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Personalised normative messages have been shown to be effective at encouraging both electricity and separately
water savings. As use of this approach to promote resource savings becomes increasingly widespread, an
important question is whether providing such feedback on consumption of the two resources together can yield
reductions in both areas. In a field experiment with over 200,000 households in the Middle East, we send
households personalised normative messages regarding both their water and electricity consumption on a
monthly basis. This intervention saw a statistically significant reduction of around 1.2% for electricity but not for
water consumption. Furthermore, we test different ways of concurrently presenting normative messages of both
water and energy, including presenting it as a combined eco score. Local treatment effects of these were around
1.2% reduction. Our findings contribute towards nexus thinking around how (not) to concurrently achieve en
ergy and water savings using normative feedback.

1. Introduction
The past decade has seen the widespread diffusion of technologies
that collect fine-grained, and in some cases real-time, data on con
sumption of two critical resources: energy and water [1,2]. Given the
environmental significance of these resources, the question of how best
to communicate this information to end-users, including households and
businesses, in order to encourage them to reduce their consumption is
important. A wealth of existing research has examined the effectiveness
of feedback. Overall, this literature suggests that feedback can bring
about energy and water savings but that its impact varies according to
features of the feedback, such as comparison type, frequency and de
livery mode [3,4].
Among the most well-evidenced forms of feedback in the environ
mental domain is personalised normative feedback, including both
descriptive and injunctive social norms [5–11]. Descriptive norms pro
vide target populations with information about their consumption
relative to relevant others, like neighbours, with the aim of encouraging
them to conserve. Injunctive social norms provide messages that
communicate the perceived levels of approval or disapproval of relevant
others.

A seminal paper combines these two forms of messages to target
reductions in energy consumption [5]. The results indicate that while
descriptive norms messages are effective at reducing consumption of
energy among high consumers, they give rise to a boomerang effect
among people with low energy consumption at baseline. The paper also
demonstrates that the boomerang effect can be undone by adding an
injunctive message which signals approval of the performance of those
low energy using households. This work serves to highlight the potential
of normative messages to promote conservation behaviours, as well as
their potentially heterogeneous effects across populations.
Off the back of the results of initial studies in this area, there has been
a proliferation of utility companies and other organisations (e.g., OPo
wer in the US) targeting energy or water consumption using in
terventions involving personalised normative feedback [12,13]. The
companies typically send home resource reports which include both
normative feedback as well as conservation tips and other information
about energy or water use. Where these efforts have been robustly
evaluated, they have tended to provide further evidence of the effec
tiveness of such reports at encouraging resource conservation [6,9,10].
Other work has explored the effectiveness of personalised normative
messages in other environmentally significant domains including
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behaviours [28]. At the same time, results in the spillovers literature
suggest that thinking about pro-environmental goals in concrete rather
than abstract terms results in less behavioural consistency [29]. As a
result, it is unclear whether normative messages in the form of a com
bined eco-score may be less effective than information on both resources
delivered separately.
Overall, the results indicate that personalised normative feedback
does yield electricity, but not water, savings when compared to a control
group that did not receive this information. When we analyse the elec
tricity consumption of those people who opened the email with the
personalised normative messages, we see an annual overall reduction of
1.21%1 over the course of a 12-month period. This is lower than re
ductions documented in other high consumption contexts such as the US
[6], which may be attributable to context specific features or to features
of the treatment frames. That there is no significant impact on water
indicates that, at least in the current study context, delivering normative
messages on both water and electricity does not deliver reductions in
both areas of consumption. Among the potential explanations for these
findings include that the combined message focuses attention on elec
tricity at the expense of water, that the complexity of the message may
undermine its effectiveness, or other contextual factors relating to water
make reductions harder to achieve in this domain. Further work which
compares the relative impact on normative feedback on each domain in
isolation to that of the combined feedback is required to explore these
potential reasons.
Disaggregating the impact across the different information frames,
we find that all three frames, side-by-side, wings and the combined ecoscore, yielded significant impacts on electricity but not on water.
Although the greatest reductions were found in the case of wings, there
were no significant differences between the treatment groups when
looking at the average treatment effect. When looking at the local
average treatment effect of those who opened the email, however, the
wings framing did have a significantly larger impact to the other framing
on electricity consumption. Taken together the results indicate that
while personalised normative messages can bring about reductions in
electricity consumption in the study context, targeting both electricity
and water does not yield reductions in both and that the framing of the
normative feedback influences its effectiveness.
In what follows, Section 2 will present the study context and data,
Section 3 will present the estimation and results, and Section 4 will
discuss the findings and avenues for future research.

recycling [14], the uptake of green technologies [15,16] and support for
carbon capture technology [11].
Existing research indicates personalised normative interventions
targeting resources in one area of consumption can have knock on ef
fects in other environmentally significant consumption areas [17,18].
For example, Jessoe et al. [17] find that sending households home water
reports including normative messages induces a 1.3 to 2.2% reduction in
electricity use in summer months. Further analysis indicates that just
over a quarter of these reductions were attributable to the indirect re
ductions in electricity consumption via water savings, suggesting that
the messages encouraged electricity saving behaviour as well. Even
larger positive spillovers from norms based messages targeting water
into energy consumption were documented by Carlsson et al. [18]. Such
spillovers have important implications for the cost-effectiveness and
attractiveness of home resource report based interventions [19].
As the literature on this topic has developed, researchers have begun
to ask questions about how to optimise the delivery of personalised
normative feedback. For example, examining whether coupling it with
other interventions like commitments [20] or incentives [21,22] makes
them more effective, as well as examining different delivery modes
[22–24]. The research has also provided further insights into the dif
ferential effects of personalised normative messages across different
groups and contexts. For example, descriptive norms based messaging is
found to be far less impactful on the consumption of political conser
vatives compared to liberals [25] and on residential energy consumption
in Germany compared to the US [26].
Both the academic and policy discourses surrounding household
resource consumption are placing increasing emphasis on ‘nexus
thinking’ [27], i.e., accounting for the linkages between environmen
tally significant consumption across multiple domains including water,
energy, and food. Given the now widespread prevalence of personalised
norm interventions in the environmental space and the evidence of
spillovers between resource areas, an important question is how to
combine normative messages relating to the consumption of different
resources in order to yield the greatest levels of conservation across
domains and maximise the messages' environmental benefits. This
question is of relevance both in cases where utility companies have the
opportunity to collaborate and align their normative based feedback and
in situations where utility companies provide services relating to more
than one resource, e.g., water and energy or energy and waste.
Against this backdrop, in the current study we carry out a large-scale
field experiment with over 200,000 households to examine whether
providing both energy and water based personalised normative feed
back via email can achieve savings in both domains. The study was
carried out in a Middle Eastern metropolis in conjunction with a staterun utility company who supplies both electricity and water to its cus
tomers. The metropolis is characterised by high levels of both electricity
and water consumption making the site an interesting test case for
potentially achieving substantial environmental benefits through per
sonalised norm interventions. Looking at the effectiveness of combining
personalised messages on electricity and water provides insights into the
feasibility of concurrently encouraging pro-environmental behaviours
using this intervention strategy.
In addition to investigating the overall effectiveness of presenting
personalised norms based feedback on consumption of both electricity
and water, we also examine three different ways of presenting the in
formation: two frames which present the norms based message for each
area of consumption separately either sequentially side-by side or with a
shared x-axis forming a wing style format or in a combined eco-score
which is computed based on households' relative performance in both
areas of consumption (see Figs. 1–3). Examining the different pre
sentations of the personalised norms based information speaks directly
to the literature around how to optimise the delivery of normative
messages. Existing research into the relative effectiveness of different
level goals indicates that high-level goals are less effective than lowlevel goals in promoting energy-saving and other pro-environmental

2. Study context and data
The study was carried out in a Middle Eastern metropolis in collab
oration with its nationally owned utility company that provides both
energy and water to the population. To be eligible for the study,
households had to meet the following criteria, 1) the customer account
had to have an active account, 2) the household needed to have at least
one month's worth of consumption data, 3) the household had their
cooling provided by the same the utility company, 4) the customer did
not have multiple accounts, 5) the household did not consume more
than 40,000 kW h per day (kWh/day) of electricity and/or 200,000
imperial gallons of water. A sample of 218,737 households that met the
criteria was selected for the study. The metropolis has a population of
around 3 million, with an average household occupancy of 4.2, which
means our sample represents around 30% of the population. The
average bill amount based on the average consumption of the sample
here is around USD$217.27, with electricity costing USD$136.84 and
water costing USD$ 80.43. The selected households were then rando
mised into one out of the four experimental groups, three treatment
1
This is based on taking the local average treatment effect of all three
treatments combined (Table A2) and dividing it by the electricity consumption
of the control group at baseline (Table A1).
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Fig. 1. Example of side-by-side treatment group message.

Fig. 2. Example of wings treatment group message.

groups and one control.
The experimental design closely follows the same procedure as
previous similar experiments [e.g., 6]. Each household in the treatment
group was sent an email on a monthly basis that included a link to a
portal that contained a horizontal bar graph that compared each
household's water and energy consumption against the consumption of
their neighbours. Neighbours are defined as households within a
geographical area with similar occupancy and house type. Email was
chosen as the medium for delivering the treatment by the utility com
pany to avoid the high cost of paper, printing and postage, as well as to
reduce the environmental impact of the programme. In each treatment
group, households saw a different design of the neighbour comparison
bar graph, as shown in Figs. 1–3. The first treatment group saw two sets
of bar graphs side-by-side with electricity on the left and water on the
right. The second treatment group – wings – was a similar design but

with the graphs sharing an x-axis that is adjacent to each other. The third
treatment group was a single bar graph that displayed a consumption
score that combined both electricity and water consumption. The score
is a standardisation of the two metrics combined. Aside from the
neighbour comparison bar graph to deliver the descriptive social norm,
a set of smiley faces were also included to highlight an injunctive norm.
This serves the purpose of preventing a ‘boomerang’ effect where high
performing households end up licensing themselves to increase their
consumption [5]. Finally, a set of water and electricity conservation tips
were also included in the reports. These tips were refreshed every month
with new content.
In order to assess the impact of the treatments, consumption data for
both water and electricity was recorded on a monthly basis over a 12
month baseline period (March 2017 to March 2018), and for a subse
quent 12 months (March 2018 to March 2019) when households in the
3
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Fig. 3. Example of combined eco-score treatment group message.

treatment group received monthly emails containing the treatment. The
dependent variables, water and electricity consumption are analysed as
imperial gallons per day and kilowatt/hour per day respectively. 3279 of
those meter readings had negative values, suggesting an error in the
read, and were therefore dropped from the dataset. Out of the initial
sample of 218,737 households, 50,738 households did not have the full
12 months of baseline data available. Missing baseline data was imputed
by taking the closest adjacent month's consumption data. For example, if
a household had data for January but not for February, then February's
baseline was imputed using January's data. This method was preferred
over the use of the mean, median or multiple imputation because it
better preserved the seasonal differences in consumption. Missing
baseline data was balanced between all groups. Furthermore, 9928
households were missing endline data and were dropped from the
dataset. The final dataset consisted of 208,809 households all with
positive reads and 12 months' worth of baseline data, though not
necessarily all 12 reads from the study duration. In total, these house
holds provided 2,163,393 observations across all four groups in com
bination. Both electricity and water consumption at baseline were
balanced across all groups, and can be observed in Fig. 4 for water and
Appendix Fig. A2 for water. Descriptive statistics can be seen in Ap
pendix Table A1.

(OLS) with standard errors clustered at the household level. The results
indicate that assignment to treatment leads to reductions in people's
electricity consumption by 0.33%2 over the 12 month period but does
not significantly impact water consumption.
We then go on to model the impact of the three different treatment
groups. The model is specified as above except that Ti now indicates
which of the three treatment groups or control the participants were
assigned to: side-by-side, wings or eco-score. See Models I and II of
Tables 1 and 2. Here we see that of the three treatments, only the wings
treatment significantly reduced electricity consumption on average over
the 12 month period. None of the treatments impact water consumption.
Looking longitudinally (Fig. 4), we see that the impact of the wings
treatment was greatest in the initial period which coincided with the
Spring/Summer months, when consumption is expectedly high due to
the increased use of air conditioning, with the treatment remaining
significant but decreasing later in the year. For a graph showing the
longitudinal estimates for water please see Appendix Fig. A1.
3.2. Quantile regression analysis
To understand the heterogeneity of the treatment effect, we run
unconditional quantile regressions for each treatment group separately.
As can be observed in Fig. 5, the treatment effect on electricity con
sumption is heterogeneous for all three treatments, in a largely similar
way. Those below the 50th percentile are not moving at all, representing
a precise zero effect. Between the 50th and 90th percentiles, there is a
steady increase in electricity consumption. The average treatment effect
seems to be carried by those moving above the 90th percentile, although
this is difficult to discern due to the noise. Overall, these quantile dis
tributions indicate that all three treatments have very similar impacts.
This suggests that the significant ATE found in wings does not neces
sarily reflect systematic differences between the different treatments but
could simply be a statistical artifact of the sample. This explanation is
further supported by pairwise t-tests presented in Table 1. This is an
example of quantile regressions being able to better interpret ATEs as
the distributional impact of the wings treatment group looks almost
identical to the others. This uniformity can also be observed for water
consumption, although with mostly a precise zero effect (Fig. A2).

3. Estimation & results
3.1. Average treatment effect
We begin by examining the impact of being assigned to any treat
ment versus being in the control group – the average treatment effect
(ATE). We model electricity, and separately water consumption, con
ditional on being treated Ti. We first estimate the simple relationship
between treatment and consumption. See Model I and III in Table A2.
We then include a vector of controls including house type and whether
the household is local or foreign Ci, as well as month fixed effects Mi and
baseline consumption Bi. See Model II and IV in Table A2).
Yi = β1 Ti + β2 Ci + β3 Mi + β4 Bi + εi
We estimate these models using Ordinary Least Squares Regression

2
This was calculated by taking the − 0.191 kWh ATE from the OLS of all
three treatments combined (Table A2) and dividing it by 57.30 kWh, the
average daily electricity consumption of the control group at baseline
(Table A1).
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Fig. 4. Average treatment effect on electricity over time. The vertical dash line represents the start of the treatment period. The y-axis represents the coefficients are
generated from an interaction between group assignment and every month in the pre and post intervention period on electricity consumption. Error bars are 95%
confidence intervals.
Table 1
OLS and 2SLS analysis of electricity consumption.

Side-by-side
Wings
Combined score
Side-by-side = combined
Wings = combined
Wings = side-by-side
Baseline
Time FE
House type
Foreign vs local
Number of observations
R2

Table 2
OLS and 2SLS analysis of water consumption.

Model I

Model II

Model III

Model I

Model II

Model III

ATE
Electricity

ATE
Electricity

2SLS
Electricity

ATE
Water

ATE
Water

2SLS
Water

− 0.261
(0.450)
0.010
(0.456)
0.148
(0.458)
− 0.409
(0.458)
− 0.138
(0.464)
0.271
(0.456)
No
No
No
No
2,163,393
0.000

− 0.129
(0.104)
− 0.302***
(0.106)
− 0.146
(0.105)
0.011
(0.105)
− 0.158
(0.107)
− 0.169
(0.106)
Yes
Yes
Yes
Yes
2,163,393
0.904

− 0.467***
(0.194)
− 1.099***
(0.199)
− 0.530***
(0.197)
0.103

Side-by-side

Wings = combined

10.031***

Wings = side-by-side

Yes
Yes
Yes
Yes
2,163,393
0.904

Baseline
Month FE
House type
Foreign vs local
Number of observations
R2

0.641
(0.931)
− 0.577
(0.909)
0.069
(0.912)
0.710
(0.943)
− 0.508
(0.920)
− 1.218
(0.939)
Yes
Yes
Yes
Yes
2,163,393
0.680

2.3232
(1.602)
− 2.102
(1.591)
− 0.252
(1.599)
2.503

7.960***

1.063
(2.088)
0.0603
(2.076)
0.3528
(2.090)
0.710
(2.126)
− 0.413
(2.114)
− 1.123
(2.11)
No
No
No
No
2,163,393
0.000

Wings
Combined score
Side-by-side = combined

1.315
7.463***
Yes
Yes
Yes
Yes
2,163,393
0.680

Notes: For Model specification I and II, coefficients from pairwise t-test to test for
equality of coefficients were included to show whether the coefficients of the
treatment groups were statistically significantly different from each other. For
Model specification III, coefficients from Wald test for equality of coefficients
were also included.

Notes: For Model I and II, coefficients from pairwise t-test to test for equality of
coefficients were included to show whether the coefficients of the treatment
groups were statistically significantly different from each other. For Model
specification III, coefficients from Wald test for equality of coefficients were also
included.

3.3. Conditional average treatment effect

increase consumption, which may explain the overall small ATE for
wings and the null effects for the other treatment groups. As a point of
reference, the average daily consumption of households in the top decile
is 251.9 kWh. The similarity in the pattern of distribution between these
CATE figures and the quantile distribution is suggestive of rank invari
ance, which is to say that households are not swapping ranks over the
distribution over time nor as a result of treatment. CATE of water con
sumption is available in Fig. A3.

The treatment effects of these feedback interventions are rarely ho
mogenous, and one of the main sources of heterogeneity is based on a
household's baseline consumption [30,31]. We therefore look at the
conditional average treatment effect (CATE), conditional on deciles of
baseline consumption, to determine whether the treatment effect is
greater for households with higher baseline consumption. We disag
gregate average treatment effects by deciles based on a given house
hold's mean consumption over the baseline period, and interact this with
treatment group assignment within the same model specification used
for determining the ATE. See Fig. 6.
Across all three CATE estimates the majority of the treatment effect
occurs in the top decile with all other deciles having either very small or
no effect at all. Households in the 8th and 9th deciles also seem to

3.4. Local average treatment effect
Importantly, being randomly allocated to be in a treatment group
does not automatically ensure that individuals were exposed to the
feedback on their consumption in a given month as they may not have
opened the email. In fact, of the total emails sent, on average 27.51% of
5
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Fig. 5. Unconditional quantile regression of treatment effects on electricity. The red dashed lines represent the ATE based on Model I. The solid black line represents
the treatment effect of each quantile. Therefore, no variables were included as control here. Confidence intervals are represented as black dashed lines. Higher deciles
reflect higher baseline consumption. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 6. Conditional average treatment effect (solid lines) based on an interaction between deciles of baseline electricity consumption and treatment group
assignment. Decile 10 indicates households with the largest amount of electricity consumption during the baseline period. Decile 1 is omitted as the comparison
decile. Error bars (dashed lines) are 95% confidence intervals.

treatment emails were opened per month over the course of the one year
study.3 We therefore follow up our ATE analysis by adopting a two stage
least squares approach (2SLS), to estimate the local average treatment
effect (LATE) of opening an email in each month [32].These models take
the following form:

here again we see that although the treatments significantly impact
electricity consumption, there is still no effect on water consumption.
Moving on to the disaggregated results, we interact treatment
assignment with whether a household opened the email to generate
coefficients for each treatment group. We see that while all three feed
back frames reduce electricity, none have a significant impact on water
(including when adjusting for testing multiple hypotheses using a Bon
ferroni correction). See Figs. A4 and A5 for coefficient plots. Of the three
treatments the wings design yields the greatest magnitude reductions of
− 1.096 kWh/day (1.9% overall), followed by the combined eco-score
with − 0.529 kWh/day (0.911%) and side-by-side with − 0.465 kWh/
day (0.797%), with the difference between the impact of the wings
treatment and the other two being statistically significant.

First Stage : Ti = ρ1 Zi + ρ2 Ci + ρ3 Mi + ρ3 Mi + ρ4 Bi + εi
Second stage : Yi = Γ 1 Ti + Γ2 Ci + Γ 3 Mi + Γ4 Bi + εi
Ti is the endogenous variable, whether person i opened the email,
and ρ1Zi is the instrumental variable of treatment group assignment. See
Model III in Tables 1 and 2 for results relating to electricity and water
consumption respectively. Examining the impact of the feedback on
consumption for those who opened the email across the two resources,

4. Discussion
In the current study, we present the first work to explore the effec
tiveness of concurrently presenting households with personalised
normative feedback on two areas of environmentally significant

3

Due to technical errors in the data storing of the email read receipts, 25% of
the data of those read receipts were missing. To be conservative, we converted
those missing values as ‘not open email’.
6
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consumption: electricity and water. The intervention delivered a 1.9%
reduction in electricity consumption over a 12-month period, when
looking at the LATE using email open rate of the wing treatment, or
1.2% when looking at all treatments combined. Importantly, as partic
ipants were required to navigate to an online portal from the email to see
their feedback and we are not able to monitor the frequency with which
people did this, this LATE should be considered lower bounds for the
impact of actually seeing the feedback and is likely an underestimate.
The percentage change is similar to the treatment effects found in the US
where personalised normative feedback delivered as part of paper home
energy report letters achieved reductions in electricity consumption of
around 2% [6,9].4 The treatment effects found here are also expectedly
higher than the 0.7% savings achieved with a similar intervention in a
German context [26]. As suggested by Andor et al. [26] greater savings
can be achieved in populations with higher levels of consumption.
Although it is interesting to note, in our Middle Eastern context, elec
tricity consumption is three times greater, at 90kWh/day, than that of
the US, at around 30kWh/day. Furthermore, despite equivalent levels of
water consumption in both the case study metropolis and the US (both of
which are high by international standards), and evidence of the effec
tiveness of home water reports in the US [12], water consumption was
unaffected by normative messages in this context.
Personalised normative messages, delivered through mail, and to a
lesser extent online, have been shown to be effective at encouraging
reductions in water consumption in other work [23]. In the current
work, however, we find no evidence of an overall impact of the inter
vention on water consumption. Research on goal shielding suggests that
when individuals have multiple goals they are prone to concentrate on
only one goal. This is understood to be particularly likely to occur when
the goals serve the same overarching purpose [33]. Although in the
current design it is not possible to rule out that the null effect on water
consumption is driven by contextual factors that are specific to water
consumption, it may be that the intervention focused efforts on elec
tricity at the expense of water.
Other work on the impact of dynamic pricing programs on electricity
demand indicates that concurrently offering two forms of dynamic
pricing is less effective than only offering one form in isolation, despite
the increased incentive involved [34]. This result highlights that
increasing the complexity of strategies aimed at encouraging demand
reductions can backfire. Another interpretation of the findings in the
current work, therefore, is that the complexity of the normative inter
vention targeting two resource areas may have diluted its impact. Future
research should examine the differences in providing water feedback
alone compared to water feedback paired with electricity to shed further
light on these issues.
While existing research has documented electricity savings as knockon effects from personalised norm interventions targeting water con
sumption [17,18], as far as we are aware no research to date examined
the reverse, i.e., spillovers from interventions targeting electricity con
sumption on water consumption. While our null findings in relation to
water in the current work cannot speak directly to this gap, they do raise
the question of whether spillovers into electricity savings from in
terventions targeting water are more attainable than those arising in
water from interventions targeting electricity. Given the increasing
emphasis placed on the interdependencies between consumption of
these resources in households – the water-energy-food nexus [27] –
future work should explore the drivers of both direct and indirect re
ductions from personalised normative messages achieved across all of
these domains when one area of consumption is targeted.
Looking at the different forms of combined feedback, we find that

according to the LATE, looking at those that opened the email, the wings
treatment has the largest coefficients, and is significantly different from
that of the other two treatments. More specifically, the coefficient for the
local average treatment effect on the wings treatment is 1.09 kWh/day,
while that of the side by side treatment is 0.47 kWh/day and that on the
combined score is 0.53 kWh/day. By way of comparison, the average
daily reduction for wings is very close to that of the electricity an iron
uses per hour at 1.08 kWh and for the side by side treatment and the
combined score it is closer to half an hour.
Although existing research has found that adding embodied energy
feedback to feedback on water consumption yielded significant re
ductions in water consumption [35], no research to date has examined
the impact of presenting water and electricity personalised normative
feedback together. Prior to the study, therefore, it was unclear whether
combining the information or presenting it separately would best pro
mote overall environmental performance. On the one hand, presenting
the information in a combined eco-score makes salient the connection
between the two areas of consumption and their relationship to envi
ronmental impact. Features which should theoretically limit negative
behavioural spillovers and encourage positive ones [29]. On the other
hand, presenting the feedback separately provides consumers feedback
relating to concrete, rather than abstract, goals – something which
should promote goal attainment [28]. That the wings score achieves
larger reductions than the eco score suggests there may be benefits to
separating out the feedback. However, as the eco score and the side by
side treatments have equivalent impacts, the evidence is rather mixed
and perhaps that these relative benefits counteract one another.
In regard to cost effectiveness of the intervention, if the average daily
savings based on the ATE of the wings treatment is 0.302 kWh, which is
around 9.19 kWh per month, and the cost of electricity in the metropolis
is around USD$0.082 per kWh, then the savings per household per
month is around USD$0.75. As the treatment itself costs around USD
$0.21 per email per month, the intervention appears to be cost effective.
Although true cost effectiveness is difficult to determine since house
holds do not pay for these reports, and the benefit to the utility is
difficult to calculate as it relates to the operational costs of delivering
energy, as well as the subsidies provided to households.
The study design shares limitations with some previous work on
normative messages targeting energy and water savings, highlighting
directions for future work. First, the study does not examine the un
derlying behavioural processes causing resource reductions despite their
relevance for both theory and practice. Future work could make use of
graphical causal models and include surveying household energy- and
water-saving measures in order to shed light on the behavioural path
ways behind the impact on electricity consumption documented here
[19,36]. A second issue is that the study focuses on water and electricity
resource consumption as the outcomes of interest without providing
insights into the overall consumer welfare effects. In contrast, Allcott
and Kessler [37] elicit consumer willingness to pay for home energy
reports in order to explore the welfare impacts on those receiving the
intervention. Future work targeting both energy and water could adopt
this approach to better understand the value of the intervention from the
consumers' perspective.
Furthermore, in order to carry out the current study it was necessary
to partner with a utility company. Such partnerships typically require
flexibility and mutual benefits [38]. Compromises to the research
design, in particular in relation to excluding treatment groups in which
only single resources were targeted, were necessary in order to carry out
the study. Including such groups would have allowed us to causally
identify the spillover effect of just targeting one of the resources. This
however, could not be done as it would have meant denying the service
of the feedback to a portion of the population. Additionally, despite
existing evidence to suggest that paper based messages are more effec
tive than email [22,23], it was not possible in the current context to send
paper letters and so we proceeded with emails. The environmental and
financial cost of sending paper letters to a sample size of this size at that

4
Importantly the ~2% documented by Allcott represents the average treat
ment effect. This is as a result of the study design being unable to identify
whether recipients opened the home energy report letter they were mailed or
not.
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frequency was not seen as sustainable to the utility. Another suboptimal
feature of the design was that recipients in the treatment group had to
click on a link in the email in order to view the normative messages,
creating further barriers to treatment. Despite these practical limita
tions, the intervention represented a cost-effective solution for the
encouragement of electricity reduction, and they have now rolled out
the intervention to their entire customer base. They have also subse
quently embedded the normative messages into the body of the email
that they send. This change will likely enhance the intervention's
effectiveness. Future work should examine the relative effectiveness of
targeting the two resources areas in isolation compared to together, and
further explore the impact of different features of the delivery mode on
the impact of normative messages.
Overall, the results of this study indicate that concurrently present
ing personalised normative feedback on both electricity and water
consumption yields reductions in the former but not the latter. As social
norms based messages become more and more widespread there is an
onus on utility companies to consider the effectiveness of sending

normative messages targeting multiple domains. While existing studies
demonstrate that personalised normative messages can be effective at
encouraging water and separately electricity savings, the current results
present evidence of a context in which concurrently providing feedback
on electricity and water runs into some trouble: reducing consumption
in one but not both domains.
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Appendix A
Table A1
Descriptive statistics of each treatment group, subgroup in the pre and post period across water and electricity usage.

Treatment group
Control
Side-by-side
Wings
Combined score
House type
Apartment
Villas
Other
Nationality
Local
Foreign

Pre

Post

Pre

Post

n

n

Water
(Ig/day)

Water
(Ig/day)

Electricity
(kWh/day)

Electricity
(kWh/day)

Households

Observations

243.01
(400.19)
243.77
(401.57)
243.54
(401.66)
243.30
(403.05)

241.75
(400.45)
242.81
(414.91)
241.69
(403.36)
242.10
(409.84)

58.09
(91.46)
58.08
(91.17)
58.41
(93.63)
58.39
(93.46)

57.23
(90.48)
56.97
(90.53)
57.24
(91.48)
57.38
(92.23)

52,986

548,174

53,010

549,765

51,256

531,685

51,557

533,769

131.63
(121.92)
618.33
(682.75)
922.86
(996.94)

129.85
(119.26)
617.94
(696.08)
1005.68
(1100.14)

29.05
(27.49)
156.38
(148.80)
186.60
(193.91)

28.37
(26.59)
154.22
(146.67)
195.83
(210.21)

163,518

1,669,010

44,914

490,469

377

3914

746.72
(800.74)
169.02
(217.71)

748.12
(820.32)
167.31
(217.78)

171.66
(178.24)
41.44
(54.09)

170.58
(176.06)
40.45
(52.72)

24,621

278,554

184,188

1,884,839

Note. Balance checks using OLS of baseline consumption and group assignment show no statistically significant differences between any of the control and treatment
groups.
Table A2
OLS and 2SLS results of all treatment groups combined for water and energy.

ATE of all treatments combined
Baseline
Time FE
House type
Number of observations
R2

Model I
OLS

Model II
OLS

Model III
OLS

Model IV
OLS

Model V
2SLS

Model VI
2SLS

Electricity
(kWh/day)

Electricity
(kWh/day)

Water
(IG/day)

Water
(IG/day)

Electricity
(kWh/day)

Water
(IG/day)

− 0.0372
(0.369)
No
No
No
2,163,393
0.000

− 0.191
(0.085)
Yes
Yes
Yes
2,163,393
0.904

0.459
(1.689)
No
No
No
2,163,393
0.000

0.005
(0.742)
Yes
Yes
Yes
2,163,393
0.680

− 0.695
(0.160)
Yes
Yes
Yes
2,163,393
0.904

− 0.019
(1.423)
Yes
Yes
Yes
2,163,393
0.680
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Fig. A1. Average treatment effect on water over time. The vertical dash line represents the start of the treatment period. The y-axis represents the coefficients
generated from an interaction between group assignment and every month in the pre and post intervention period on electricity consumption. Error bars are 95%
confidence intervals.

Fig. A2. Quantile treatment effects of water consumption across all three treatments. The red dashed lines represent the ATE based on Model I. The solid black line
represents the treatment effect of each quantile. Confidence intervals are represented as black dashed lines. While there may seem like one of the upper quantiles is
significant, the size is so small that the effect is likely to disappear once multiple corrections has been implemented.

Fig. A3. Conditional average treatment effect (solid lines) based on an interaction between deciles of baseline water consumption and treatment group assignment.
Decile 10 indicates households with the largest amount of electricity consumption during the baseline period. Decile 1 is omitted as the comparison decile. Error bars
(dashed lines) are 95% confidence intervals.
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Fig. A4. Coefficient plot of electricity usage in kilowatt hours per day from 2SLS for each treatment group, using an interaction between treatment assignment as the
IV and monthly email opening as the endogenous variable. Error bars are 95% confidence intervals.

Fig. A5. Coefficient plot of electricity usage in imperial gallons per day from 2SLS for each treatment group, using an interaction of treatment assignment as the IV
and monthly email opening as the endogenous variable. Error bars are 95% confidence intervals.
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