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1 Introduction

This document outlines our pre-analysis plan for a field experiment on the impact of social information
on water consumption, conducted with customers of a large Italian electric utility. The document summa-
rizes (i) our experiment and resulting data, (ii) our research questions and the plan of regressions, and (iii)
power calculations.

At the time of writing this plan, we designed and launched the RCT. We accessed pre-experimental ad-
ministrative data which we used to identify the study sample and randomize treatment assignment.
We intend to submit this Pre-Analysis Plan to the AEA RCT Registry.
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2 Literature review

Social information programs are widely used by policy makers to nudge behavioural change. Their popu-
larity is attributable, at least in part, to existing evidence on their ability to influence behaviour in a variety
of settings, from energy and water consumption (Allcott et al., 2011; Allcott and Rogers, 2014; Ayres
et al., 2013; Brent et al., 2015a; Ferraro and Price, 2013; Ferraro et al., 2011; Ferraro and Miranda, 2013a;
Jaime Torres and Carlsson, 2018), contributions to charitable causes (Frey and Meier, 2004; Shang and
Croson, 2009a), voting (Gerber and Rogers, 2009) and financial decisions (Beshears et al., 2015).1

Our first research question looks at the direct impact of a customized household report about water usage
on water consumption. Different works have tackled this question in both developed and developing
contexts. In developed contexts, the majority of works are carried out in the US. It is documented that
the social norm content of the home water reports have short-term water conservation effects between
2.7 and 5%, which tend to persist significantly over longer time horizons (50% decrease in impact after
one year, but still significant and which remain persistent four years later). It is also shown that these
effects are explained not only by short-lived behavioral adjustments, but also by longer-lived adjustments
to habits or physical capital (Ferraro et al., 2011; Ferraro and Price, 2013; Ferraro and Miranda, 2013b;
Bernedo et al., 2014 in Georgia and Brent et al., 2015b in Texas). More recently, Jessoe et al. (2019)
use high frequency water use to assess a home water program in California in a drought period. They
find 4 to 5% reduction in water usage. They also find no differential effect of different components
and contents of the report and that the effects are relatively short-lived, documenting a reversion 4 to 5
months post-treatment. In Singapore, Goette et al. (2019) find average treatment effect of a feedback on
water consumption in the order of 4 Litres of water per person per day. In developing contexts, Miranda
et al. (2020) find 3 to 5% effects in Costa Rica, while Jaime Torres and Carlsson (2018) find 6.8% water
reduction on customers targeted by home water report and 5.5% decrease on untargeted customers living
close-by (cross-individual spillover) in Colombia. We contribute to this research line by extending the
geographical scope of water conservation programs to a European country, Italy2 Hence, we complement
the existent works by testing the external validity and transferability of these programs to other contexts.
We also contribute to the growing literature on the context-dependency of causal effects measured in a
particular policy population (e.g. Allcott, 2015; Vivalt, 2015).
Our second research question relates to the spillover effects of the water report on the individual consump-
tion of other resources, such as gas and electricity. Environmental decisions may be subject to behavioural
spillover effects whereby the adoption of one pro-environmental action reduces (negative spillover) or

1 See Gillingham et al. (2018); Abrahamse (2019); Gerarden et al. (2017) for a broader discussion of the energy efficiency gap
and the assessment of energy efficiency policies.

2 To the best of our knowledge no evaluation of water conservation programs using social comparison has been conducted in
Europe, while in the electricity sector work has been done by Andor et al. (2017) and Bonan et al. (2019a).
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increases (positive spillover) the probability of another pro-environmental action. Negative spillover is
typically attributed to moral licensing. Positive spillover realizes when people seek consistency across
behaviors or environmental concerns are primed. The evidence on behavioural spillover effects is mixed.
Such variability in the results can be partially explained by two facts. First, there is a high variability in
the methods used to quantify impacts (Galizzi and Whitmarsh, 2019). Second, there is a high variability
in the way behavioural outcomes are measured (behavioural intentions, policy support, self-reported be-
haviours, actual behaviours) (Maki et al., 2019)3. Investigating spillover is relevant, as it allows to shed
light on hidden effects which may further improve (worsen) the cost-effectiveness of social information
nudges aimed at stimulating pro-environmental behaviours. However, relatively few papers rigorously
address this topic. Jessoe et al. (2017) examine "cross-sectoral" spillover using data on real world actual
behaviours, namely water and electricity usage. They find that home water reports induce a 1.3 to 2.2%
reduction in summertime electricity use. They also provide evidence suggesting that impacts are not solely
imputable to mechanic resource complementarities. Carlsson et al. (2020) find that a social information
campaign on water use decreased water use for two groups of households: those with inefficient use of
water and those with efficient use of water before the information campaign. However, it is only for the
households with efficient use of water that a positive spillover effect on electricity is observed. The effect
is sizeable; this group has around 9 percent lower use of electricity compared with the control group 11
months into the information campaign. Brent et al. (2015b) examine the interaction between the social
comparison treatment and existing utility conservation programs such as free home water audits and re-
bates for efficient toilets or irrigation controllers. They find that receiving the home water report increases
program participation by six percentage points. Far smaller effects, in the order of 0.4 percentage points
increase, are found by Allcott and Rogers (2014). In a lab experiment, d’Adda et al. (2017) find little
evidence of behavioural spillover from fairness to cooperation, while in another setting with privately pro-
vided public goods, Shang and Croson (2009b) find that providing information on the charitable donations
of others increases donations in both the current campaign as well as future campaigns. We contribute
to this strand of literature by focusing on the impacts of the home water report on several sectors besides
water usage, namely electricity and gas. We also assess the program impact on customers’ engagement
with the utility (relevant in a business management/marketing perspective).
The third research question, perhaps the most original contribution, is to assess the effect of receiving
different nudges. In our case, people receive different social information on different resources. The
net effect is an empirical question. One may expect crowd-out if an information overload occurs and
additional nudges tire the individuals who stop paying attention Sunstein (2016). Conversely, crowd-
in occurs if more information leads to higher awareness for example about behavioural synergies. As

3 General reviews of behavioural spillovers can be found in Truelove et al. (2014), Dolan and Galizzi (2015), Nilsson et al.
(2017).
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nudges become more popular, individuals are likely to be exposed to multiple behavioural policies, hence
the investigation of crowding-in or crowding-out effects is of extreme importance. Only few works have
tackled this issue. Brandon et al. (2019) considers two social nudges, the first targeting conservation during
peak load events, the second promoting aggregate conservation. They find no evidence of crowding-out
effects. Bonan et al. (2019a) combine different nudges, by augmenting the standard social information
message on electricity usage with an environmental self-identity prime. They find that social information
is more effective when environmental self-identity is made more salient, but only among individuals who
acted pro-environmentally in the past. Ultimately, this is relevant for the assessment of the impact of
nudges on welfare (Allcott and Kessler, 2015). We contribute to this nascent literature by providing
evidence on the marginal impact of receiving multiple reports. Differently from previous works, we look
at the impact of reports providing social comparisons with a similar structure, but on different resources.
Finally, we explore the heterogeneity of the effects along resource pre-treatment usage and engagement
with the utility. Important sources of treatment heterogeneities found in the literature are pre-treatment
usage (Byrne et al., 2018; List et al., 2017; Allcott, 2011; Ferraro and Price, 2013; Bhanot, 2017; Fer-
raro and Miranda, 2013a)4, political and environmental preferences (Costa and Kahn, 2011; Bonan et al.,
2019a), beliefs (Byrne et al., 2018; Jachimowicz et al., 2018), strength and consistency of norms (Bonan
et al., 2019b).

3 Treatment, sample and randomization

The project is centered around a customer water efficiency program conducted with utility’s customers.
The study is realized on a sample of customers from an Italian multi-utility who have a contract for water
provision and a valid e-mail address. The multi-utility also provides, besides water, electricity and gas.
Since 2018, the utility engaged in customers’ information campaigns through the design and launch of
"Opower-style" home energy reports for both gas and electricity consumption. A new water consumption
report kicked-off in October 2019.
The report includes the following elements:

• Static neighbor comparison: comparison of one’s own average water consumption in the reporting
period (about two months) with that of two groups: "virtuous" and "average" customers. For the
former the utility computes the average consumption of the top 75% most water efficient customers
with the same household size in the customer base. For the latter, the average water consumption of
customers with the same household size is used.

4 In particular, several works find that social comparisons are more effective for high water users (Ferraro and Miranda, 2013b;
Ferraro and Price, 2013; Brent et al., 2015b).
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• Feedback on water consumption: based on relative performance customer receives emoticon and %
difference with respect to the average customers

• Dynamic neighbor comparison: comparison of own consumption over the months in the reporting
period and same months of previous year; comparison of the rolling yearly water consumption with
that in the previous year

• Water saving tips: tips on how to save water, divided into categories (behavior change, small invest-
ment, large investment). Tips are seasonal-specific.

The report is sent to customers by email bimonthly soon after water bill delivery, following the rolling
billing cycle. The reference period of the report is the same of that reported in the bill. Figure 1 depicts
the structure and the contents of the report.
To be eligible for the study sample, customers need to have one single water contract in their main address
of residence, meaning that customers with multiple contracts and/or multiple houses are excluded. Then,
we exclude customers with the number of people living in the house above 20, possibly indicating con-
dominiums, and with excessively high water usage in the past year. In the latter, we exclude customers
with consumption above ten times the sample median consumption. The experimental sample is split in
two waves. The first wave starts receiving the report in October 2019, while the second in January 2020.
The first and second wave includes 70,210 and 38,830 customers, respectively. The total study sample is
109,040 customers.
The experimental design relies on the random assignment of eligible customers to a treatment group which
receives the report and a control group which does not, for each wave. We follow a stratified individual
level randomization procedure, to maximize ex-ante balance across treatment and control group along a
battery of important observable characteristics (Bruhn and McKenzie, 2009). Strata are obtained from the
combination of the following variables:

• Having an electricity and/or gas contract

• Receiving the report about electricity and/or gas consumption

• Having an electricity and/or gas contract in the free vs "protected" market5

• Having performed a water self-reading in the last twelve months

5 Once a monopoly, the Italian energy retail market, including both electricity and gas, was liberalized in 1999. The liberal-
ization process has been slow, with over 60 per cent of domestic customers still buying their energy at the conditions set by
the public authority for energy as of 2017 (ARERA, 2018). The market is expected to be completely liberalized in 2020,
when everyone has to purchase electricity from the free market. Conversely, the market for water supply has been liberalized,
although it remains highly regulated. Only customers with free market contracts can be contacted to receive the reports.
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We exclude strata with less than ten observations. We end up with 32 strata. Within each stratum, we sort
customers by water consumption in 2018 and assign adjacent customers to treatment and control group.
In particular, in the first wave we assigned to the different groups every other customer (50% treatment
and 50% control). In the second wave, every eleventh customers was assigned to the control group (91%
treatment and 9% control). Eventually, we end up with 70,418 treated and 38,622 control customers,
corresponding to 65 and 35% of the sample, respectively.

4 Research questions and analysis

4.1 Experimental analysis

The study addresses the following research questions. For each of them the specification, the test of
hypothesis and the sample of analysis are indicated.

Research Question 1 What is the impact of receiving the water report on water consumption?

We estimate the intention to treat effect (ITT) of receiving the report on water consumption:

yit = β1Postit + β2Progi ∗ Postit + ht + gi + εit (1)

where yit is the normalized average daily water consumption over the billing period in month t. Prog is a
treatment indicator, Post is a dummy variable which becomes one when customers receive the first report.
The regression also includes month-by-year fixed effects, ht, and household fixed effects gi. Standard
errors are clustered at the level of household, to allow for the presence of within customer correlation over
time in the error term (Bertrand et al., 2004). The analysis is conducted on the whole study sample over a
period ranging from September 2018 to January 2021.

Research Question 2 What is the impact of receiving the water report on electricity and gas consump-

tion?

In order to assess the broader impact of social information intervention on resource consumption, we run
the following pooled model:

yirt = β1Postit + β2Progi ∗ Postit + ht + gi + fr + εirt (2)

where yirt is customer’s i normalized consumption of resource r (electricity or gas) in month t, while fr
are resource fixed effects. The sample of analysis includes customers with at least one contract (electricity,
gas or both), besides the water’s one.
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Then, we estimate the resource-specific impacts, by estimating models similar to 1 on the different sub-
sample. The dependent variable yit is the average normalized daily electricity (gas) consumption in month
t. For the estimation of the spillover effect on electricity, the sample of analysis includes customers with
an electricity contract, besides the water one. In the case of gas, the sample of analysis includes customers
with a gas contract, besides the water one.

Research Question 3 What is the impact of receiving multiple nudges on resource consumption?

We tackle this question by estimating the heterogeneous effects of receiving the water report across cus-
tomers already receiving other reports (electricity, gas or both) at the baseline. We separately estimate the
direct impact on water, gas and electricity usage, yit, in the following model:

yit = β1Postit + β2Progi ∗ Postit + β3Postit ∗OtherRepi+

+ β4Progi ∗ Postit ∗OtherRepi + ht + gi + εit
(3)

OtherRepi is a dummy on whether customer i receives any other report at the baseline.

Research Question 4 How do treatment effects vary with respect to baseline household characteristics?

We explore the heterogeneities of the effects estimated in the previous research questions along the fol-
lowing variables:

• pre-treatment usage of the resource considered as outcome

• consumption awareness/ engagement with the utility (self-reading, activities on the web portal, ac-
tivities on the app, contacts with customer service). Variables are aggregated in an index.

Research Question 5 What is the impact of receiving multiple nudges on customers’ engagement with

the utility?

To tackle the question we estimate models similar to 1 and 3 with different dependent variables. In
particular, we focus on the following indicators of customers’ engagement with the utility.

• Monthly frequency of water self-readings

• Digital activities: monthly access to online portal, access to app

• Churn in electricity and gas contracts

• Customer satisfaction: the number of contacts and complaints with the utility through the different
communication channels

7
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5 Data

All data used in the analysis are provided by our partner utility, after being anonymized. Data on water
and gas consumption are based on meter reading occurring periodically by the distributor for all customers
and on self-readings provided by customers on a voluntary basis. Data on electricity usage rely on actual
consumption measured through smart meters on a monthly basis. Usage data are expressed as daily level
in each month normalized with respect to the control group consumption in the intervention period.
Data on customer engagement with the utility are measured monthly as follows:

• The number of water self-readings

• The number of days with at least one portal accesses

• The number of days with at least one access to the app

• A dummy for churn in period t, i.e. the individual ceases to be a customer

• The number of customers’ care contacts through the different communication channels

• The number of complaints through different communication channels

The following variables are used for the construction of strata which are used for randomization.

• A dummy for whether the customer has an electricity contract

• A dummy for whether the customer has a gas contract

• A dummy for whether the customer receives the report about electricity consumption

• A dummy for whether the customer receives the report about gas consumption

• A binary variable for having an electricity contract in the free vs "protected" market

• A binary variable for having a gas contract in the free vs "protected" market

• A dummy for whether the customer performed a water self-reading in the last twelve months

• Average water consumption in 2018.

Treatment heterogeneity is run using the average value at baseline, i.e. in 2018, or related variables
capturing properties of the distribution (e.g. median and quartiles) for the variables described above (pre-
treatment resource usage and engagement).
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5.1 Multiple Hypothesis testing

We control for multiple hypothesis testing in several ways. First, when looking at the main treatment effect
across outcomes, i.e. water, gas, electricity usage and engagement (summarized in an index), we compute
the sharpened two-stage q-values (FDR-adjusted q-values)?.
Second, within the same outcomes families, when we test treatment heterogeneities (i.e. by presence of
other reports, pre-treatment usage and engagement index), we compute the sharpened two-stage q-values
(FDR-adjusted q-values)?.

5.2 Sample Balance at Baseline

For each variable available at the time of treatment assignment, we conduct balance tests across treatment
groups. We denote these variables as yi0 and for each of them we estimate the following equation:

yi0 = β0 + β1Programi + β2Wavei + εi0 (4)

where β1 provides the difference in variable y between customers assigned to receive the water report
and the ones assigned to the control group. Wavei is a dummy variable which takes the value of one if
customer is part of the first (main) wave of reports’ delivery and zero for the second one. This represents
an important control, as the two samples are systematically different and have different proportions of
treatment and control customers.
Table 1 reports, for the variables employed for the construction of strata and the dimensions of hetero-
geneity available at the time of this writing, the mean and standard error in the control group as well as the
coefficient β1 which indicates the average difference between treatment and control group. As expected,
we do not detect any significant difference in observable characteristics across the two samples.

5.3 Power calculations

We compute the minimum detectable effects allowed by the design through simple power calculation. In
particular, we consider a simple non-repeated treatment/control design, with unequal sample size. In Table
2 we compute power for all the hypothesis under consideration for each research question. In particular,
we use the baseline values of the main outcomes proposed in the analysis, namely for water, gas and
electricity usage6. We obtain minimum detectable effects ranging from 1.2 to 1.4% for the main effects
(RQ1 and RQ2). As for the heterogeneous effects (RQ3 and RQ4), MDEs are between 1.4 and 2.2%.
These are commonly considered as very small effects and are aligned with the magnitude of effects of

6 Data on engagement are not available at the current stage of the project.
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social information programs. Moreover, these estimates are conservatives as they do not incorporate the
fact that we will use repeated measures of the outcomes and individual fixed effects in our estimation
strategy. These are likely to decrease the unexplained variation in the outcome and further decrease the
minimum detectable effects.
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Tables and figures

Figure 1: Water consumption report
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Table 1: Summary statistics and balance

N Control Mean Control SE ITT p-value
Gas contract 109040 0.775 0.002 0.000 0.950
Electricity contract 109040 0.655 0.002 0.000 0.977
Gas contract in the free market 109040 0.694 0.002 0.000 0.946
Electricity contract in the free market 109040 0.614 0.002 0.000 0.945
Gas report 109040 0.236 0.002 0.000 0.979
Electricity report 109040 0.198 0.002 0.000 0.966
Self-reading in the past 12 months 109040 0.367 0.002 0.000 0.942
Gas usage in 2018 89527 1041.6 3.4 4.987 0.341
Electricity usage in 2018 76382 2312.6 6.2 7.873 0.405
Water usage in 2018 109040 115.2 0.3 -0.143 0.764
N. of occupants in the house 109040 2.417 0.005 -0.009 0.290

Note: This table reports customer level summary statistics (n. of observation, mean and standard error in the
control group) and assesses balance across treatment and control groups using a regressions. the dependent is the
observable in the first column and is regressed on a treatment dummy and a binary variable for the wave.
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