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Individuals’ choices and behaviour are a key lever influencing 
energy consumption, along with the technical energy efficiency 
of the products and infrastructure used1. To tackle environmen-

tal challenges, it is important to put people at the centre of energy 
research, and to empirically validate how to promote sustainable 
decision-making among individual consumers. Energy consump-
tion is a low-involvement topic for most people; many consumers 
are unaware of the energy efficiency of their homes and devices2, or 
underestimate the long-term benefits of potential investments into 
energy efficiency upgrades3.

As digitization advances, it becomes increasingly feasible to 
monitor the energy consumption of households, specific appliances 
or activities in real time4. As a result, digitally enabled behavioural 
interventions can be deployed at population scale and become more 
powerful through personalization and context specificity. Beyond 
that, it becomes increasingly possible to systematically evaluate the 
impact of behavioural interventions with large and diverse samples 
of participants. The availability of high-resolution consumption 
data enables more and more personalized and flexible interven-
tions4. These developments may open up new avenues towards 
more powerful digital strategies for behaviour change.

Yet, while early feedback intervention studies in which people 
were provided with information about their energy consumption 
reported large savings effects of 5–15%5,6 with small convenience 
samples, spurring the large-scale roll-out of smart meters in many 
countries, those savings have not materialized in larger field tri-
als7–9. The most widespread form of feedback intervention is ‘home 
energy reports’: periodic mailings that compare the electricity use 
of individual households with similar homes in the neighbour-
hood, thus tapping into social norms3. Deployed at population level 
(households can opt out, but few do), those programmes typically 
yield electricity savings of 2%3,10. Other programmes use digital 
technologies, delivering feedback on electricity use via web portals 
or in-home displays; studies with large opt-in samples report elec-
tricity savings in the range of 1–5%8,11–13—far less than the savings 

reported by earlier studies with smaller samples and a higher degree 
of involvement from study administrators6,14.

Early studies were subject to several methodological issues 
that compromised the internal and external validity of the results, 
overestimating the savings potential of these feedback interven-
tions7,8,13. For instance, a meta-analysis of 156 field trials on energy 
conservation found substantially smaller savings effects of 1.99% 
for high-quality studies with adequate controls, compared to stud-
ies without such controls (9.57%)13. Likewise, a meta-analysis of 33 
field trials on in-home displays found weighted mean conservation 
effects of 2.61% for high-quality (‘class A’) studies using representa-
tive sampling techniques, compared to 8.21% for ‘class C’ studies 
characterized by small samples of volunteers and a high degree of 
involvement from study administrators8.

Although randomized controlled trials eliminate most threats to 
the internal validity of studies15–17, the external validity of the results 
may still be compromised if the people who choose to participate in a 
study differ from the study’s intended population7. The vast majority 
of feedback programmes on energy consumption use opt-in recruit-
ment strategies, where participants actively register to take part in 
those programmes7,9. There is increasing evidence that individuals 
who sign up for energy efficiency studies or demand-side manage-
ment programmes are indeed different from the general population: 
participation rates are higher among households with high levels of 
education and income18,19, among more altruistic and environmen-
tally concerned individuals18 and among those with a higher interest 
and expertise in energy topics than the general population9,20. Most 
behavioural programmes do not even provide information about 
the number of households initially contacted, and those that do, 
report participation rates in the range of 4–8%6,20–23. These numbers 
have raised concerns that the results of opt-in studies may be largely 
biased by an already-motivated subgroup of the general population 
(‘energy enthusiasts’ or ‘positive greens’), who represent only a small 
fraction of the population9,24. The response of these volunteers to 
the treatments may not be very indicative for the response of the 
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general population (volunteer selection bias). On the one hand, it is 
conceivable that those individuals are already more aware of effec-
tive energy conservation measures and have already taken action 
before the intervention, making it more difficult for them to realize 
additional savings in those studies25. On the other hand, it is likely 
that they are particularly open and receptive to these interventions, 
thus inflating estimates of intervention effectiveness26.

One commonality that the majority of larger energy feedback tri-
als share is that they provide aggregate consumption information 
at the household level. This makes it difficult for the individual to 
establish a link between the current action and its impact on energy 
consumption27. The results of a recent randomized controlled field 
trial25 suggest that real-time feedback on a specific, energy-inten-
sive activity may induce much larger savings. In a two-month study 
with an opt-in sample of 697 Swiss households, the treatment group 
received real-time feedback on the environmental impact of specific, 
energy-intensive activity (showering), while they could directly take 
action. The intervention yielded large and stable energy savings of 
22% on the target behaviour over the duration of the study. At the 
household level, this reduction led to much larger conservation 
gains—also in absolute terms—than aggregate feedback on energy 
use among the same pool of households. From a technology and 
cost perspective, the large-scale roll-out of focused real-time inter-
ventions is increasingly feasible25. Yet, given the decline in the effect 
size and the resulting wave of disillusionment once smart meter-
ing trials with aggregate feedback moved from small convenience 
samples to a broader population, the key question is whether the 
promising large savings effects of activity-specific real-time feed-
back will also materialize among individuals who do not self-select 
into a research study.

Another controversial issue is that the communication strategies 
of most energy-conservation programmes focus on the financial 
benefits for the consumer as incentives for behaviour change28–31. 
From a standard economics perspective, this approach makes sense, 
as rational consumers should respond to monetary incentives in 
their resource-consumption decisions32–34. Consequently, mon-
etary incentives play a key role in demand-side management35,36; 
they have the potential to break established consumer patterns 
and to initiate the development of new patterns of behaviour by 
making an alternative behaviour more attractive37,38. However, in 
many contexts, financial motives are not a viable strategy to pro-
mote energy conservation: employees, tenants whose rents include 
utilities or hotel guests who do not pay the marginal cost of their 
energy consumption. While the provision of large, persuasive 
monetary benefits does not scale well to the wider population, 
monetary incentives may also crowd out the intrinsic motivation 
for pro-social behaviour28,39,40 and generate adverse effects41: as 
individuals tend to internalize the logic of reward systems easily, 
monetary incentives can lead to the deterioration of morals and 
reduce intrinsic motivation40,42.

Here we evaluate whether the large savings effects from digi-
tal activity-specific feedback25 are also realistic in settings where a 
volunteer selection bias can be ruled out, and where study subjects 
have no financial incentives for resource conservation. We provide 
activity-specific feedback on resource consumption to uninformed 
hotel guests during a habitual resource-intensive activity: shower-
ing. We find that even in this setting, the digital behavioural inter-
vention creates large and significant conservation effects of 11.4% or 
0.215 kWh per shower. Given that most people take a daily shower, 
scaling up this kind of intervention could produce substantial 
energy (and water) savings. More importantly, the results suggest 
that activity-specific real-time feedback—and possibly other digital 
interventions—has the potential to transform behavioural interven-
tions into a highly relevant policy instrument for fostering energy 
conservation and behaviour change at the population level3,13,43.

Effect of feedback among uninformed hotel guests
We conducted a natural field experiment in the context of an 
energy-intensive habitual activity: showering. In a randomized con-
trolled trial, guests at six Swiss hotels (see Table 1) encountered a 
smart shower meter fitted to the shower in the bathroom of their 
hotel room. The devices measured the energy and water consump-
tion of every shower taken, and displayed feedback on each ongoing 
shower in real time. We equipped a total of 265 rooms with these 
devices and collected a data set with 19,596 observations (water 
extractions, after pre-processing) from February to April 2016.

The shower meters were installed between the shower hose and 
the shower head, and included a small screen that activated to dis-
play feedback as soon as the water was turned on (Fig. 1). In the 
treatment condition (60% of rooms, randomly assigned), smart 
shower meters displayed real-time feedback on the resource con-
sumption of the ongoing shower: total water consumption in litres 
(one decimal), total energy use in (kilo)watt hours, a dynamic rating 
of the current energy-efficiency class (A–G) and a four-stage anima-
tion of a polar bear standing on a gradually melting ice floe with 
stage transitions at predefined energy-use thresholds (see Methods 
for details). This is the same intervention with the same device and 
display elements as the treatment group of the opt-in household 
sample in Tiefenbeck et al.25. The remaining 40% of rooms were ran-
domly assigned to the control condition: while guests in the treat-
ment rooms received real-time feedback on their resource use from 
the beginning of the shower (along with the current water tempera-
ture), control-group devices displayed only water temperature.

Hotel guests exposed to real-time feedback consumed signifi-
cantly less energy per shower than the control group (Fig. 2b). The 
treatment effect of our intervention is large and significant: guests 

a b c

Fig. 1 | Smart shower meter. a, The smart shower meter for displaying 
real-time feedback on resource consumption to hotel guests was installed 
between the shower head and the shower hose. b, Two snapshots of the 
treatment group’s display. c, The control group’s display.

Table 1 | Overview of the participating hotels

Hotel Category No. of 
participating 
rooms

No. of 
observations

Hotel 1 Business, four-star 96 7,923

Hotel 2 Business, four-star 67 6,123

Hotel 3 Business, four-star 43 2,789

Hotel 4 Business, three-star 11 1,494

Hotel 5 Tourism, four-star 42 814

Hotel 6 Tourism 10 453

Total 269 19,596
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in the treatment group used on average 0.215 kWh less energy  
per shower than the control-group mean of 1.883 kWh (Table 2, 
column 1). This represents a reduction of 11.4% (t(19,596) =​ −​4.88,  
P <​ 0.001). Controlling for flow rate (column 2), the effect 
is still highly significant, with a reduction of 0.188 kWh 
(t(8,882) =​ 3.59, P <​ 0.001), or 10.0%. To determine whether  
subsampling for observations in which flow rate is available biases 
this results, we included a third model specification for this sub-
sample but without controlling for flow rate (column 3). The 
treatment effect is significant in all three models (see Methods 
for details on the regression analyses) and large (ranging between 
10.0% and 13.2%).

The results illustrate that activity-specific real-time feedback 
can be an efficient measure to foster energy conservation, not only 

among a volunteer sample, but also among a random, uninformed 
sample of individuals.

Additional analyses
As an alternative functional form, we estimated a log-linear regres-
sion model. The results (reported in Table 3) are consistent with the 
results of the non-transformed version reported above and show a 
strong and significant treatment effect of the real-time feedback.

To further corroborate the reported results, we ran the same 
models with varying filter thresholds, reducing the data pre-pro-
cessing to an absolute minimum, with very similar results: if we 
remove only observations deviating over five standard deviations 
from mean energy or water consumption, and mean average tem-
perature, we obtain a sample of 25,490 out of the initial 25,647 
observations. Running model (1) on this sample yields a slightly 
smaller, but still highly significant treatment effect of −​0.182 kWh 
(s.e.m. 0.044, P <​ 0.001).

To get an understanding of the effects of the six hotels with their 
different infrastructure and setting, we also computed a fixed-
effects model with dummy variables for the individual hotels. The 
results are presented in Table 4 and show that the treatment effect 
is highly significant, albeit slightly smaller than in models (1)–(3). 
Only in hotel 5, the energy use per shower differs significantly from 
the other hotels, which may be due to different infrastructure (for 
example, more low-flow shower heads) or guest characteristics. 
Otherwise, the impact on energy use per shower is very similar 
between the different hotels. Regardless of the model specification, 
the treatment effect is large and significant; thus, non-self-selected 
participants also respond to real-time feedback in the complete 
absence of monetary incentives.

Furthermore, we conducted a cost–benefit analysis for installing 
the metering device in the hotels’ showers based on the treatment 
effect estimated in model (1). We assumed a retail price of 40 CHF 
for the smart shower meter and fuel cost for water heating of 0.128 
CHF kWh−1 and water cost of 3.8 CHF m−3, as in Tiefenbeck et al.25. 
If we extrapolate from the treatment effect of 0.21 kWh and 3.56 l 
per shower and assume on average 1.2 showers per day per room, as 
observed during the period of our study, this results in an amortiza-
tion time of 2.2 years.

Comparisons with a volunteer-household sample
In line with the earlier findings on volunteer selection bias7–9, the 
treatment effect in the previous study with a volunteer-household 
sample18 (0.592 kWh, or 22%) was larger than the effect we observe 
in the hotel setting (0.215 kWh, or 11.4%). However, it is impor-
tant to note that we do not seek to quantify the self-selection effect. 
Our hotel setting and the study context in Tiefenbeck et al.25 dif-
fer in multiple aspects other than the two key variables of interest. 
First, our study examines the behavioural response to feedback in 
the short term (one or a few nights spent per guest at the hotel). 
Consequently, any attempt to compare the two studies would need 
to focus on the short-term behaviour of the household volunteer 
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Fig. 2 | Effect of consumption feedback. Group-wise distribution of 
energy use per shower in hotel rooms with energy consumption feedback 
(treatment group) and the control group, shown as boxplots (N =​ 19,596). 
The line in the middle of the box represents the median, and the diamond 
represents the mean energy use. The box spans the first quartile to the 
third quartile, and the whiskers extend up to 1.5 times the interquartile 
range from the top or bottom of the box.

Table 2 | Main treatment effect

Energy use per shower (kWh)

Consumption feedback (treatment =​ 1, control =​ 0) −​0.215*** (0.044) −​0.188*** (0.050) −​0.252*** (0.056)

Flow rate (mean-centred, min−1) – 0.098*** (0.010) –

Constant 1.884*** (0.032) 1.881*** (0.036) 1.902*** (0.039)

Observations 19,596 8,824 8,824

R2 0.008 0.047 0.011

Standard errors are in parentheses, adjusted for clustering at the room level; *** indicates significance at the 0.1% level.
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sample. Indeed, an analysis of the first three showers only in the 
volunteer sample also yielded a smaller treatment effect (17.8% 
or 0.46 kWh) than in the full two-month evaluation. Robustness 
checks using the first two, four or five (instead of three) showers 
were conducted, with very similar results. Second, individuals may 
react differently to feedback in their familiar environment at home 
versus in a hotel room, or guests may perceive the mere presence of 
the shower meter as a signal that the hotel management cares about 
environmental issues and pays attention to how much energy and 
water their guests are using.

Another remarkable difference relates to participants’ energy 
use per shower in the absence of feedback, measured in the respec-
tive control groups. Hotel guests in the control group consumed 
28% less energy per shower, namely M =​ 1.88 kWh, s.d. =​ 1.25 kWh, 
than the control group in the household setting, with a mean of 
M =​ 2.62 kWh, s.d. =​ 1.67 kWh (ref. 25), t(20,236) =​ −​11.1, P <​ 0.001. 
This difference is noteworthy for two reasons. First, according to 
standard economic theory, one would expect individuals to take 
longer showers at a hotel than at home, as they do pay a marginal 
cost for every kilowatt hour of consumed energy. Yet, the results 
suggest that the hotel guests did not exploit the zero marginal cost 
of consumption. We attribute lower consumption in the control 
group largely to differences in the technical infrastructure between 
the hotels and households: we observed lower flow rates in the hotel 
rooms, probably caused by a higher share of water-saving shower 
heads installed in the hotel rooms. Second, this difference may 
also partially explain the smaller treatment effect in the hotels. The 
study in the household setting had revealed a strong positive inter-
action between the treatment effect and baseline consumption: in 
the household study, a 1-kWh increase in baseline consumption led 
to a 0.32 kWh increase in the savings effect25. To put it simply, it 
is far easier to cut a 20-min shower short by a few minutes (and 
kilowatt hours) than to realize substantial reductions on a 1-min 
shower. The control-group mean of energy consumption per 
shower in our hotel sample is 1.88 kWh, compared to 2.62 kWh in 
the household sample (0.74 kWh difference). Interpreting the con-
trol-group mean as a proxy for baseline consumption, an increase 
in baseline consumption by 0.74 kWh would increase the savings 
effect by 0.24 kWh, which almost exactly matches the difference 
in the observed savings effect. Thus, if we control for the lower 
consumption at the hotels in the absence of feedback, the savings 
effects among the hotel guests and among the volunteer household 
sample are in fact comparably large.

Discussion
In the case of aggregate feedback, most energy efficiency studies 
yielded much smaller savings effects once those interventions were 
evaluated with large, non-self-selected samples7–9. In other words, 
those interventions resonated much less with broader, non-self-
selected audiences than with those individuals who had opted to 
participate. By contrast, with a highly significant treatment effect of 
11.4% among uninformed hotel guests, this study provides empirical  

evidence that activity-specific real-time feedback can induce sub-
stantial behaviour change among a broader population, even in a 
setting without monetary incentives for resource conservation. 
Thus, providing real-time feedback on a specific energy-intensive 
activity may generate large and persistent savings effects25 not only 
among the small percentage of the population who tend to opt into 
energy efficiency studies11,20,21,23; the results indicate that the inter-
vention successfully induces substantial behaviour change and 
resource conservation among broader audiences.

Regarding the cost-effectiveness of the intervention in the hotel 
context studied, on the basis of the savings effects observed, the 
device pays itself off in a hotel within 2.2 years on average, which 
is a very low amortization time as compared to other energy effi-
ciency investments2,44. Thus, the results suggest that even in settings 
where third parties pay for the marginal cost of resource consump-
tion, activity-specific feedback can be a cost-effective and scalable 
strategy to foster energy conservation.

Despite our best efforts, there are limitations to our study. While 
we were able to measure effects for 100% of the hotel guests, they 
may not be representative of the general population. Although we 
diversified our sample by including different types of hotel, with dif-
ferent comfort categories, room rates and primary target custom-
ers (business versus tourism), and in different locations, additional 
studies in other settings and other countries would be valuable. 
Furthermore, despite our efforts to limit differences in potential 
Hawthorne effects by displaying real-time water temperature on the 
control-group devices, it is conceivable that the treatment with real-
time feedback on resource consumption draws more attention to the 
fact that the smart shower meter measures data than does real-time 
information on water temperature, conveying a stronger feeling of 
being monitored among its users. Moreover, due to the short dura-
tion of guests’ hotel stays, we are not able to examine effects over 

Table 3 | Main treatment effect with log transformation of the dependent variable

Energy use per shower (kWh)

Consumption feedback (treatment =​ 1, control =​ 0) −​0.123*** (0.024) −​0.112*** (0.028) −​0.148*** (0.032)

Flow rate (mean-centred, l min−1) – 0.056*** (0.005) –

Constant 0.412*** (0.017) 0.410*** (0.020) 0.422*** (0.022)

Observations 19,596 8,826 8,826

R2 0.008 0.047 0.011

Standard errors are in parentheses, adjusted for clustering at the room level; *** indicates significance at the 0.1% level.

Table 4 | Treatment effect of consumption feedback and fixed 
effects for different hotels

Energy use per shower (kWh)

Consumption feedback (treatment =​ 1, 
control =​ 0)

−​0.196*** (0.041)

Hotel 2 0.038 (0.051)

Hotel 3 −​0.071 (0.091)

Hotel 4 0.117 (0.090)

Hotel 5 −​0.361*** (0.058)

Hotel 6 −​0.191 (0.127)

Constant (Hotel 1) 1.917*** (0.046)

Observations 19,602

R2 0.021

Standard errors are in parentheses, adjusted for clustering per room; *** indicates significance at 
the 0.1% level.
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time. While several studies (lasting between 2 and 16 months25,45) 
document the mid-term effect stability of activity-specific real-time 
feedback with opt-in samples, further research needs to investigate 
whether the large savings effects also persist over time among non-
self-selected participants.

Here, we provide robust empirical evidence that activity-spe-
cific real-time feedback can induce substantial behaviour change 
and resource conservation—even for a sample of individuals who 
neither volunteered to participate in an environmental study, nor 
reaped financial benefits from energy conservation. Given the 
debate on volunteer self-selection7 and the dwindling treatment 
effects of other feedback interventions once they are deployed 
among broader samples7–9,12, this empirical validation is critical 
to provide solid recommendations for the design of future energy 
conservation programmes46. Information technology increasingly 
makes it possible to monitor behaviour in real time, to provide 
individuals with feedback on their ongoing activities and to col-
lect granular data on the real-world impact of interventions from 
millions of individuals in the field4 at rapidly declining costs. The 
results of this study highlight the potential of digital interventions 
to transform behaviour in energy-intensive activities, which can be 
implemented and monitored at the population level.

Methods
Experimental set-up. We conducted a natural field experiment in which we 
targeted showering as an example of a resource-intensive, low-involvement 
activity. Participants were not recruited as individuals; instead, we collaborated 
with six hotels that allowed us to conduct the experiments in their rooms without 
informing the guests upfront about the experiment. Shower data were collected in 
batches after several weeks and without a time stamp, which guaranteed complete 
anonymity of the guests’ identity. The study was approved by the Internal Review 
Board of the University of Bamberg. Similar natural field experiments in hotel 
contexts have been conducted to investigate the impact of other behavioural 
interventions such as commitment strategies47 or social comparisons48,49.

Overall, guests staying in 265 different hotel rooms took part in our 
experiment. Hotel guests encountered smart shower meters as part of their rooms’ 
bathroom equipment. The guests who stayed in rooms assigned to the treatment 
group received real-time feedback on how much energy and water they consumed 
over the course of their shower (details below). This activity-specific consumption 
feedback was displayed by a shower meter that had previously been used in framed 
field experiments in private households25. Room assignment was randomized over 
floor levels and room categories to minimize confounding factors from differences 
in infrastructure (for example, water pressure) and did not change throughout 
the study. Approximately 40% of the rooms were assigned to the control group. 
They serve as the reference group to calculate the treatment effect. In those rooms, 
the same device was installed, but it displayed only water temperature. While the 
temperature reading does not convey information about the resource use and 
remains relatively static over the course of a shower, it indicates that the device 
measures data, thus reducing potential differences between the treatment and 
control group for Hawthorne effects to occur50,51.

As the smart shower meters are powered by the water flow via a small internal 
generator, the screen displaying the feedback switches on as soon as water flows 
through the device and remains active for up to three minutes after the end of a 
shower. Thus, short interruptions to the water flow (for instance while soaping) 
still result in a single shower being recorded. Before the device switches off, it stores 
the final data in its internal memory, which was read out at the end of the study.

The experiment took place in six different hotels in Switzerland, recruited on 
the basis of existing contacts. Data were collected between February and April 
2016. Four of the hotels focus on business customers and the other two on private 
tourists. The categorization into business and tourism was defined on the basis of 
information provided by the hotels’ management. Of course, we cannot rule out 
that business hotels also had guests on private holidays, or that the tourism hotels 
hosted some business guests during the course of the study. Depending on their 
size, the participating hotels allowed us to install shower meters in 10 to 96 of their 
guest rooms, respectively.

Display content in the treatment group. Most feedback devices display a bundle 
of elements rather than a single numeric metric52 to put the measurement data into 
context; frequently used elements include historic comparisons, peer comparisons, 
analogies and energy savings tips. Likewise, the smart shower meters in rooms 
assigned to the treatment condition displayed water consumption in litres (one 
decimal), energy use in (kilo)watt hours, current water temperature, a dynamic 
rating of the current energy-efficiency class (A–G) and a four-stage animation 
of a polar bear standing on a melting ice floe with stage transitions at predefined 

energy use thresholds. The energy consumption displayed on the screen represents 
the lower bound of the energy used (without losses), and is calculated using the 
standard engineering formula for heat energy (Q =​ m ×​cp ×​ ∆​T, with heat energy 
Q, mass of water m, heat capacity cp, and ∆​T being the difference between the 
measured water temperature of the ongoing shower and the average cold-water 
temperature). In the analysis of energy savings, we take into account the same 
average heating efficiency and losses as in Tiefenbeck et al.25. The energy-efficiency 
class displayed was inspired by the (static) energy-efficiency class scale indicated 
on household appliances in Europe. The smart shower meter dynamically indicates 
the energy efficiency of the current shower based on the energy use in the ongoing 
shower, starting in energy efficiency class A and progressing to B, C and so on at 
predefined kilowatt hour thresholds; the thresholds were defined on the basis of 
the distribution of energy use per shower in a pilot study. The four stages of the 
polar bear animation are tied to the energy-efficiency class, and change with the 
transitions from B to C, D to E and E to F, respectively. While the polar bear may 
be an eye-catching and memorable display element, it does not seem to drive the 
savings effects. A related study specifically examined the effect of variations of the 
design choices of the feedback elements; the results indicate that if the polar bear 
animation makes any difference, it reduces rather than increases the effectiveness 
of the display52.

Data. For each water extraction, the smart shower meter recorded energy and 
water consumption, average water temperature, interruptions and the duration. In 
addition, in 168 of the rooms, the average flow rate per shower was also measured. 
Using the data stored on the device, energy consumption can be converted to 
water consumption and vice versa. Given the high correlation between water and 
energy consumption per shower (0.989)25, the choice of the unit of analysis does 
not change the results in any meaningful way. This article focuses on resource 
consumption in units of energy in kilowatt hours.

The raw data set included observations of 25,647 measured showers from 269 
hotel rooms at 6 different hotels (see Data availability). In a first pre-processing 
step, the data were cleaned by removing outliers from malfunctioning devices; to 
this end, observations that deviated by over 3 standard deviations from the mean 
of the energy consumed or water volume per shower were removed from the 
sample—that is, only observations in the interval [ ̄ ̄− × . . + × . .x x3 s d , 3 s d ]  
were retained. Furthermore, we removed data points that most likely did not 
represent showers—for example water extractions of volumes below 6.5 litres 
and observations deviating over 2 standard deviations from average temperature, 
which probably represent cleaning or other procedures. A member of the research 
team accompanied cleaning personnel at one hotel for several hours to gather 
information on cleaning practices to identify water extractions for cleaning. The 
specific choice of 6.5 litres was based on this assessment; we conducted robustness 
checks in which we changed this threshold to other values (5 litres or 10 litres), 
which generated very similar results.

After this pre-processing step, the final data set included 19,602 showers 
from 265 hotel rooms (11,384 observations in the treatment group and 8,218 in 
the control group). The average flow rate per shower could be measured only for 
168 rooms and 8,826 observations, so only these data points are included in the 
estimation of models (2) and (3) in Table 2.

Since the study is a natural field experiment with uninformed participants, we 
were not able to collect socio-demographic data about the guests who stayed in the 
rooms with the smart shower meters during the study.

Data analysis. We used the data points observed in the control group to quantify 
the energy use per shower in the participating hotels without feedback. To 
estimate the treatment effect of the feedback intervention, we used a simple linear 
regression model and also computed its log-linear transformation:

β β= + + ϵy x (1)i i i0 1

β β= + + ϵy xln (2)i i i0 1

where the dependent variable yi is the energy consumption in shower i. The 
variable xi is binary, indicating treatment (=​1) or no treatment (=​0), and thus 
coefficient β1 estimates the treatment effect. The intercept β0 represents the control-
group mean in this model, as xi =​ 0 for observations in the control group. The 
results of this analysis are reported in Table 2, column 1, and in Table 3, column 1, 
with the natural logarithm of the dependent variable.

For rooms in which the smart shower meter also measured the flow rate, we 
estimated an additional model that controls for the centred flow rate in litres fi:

β β β= + + + ϵy x f (3)i i i i0 1 2

β β β= + + + ϵy x fln (4)i i i i0 1 2

The results for model (3), which includes the flow rate in the regression, are 
reported in Table 2, column 2, and for model (4) in Table 3, column 2, with log-linear  
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transformation. In both model specifications, standard errors were clustered at 
the room level to account for infrastructural influences. Two-sided t-tests were 
conducted to test whether the coefficients were significantly different from zero.

To get an understanding of the effects of the six hotels with their different 
infrastructure and setting, we also computed a fixed-effects model with dummy 
variables for the individual hotels. In this model, the constant represents the 
estimates for the largest hotel (hotel 1) and dummy variables are included for the 
other hotels. Results are reported in Table 4.

β β α α α α α= + + + + + + + ϵy x h h h h h (5)i i i i i i i i0 1 2 2 3 3 4 4 5 5 6 6

Code availability. The Stata code used to generate results reported in this article is 
available on request from the corresponding author.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
The data that support the findings of this study are available at https://doi.
org/10.6084/m9.figshare.6984323.v1.
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Statistical parameters
When statistical analyses are reported, confirm that the following items are present in the relevant location (e.g. figure legend, table legend, main 
text, or Methods section).

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

An indication of whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistics including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) AND 
variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Clearly defined error bars 
State explicitly what error bars represent (e.g. SD, SE, CI)

Our web collection on statistics for biologists may be useful.

Software and code
Policy information about availability of computer code

Data collection Custom software for the shower meter Amphiro was used to measure resource consumption in the showers in 265 rooms in 6 different 
hotels and for the data read-out

Data analysis Stata SE 14.1 was used to preprocess the resource consumption data, to conduct regression analyses, and plot the presented graphs

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers 
upon request. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.
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Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A list of figures that have associated raw data 
- A description of any restrictions on data availability

The data that support the findings of this study is available on figshare.com: https://doi.org/10.6084/m9.figshare.6984323.v1.
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Study design
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Study description Our study is a randomized controlled trial at six hotels, to examine resource consumption during showering in a natural field experiment 
in a setting of complete absence of monetary incentives among a sample of uninformed participants who did not self-select into the 
study. We collected quantitative data from 19,602 showers (energy and water consumption, temperature, flowrate).

Research sample The study sample contains data on resource consumption in the shower from the guests of 265 rooms of 6 different tourist and business 
hotels in Switzerland. Due to the the hotels' privacy regulations we were not able to collect any demographical data, but this sampling 
strategy had the advantage that our sample did not self-select into the study. This point is discussed in the article. 

Sampling strategy We ran the study as a natural field experiment, thus guests encountered the measurement and feedback device as part of their 
bathroom equipment. We conducted powertests based on the data of a similar previous study in households (Tiefenbeck et al. (2016), 
Management Science). 

Data collection A smart shower meter was used to collect data on resource consumption from every water extraction during the study period. The 
device called "Amphiro" is depicted in the article. The data is stored on the device and was read out by the researchers at the end of the 
study. 

Timing Data collection took place from February to April 2016.

Data exclusions The data was cleaned by removing outliers from malfunctioning devices; to this end, observations that deviated by over 3 standard 
deviations from the mean of the energy consumed or water volume per shower were removed.  Furthermore, we excluded data points 
that most likely did not represent showers – e.g. water extractions of volumes below 6.5 litres and observations deviating over 2 
standard deviations from average temperature, which probably represent cleaning or other procedures .

Non-participation We are not aware of any hotel guests that asked to have the device removed, so to the best of our knowledge, data on all guests of the 
participating rooms during the period of the study are present in our raw dataset.

Randomization At each hotel, we randomly allocated rooms to the two experimental conditions; the randomization was done by floor level to account 
for heterogeneity in the flow rates in the different floors of the buildings. 
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