showing that the interven-

tions can lead to considerable conservation effects even with endogenous allocation.

Table 4: Average treatment effects on water use per shower in both treatment phases

(I) (II) (III)
Pooled exo. &

Only endo. Pooled exo. & endo. phase
phase endo. phase (IV approach)

SC -2.83*** -3.10*** -3.97***
(1.04) (0.54) (0.56)

RTF -6.73*** -8.34*** -9.05***
(1.23) (0.73) (0.78)

BOTH -9.07*** -10.50*** -11.60***
(1.09) (0.74) (0.77)

Controls for treatment in the exo. phase Yes Yes Yes
Instrumental variables No No Yes

No. of households 564 564 564
Observations 37,113 54,527 54,527

Note: OLS/IV estimates with household and time fixed effects included. Standard errors are clustered
at the household level. ***, ** and * denote statistical significance at the 1%, 5% and 10% level, respec-
tively. Standard errors in column III are calculated by bootstrap. In column III, we instrument treatment
receipt in the endogenous treatment phase by the factors governing which of the 90 MPL questions was
chosen for implementation. These are 1) whether the first or second elicitation was chosen for imple-
mentation, 2) which of the three MPL lists was chosen, and 3) which of the 15 questions on the MPL
was chosen.

As an additional step, we pool the data from the exogenous and endogenous treat-

ment phases. This maximizes the size of our estimation sample. These results are

depicted in column (II) of Table 4. The estimated coefficients are, as expected in be-

tween the coefficients from the endogenous phase presented in column (I) and those
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from the exogenous phase presented in Table 3. The standard errors of the estimated

coefficients decrease substantially due to the larger sample. As a result, the effects of

all three interventions are now significantly different from each other on the 5%-level,

substantiating that SC has a complementary effect to RTF, as the joint provision of SC

and RTF in the BOTH group leads to a significant increase in the effect compared to

the RTF group.

In column (III) of Table 4, we correct for the endogeneity of treatment assignment

in the endogenous phase by using an instrumental variables (IV) approach.16 We find

that the treatment effects increase slightly compared to the ones from the pooled model

in column (II) and are similar to the ones from the exogenous phase in Table 3.

3.2.2 Exploring the mechanisms underlying treatment differences

Having established that RTF induces greater behavior change than SC and that the

effect of RTF is enhanced when combined with SC, it is natural to explore how we can

explain these differences in effectiveness in terms of the mechanisms through which

the different interventions may operate.

Regarding the mechanisms that SC could operate through, we adopt the intuition

by Allcott (2011) who argues that SC could work because “if households are uncertain

about some part of their production function, the social comparisons may facilitate

social learning about their privately-optimal level of energy use” (p. 1084). In our

case this means that households may not have thought about how much water they

would need to use to have a satisfactory shower experience, but begin to optimize

when they learn that others use much less. Second, he argues that “the treatment

may directly affect the ‘moral cost’ of energy use” (p. 1084), i.e., in our case, excessive

water use while showering becomes associated with (increased) moral costs once a

household receives SC reports. Both mechanisms boil down to the idea that the SC

reports increase the motivation and thus the intention to conserve water and energy

while showering.

However, it is well known that people tend to exhibit an “intention-behavior gap”,

16For details on this approach see Appendix A1.1.3.
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meaning that the right intentions are not always followed by changes in behavior that

are in line with those intentions. Two of the key problems that drive the intention-

behavior gap, as summarized by Sheeran and Webb (2016, p. 507), are “fail to get

started”, e.g., not remembering or ignoring the intention to conserve when getting

into the shower, and “fail to keep goal pursuit on track”, e.g., failing to put the inten-

tion to take shorter showers into practice while enjoying a pleasant shower, or simply

not knowing when to stop showering in order to achieve the personal conservation

goals.17 Combining the SC reports with the RTF intervention has the potential to over-

come both of these challenges, thus bridging the intention-behavior gap: Because the

light signals are directly emitted by the shower heads and could not be turned off dur-

ing the study, they reminded participants of their conservation intentions each time

they began to shower, and the color changes reminded them continuously while they

were showering, making it unlikely to be distracted from those intentions.

Even if participants were able to fully bridge the intention-behavior gap with-

out RTF, they would still have difficulties achieving their conservation goals because

the exact amount of water and energy they use while showering would remain a

“shrouded attribute” (Gabaix and Laibson, 2006). This is because the standard devia-

tion of water flow (liters per minute) within a household is quite high in our sample,

being 0.70 at the median.18 Thus, even participants with perfect self-control and the

use of heuristics such as using a stopwatch to monitor shower time would not be able

to accurately control their water use per shower. For example, a person who uses an

average of 35 liters of water per shower, which takes about 3.5 minutes at 10 liters

per minute, would normally be about 2.5 liters off if she sets a stopwatch to 3.5 min-

utes while showering. RTF addresses this problem by providing information on the

amount of water used while showering, which should allow the person showering to

directly relate shower duration to the amount of water and energy used, thus facilitat-

17Note that we use the term “conservation goal” here to describe whatever abstract goal the par-
ticipants have in their mind when they start changing their behavior. This is not to be confused with
experimentally induced goal setting as for example investigated in Goette et al. (2021a).

18This variation cannot be explained by different people using a shower, as the median standard
deviation is still 0.64 even for one-person households.
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ing the precise pursuit of her conservation goals. This reasoning is in line with Jessoe

and Rapson’s (2014) finding that high-frequency electricity consumption information

allows households to better understand electricity use quantities and thereby to more

accurately respond to price signals.

Table 5: Average treatment effect on the standard deviation of water use per shower
within households

(I) (II)
Relative to

Volume (Liters) control group

SC -2.23*** -13.1%
(0.68)

RTF -4.29*** -25.2%
(0.71)

BOTH -5.83*** -34.3%
(0.74)

(super-)control group average 17

No. of households 564
No. of observations 1,127

Note: OLS estimates with household fixed effects included. Standard errors are clustered at the house-
hold level. ***, ** and * denote statistical significance at the 1%, 5% and 10% level, respectively. The
(super-)control group average corresponds to the standard deviation of water use per shower of the
control and super-control group in the exogenous treatment phase. Column (II) contains manual calcu-
lations obtained by dividing the treatment effects in column (I) by the (super-)control group average.

Table 5 shows the effect of the interventions on variation in water use per shower,

comparing within-household variation in water use in the pre-intervention period

with within-household variation in the intervention period. Treatment effects are sig-

nificantly stronger for RTF and BOTH compared to SC. While all three interventions

reduce this variation, RTF and BOTH reduce it more than twice as much as SC. This

suggests that RTF makes it significantly easier for participants to achieve a certain tar-

get behavior in terms of water use per shower than SC alone.

Similarly, we show the treatment effects on the proportion of showers ended within

a given color threshold in Table 6. These results show that, on average, participants

who received SC decreased the proportion of showers that ended while the shower

head was flashing red by 8 percentage points and, in turn, increased the proportion

of showers that ended while the shower head was still green by 4 percentage points.

In contrast, participants that received RTF (BOTH) decreased their share of showers
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Table 6: Average treatment effect on the proportion of showers ended within a certain
color threshold

(I) (II) (III) (IV) (V)
Effect on the proportion of showers
ended while the shower head was...

...flashing
...green ...blue ...purple ...red red

SC 0.04* 0.03 -0.02 0.03* -0.08***
(0.02) (0.02) (0.02) (0.02) (0.02)

RTF 0.12*** 0.05** 0.02 -0.00 -0.18***
(0.02) (0.02) (0.02) (0.02) (0.03)

BOTH 0.22*** 0.05* -0.03 0.01 -0.25***
(0.03) (0.03) (0.02) (0.02) (0.03)

Control group average 0.26 0.11 0.15 0.12 0.35

No. of households 446
No. of observations 882

Note: OLS estimates with household fixed effects included. Standard errors are clustered at the house-
hold level. ***, ** and * denote statistical significance at the 1%, 5% and 10% level, respectively. The
dependent variable is the share of showers per shower head ended within a given color threshold. We
calculated the hypothetical color thresholds in the baseline phase as we did in the treatment phases,
that is, we based them on the baseline average water consumption per shower of a participant’s ref-
erence group, which consisted of participants from the super-control group. Therefore, participants in
the super-control group are not included in these analyses because there are no valid hypothetical color
thresholds available for them. See Table A3 in the Appendix for an overview of the individual transi-
tions between color thresholds.

ended while the shower head was flashing red to a much larger extent, i.e., 18 (25) per-

centage points. In turn, they increased the share of showers ended while the shower

head was still green by 12 (22) percentage points and the share of showers ended while

the shower head was blue by 5 (5) percentage points. Again, these results suggest that

RTF allowed participants to condition their behavior much more closely on actual wa-

ter use during showering than participants in the SC group were able to do.

3.3 Impact of the interventions on willingness to pay

As a further step, we analyze the WTP data, which we expect to subsume the utility

loss and the perceived monetary savings due to shorter showers as well as any psy-

chological costs and benefits caused by the interventions. Our study is unique in that

we elicit participants’ WTP both before and after utilizing the interventions. By doing

so, we gather information on the anticipated utility of the interventions for the partic-

ipants, or in other words, how much they are willing to pay in the hopes of gaining
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from the interventions. By comparing the WTP data collected before and after the par-

ticipants have used the interventions for a month, we can ascertain if the participants’

perception of the interventions has shifted.

Since WTP was collected with an MPL that provides interval-censored data, we

take a conservative approach and set the WTP values to the respective lower limit

of the respective interval, providing lower-bound values of WTP. Thus, those who

always opt for the intervention in an MPL would receive a WTP value of 15, those

who indicated WTP between 10 and 15 EUR received a WTP value of 10, and so forth.

Since the lower end of the MLP is an open interval limit for those who always chose

the voucher without an intervention, we set the WTP to -20 in this case.

Table 7 depicts the average WTP values and the shares of participants with nega-

tive WTP for the full sample (panels I and II) as well as separately for the respective

treatment groups (panels III and IV) and for the control group (panels V and IV). For

each panel, the first column depicts WTP elicited in the baseline phase and the second

column depicts WTP elicited in the exogenous treatment phase. From panel I, we find

that WTP for SC is significantly lower than that for RTF (10%-level) and BOTH (1%-

level), but all average WTP figures are at around 10 EUR. In addition, we find that

WTP is slightly lower in the exogenous treatment phase than in the baseline phase in

all panels. However, as indicated by the small and non-significant regression results

in panel VII, this decrease does not appear to be due to treatment experience.

Focusing on the proportion of participants who indicated a negative WTP for the

interventions (panels II, IV, VI, and VIII), i.e., participants who were willing to forgo

money to avoid receiving the interventions, we find that these shares vary between

3.4% and 9.2%, with hardly any systematic differences between the interventions.
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An important aspect of the WTP is what the participants think they can save finan-

cially through the interventions. In the next step, we therefore leverage a survey ques-

tion about the perceived monetary savings that we elicited at the end of the exogenous

treatment period.19 On average, participants in the SC group reported perceived sav-

ings of 4.12 EUR in the exogenous treatment month. Average perceived savings in the

RTF group were 5.48 EUR and perceived savings in the BOTH group were 6.23 EUR.

Using the average number of 31 showers per household in the exogenous treatment

phase, the treatment effects in liters per shower from Table 3, and an estimated cost

of about 1 Eurocent per liter of warm shower water, we estimate the actual monetary

savings for one month of treatment to be around 1 EUR for SC, 3 EUR for RTF, and 3.7

EUR for BOTH. This indicates that participants tended to overestimate the monetary

savings from the interventions.

Table 8: Comparison of willingness to pay with perceived savings for those experi-
encing treatment

Post-treat- Net non- Share negative net
Treat. (N) ment WTP Perceived savings monetary value non-monetary value

SC (89) 8.59 [7.21 – 9.97] 4.12 [2.73 – 5.52] 4.34 [2.24 – 6.43] 28.1% [18.6% – 37.6%]
RTF (92) 9.13 [7.54 – 10.72] 5.48 [3.90 – 7.05] 3.59 [1.35 – 5.83] 25.0% [16.0% – 34.0%]
BOTH (93) 9.67 [8.34 – 11.01] 6.23 [4.85 – 7.61] 3.38 [1.60 – 5.17] 26.9% [17.7% – 36.1%]

Note: In contrast to Table 7, only participants who answered the survey question eliciting the perceived
savings are included in this table.

In Table 8, we contrast the perceived savings with WTP stated in the second WTP

elicitation by those who experience the respective treatment. Subtracting the perceived

savings from WTP provides us with an estimate of the net non-monetary value of the

interventions (third column of Table 8). While this net non-monetary value is signifi-

cantly positive on average, the share of participants with negative net non-monetary

value is between 25% and 28% (fourth column), with no significant difference between

the interventions.

19The question read: “Do you think INTERVENTION has helped you reduce your electric and water
bills?” and if yes “Please estimate: “By how many euros did your energy and water costs decrease
last month thanks to the INTERVENTION?”; where INTERVENTION was the specific intervention
experienced by the respondent during the exogenous treatment phase.
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3.4 Impact of the interventions on welfare

To estimate the effect of the interventions on welfare, we need to consider not only

the change in consumer surplus but also the changes in externalities and the imple-

mentation costs of the interventions. In doing so, we lean on the approach by Allcott

and Kessler (2019) and calculate the change in welfare ∆W as follows:

∆Wj = ∆Vj − ϕR × ∆Rj − (MCF − MUj)× cj, (2)

where ∆Vj is the experienced change in consumer surplus, which we measure as WTP

elicited after treatment experience of intervention j.20 ∆Rj is the change in resource

use while showering, i.e., the treatment effect of intervention j. ϕR is the external

effect associated with one unit of resource use and cj is the cost associated with the

intervention. Assuming that these costs are borne by the government, we multiply

the cost of the intervention with the marginal costs of public funds (MCF). Since the

revenues of the firms providing the interventions do not represent a welfare loss, the

unit cost of the interventions must be reduced by the per-unit markup (MUj) on the

retail price of the interventions.

We use three scenarios to parameterize the welfare equation. The first one rep-

resents the “base scenario”, which relates directly to the average results of our ex-

periment, the second one represents a “conservative” scenario, and the third is an

“opt-in” scenario, in which we assume that only those receive the interventions who

have a positive WTP for the interventions and who are therefore likely to opt-in for an

intervention even in a completely voluntary setting.

For the base scenario, the values for ∆Vj are provided in Table 7 (WTP elicited in

the exogenous treatment phase). With regard to the external effects, we focus on the

effects of carbon emissions associated with the energy use required to heat water for

showering. Based on the average shower temperature of 38 °C and averages for the

20Consumer surplus is defined as the difference between maximum WTP and the price paid. We
assume in our welfare analysis that the interventions are tax-funded and therefore consumers do not
bear a direct cost, which is why we consider WTP to be an appropriate measure of consumer surplus.
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type of energy used for water heating in Germany, we assume that one liter of water

use is associated with 15 grams of CO2 (see Appendix A6 for details). To arrive at a

monetary value, we multiply this with the social cost of carbon estimated in Rennert

et al. (2022) amounting to 185 Dollars / 160 EUR per ton of CO2.21 ∆Rj is the effect of

the respective intervention in liters per shower taken from Table 3 and multiplied by

31, which is the average number of showers taken in the exogenous treatment month.

The costs associated with the intervention are not easily quantified. To approximate

these costs, we assume the retail costs of the smart shower heads of 80 EUR and a

lifetime per shower head of 5 years. Thus, we assume costs per month of 80/(5 ×

12) = 1.33 EUR. Operational costs are abstracted from, as they are expected to be low

on a large scale since the interventions can be fully automated. For the marginal costs

of public funds (MCF), we assume the factor of 1.85 found by Kleven and Kreiner

(2006).22 We assume a 35% per-unit markup on the retail price, which is the value that

De Loecker and Eeckhout (2018) estimate as the average markup for Germany in 2016.

The results of the welfare change due to the interventions (∆W) in the base scenario

are depicted in the upper panel of Table 9 and indicate that the average welfare effect

of SC is 6.83 EUR per month, the effect of RTF is 7.86 EUR per month and the effect of

BOTH is largest at 8.56 EUR per month. This means that all three interventions lead

to substantial welfare gains.

For the conservative scenario, we assume that markups (MUj) are either zero or do

not contribute to welfare. In addition, we reduce our emission factor for one liter of hot

water consumption by 16%, which is the share of energy used to heat water in private

households that comes from renewable energy or district heating (BMWi, 2020) and

that thus is associated with low or zero carbon emissions.23 Recognizing that our sam-

ple of volunteers may be particularly motivated to conserve resources and to receive

21Assuming the long-term average exchange rate of Dollars to Euros over the past 10 years, which is
0.8627 (ECB, 2023). This calculation results in external costs of 0.0024 EUR / liter.

22Kleven and Kreiner (2006) estimate the MCF based on several labor supply elasticity scenarios. We
use the result of Scenario 6, which they denote as the “natural baseline scenario”.

23While district heating does in principle entail carbon emissions, there may be cases where it is fed
entirely by industrial waste heat, so that the use of this waste heat does not result in further emissions,
which is what we assume in the conservative scenario. This calculation results in external costs of 0.002
EUR / liter.
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Table 9: Welfare effects per month of intervention

Base scenario

∆V ϕR × ∆R (MCF − MU)× c ∆W MVPF
SC 8.59 −0.24 2.00 6.83 EUR 6.62
RTF 9.13 −0.73 2.00 7.86 EUR 7.39
BOTH 9.67 −0.89 2.00 8.56 EUR 7.92

Conservative scenario

SC 2.42 −0.08 2.47 0.03 EUR 1.87
RTF 2.57 −0.24 2.47 0.35 EUR 2.11
BOTH 2.72 −0.30 2.47 0.55 EUR 2.27

Opt-in scenario

SC 12.01 −0.26 2.00 10.27 EUR 9.20
RTF 12.21 −0.73 2.00 10.94 EUR 9.70
BOTH 11.89 −0.87 2.00 10.76 EUR 9.57

Note: Welfare changes and MVPF are calculated as follows: ∆W = ∆V − ϕR × ∆R − (MCF − MU)× c,
MVPF = ∆V−ϕR×∆R

c .

the interventions, we scale our WTP values and treatment effects down. To this end,

we compare our average WTP estimate for the SC intervention, which is 8.59 EUR, to

the average WTP in Allcott and Kessler (2019), which to our knowledge is the only

other study that has elicited WTP for a social comparison intervention. They find that

the average WTP for receiving four home energy reports on residential natural gas

consumption is 2.81 Dollars, or 2.42 EUR,24 which is 72% lower than the WTP for the

SC intervention in our study. Since there are no comparable WTP estimates available

for the RTF and BOTH interventions, we reduce all of our WTP values in the conser-

vative scenario by 72%. To scale down the treatment effects, we draw on the results

by Tiefenbeck et al. (2019), who conducted a study on the effectiveness of RTF while

showering among hotel guests, i.e., in a population without volunteer selection bias.

They find a conservation effect of RTF of 11.4%. Given the control group’s water use

of 34.1 liters during the exogenous treatment period, an 11.4% reduction would corre-

spond to water savings of 3.89 liters per shower, which is 60.3% less than the effect we

found in the exogenous treatment phase (Table 3). In our conservative scenario, we

thus assume 3.89 liters as the treatment effect of RTF and also reduce the effects of the

24Assuming the long-term average exchange rate of Dollars to Euros over the past 10 years, which is
0.8627 (ECB, 2023).
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other interventions by 60.3%, resulting in a SC effect of 1.27 liters and a BOTH effect

of 4.73 liters per shower.

The results of the conservative scenario, which we interpret as a lower bound on

the average welfare effects of the interventions, are shown in the middle panel of Table

9 and indicate that all three interventions still yield modest welfare gains ranging from

3 cents (SC) to 55 cents (BOTH) per month even under conservative assumptions.

For the opt-in scenario, we use the same parameters as in the base scenario. How-

ever, we prune the sample so that only individuals with a positive WTP after treatment

experience remain in the sample.25 The results of the opt-in scenario are shown in the

bottom panel of Table 9 and can be interpreted as an upper bound for the welfare ef-

fects. As expected, these are much larger than in the base scenario, ranging from 10.27

(SC) to 10.94 EUR (RTF) per month. However, these welfare effects are not average ef-

fects for the entire sample, but only for those with positive WTP and thus for a smaller

overall group.

In addition to the conventionally calculated welfare effects of the interventions

(∆W), we also report the marginal value of public funds (MVPF) in Table 9. This

statistic, the use of which is encouraged by Hendren and Sprung-Keyser (2020), uses

the same input values as ∆W, but standardizes the welfare gains, or in Hendren and

Sprung-Keyser’s (2020) terms, the societal willingness to pay, by the cost of the policy.

Thus, this statistic provides us with an estimate of the social benefits per unit of public

funds, which has the advantage of allowing a unified analysis of the welfare effects of

different policies and making them directly comparable across domains.

We find that, with the exception of the values in the conservative scenario, all

MVPFs exceed the value of 5. This is for example in the order of magnitude of sev-

eral measures targeting children’s health and education outcomes, which are among

the most welfare-efficient social policy measures analyzed by Hendren and Sprung-

Keyser (2020). Concluding, the MVPF analysis underlines that the interventions in

our experiment promise large welfare gains.

25Table A4 in the Appendix reports the treatment effects for this sub sample, which we use to calcu-
late ∆R in this scenario.
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4 Conclusion

This paper provides evidence comparing popular behavioral economic interven-

tions in terms of resource conservation and welfare impacts. In a field experiment,

we compare two information interventions aimed at reducing energy and water con-

sumption while showering and their combination. One intervention provides social

comparison information motivating consumers to conserve, while the other provides

real-time information while showering, facilitating resource conservation for partic-

ipants. Both interventions are highly effective in reducing resource use, but the fa-

cilitating intervention and the combination of both interventions lead to significantly

greater reductions than the motivating intervention alone. Participants’ revealed will-

ingness to pay for the interventions and our welfare analysis show that both interven-

tion types improve welfare, but that the facilitating and the combined intervention do

so to a greater extent. Thus, our findings from a resource conservation setting suggest

that information that facilitates behavior change is more effective and welfare enhanc-

ing than information that motivates behavior change.

Our results are in line with previous findings highlighting the importance of mak-

ing shrouded attributes salient to consumers (e.g., Gabaix and Laibson, 2006; Chetty

et al., 2009; DellaVigna and Pollet, 2009; Grubb, 2009; Brown et al., 2010; Taubinsky and

Rees-Jones, 2018). Our findings corroborate that in environments such as showering

and energy use in the home, quantity consumed is a shrouded attribute. Making quan-

tities salient to consumers removes barriers to behavioral change, facilitating reactions

to prices (Jessoe and Rapson, 2014) and knowledge about environmental impact (Fang

et al., 2021).

Our findings also showcase the potential for behavioral change in consumption

settings in which fine-grained data can be made available. While information inter-

ventions motivating behavioral change, such as social comparison reports (Allcott and

Mullainathan, 2010; Benartzi et al., 2017), can achieve effects in some settings even in

the absence of fine-grained data, appliance-specific data has the potential to generate
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much larger effects. Increasing technological development and technological diffu-

sion is making low-cost solutions to assessing real-time information more available

than ever before. For example, a large German retailer has recently started selling a

RTF shower head at very affordable prices (Tchibo, 2023). Policymakers should be

aware of these developments and the potential they hold for behavioral interventions

made possible through such technology.

While the application we examine in detail – showering behavior – is in itself an

everyday and energy-intensive behavior and thus important to consider in energy

conservation efforts, there is potential for future research to assess whether the pattern

we observe also holds for other water- and energy-intense behaviors. For example,

future research could compare motivating and facilitating information interventions to

address consumers’ room heating and cooling behaviors. We would expect patterns

to be similar since the energy used for room heating and cooling is – similar to the

energy used for heating water when showering – a shrouded, non-salient attribute

to the consumer. We thus expect a similar energy-saving potential for information

interventions making this attribute salient.

In contrast, the distinction between motivating and facilitating information inter-

ventions might be less pronounced in an environment where salience bias is less of an

issue. This would apply to environments in which consumers are better able to de-

velop heuristics for their consumption or where the consumption itself is more salient

(e.g., taking a plane). Comparing motivating and facilitating information interven-

tions in such applications would be an interesting avenue for future research.

More generally, our findings contribute to the still very limited literature assessing

the welfare effects of (behavioral) interventions by directly eliciting consumers’ will-

ingness to pay for experiencing the interventions (Allcott and Kessler, 2019; Allcott

et al., 2022; Butera et al., 2022). In our setting, the behavioral interventions on average

create a win-win situation: They reduce environmental externalities and simultane-

ously create a psychological benefit to consumers. We also show that the intervention

experience did not change willingness to pay.
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Appendix

A1 Supplementary analyses

A1.1 Further analyses on the impact of the interventions behavior

A1.1.1 Robustness checks

Table A1: Treatment effects robust to different specifications

Volume (Liters)

SC -3.79** -4.66** -3.19***
(1.55) (1.98) (0.66)

RTF -9.91*** -10.79*** -9.79***
(1.26) (1.68) (0.88)

BOTH -12.01*** -12.88*** -11.91***
(1.33) (1.74) (1.22)

Time FE No Yes Yes
Household FE No No Yes

No. of households 564 564 564
No. of observations 38,453 38,453 38,453

Note: Standard errors are clustered at the household level and are reported in parentheses. ***, ** and *
denote statistical significance at the 1%, 5% and 10% level, respectively.

Table A2: Negligible effect on shower temperature and frequency

Shower Showers
temperature per day

SC -0.17 0.05
(0.15) (0.04)

RTF -0.19 -0.03
(0.18) (0.03)

BOTH -0.29* -0.02
(0.15) (0.03)

No. of households 564 564
No. of observations 38,560 32,148

Note: OLS estimates with household and time fixed effects included. For Spec. (2), we construct a data
set including the number of showers per household per day during the baseline phase and exogenous
phase of the study. Standard errors are clustered at the household level and are reported in parentheses.
***, ** and * denote statistical significance at the 1%, 5% and 10% level, respectively.
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A1.1.2 Analysis of the transition between color thresholds due to the interventions

Table A3: Transition matrix: Changes in the color threshold in which a participant’s
showers ended most often

to
green blue purple red flashing red N

Cont from

green 84% 16% 25
blue 25% 33% 8% 33% 12
purple 8% 8% 46% 8% 31% 13
red 14% 21% 21% 43% 14
flashing red 4% 2% 4% 2% 89% 54

SC from

green 95% 3% 3% 38
blue 86% 14% 7
purple 15% 46% 23% 15% 13
red 100% 1
flashing red 8% 12% 4% 2% 75% 51

RTF from

green 97% 3% 31
blue 89% 11% 9
purple 20% 60% 10% 10% 10
red 30% 40% 20% 10% 10
flashing red 29% 4% 18% 6% 43% 49

BOTH from

green 100% 25
blue 87% 13% 15
purple 54% 38% 8% 13
red 100% 1
flashing red 29% 18% 9% 5% 38% 55

Note: We present the changes between the baseline phase and the exogenous treatment phase. The sum
of the individual rows is 100% (if not, this is due to rounding error). As an example, we can interpret
the last row of the table as follows: Of the 55 participants in the BOTH group who finished most of
their showers in the baseline phase while the shower head would have flashed red, 29% (18%, 9%,
5%, 38%) finished most showers in the exogenous treatment phase while the shower head was green
(blue, purple, red, flashing red). We calculated the hypothetical color thresholds in the baseline phase
as we did in the treatment phases, that is, we based them on the average baseline water consumption
per shower of a participant’s reference group, which consisted of participants from the super-control
group. Therefore, participants in the super-control group are not included in this table because there
are no valid hypothetical color thresholds available for them.

43



A1.1.3 Details on treatment assignment in the endogenous phase and the IV ap-

proach

To explain the functioning of our instrumental variables, we first explain the details

of treatment assignment in the endogenous treatment phase:

1. It was randomly drawn which of the two WTP inquiries was relevant for the

allocation.

2. From the relevant WTP inquiry, it was randomly drawn which of the three MPLs

was relevant for the allocation, i.e., whether the MPL concerning WTP for SC,

RTF or BOTH was the relevant MPL.

3. One of the 15 rows in the relevant MPL, i.e., one decision, was randomly selected.

If the participant chose the intervention in this row the participant received the

intervention in the endogenous treatment phase and if the participant did not

choose the intervention, she was allocated to the control group in the endoge-

nous treatment phase.

Given this treatment assignment mechanism, we can divide our participants into two

groups: The first group is the group of “compliers”, i.e., those who received the in-

tervention randomly drawn in step 2 of the treatment assignment mechanism. This

group is composed of two subgroups, the first consisting of those participants who

reported the maximum WTP for all three interventions in both WTP surveys, which

is the case for 43% of our participants, and the second consisting of those who re-

ported different WTP across interventions or WTP inquiries but whose decision in the

specific MPL row drawn in step 3 of the assignment mechanism was in favor of the

intervention. The second group consists of the so-called “never takers”, who are those

who were assigned a specific intervention in step 2 of the allocation mechanism, but

decided against receiving the intervention in the MPL row drawn in step 3. Our ap-

proach of using the random draws from all three steps of the assignment mechanism

as instrumental variables allows us to estimate the causal local average treatment ef-

fect (LATE) for the group of compliers (Angrist et al., 1996).
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A1.1.4 Treatment effect for the opt-in scenario (sub sample of those with WTP>0)

Table A4: Average treatment effects on water use per shower in the opt-in scenario
(sub sample of those with WTP>0)

(I)
Volume (Liters)

SC -3.43***
(0.85)

RTF -9.78***
(1.04)

BOTH -11.74***
(1.43)

Control group average 33

No. of households 358
No. of observations 25,416

Note: OLS estimates with household and time fixed effects included. The results show treatment effects
in the exogenous treatment phase for households who would choose to take up an intervention in an
opt-in scenario, i.e., the estimation sample consists of those who stated a positive WTP after treatment
experience or who are part of the control group in the exogenous treatment phase and who stated a
positive WTP for the SC intervention in the second WTP inquiry. The super-control group is not part of
the estimation sample. Standard errors clustered at the household level. ***, ** and * denote statistical
significance at the 1%, 5% and 10% level, respectively.
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A2 Invitation for study participation

Dear XYZ!

With this email we would like to invite you to participate in a new study by our long-

time scientific partner, RWI - Leibniz Institute for Economic Research*. The study is

financed by the Ministry of Culture and Science of the State of North Rhine-Westphalia

and examines ways to reduce resource consumption. In a first step, only our panelists

have the opportunity to participate.

WHAT EXACTLY IS THE STUDY ABOUT?

As a core element of the study, participants will be provided with a high-quality

shower head that measures water consumption per shower. During the four-month

study phase, this information will be automatically shared with RWI. Additionally,

you will be provided with various information about your showering behavior dur-

ing the course of the study. At the end of the study, you will be able to keep the shower

head, which then ceases to share information. This will allow you to keep track of your

water consumption yourself on a permanent basis.

HOW CAN I SIGN UP?

You can find all further information and registration form on the project website:

[URL]

YOUR BENEFITS

As an expense allowance, you will receive vouchers or additional resource saving

tools worth a total of € 35 in addition to the shower head before the end of the study.

You will receive these vouchers as part of your participation in short, monthly surveys

conducted by RWI to accompany the study. At the end of the study, we will offer you

a selection of popular suppliers where you can redeem your vouchers. Furthermore,

you will of course be informed about the results of the study in the form of a short

report. So again in a nutshell:
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- Modern shower head with innovative functions

- Vouchers as an expense allowance - choose your preferred provider from our list of

providers

- Report with the results of the study

- Participation in a study, the findings of which will make the world a little bit more

sustainable

WHY SHOWERS?

What’s not commonly known is that showering involves a relatively high consump-

tion of resources, as not only water but also significant amounts of energy are used to

heat the water. For example, with the energy consumed by an ordinary shower, you

could light an average household for two and a half days, or watch TV for 26 hours.

HOW IS MY DATA PROTECTED?

The study is subject to strict data protection regulations. More detailed information

can be found on the project website: [LINK].

DON’T FORGET TO REGISTER!

You can register on the project homepage [LINK].

If you have any questions about the study, please contact the project team at [E-MAIL

ADDRESS].

Your forsa.omninet Team

* RWI - Leibniz Institute for Economic Research in Essen is an independent, non-profit

scientific research institution. As one of the leading economic research institutes in

Germany, the institute is a member of the Leibniz Association.
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A3 Website to register for the study

The project website aimed at participants included the following subpages:

• Home page: Welcome message and general introduction to the study

• Project goals: Short overview of the experiment’s objectives

• Your contribution: Information on environmental potential of the study

• FAQ: Answers to typical questions

• Who we are: Short overview of the research team

• Sign up: Overview of the general terms & conditions and signup form

The following subsection features a translated version of selected pages.

A3.1 Website text content

Home Page

Welcome to the ”sustainable showering” project homepage!

We are pleased that you are interested in our research project! On this website, we

would like to introduce the project to you and hope to win you as a study participant.

This project is a scientific research project of RWI - Leibniz Institute for Economic Re-

search (Essen) in research partnership with the Center for Advanced Internet Studies

(CAIS).

The project is funded by the Ministry of Culture and Science of the State of North

Rhine-Westphalia under the title ”Digitization of Sustainable Behavior.” [Click here to

go to the project page on the RWI homepage. Please note that you can only register on

the current page].
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As a core element of your study participation, you will be provided with a high-quality

shower head that measures water consumption per shower. During the four-month

study phase, this information will be automatically shared with RWI. Additionally,

you will be provided with various information about your showering behavior during

the course of the study. At the end of the study, you will be able to keep the shower

head, which then ceases to share information. This will allow you to keep track of

your water consumption yourself on a permanent basis.

As an expense allowance, in addition to the showerhead, you will receive optional

vouchers and/or additional resource saving tools worth a total of €35 until the end of

the study. You will receive the vouchers as part of your participation in short, monthly

surveys that will be conducted to accompany the study.

Feel free to take a further look at the project page and sign up!

Project goals

“Sustainable showering”:

Of course, showering is an indispensable part of personal hygiene. Simultaneously

however, showering is a very resource-intensive activity and hardly perceived as such.

Many people underestimate the associated energy consumption, caused in particular

by heating water. For example, an average shower consumes about 2.6 kilowatt hours.

The same amount of energy could be used to light an average household for two and a

half days, or to watch television for 26 hours. So the question is whether it is possible

to shower more “sustainably.”

The goals of the project:

• Gather information on the exact amount of energy and water used in showering.

• Development of helpful measures to reduce resource consumption.

By saving energy consumption while showering, an individual’s CO2 emissions can

be significantly reduced. An average shower taken causes annual emissions of 325
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kg of CO2. It takes 26 trees to reabsorb this amount of CO2 within one year. Or

put another way: Just 14 showers emit as much CO2 as a tree can absorb within a year.

Your contribution

Your contribution to climate protection:

By participating in this study, you are making a concrete contribution to climate pro-

tection. This happens in two ways:

• You gain exclusive access to the savings measures investigated in this study,

which can be used to reduce your personal resource consumption and the as-

sociated energy costs and CO2 emissions.

• The knowledge generated in the study can be used to formulate concrete rec-

ommendations for resource conservation in the context showering and other

energy-intensive activities. In this way, policy measures can be developed to

effectively save CO2 emissions.

Every reduction in CO2 emissions makes a valuable contribution to combating cli-

mate change. Further information on the causes and consequences of climate change

can be found, for example, on the website of the Federal Agency for Civic Education:

https://www.bpb.de/gesellschaft/umwelt/klimawandel/.

Our project is primarily focused on saving energy, i.e., measures are

being developed to save hot water. However, water is also a valu-

able resource in itself and is scarce in many parts of the world, as well

as regionally in Germany, at least at times. See, for example, here:

https://www.umweltbundesamt.de/presse/pressemitteilungen/wassersparen-

sinnvoll-ausgereizt-uebertrieben. Thus, with the study, we will identify scientific

findings that are also of great interest to other parts of the world.
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FAQ

Do I receive an expense allowance for my participation?

Yes. You will be compensated in two ways for the time and effort you have incurred.

First, you get to keep the high-quality shower head used in the study after completion.

With this shower head, you can continue to keep track of your water consumption by

using a smartphone app. Second, you will receive optional vouchers and/or addi-

tional resource saving tools worth €35 until the end of the study. You will receive the

vouchers as part of your participation in short, monthly surveys that accompany the

study. At the end of the study, we will offer you a selection of popular suppliers where

you can redeem your vouchers.

How much effort will it take for me to participate?

At the beginning of the study, we will send you a shower head and a WiFi gateway,

which you can easily install yourself with the help of the enclosed instructions. If you

encounter any difficulties, we will gladly assist you with the installation. During the

course of the study, we will send you monthly online surveys by e-mail, each of which

can be completed in about 15 minutes. In addition, you will receive newsletters from

us at regular intervals, which you only need to read. The study involves no further

effort on your part and is completed after four months.

How is my data collected?

The study is subject to strict data protection regulations. For details, please read the

project’s privacy policy.

I am going on vacation within the study phase. Is this a problem?

No. However, it would be nice if you let us know when you register. You have the op-

tion to do this on the registration form under ”Notify the Project Team” or by emailing

[E-MAIL ADDRESS].

There is more than one shower in my household. Can I still participate?

Of course. In this case, we ask you to install the new shower head at the shower that

you personally use most often.
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My shower is not compatible with conventional shower heads.

If you for example have a Rain Dance shower that requires a special shower head,

participation is unfortunately not possible. If you are unsure about your shower head

model, please feel free to contact us. You can find the contact information here.

A3.2 Signup form content

1. We kindly ask you to provide information about the number of persons living in

your household permanently:

Household size

• Total number of persons (adults and children)

• Number of children (age below 18)

2. We kindly ask you to provide information about your shower setup:

How many separate or combined showers and bath tubs are there in your home?

• Number of bath tubs with shower (combination, see picture 1)

• Number of separate showers (not in bath tub, as seen in picture 2)

• Number of bath tubs (without shower or not used as shower, as seen in picture

2)

3a. This question is about the shower you use most frequently:

How many household members use this shower at least once a week?
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• Number of shower users

Which of these descriptions fits the shower in question?

• No selection made

• Number of separate showers (not in bath tub, as seen in picture 2)

• Number of bath tubs (without shower or not used as shower, as seen in picture

2)

• Number of bath tubs (without shower or not used as shower, as seen in picture 2)

Visually, the shower head we are going to provide you with resembles an ordinary

hand shower (see picture below). It can be screwed onto ordinary 1/2 inch shower

hoses, which can be found in most households.

53



3b. We kindly ask for your assessment about the shower you personally use the most

• No selection made

• I think my shower is compatible with this shower head

• I am unsure whether my shower is compatible with this shower head or not

• I do not think my shower is compatible with this shower head

4. Technical requirements

To set up data transmission, you need to connect the shower head to your WiFi net-

work using a smartphone app. This step can be completed in a minute and is necessary

for study participation. To perform this step, you will need your WiFi password and

a smartphone. The WiFi password will not be shared with us.

• No selection made

• I own a smartphone and have access to my WiFi password

• I own a smartphone and am unsure about my WiFi password

• I do not own a smartphone and/or do not have access to my WiFi password

In addition to the smart shower head, we will provide you with a WiFi gateway,

which is required to connect the shower head to your network. This device is very

small (dimensions: 4.5 x 4.5 x 1cm, see picture below). It should be located within a

radius of about 5 meters around your shower (ideally in the same room) and should

be continuously powered.

• I have access to an electrical outlet within a radius of 5 meters around my shower
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A4 Exemplary newsletter for the BOTH group

Dear Mr/Ms XYZ,

do you remember how much energy is consumed in a five-minute shower at a water

temperature of 38 degrees Celsius? That’s right, it’s 2.2 kWh!

With these 2.2 kWh you could also

• toast 132 slices of bread

• boil 16.5 litres of water at 100 degrees Celsius with an electric kettle

The generation of 2.2 kWh of energy emits 650 g of CO2. It takes 19 beech trees to

reabsorb this amount of CO2 within one day.

In the last two weeks, you have used an average of 17 litres of water per shower. At

your average water temperature and the type of water heating used by an average

German citizen, this corresponds to emissions of 244.5 g of CO2 per shower. It takes

7.1 beeches to reabsorb this amount of CO2 within one day.

The average consumption of 9 other randomly selected participating households was

36 litres. The average CO2 emission per shower was 537.0 g CO2 per shower. It takes

15.7 beeches to reabsorb this amount of CO2 within one day.
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In the following figure you can see how your average consumption and the average

consumption of your comparison group developed in the last weeks. The last two

weeks were weeks 9 and 10 of the study.

Compared to 9 other participating households, your rank is 2nd place:

One of these households had lower average water use per shower than you. Eight of

these households had a higher average water consumption.
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Your shower head will help you keep track of your water consumption while shower-

ing. It will light up in color and as your water consumption increases, the color will

change. Finally, once your water consumption exceeds 36 litres, it will start flashing

red. 36 litres of water consumption corresponds to 537 g of CO2 emissions based on

your average water temperature and the energy consumption of an average German

citizen. It takes 15.7 beech trees to reabsorb this amount of CO2 within one day. The

exact sequence of colours is as follows:

During the first 15 litres of your shower, the shower head will glow green.

After 15 litres (225 g CO2 emissions), your shower head will begin to glow blue.

After 22 litres (330 g CO2 emissions), your shower head will begin to glow purple.

After 29 litres (435 g CO2 emissions), your shower head will start to glow red.

Finally, after 36 litres (537 g CO2 emissions), your shower head will begin to flash red.

Sincerely,

Your ”nachhaltiges Duschen” team

Please do not reply to this mail. For questions and comments, please contact us at

[E-MAIL ADDRESS].
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A5 Technical details and installation of the smart

shower heads

Participants received a package with the smart shower head and the WiFi gateways.

In parallel, participants received the installation instructions in digital form via email.

Upon request, a printed version of the instructions was enclosed in the package.

The installation of the smart shower heads and the infrastructure for data transmission

took place in the following steps.

1. The existing shower head had to be unscrewed from the shower hose and the

smart shower head had to be screwed on.

2. The proper functioning of the shower head could be confirmed by brief light

signals, which the shower head emits during start-up. Apart from this short

signal, the shower head to the participants functioned like any regular shower

head during the Baseline Phase.

3. The WiFi gateway had to be plugged into a power outlet near the shower head.

Participants then had to download an app to connect the WiFi gateway to their

home network. This was done selecting the correct WiFi network and entering

the network key. A successful connection of the gateway was indicated by light

signals.

4. If problems arose, participants could reach the project team by e-mail. The prob-

lems were then solved either by e-mail, phone call or personal visit. Only for a

minority of the study participants were the problems not solvable. In most cases,

the issues resulted from WiFi configuration errors or too much distance between

the gateway and the smart shower head, which could be easily solved.

After successful installation, the shower head transmitted information for every

shower taken (time stamp, amount of water used, average water temperature, water

flow, length of shower breaks) via Bluetooth to the WiFi gateway, which then trans-

mitted the information to the research team via the Internet. Participants had no way
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to access this information during the study.

If the WiFi gateway was not plugged in or had no internet connection during a shower,

the data from that shower was stored in the shower head (up to 200 showers can be

stored) and transmitted with the next successful connection. Interruptions of showers

of less than 3 minutes were interpreted by the smart shower head as shower breaks,

while an interruption of more than 3 minutes signaled the start of a new shower.
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A6 Details on the calculation of shower costs and

carbon intensity

We draw on calculations by the Consumer Organisation of the German state of

Rhineland-Palatinate (VZ-RLP, 2020) on the average cost and energy consumption per

shower at 38°C, the average baseline temperature in our control group (Table 2). We

convert these values to the cost and energy demand per liter of shower water, dis-

tinguishing between water heating by electricity, gas or oil. We multiply the energy

demand per liter of shower water with the estimates provided by the German Federal

Environment Agency for the CO2 intensity of one kilowatt-hour of heat supply with

the respective energy sources (UBA, 2019). We then use data from the German Federal

Ministry for Economic Affairs and Energy (BMWi, 2020) on the distribution of final en-

ergy consumption for water heating in private households among these three energy

sources considered to calculate a representative CO2-factor per liter of shower water.

In this calculation, we make the assumption that shower water in Germany is heated

only by electricity, gas or oil. This is a simplification in the absence of more detailed

data, but it includes a large 84% of the final energy consumption for water heating in

German households in 2018. The remaining households obtained district heating or

heated water with renewable energy. Our estimate therefore tends to be slightly too

high. As a representative CO2-factor, this calculation yields a value of 0.015 kg CO2

per liter of shower water.

Table A5: Estimation of CO2 per liter

(I) (II) (III) (IV) (V) (VI) (VII) (VIII)
Energy cost PJ used for
per shower Cost kWh per CO2 CO2 water heat- CO2 per L

(40 L at 38°C) per kWh L at 38°C per kWh per L ing in 2018 Share (weighted avg.)

Elec. 0.40 EUR 0.28 EUR 0.036 0.551 0.020 55.307 17.9%
0.15Gas 0.10 EUR 0.05 EUR 0.050 0.246 0.012 190.384 61.6%

Oil 0.15 EUR 0.07 EUR 0.054 0.318 0.017 63.307 20.5%

VZ-RLP (2020) VZ-RLP (2020) (I)/40
(I I) UBA (2019) (I I I)× (IV) BMWi (2020) (IV)

∑(VI) ∑[(V)× (VII)]

60


	Introduction
	The field experiment
	Technical equipment
	Sample
	Experimental design
	Experimental groups
	Elicitation of willingness to pay for the interventions


	Results
	Data
	Impact of the interventions on behavior
	Including the endogenous treatment phase
	Exploring the mechanisms underlying treatment differences

	Impact of the interventions on willingness to pay
	Impact of the interventions on welfare

	Conclusion
	Supplementary analyses
	Further analyses on the impact of the interventions behavior
	Robustness checks
	Analysis of the transition between color thresholds due to the interventions
	Details on treatment assignment in the endogenous phase and the IV approach
	Treatment effect for the opt-in scenario (sub sample of those with WTP>0)


	Invitation for study participation
	Website to register for the study
	Website text content
	Signup form content

	Exemplary newsletter for the BOTH group
	Technical details and installation of the smart shower heads
	Details on the calculation of shower costs and carbon intensity



