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Abstract
This paper investigates whether informative feedback on consumption can nudge water 
saving. We launched a five-month online information campaign which involved around 
1,000 households located in the province of Milan (Italy) with a smart meter. A group of 
households received monthly reports via email on their per capita daily average water con-
sumption, including a social comparison component. The Intention to Treat (ITT) analysis 
shows that, compared to a benchmark group, the units exposed to the intervention reduced 
their per capita water consumption by around 6% (25.8 liters per day or 6.8 gallons). Being 
able to observe the email opening rate, we find that the ITT effect is mainly driven by com-
plying units. Through an Instrumental Variable approach, we estimated a Local Average 
Treatment Effect equal to 54.9 liters per day of water saving. A further Regression Discon-
tinuity Design analysis shows that different feedback on consumption class size differen-
tially affected water saving at the margin. We also found that the additional water saving 
increased with the number of monthly reports, though it did not persist two months after 
the campaign expired.
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1 Introduction

Water scarcity is already affecting a quarter of the world’s population, causing economic 
damage (Franzke 2021), and negative consequences on human health and well-being (Ebi 
and Bowen 2016). Among the different actions aimed at mitigating this issue, the reduction 
of excessive water consumption, which contributes to local water stress, has become a pri-
mary sustainability objective.1 With respect to this, behavioral nudges have been increas-
ingly acknowledged as powerful and cost-effective actions that can supplement or replace 
traditional economic levers2 to correct market failures, engage people in pro-social behav-
ior, and align them with socio-valuable goals (World Bank 2015; Benartzi et  al. 2017). 
Academic literature has offered wide and robust evidence on the behavioral sciences’ 
capacity to correct cognitive biases while preserving fundamental individual freedom of 
choice (Sunstein 2018; Thaler & Sunstein 2008).

Behavioral insights are particularly relevant to the water sector. In various countries, 
water tariffs are regulated, thus limiting the possibility of water companies to leverage 
water saving by increasing the related price. Moreover, being a sector of general interest, 
a rise in price might inhibit goals of accessibility and service universalization. Non-mon-
etary measures are thus likely to be politically more effective in promoting water conser-
vation attitudes than traditional economic measures. On top of that, in various countries, 
people do not have access to updated and reliable information on their daily water con-
sumption. This can partly be traced back to the widespread technological backwardness 
in the data collection and communication systems. Data on domestic water consumption 
can be observed directly via water meters, or indirectly via the water bill. Both ways imply 
non-negligible searching and evaluating costs. Concerning the former, in many countries 
(Italy included), homes are usually equipped with analogue water meters, which can be 
installed outside private homes (or, internally, but not in easily visible places). Moreover, 
water meters report households’ cumulative consumption, limiting users’ knowledge of 
their daily consumption. Concerning the latter, water bills usually report the total amount 
of households’ aggregated water consumption over a given period (e.g. a quarter). This 
information might not be easy to understand, evaluate and compare. Moreover, since self-
reported communications or door-to-door readings occur sporadically, water billing is usu-
ally calculated according to estimated rather than real data.3

Within this framework, the main goal of this research is to assess the extent to which 
informative feedback on water consumption can nudge water savings.

The Information Campaign To address our research question, we designed an online 
information campaign which involved around 1,000 households in the metropolitan area 
of Milan, over a five-month period, beginning in September 2021 and lasting until January 
2022. The campaign was launched in partnership with the CAP Holding water company, 

1 Among the United Nations’ Sustainable Development Goals (SDGs), Goal 12 – ‘Responsible Consump-
tion and Production’ – calls for effective and timely actions aimed at promoting sustainable behavior.
2 In this field, traditional economic levers include increasing water prices, command and control instru-
ments, and market-based incentives aimed at inducing the adoption of water saving technologies (aerated jet 
breakers, double button discharge, electronic faucets with sensors and photocells) and more efficient domes-
tic appliances.
3 Condominiums are often equipped with a single meter and the bills are divided according to the size of 
the apartments, and not according to the consumption of the individual condominiums, which are not reg-
istered.
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one of the main Italian water companies, which manages the integrated water services in 
the metropolitan area of Milan and in other provinces of the Lombardy region. The CAP 
Holding water company was the first Italian company to start the replace process of the 
analogue water meters with electronic smart meters. This technology allowed for an auto-
mated, remote collection of the households’ water consumption data, which was elaborated 
for the information campaign. In particular, treated units received via email on a monthly 
basis their water consumption diary: a brief report on the households’ water consump-
tion, including a social comparison component. Households were ranked according to their 
water consumption on a 1–1000 scale and were informed of both their ranking position 
and the related consumption category: households belonging to the first, second and third 
consumption tertiles, were ranked ‘low’, ‘medium’ and ‘high’ accordingly. Details on the 
information campaign are reported in Sect. 3.

The Empirical Strategy We focused our analysis on a sample of more than 13,800 house-
holds distributed over 45 municipalities in the metropolitan area of Milan (Italy) that, at the 
time of the implementation of the intervention, were already equipped with smart meters 
remotely collecting data on their water consumption. The sample is not determined by self-
selection, since families could not apply for smart meters and the water company was not 
replacing the conventional meters following any pre-determined geographical criteria.

Within this sample, we were legally bound to send informative material only to around 
1,000 households, which, at the time of signing their water contract, gave their consent to 
receive informative and ancillary communication from the water company.

The CAP Holding water company was committed to involve as many households as 
possible, therefore it firmly required to send the information campaign to all the 1,000 eli-
gible households. Due to this exogenous constraint, a RCT could not represent a viable 
option, and we had to adopt an alternative empirical strategy. We initially considered as the 
treated group the entire subset of eligible households (those equipped with a smart meter 
and that had provided privacy consent), while the remaining households (those equipped 
with a smart meter, that had not provided privacy consent) were included into the control 
group.

Selection into the informative condition was based on a general willingness to receive 
ancillary communication, with this consent being given several years before the informa-
tion campaign. For this reason, the adopted selection criterion is likely to be orthogonal to 
the intervention itself. Nevertheless, we are aware that people voluntarily decided whether 
or not to give their consent to be advertised. Therefore, following previous relevant litera-
ture, aiming to assess the impact of the information campaign on water consumption, we 
adopted a conditional Two-Way Fixed Effects Diff-in-Diff (TWFEDID) strategy. To avoid 
a potential self-selection bias, we defined through a Propensity Score Matching (PSM) a 
control group which, before the treatment, was not statistically different from the treated 
one along a variety of observable dimensions.

We first excluded from our sample non-resident households (which do not live in the 
apartment for which they hold the water service contract and who could rent their apart-
ment for long or short periods) and those who reported missing or non-consistent water 
consumption data or information. This allowed us to build a balanced dataset composed 
by around 9,000 households. Next, the 2 Nearest Neighbor matching procedure brought to 
select a sub-sample of 2,355 households: 866 treated units and 1,489 control units which 
did not show any pre-treatment statistical difference with respect to a large variety of 
dimensions.
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Treated and control units were matched only with respect to their observable and avail-
able characteristics. This implies that the PSM validity relies on the assumption that 
matching on observable characteristics allows to match unobservable characteristics. We 
addressed this potential issue in different ways. First, building on the intuition that indi-
viduals sharing similar socio-economic conditions often cluster in the same urban areas 
– and in light of the small dimension of the municipalities where the information campaign 
was developed (the average resident population is 24,000 inhabitants) – we proxied sev-
eral individual-level unavailable characteristics with an array of municipal-level socio-eco-
nomic, demographic and territorial observable variables. The inclusion of these variables 
allows to control for several households-level unobservable factors which might cause dif-
ferences in water consumption among the treated and control groups.

Moreover, in our diff-in-diff model we included time and households-level fixed effects 
which allow to address a potential omitted variables’ bias and to control for potential 
unobserved heterogeneity. The adoption of a fixed effects model rules out that differences 
among treated and control units in their water consumption could be potentially driven by 
unobserved heterogeneity that remains fixed within the time period of our trial.

The validity of our empirical strategy aimed at avoiding a self-selection bias is corrobo-
rated by a variety of tests. The PSM balance test shows that in the pre-treatment period 
treated units are not statistically different from their matched control units with respect to 
all the considered variables. On top of that, a placebo test and a dynamic analysis show 
that, in the pre-treatment period, treated units are not statistically different from the 
matched control units in their water consumption’s level and variation. This suggests that 
the selected treated and control groups do not differ with respect to those unobservable 
characteristics that correlate and can influence their level and trend of water consumption.

Findings and Contribution With this work, we aim to address several research ques-
tions. The first concerns the information campaign’s effectiveness in nudging a water sav-
ing behavior. For this purpose, we developed an Intention to Treat (ITT) analysis where 
matched treated and control units were compared through a difference-in-differences (DiD) 
design. In particular, we found that the campaign was effective in promoting an average per 
capita reduction of 25.8 liters (L) (6,8 gallons) per day compared to the control group. The 
results of the logarithmic scale analysis suggest that, thanks to the informational campaign, 
water consumption has decreased by around 6%.

We next developed a dynamic analysis to determine whether the impact of the treatment 
varied with the number of informative feedback emails sent to the treated units. Indeed, 
we were interested in establishing whether sending repeated messages on a monthly basis 
fostered water conservation, thus enhancing water savings over time, or rather, whether the 
opposite occurred, due to a decrease in consumers’ attention over time. We also compared 
the matched treated and control groups in the months following the end of the campaign to 
verify whether the campaign was effective in inducing a permanent change in behavior, or 
whether its effectiveness was temporary and confined to the campaign period.

The dynamic analysis shows that the effect of the campaign was not constant over time, 
as estimated additional water saving increased with the number of emails sent. However, 
we verified that the water conservation effects were not permanent and expired a few 
months after the end of the trial. This suggests that the information campaign did not repre-
sent a sufficient tool to drive structural behavioral change.

Third, we develop an Instrumental Variable strategy to estimate the Local Average 
Treatment effect (LATE) confined to the complying users which effectively opened the 
received emails. We found that the 25.8 L per day average reduction in water consumption 
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estimated through the ITT analysis is mainly driven by the complying units. In particular, 
the LATE estimated with the IV method corresponds to an average per capita water saving 
equal to 54.9 L per day. In logarithmic terms this corresponds to a 12% reduction in water 
consumption.

Moreover, we questioned whether the impact of the information campaign varied across 
the types of consumers and depended on the type of feedback they received. To address 
this question, we first developed a heterogeneous analysis to assess whether changes in 
water consumption were uniform across class sizes. We then applied a regression discon-
tinuity design (RDD) around the class sizes’ cut-offs to verify whether sending different 
feedback to units with comparable consumption levels differentially affected their water 
saving at the margin. This analysis shows that the impact of the treatment was heterogene-
ous across the consumption classes and that different feedback differentially affected con-
sumption choices at the margin. This result suggests that the social comparison component 
of the information campaign represents a key driver of the treated units’ improved water 
saving performance.

Our research contributes to the existing literature on water conservation nudging in sev-
eral ways. The first concerns the information notification tool. Previous researches deliv-
ered the information mainly through printed letters, postcards or handouts (Ferraro and 
Price 2013; Landon et al. 2018; Schultz et al. 2019; Torres and Carlsson 2018; Carlsson 
et al. 2021; Fielding et al. 2013; Miranda et al. 2020), printed leaflets in the form of door 
hangers (Schultz et al. 2007; Goette et al. 2019), or a combination of printed letters, emails 
and a website (Dolan and Metcalfe 2015; Brent et  al. 2015; Bhanot 2017; Jessoe et  al. 
2021; Schultz et al. 2016; Daminato et al. 2021). These studies mainly conclude that the 
intervention effectiveness depends on the type of notification tool used and find that printed 
copies tend to be more effective than email notifications, which in general are not associ-
ated with a significant effect on water conservation. According to various interpretations, 
the lower success rate associated with online messages could be due to extra effort required 
to open them. Conversely, in our case, the information was provided exclusively via email. 
To the best of our knowledge, this represents the first research providing evidence on the 
effect of an information campaign based solely on email notifications.

A second novel component of our study is that being entirely developed online, it 
allowed us to monitor the rate of compliance, proxied by the users’ email opening rate, and 
to differentiate treated units according to their compliance status. We document that the 
17% of the treated units never opened any email, while the 44% of the treated units opened 
a maximum two out of five emails. Due to this non-neglectable non-compliance rate, the 
ITT approach is likely to underestimate the true treatment effect. Therefore, following pre-
vious studies in other fields (Angrist et al. 2010; Leventhal & Brooks-Gunn 2003; Brent 
and Ward 2019), we complemented the ITT analysis with an Instrumental Variable (IV) 
model that estimates the Local Average Treatment Effect (LATE) of the information cam-
paign, that is the effect of the treatment restricted to the units who effectively comply with 
their treatment assignment (Angrist and Pischke 2014). This supportive analysis allows to 
further verify the robustness of the ITT results and to eliminate the potential source of 
underestimation of the treatment while, at the same time, addressing the endogeneity of the 
compliance decision. To the best of our knowledge, this represents a novel contribution of 
our research to the existing literature on nudging and water conservation behaviour.

Another way our research contributes to the literature concerns the geographical con-
text. Previous water conservation experiments were mainly developed in the US (Ferraro 
and Price 2013; Brent et  al. 2015, 2020; Schultz et  al. 2019), with several applications 
in various other parts of the world, as discussed in Sect. 2. To the best of our knowledge, 
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ours is the first research applied to the Italian case. Our study aims to determine whether 
the informative feedback tool, previously used in different contexts, remains effective in 
a new environment, characterized by an emerging water scarcity problem. Indeed, this is 
increasingly becoming a critical issue in the South-Europe, due to the conjunction of the 
climate crisis-induced increase in the frequency and intensity of extreme weather events, 
such as droughts (EEA 2021, IPCC 2022).4 In Italy, this criticality is exacerbated by the 
unsustainable behavior of Italian consumers, who register among the highest level of water 
consumption in Europe.

Compared to the majority of previous trials, we differentiated our campaign with respect 
to the type of communicated information. Previous studies mainly communicated the total 
amount of households’ aggregated water consumption over a given period (Ferraro and 
Price 2013; Brent et al. 2015; Schultz et al. 2019). Other experiments communicated the 
daily average of households’ aggregated water consumption (Bhanot 2017; Jessoe et  al. 
2021), and rarely the litres per capita per day (Goette, et al. 2019). In our intervention, we 
communicated the daily average water consumption (instead of the total water consump-
tion) at a per capita level (instead of at households’ aggregated levels). The aim of our 
choice was to provide information in as familiar terms as possible, so that it could be easily 
quantified and understood by non-skilled users.5 We have no tools to assess how clear the 
communicated information was, and whether the adopted unit of measurement was clearer 
than other options. Nevertheless, the significant water saving promoted by the informa-
tion campaign and the relevant estimated LATE effect suggest that the adoption of a per 
capita daily measure favours a clear understanding of the amount of consumed water, as 
this measure is associated with a remarkable reduction in water consumption.

The remainder of the paper is organized as follows: Section 2 places our study within the 
literature on water consumption. Section 3 provides details of the information campaign. 
Section 4 describes the sample construction and descriptive statistics, in particular it dis-
cusses the Propensity Score Matching procedure and the related results. Section 5 presents 

4 The Northern Italian regions declared a State of Emergency in the summer of 2022 due to the worst 
drought in the last 70 years. Since winter 2021, Italy recorded exceptionally low rainfall and snowfall levels. 
The May-June-July period was among the hottest ever recorded with many temperature anomalies, includ-
ing very high peaks and heat waves. As a result, by early summer, the snow on the Alps was completely 
exhausted in Piedmont and Lombardy, and the Po northern river, the longest river in Italy, recorded criti-
cal levels of low water. According to the Permanent Observatory on Water Use in Po River Hydrographic 
District, on June 2022, ‘the exhaustion of the flows along the entire Po (…) remains critical throughout the 
river shaft, with all measurement sections in a condition of extreme severity with flow rates below histori-
cal lows (…) with a deviation from the average of over 90%’. Due to the low flow rates, the estimated salt 
wedge, both in high and low tide conditions, reached maximum saline intrusion values at around 23 km 
from the mouth in June 2022. On the demand side, Italy records very high levels of per capita water con-
sumption. With an average per capita consumption of 236 L per day, Italy is the second European country 
in terms of withdrawal of drinking water per inhabitant, against the European average of 144 L per day 
(ISTAT 2021).
5 As mentioned, water bills report the cumulative volume of cubic meters consumed over a quarter by the 
entire household. Thus, assuming a given water consumption for a hypothetical three-person family, the 
water bill would report an aggregated consumption of 55.8 cubic meters over a quarter, while our infor-
mation campaign would report an average daily water consumption of 200 L per person. Both data refer 
to exactly the same amount of water consumed over a given period, though the latter communication is 
undoubtedly easier to understand, since the volume, the related unit of measurement and the time period 
can be more easily associated with our daily experience. Moreover, compared to the water bill, the higher 
frequency of our information campaign emails can give users more timely feedback on how any changes in 
their consumption behavior impacts on their water footprints.
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the empirical strategy. Section 6 discusses the results in detail and Sect. 7 shows the robust-
ness checks. Section 8 offers a discussion of specific aspects, and Sect. 9 concludes.

2  Literature Review

Actions to promote pro-environmental and resource conservation attitudes have been 
extensively studied in behavioral science literature (see Andor and Fels 2018 for review). 
A widely agreed finding is that social information campaigns, on top of being relatively 
cheap to implement (Wang and Chermak 2021), can be more effective than traditional 
instruments in promoting sustainable daily habits and stimulating consumers to adopt pro-
environmental behaviors (Ferraro and Miranda 2013; Ferraro and Price 2013). This result 
is confirmed by a variety of field studies, whose designs differ with respect to a variety of 
factors. We review those that are most strictly connected to our research.6

Geographical context Existing water conservation experiments were largely and mainly 
developed in the US (i.e. Ferraro and Price 2013; Brent et al. 2015, 2020; Schultz et al. 
2019), with various applications in other parts of the world, such as Australia (Sarac et al. 
2003; Fielding et al. 2013), Central and South America (Miranda et al. 2020; Torres and 
Carlsson 2018), South Africa (Smith and Visser, 2013), and Asia (Agarwal et  al. 2017; 
Goette, et al. 2019). Very few researchers investigated the impact of a social information 
program on water consumption in Europe (Ansink et al. 2021 in the UK and Kažukauskas 
et al. 2021 in Sweden).

Adopted Notification Tool Households were reached via postcards or mailers (Fielding 
et  al. 2013; Miranda et  al. 2020; Brent et  al. 2020), handouts (Seyranian et  al. 2015), a 
combination of letters and emails (Brent et al. 2015; Bhanot 2017; Jessoe et al. 2021), a 
combination of letters and a website (Schultz et al. 2016; Daminato et al. 2021), printed 
leaflets in the form of door hangers (Goette et  al. 2019) or more frequently via printed 
letters (e.g., Ferraro and Price 2013; Landon et al. 2018; Schultz et al. 2019; Torres and 
Carlsson 2018; Carlsson et  al. 2021). Few studies provide real-time feedback with pre-
installed in-home displays (Kažukauskas et  al. 2021), or water meters connected shower 

6 These vary, among others, depending on: the inclusion of a social comparison component (Allcott and 
Rogers 2014; Byrne et  al. 2018; Bhanot 2017; Brent et  al. 2015, 2020; Jessoe et  al. 2021); the type of 
informative feedbacks sent to the consumers, with a distinction between pure descriptive feedbacks or 
injunctive normative feedbacks (Bonan et al., 2021; Ferraro and Miranda 2013); the inclusion of a (envi-
ronmental, economic, social etc.) motivational leverage (Schultz et al. 2007; Jaeger and Schultz 2017); the 
inclusion of monetary or non-monetary rewards with engagement or gamification approaches (e.g. Brent 
and Ward 2019; Ferraro and Price 2013; Olmstead and Stavins 2009; Torres and Carlsson 2018; Wichman 
2014; Wichman et al. 2016). Also, the frequency of the information campaign differs across studies, and 
it can be monthly or mixed frequency (Brent et al., 2015; Torres and Carlsson 2018; Carlsson et al. 2021), 
bimonthly (Bhanot 2017; Jessoe et  al. 2021) or one-time sending (Ferraro and Price 2013; Schultz et  al. 
2016; Landon et al. 2018; Schultz et al. 2019). The duration of the experiments also differs between stud-
ies; some studies last one year (Jessoe et al. 2021), others last longer than one year (Brent et al., 2015; Brent 
and Wichman, 2020; Bhanot, 2021), others last less than one year (Hahn et al., 2021; Bhanot 2017; Torres 
and Carlsson 2018; Carlsson et al. 2021), and others last only a week (Schultz et al. 2016). We offer more 
details on the Italian institutional setting and comparison with others in the Appendix A2.
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heads (Agarwal et al. 2017).7 Previous studies show that the effectiveness of an informa-
tion campaign can depend on how it is communicated. Dolan and Metcalfe (2015) report 
that printed copies of social norms for electricity conservation are more effective than digi-
tal copies delivered via email. Brent et al. (2015) use a combination of letters and emails, 
and find the effect of their campaign to be insignificant for the category receiving the water 
report via email. Similarly, Schultz et al. (2016) show that web-based delivery is less effec-
tive than postal mail. However, none of these studies provide a solid explanation for this 
result, suggesting that this could depend mainly on the lower success rate associated with 
online messages, due to the extra effort required in opening them (Schultz et  al. 2016). 
More recently, using a combination of letters and real-time feedback through an online por-
tal, Daminato et al. (2021) show that the use of an online tool drives the main result of their 
experiment on water consumption.

Type of Communicated Information Recently, Wang and Chermak (2021) argued that the 
size of the water saving can depend on the unit of measurement being used to communicate 
consumption data, which varies among studies. While some campaigns communicated the 
households’ aggregated total amount of water gallons consumed over a given period (Fer-
raro and Price 2013; Brent et al. 2015; Schultz et al. 2019) or during the main irrigation 
season (Landon et  al. 2018), others communicated the daily average of the households’ 
aggregated total amount of gallons consumed in one or two months (Bhanot 2017; Jes-
soe et al. 2021). Few experiments used an app or home-installed meters where households 
could observe their real-time consumption (Agarwal et al. 2017; Kažukauskas et al. 2021). 
Apart from the notable exception of Goette et al. (2019), to the best of our knowledge, no 
paper has so far provided information on water consumption expressed both per person and 
per day (daily average per capita water consumption), and none have used liters instead 
of gallons. The liter is the unit of measurement used in Italy. In other countries with the 
same unit of measurement, data were expressed in cubic meters (Torres and Carlsson 2018; 
Carlsson et al. 2021), which is a less familiar unit of measurement than liters.

3  Information Campaign

Treated units received a monthly report (the water consumption diary) on their domestic 
water use over a five-month period, from September 2021 to January 2022.The report was 
delivered exclusively via email and included informative feedback and a social comparison 
component. First, households were informed on their monthly average water consumption, 
which, differing from previous studies, was communicated on a per capita basis using the 
liters per day unit of measurement. Second, we communicated the average per capita water 
consumption level for the entire treated group, and provided some further information 

7 Some studies take advantage of the data collected by using more sophisticated technologies to evaluate 
the effect of real-time feedback on water consumption. Among these, Agarwal et al. (2017) find that, thanks 
to real-time consumption feedback for showering, water per shower is reduced on average by 2 L (9-10%) 
compared to the control group. Analogously, Kažukauskas et  al. (2021), making use of pre-installed in-
home displays providing real-time information, study the effect of an instant and continuous comparison of 
consumption on water and electricity for a sample of 525 households in Sweden. They find that, on average, 
families belonging to the treated units having additional information on their in-home displays reduce their 
daily energy consumption by an average of 0.3 Kwh (-6.7%), while the only improvement in water con-
sumption is observed in the short term but disappears in the long term.
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aimed at facilitating the social comparison in terms of water consumption.8 In particular, 
we constructed a ranking on a 1–1000 scale and communicated to each household its rank-
ing position and the related consumption class size: whether households were ‘low users’, 
‘medium users’ or ‘high users’ (that is, whether they belonged to the first, second and third 
consumption tertiles).9

Concerning the temporal dimension of the field intervention, the amount of water con-
sumed in a given month (e.g. August) is notified by the smart meter at the beginning of the 
following month (e.g. September). Therefore, with the information campaign, the email 
sent in a given month t (e.g. September), necessarily refers to the water consumption reg-
istered in the previous month t-1 (e.g. August). We then can observe whether the email 
sent in the month t promotes a reduction of water consumption during the same month t, 
as notified by the smart meter at the beginning of the following month t + 1 (e.g. October). 
Figure 1 reports an example of the first email of the information campaign that was sent 
in September and therefore referred to the water consumption level registered during the 
previous month, August.

4  Design of the Field Intervention and Sample Construction

Few requirements had to be met to be in order to be included in the information campaign. 
First, households had to be equipped with a smart meter remotely collecting data on their 
water consumption on a monthly basis.10 At the time of running our trial, the CAP Holding 
water company replaced old analogue water meters with electronic smart meters for around 
13,800 households distributed over 45 municipalities in the metropolitan area of Milan 
(Italy). This sample was not subject to self-selection. Households could not apply for smart 
meters and the water company was not replacing the meters following any pre-determined 
geographical criteria.

8 The spirit of comparing a household with the behaviour of the average and not of the most virtuous is 
simply to offer a target that is reasonably achievable. Benchmarking against the most efficient group could 
discourage the less virtuous portions of the distribution. With reference to this aspect, our design fully 
aligned with the classical design established by Schultz el al. (2007) where households received feedback 
about how much energy they had consumed in previous weeks and descriptive normative information about 
the average consumption of other households in their neighbourhood.
9 A general ranking may not capture a fully accurate distribution of water use, because comparisons are 
made assuming that households are homogeneous while there are age differences in their compositions. 
Even though household’s age composition might affect water consumption, the literature is divided on 
which age group consumes the most. A stream of studies (Gregory and Leo 2003; Aprile and Fiorillo 2017) 
have concluded that older household occupants engage in water conservation behaviours, while Beal and 
Stewart (2014) and Willis et al. (2013) argue that pensioners consume more water than the average because 
they tend to spend more time at home. Studies have consistently found that affluent households with chil-
dren and teenagers tend to experience more frequent and more prolonged micro-component events, such 
as showers (Makki et al. 2013, 2015; Beal and Stewart 2014; Willis et al. 2013). Abu-Bakar et al. (2023) 
reported that different age groups show differential water consumption patterns essentially only during peak 
demand periods.
10 The CAP Holding receives consumption information directly from these devices. We had the opportu-
nity to monitor the actual consumption of all subjects equipped with smart meters (information from the 
consumer to the supplier), while we also had the option to provide informative feedback exclusively to sub-
jects who, at the time of signing the contract, had given consent to receive additional communications from 
the water company (information from the supplier to the consumer).
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Within this sample, we were legally bound to send informative material only to around 
1,000 households, which, at the time of signing their water contract (and thus well before 
the design of our information campaign), gave their consent to receive informative and 
ancillary communications from the water company.

A proper randomization within the sample of 1,000 eligible households would have rep-
resented the first-best option to assess the causal impact of the information campaign on 
water saving.11 Unfortunately, in our case a RCT did not represent a viable option. The 
CAP water company was committed to involving as many households as possible, therefore 
it firmly required to send the information campaign to all the 1,000 eligible households. 
This explicit constraint forced us to adopt an alternative approach to assess the impact of 
the information campaign.12

We initially considered the treated group the entire set of eligible households (those 
equipped with a smart meter and that had provided privacy consent), while non-eligible 
households (those equipped with a smart meter, that had not provided privacy consent) 
were included into the control group.13

We believe this selection into the treatment is not likely to raise a relevant endogene-
ity issue. If we had selected the treated units among those who wanted to participate to an 
information campaign aimed at reducing water consumption, then we would have created a 
serious self-selection bias. However, in our case, selection into the treatment was based on 
a general willingness to receive ancillary communications, with this consent being given 
before the information campaign. For this reason, the adopted selection criterion is likely 
to be orthogonal to the intervention condition itself. Nevertheless, we are aware that people 
voluntarily decided whether or not to give their consent to be advertised. Therefore, fol-
lowing previous relevant literature, we addressed potential self-selection issues through a 
matching procedure.

4.1  Propensity Score Matching

Robust methodologies have been developed to address potential endogeneity issues and 
to assess causality when randomization cannot be implemented due to some exogenous 
constraints. Among them, propensity score matching (PSM) represents a widely adopted 

11 This would imply to split the sample into two equivalent groups and to send the information campaign to 
half sample of randomly selected treated units.
12 This intervention adhered completely to legal requirements, ensuring no discrimination or implicit 
costs were imposed on consumers. The utility provider reached out via email, sharing additional informa-
tive details exclusively with users who had expressly consented to receiving supplementary communication 
from the company. As the intervention imposed no obligations and solely focused on providing descriptive 
information, ethical concerns related to this case are not applicable. We did not pre-register the interven-
tion and we regret about our short-sightedness on this relevant aspect. Pre-registration and power analysis 
are increasingly becoming a pivotal aspect of the planning phase of field interventions. Ex-post sensitivity 
power analysis reveals that in our setting it would be potentially possible the detection – considering con-
ventional significance level (0.05) and power (0.80) – of small effect size, Cohen’s d < 0.2.
13 Consumers in the control group did not receive any feedback. They simply received the conventional 
bills. At the same time, the consumption levels of all the users included in our study (both treated and 
control group), were measured on a standard basis by means of the very same smart technology. This is 
common knowledge in the population of consumers. These measurements were routinely utilized for billing 
proposes. As a direct consequence, consumers not included in the treatment group were in facts subject to 
the same constant level of monitoring of their actual consumption levels (Ornaghi and Tonin 2021). This 
characteristic of the setup contributes to substantial mitigate concerns related to scrutiny/Hawthorne effect.
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second-best alternative (Rosenbaum and Rubin 1983; Heckman et al. 1997; Dehejia and 
Wahba 2002).14 DeShazo et al. (2017) adopt a PSM technique to assess to which extent 
the presence of high-occupancy vehicle lanes promotes plug-in electric vehicle adoption. 
Du and Takeuchi (2019) combine a PSM with the DiD approach to assess whether the 
renewable energy-based clean development mechanism contributes to poverty allevia-
tion. Recently, Clay et al. (2023) use a difference-in-differences propensity score matching 
approach to assess the causal impact of LEED (Leadership in Energy & Environmental 

Fig. 1  The water consumption diary

14 Rosenbaum and Rubin (1983) propose this method, stating that the propensity score refers to the con-
ditional probability P(Xi) that individual i enters the treatment group given a set of covariates (Xi). The 
procedure uses a Logit regression model, Probit and other probability models to estimate the propensity 
score. The idea is to find a control group that is as similar as possible to the treatment group to reduce selec-
tion bias and remove confounding bias of observed variables and other observable factors (Rosenbaum and 
Rubin 1983). The PSM made the covariates of the treatment and control groups balanced and comparable 
to control the effect of the treatment.
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Design) certification on energy consumption. Cole et  al. (2021) use a PSM with a DiD 
to analyze how firms’ carbon intensity is affected by the decision to delocalize some pro-
ductive activities. Marin et  al. (2018) combine the PSM with a DiD to analyze how the 
implementation of the EU ETS affects the regulated firms’ performance compared to the 
unregulated ones. Castelnovo and Florio (2023) employ a DiD combined with a PSM to 
assess the impact of public procurement on the patenting activity of the procuring firms in 
the space sectors, while Clò et al. (2022) combine PSM with a DiD to assess the incremen-
tal impact of development banks’ support to innovation on behalf of the financed firms. Lin 
et al. (2023) adopt a PSM-DiD approach to assess the impact of firms’ export intensity on 
their environmental performance.

Following this literature, we selected through a PSM a control group which, before the 
treatment, was not statistically different from the treated one along a variety of observable 
dimensions. Treated and untreated units were matched on the estimated propensity scores 
(on the estimated probability of being treated given a set of observable characteristics on 
treated and control units). We first estimated through a Logit model to what extent the 
probability of being treated was explained by a plurality of households-level covariates: 
number of residents, age and gender of the contract holder, the consumer type (whether it 
is a final consumer or whether it is a self-employed individual with a proper VAT number) 
and the aggregate households’ pre-treatment water consumption levels (Cday).15 Following 
Marin et al. (2018), we included the households’ pre-treatment variation in water consump-
tion (ΔCday). The inclusion of this variable in the matching procedure is aimed at ensuring 
that, in the pre-treatment period, treated and control units show a similar variation in their 
water consumption. This should therefore allow treated and control households to have par-
allel trends of the outcome variable before the treatment.

Moreover, we obtained from the CAP Holding water company the information on the 
latest year customers updated their consensus status (consensus year, whether to give con-
sent to receive informative and ancillary communication from the water company) which 
is the key variable adopted to define whether a family was eligible to receive the treatment. 
Its inclusion in the matching procedure ensures that the treated and control groups do not 
show any statistically significant difference with respect to this key variable. In this way, 
we exclude possible endogeneity issues that could emerge in case the propensity to provide 
consensus had to vary over time.

It shall be recognized that treated and control units can be matched only with respect 
to their observable and available characteristics, and thus the PSM validity relies on the 
assumption that matching on observable characteristics allows to match unobservable 
characteristics such as income, type of occupation, education or environmental attitudes 
which are likely to influence their water consumption. To address this potential issue, we 
proxied some relevant households’ unobservable features with municipal-level observable 
variables. Building on the intuition that individuals sharing similar socio-economic con-
ditions often cluster in the same urban areas – and considering the small dimension of 
the municipalities where the information campaign was developed (the average resident 
population is 24,000 inhabitants) – we proxied several individual-level non available char-
acteristics (income, occupation, education) with a variety of socio-economic and territorial 

15 Unfortunately, we have no further information on the house’s characteristics. Our sample is homogene-
ous with respect to the type of houses. Indeed, smart meters have been installed exclusively in single-family 
homes, as they are the only type of residences where it is possible to have precise family-level monitoring. 
This ensures a certain homogeneity among the families under study.
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variables referring to the municipality where households live. Among them, we included: 
i) the municipal average residential housing prices as registered by the real estate market 
observatory (OMI) of the Italian tax authority (Agenzia delle Entrate); ii) From the same 
source, we included information on the total number of taxpayers and the total level of 
declared income per municipality (total income); iii) from the Bank of Italy database, we 
extracted information on the number of bank branches and on total level of bank deposits 
and bank loans at a municipal level; iv) the municipal-level soil consumption intensity, as 
provided by Italian Institute for Environmental Protection and Research (ISPRA); v) the 
municipal migration rate16 (ISTAT); vi)the municipal old-age index17 (ISTAT); vii) the 
municipal degree of urbanization: whether it is an urban or peripherical area, whether it 
is a high or low-density building area (source: Italian Department for Development and 
Economic Cohesion).

Considering that our exercise involved a multitude of small municipalities (on average 
24,000 inhabitants), we believe that, overall, municipal-level economic, financial, demo-
graphic and urban characteristics allow to proxy for relevant, though non observable, 
households’ characteristics. Indeed, people with higher income and better occupation are 
likely to live in wealthier municipalities. Therefore, the inclusion of municipal-level vari-
ables mitigates the risk that significant differences in water consumption among treated and 
control units persist due to unobserved differences among them. On top of that, we added 
among the matching variables also the municipal pre-treatment level of rainfall (Agri4cast-
JRC). Since water consumption can depend on weather conditions, the inclusion of this 
variable allows to control for potential differences in water consumption among control and 
treated units due to exogenous climate conditions.

First, we excluded from our matching procedure those who did not reside in the house 
equipped with a smart meter (and who could rent their apartment for long or short periods, 
for instance via Airbnb) or that reported missing or non-consistent water consumption data 
or ancillary information. This allowed us to work with a balanced dataset composed by 
8,741 households, with 866 treated units and 7,875 untreated ones.

The probability of being treated was estimated by:

where P denotes the propensity of households i to be treated at time t, and Λ(.) is the 
logistic distribution function. Treat is a binary indicator variable that takes a value of 1 if 
household i receives the treatment and 0 otherwise. X is a vector of pre-treatment house-
holds’ characteristics (see Table 3 for a description), while Z is a vector of municipality-
level variables.

From the results reported in Table 1, we can observe that the size of the estimated coef-
ficients (and related marginal effects) is quite small.

(1)P(Treati = 1) = Λ
(

�Xi + �Zm
)

16 The municipal migration rate is a demographic indicator that measures the flow of people moving to a 
given municipality. It is defined by the ratio between the net migration of the year (the total number of peo-
ple who have moved to the municipality) and the total amount of the resident population.
17 The ISTAT old-age index is a demographic indicator used by the Italian National Institute of Statistics 
(ISTAT) to assess the distribution of the population across age groups and reflect the demographic structure 
of a given municipality in relation to the presence of elderly people compared to younger ones. The old-age 
index is calculated by dividing the number of elderly people (above 65 years) by the number of young peo-
ple (below 14 years), multiplied by 100.
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Based on the estimated propensity scores, we matched each treated unit to a maximum 
of its two nearest neighbor non-treated units (in terms of estimated propensity score). 
Non-treated units lying out of the common support of the estimated propensity score were 
excluded from the analysis. This matching procedure brought to restrict our analysis from 
the initial sample of around 9,000 households to a sub-sample of 2,355 households, with 
866 treated units and 1,489 control units.

A first inspection of the density distribution of the propensity scores in both groups, 
before and after the matching, visually confirms the common support between treatment 
and comparison groups, and the soundness of the PSM procedure (see Fig. 2).

The PSM balancing test shows that, along several dimensions, the differences between 
the treated and the untreated units was significant only before the matching procedure. 
Conversely, the matched treated and untreated units do not show any statistically signifi-
cant difference with respect to all the considered variables, thus allowing us to reject the 
null hypothesis (Table 2).

Table 3 presents the description of the household-level variables and the related sum-
mary statistics for the matched sample.

Lastly, we focus on the treatment compliance rate. Having sent the consumption diary 
via email, we could observe how many of the five monthly emails users received were 
actually opened by the users (click rate). We cannot verify whether the households which 
opened the email actually read it. Nevertheless, the email opening rate can be confidently 
adopted as a confident proxy for the treatment compliance rate. Table 4 reports the email 
opening rate: the 17% of the treated units never opened any email, while the 44% of the 
treated units opened a maximum two out of five emails (Table 4).

5  Empirical Strategy

The first research question we want to address is whether the information campaign has 
been effective in reducing water consumption compared to the households that were not 
involved in the campaign. Since all the treated units were included irrespectively on their 
compliance status, this corresponds to an Intention To Treat (ITT) analysis, which we 
address through the following Two-Way Fixed Effects Diff-in-Diff (TWFEDD) model:

where yit indicates the average daily per capita water consumption for the user i at the 
month t. While the post-treatment phase covers the entire period of the information cam-
paign (from September 2021 to January 2022), we decided to restrict the pre-treatment 
period to the months from May 2021 to August 2021 when there were no COVID-19 
restrictions in place. The variable DIDit identifies the unit i as belonging to the treated 
group in the post-treatment period, it corresponds to the interaction term TREATi × POSTt , 
where TREATi is a dummy variable equal to 1 when the unit i belongs to the treated group 
and 0 otherwise; POSTt is a dummy variable equal to 1 in the post-treatment period and 0 
otherwise. Its parameter � captures average post-treatment variation in water consumption 
of the treated group compared to the control group. In our diff-in-diff model we include 
individual and time and fixed effects, respectively �i and ut , which allow to address a poten-
tial omitted variables’ bias and to control for potential unobserved heterogeneity. Indeed, 
the adoption of a fixed effects model rules out that differences among treated and control 
units in their water consumption could be potentially driven by unobserved heterogeneity 

(2)yit = � + �DIDit + �i + ut + �it



Consumption Feedback and Water Saving: A Field Intervention…

1 3

that remains fixed within the time period of our trial. Finally, �it is the error term, which 
is clustered at an individual level. Equation  (2) is estimated with OLS using the stand-
ard fixed effects estimator, with robust standard errors (heteroskedasticity) clustered at a 
household level.

5.1  Dynamic analysis

A second major interest of our research concerns the dynamic effect of the campaign. We 
are interested in understanding how the impact of the social information campaign var-
ied over time, whether it increased or decreased with the number of emails sent. The lat-
ter case would point to the reinforcing contribution of repeated emails in promoting water 
conservation behavior, while the former case would point to their limited effectiveness, as 
water savings would decrease at the margin. Conversely, a constant trend would suggest 
that sending multiple information campaigns does not affect at the margin water conserva-
tion behavior. We address this issue by implement the following event study model:

Lags and leads are binary variables capturing the months preceding and following the 
first month of the information campaign. In particular, LAGj with j = 1,… , 4 refers to the 
months from May 2021 to August 2021, and LEADk with K = 1,… , 5 are the months from 
September 2021 to January 2022. The inclusion of lags and leads allows us to assess the 
dynamic trend of the treatment, whether it is increasing or decreasing in time, whether it is 
stable or volatile, whether it is permanent or temporary. Moreover, this approach allows us 
to compare water consumption for the treated group and the control group in the months 
preceding the launch of the social information campaign, and to test the parallel trend 
assumption which must be satisfied for the DiD to provide unbiased estimates.

We extend this approach by including observations for the three months following the 
end of the information campaign (from February 2022 until April 2022). This approach 
allows us to highlight the differences in water consumption among the treated group and 
the control group after the end of the information campaign, and to assess whether its 
effect has been temporary and confined to the treatment period, or whether it managed to 
induce a structural change in the treated group’s behavior, promoting a permanent reduc-
tion in their water consumption.

5.2  Compliance and LATE Analysis

In the ITT analysis, all the treated subjects are included according to their original treat-
ment assignment, ignoring noncompliance or withdrawal from the treatment (Hollis and 
Campbell 1999). The ITT approach preserves the balance between the treated and con-
trol groups, allowing for an unbiased estimate of the treatment effect. However, in case of 
substantial non-adherence, a shortcoming of this approach is a potential untrue estimation 
of the magnitude of the treatment effect, since non-complying units – which are de facto 
untreated – are analyzed as if they were treated (Angrist 2006; Gupta 2011).

Being our intervention characterized by a non-neglectable rate of non-compliance, we 
are interested in complementing the ITT with an analysis able to eliminate the potential 
source of under-estimation.

(3)

yit = � +

J
∑

j=1

�jLAGj +

K
∑

k=1

BkLEADk +

J
∑

j=1

�j(LAGj ∗ TREATi) +

K
∑

k=1

�k(LEADk ∗ TREATi) + �i + �it
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Table 1  Propensity score estimates

Notes: Logit estimator. For the description of the variables see Table 3. Dependent variable: Treat. Standard 
errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1

(1) (2)
Estimated coefficients Marginal Effects

Age -0.024*** -0.002***
(0.003) (0.000)

Cday 0.000*** 0.000***
(0.000) (0.000)

ΔCday -0.030 -0.003
(0.073) (0.006)

Consensus year 0.018*** 0.002***
(0.003) (0.000)

Gender 0.188** 0.016**
(0.076) (0.007)

Number of residents 0.077* 0.007*
(0.040) (0.003)

Consumer type -0.097 -0.008
(0.750) (0.065)

Bank branches 0.019 0.002
(0.046) (0.004)

Bank deposits -0.000 -0.000
(0.000) (0.000)

Bank loans 0.000 0.000
(0.000) (0.000)

Degree of urbanization (city) 0.056 0.005
(0.458) (0.040)

Degree of urbanization (suburban, rural) -0.092 -0.008
(0.106) (0.009)

Housing prices -0.000 -0.000
(0.000) (0.000)

Migration rate 0.027 0.002
(0.018) (0.002)

Old-age index 0.000 0.000
(0.002) (0.000)

Soil consumption -0.006 -0.000
(0.005) (0.000)

Taxpayers Number -0.000 -0.000
(0.000) (0.000)

Taxpayers total income 0.000 0.000
(0.000) (0.000)

Total rainfall -0.000 -0.000
(0.001) (0.000)

Constant -37.590***
(6.678)

No. Obs 8,741 8,741
Pseudo-R2 0.0487
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Extending the baseline model (Eq. 2) by further distinguishing treated units according 
to their compliance status could represent a potential way to capture how the treated units 
which actually complied with the treatment varied their water consumption in the post-
treatment period compared to the control group. However, while allowing to disentangle 
the average change in water consumption of the treated group among compliers and non-
compliers, this would bring to biased estimates due to the self-selection nature of the com-
pliance decision.

According to Angrist and Pischke (2014), the instrumental variable (IV) method 
– where the treatment assignment is used as an instrumental variable for the treatment 
effective delivery – eliminates the non-compliance selection bias, thus allowing to “cap-
ture the causal effect of treatment on the treated in spite of the nonrandom compliance 
decisions made by participants in experiments”. This approach gives an unbiased esti-
mate of the local average treatment effect (LATE), which is the impact of the treatment on 
compliers-only.

To estimate the LATE we adopt an Instrumental Variable (IV) strategy where the origi-
nal treatment assignment is used as instrument. This method allows to isolate the varia-
tion in actual compliance, which is unrelated to the selection bias, allowing for an unbi-
ased estimate of the treatment effect of compliance on the outcome of interest (Imbens and 
Angrist 1994).

The IV’s first stage assesses to which extent the instrument induces the treated units to 
effectively take up the treatment. This is estimated by regressing the treatment take up vari-
able COMPLYit (it equals 1 when the treated household i effectively opens the email in the 
month t and 0 otherwise) on the treatment assignment TREATi (it equals 1 when a house-
hold receives the consumption diary via email) received in post treatment period:

Fig. 2  Probability of receiving the treatment before and after the matching
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The coefficient �1  captures the variation in compliance determined by the instrument. 
It can be interpreted as a compliance rate, while the residual term captures the variation 
in compliance related to self-selection. The first stage equation generates the predicted 
value ̂COMPLYit that, being uncorrelated with the error term, is unaffected by the potential 
source of endogeneity. This approach eliminates the source of bias. In order to be a good 
instrument, we have to reject the null hypothesis that TREATi is a weak instrument ( �1=0). 
In the IV second stage we regress the variable of interest on the predicted value ̂COMPLYit 
obtained from the first stage regression:

where the coefficient � captures the LATE. This 2SLS approach isolates that variation in 
the compliance variable that is unaffected by selection bias and, then, relates it to the out-
come of interest. This gives an unbiased estimate of the LATE, that is the unbiased causal 
effect of the treatment only for the compliers, whose participation in the field intervention 
is determined exclusively by the treatment assignment.

5.3  Heterogeneity analysis

Next, we develop a heterogeneous analysis to assess whether the treatment effect varies 
across types of consumers according to some observable characteristics. First, we grouped 
both treated and control units into tertiles (‘low’, ‘medium’ and ‘high’ classes) according 
to their pre-treatment average level of per capita water consumption. Then, we extend the 
baseline model (Eq. 2) by further distinguishing treated units according to their consump-
tion class size j and by estimating the following triple DiD:

The coefficient �j of the triple interaction term captures how the treated units belonging 
to the consumption tertile j varied their water consumption in the post-treatment period 
compared to the control group. We expect the information campaign effectiveness to 
depend on the pre-treatment water consumption level, as previously found in some studies 
on water and energy consumption (Ferraro et al. 2011, Ferraro and Price 2013; Allcott and 
Rogers 2014, Andor et al. 2020). In particular, consistent with a convex water saving costs 

(4.1)COMPLYit = �0 + �1DIDit + �i + ut + �it

(4.2)yit = � + � ̂COMPLYit + �i + ut + �it

(5)yit = � +

3
∑

j=1

�jDIDit × TERTILEij + �i + ut + �it

Table 4  Descriptive statistics on 
the users’ email opening rate

Number of opened emails Number of 
Users

Percentage cumulative 
percentage

None (Zero compliance) 147 16.97 16.97
One 131 15.13 32.1
Two 106 12.24 44.34
Three 113 13.05 57.39
Four 112 12.93 70.32
Five (full compliance) 257 29.68 100
Total 866 100
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function, we expect that high consumers will experience the most significative water con-
sumption reduction, since they should have most water saving opportunities at lower mar-
ginal costs. Conversely, consumers belonging to the first water consumption tertile should 
have limited opportunities to further reduce their water consumption. We therefore expect 
the information campaign to have limited or no effect on their behavior.

Moreover, we inspect the heterogeneous effects by further distinguishing consumers 
according to their age and family size. We expect the informative campaign to be more 
effective for younger users and for smaller families. This is because younger users are 
expected to be more sensitive to environmental issues. We also expect communication and 
coordination costs to be lower for smaller families than for larger families. If this is true, 
then the information campaign should spread more effectively in smaller families, and we 
should observe a higher reduction in water consumption.

5.4  Feedback and RDD analysis

We are interested in analyzing whether, within the treated group, consumers’ behavior 
varies at the margin depending on the type of feedback received. However, due to the 
endogenous nature of the informative feedback, a direct comparison across high, medium 
and low users is likely to lead to a biased estimate of the impact of different feedback on 
water saving behavior. To address this potential endogeneity issue, we develop a regres-
sion discontinuity design (RDD) around the consumption classes’ cutoffs. We exploit the 
fact that consumers were classified into three discrete categories with sharp cutoffs. When 
all the consumers are considered, the average per capita water consumption differs signifi-
cantly among classes. Nevertheless, the closer we get to the cutoff, the smaller the differ-
ence in consumption between the contiguous categories, with the difference in consump-
tion between households just below and above the cutoff being insignificant. Despite their 
similarity, consumers around the cutoff are categorized differently and receive different 
feedback depending on the side of the cutoff they belong to.18 Therefore, we exploit this 
quasi-random category assignment among users around the cutoff to estimate the effect of 
different feedback on water saving behavior. The main intuition of the RDD is that being 
households just below and above the cutoff similar in their consumption behavior, then any 
variation in their respective water consumption can be attributed to the different feedback 
they received.

To implement the regression discontinuity approach, we build a stacked panel dataset 
in the following way. Within each treatment month t = 1, …, 5 (from September 2021 to 
January 2022), we first define cmin

t
 and cmax

t
 as the minimum and maximum threshold of the 

medium consumption category. cmin defines the cutoff between the low–medium classes, 
while cmax defines the cutoff between the medium–high classes. We then calculate the vari-
ables Dmin

it
 and Dmax

it
 as the differences between each household’s consumption (in per cap-

ita daily liters), and the cmin
t

 and cmax
t

 cutoff points. Then, we consider only the treated units 
whose distance from the cutoff is lower than a given threshold d, which satisfy the condi-
tions Dmin

it
≤ d and Dmax

it
≤ d respectively for the minimum and maximum cutoffs cmin and 

18 The difference in consumption between the best and the worst in the low (middle) consumption category 
is greater than the difference in consumption between the worst in the low (middle) consumption category 
and the best in the medium (high) consumption category. Nevertheless, in the first case the two subjects fall 
in the same low (middle) consumption class size and receive the same feedback despite their significant dif-
ference in consumption, while in the second case the two subjects are classified in different categories and 
receive different feedback despite their substantial similarity in consumption.
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cmax . We apply this approach recursively, therefore we construct G = 5 groups (correspond-
ing to as many panel datasets), one for each month t = 1, …,5 of the treatment period. We 
then stack the G panel datasets and run the following regression:

Notice that the same subject can appear below the cutoff in a certain month and above 
the cutoff in another month. This implies that the unit of observation is the subject i within 
the group g. Therefore, yigt represents the water consumption of subject i, belonging to 
group g, in the month t. DID_RDDigt is the interaction term RDDig × POST_RDDt , where 
RDDig is a dummy which equals 1 if the subject i, belonging to group g, falls above the cut-
off, and 0 if the subject i falls below the cutoff, while POST_RDDt equals 0 in the month 
when units receive their informative feedback and 1 in the following month. By interact-
ing these two dummy variables we can estimate our parameter of interest � which captures 
whether, at the margin, the selected treated units change their water consumption behavior 
differentially, depending on which side of the cutoff they belong to. γig are the fixed effects 
for the subject i within the group g, while ugt are time fixed effects referring to the month t 
within the group g.

We first run this regression separately for the two cutoffs cmin and cmax which allows 
us to compare separately the low category with the medium category, and the medium 
category to high one. Next we estimate Eq. (6) as a single regression for both cutoffs. This 
allows to formally test whether the cutoffs matter differentially across the two cutoff types.

6  Results

All the models have been estimated employing the dependent variable in both levels and 
logarithmic terms, aiming to discern the influence of the informational campaign on water 
conservation, measured respectively in liters per day and in percentage terms.

Table 5 reports the result of ITT analysis obtained by estimating Eq. (2). We find that, 
on average, the social information campaign had a positive and statistically significant 
effect on water savings. Indeed, after the treatment, treated units reduced on average their 
per capita water consumption by 25.8 L per day (6.8 gallons/day) with respect to the con-
trol group (Column 1, Table 5). When expressing the dependent variable in logarithmic 
terms, this corresponds to a water saving equal to 5.7% (see Appendix A1, Table 11).

Our results differ from those of previous studies that did not find a significant effect 
of information campaigns conducted online and are consistent with the recent finding of 
Daminato et al. (2021).

6.1  Dynamic analysis

Figure 3 displays the results of the dynamic analysis obtained by estimating Eq. (3). Inter-
estingly, we find evidence that the treatment effect is not constant over time, as it increases 
with the number of reports sent to the treated units. In particular, after the first email was 
notified, treated households do not show any statistically significant difference in their 
water consumption compared to the control group. After the second round of the trial, 
treated units registered an additional per capita water conservation of 20.4 L (5.4 gallons) 
per day compared to the control group. Nevertheless, the estimated coefficient was signifi-
cant only at a 10% level. From the second to the fifth round of the intervention, the treated 

(6)yigt = � + �DID_RDDigt + �ig + ugt + �igt
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group registered an additional water saving compared to the control group, which increased 
from 27.2 L (7.2 gallons) per day in November (significant at a 5% level) to 42 L (11.1 gal-
lons) per day in January (significant at a 1% level).

When the dependent variable is expressed in logarithmic terms, the treated and control 
groups did not display any statistically significant difference in their water behaviour after 
the first notified email. Conversely, from the second to the fifth (last) round of the cam-
paign, the treated group registered an additional water savings that increased from -6.9% to 
-8.7%, both significant at a 5% level (see Appendix A1, Figure 6).

This finding suggests that sending repeated messages enhances higher water savings 
over time and suggests a rejection of the alternative hypothesis that consumers’ attention 
decreases with the number of messages. Moreover, the figure does not highlight any sig-
nificant difference in consumers’ water consumption among the treated group and the con-
trol group in the pre-treatment period. This evidence supports the parallel trend assumption 
that must be satisfied for the DiD to provide unbiased results.

The long-run analysis reveals that the water conservation induced by the informa-
tion campaign is not permanent. Indeed, the marginal and significant water savings of 
the treated group decreases the month after the end of the information campaign while it 
expired the second month following the end of the campaign. Indeed, we find that no statis-
tically significant difference between the treated group and the control group persisted two 
months after the end of the campaign. This suggests that per se a five-months information 
campaign did not represent a sufficient tool to drive structural behavioral change.

6.2  Compliance and LATE Analysis

The ITT analysis was complemented with an analysis aimed at capturing the impact of the 
information campaign on the adherent units which effectively opened the related emails. To 
address the potential endogeneity issues associated to the self-section nature of the compli-
ance status we run an IV regression to estimate Eqs. 4.1 and 4.2. This allows us to estimate 
the Local Average Treatment Effect of the information campaign (Table 6). Results of the 
IV’s first stage show that the coefficient of the instrumental variable is positive and highly 
significant. By capturing the variation in compliance determined by the instrument, it can 
be interpreted as a 47% compliance rate.

In the second stage we estimate the effect of the compliance’s predicted value on water 
consumption. The estimated coefficient of interest points to a significant local average 
treatment effect (LATE), which corresponds to an average per capita water saving of 55 
L per day for the complying units compared to the control group. When expressing the 
dependent variable in logarithmic terms, this corresponds to an additional water saving of 
12.2% (see Appendix A1, Table 12). The related endogeneity test rejects the null hypothe-
sis that the compliance variable is exogenous, thus pointing to the need for an IV approach. 
In the weak identification test, the F value is much larger than the critical value, allowing to 
reject the null hypothesis that our instrument is weak.

To further inspect the mechanisms underlying the local average effect of the informa-
tion campaign on the complying treated units, we re-estimate Eqs. 4.1 and 4.2 for different 
time periods. This setting is aimed at capturing the LATE dynamic trend and brings two 
interesting results. First, the result of the IV first-stage analysis shows that, when the sec-
ond informative feedback was sent, the rate of compliance declines from 57.6% to 44.5% 
and then remains quite stable until the end of the information campaign (see Fig. 4, Panel 
A). Moreover, we find that the size of the water saving registered by the complying units 
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increases with the length of the post-treatment period – respectively from 1 to 5 months 
after the beginning of the information campaign – and thus with the number of notifica-
tions sent via email. In particular, the first email notification of the information campaign 
does not induce a significant local average treatment effect. However, this becomes evident 
and significant after sending the second notification. The additional water saving monoton-
ically increases from 29 L per day to 54 L per day when all the five notifications are con-
sidered (Fig. 4, Pane B). This corresponds to an additional water saving which increases 
from -7.6% to -12% over the same period when expressing the dependent variable in log 
terms.

On one side, the increased water saving over time suggests that sending repeated feed-
back helps households to maintain this information salient, allowing to avoid a loss of 
attention due to cognitive limitations or time constraints. On the other, this result might 
depend to a certain extent on the change in the complying group composition. Indeed, 
complying units or households which decide to opt-out from the program might differ from 
the full study group with respect to some dimensions.

According to Angrist and Hull (2023), while the LATE approach allows to address 
potential selection bias issues, self-selection into adherence can limit the relevance of IV 
LATE estimates when specific demographic groups are substantially under-represented 
among compliers. Therefore, following Angrist and Hull (2023), we compare adherent 
units with the full study group on a variety of dimensions. Results show that compliers 
have demographic characteristics broadly representative of the study group at large (see 
Appendix A4, Table 18). This evidence brings us to exclude the possibility that the increas-
ing water conservation that we observe over time is driven by specific characteristics of 
non-adherent units that decide to opt-out from the information campaign by not opening 
the emails that were sent on a monthly basis.

6.3  Heterogeneity analysis

Table 7 reports the results of the triple DiD (Eq. 5), where treated units are further distin-
guished depending, respectively, on their pre-treatment consumption class (low, medium 
or high), on the number of resident family members (less than three or more than two), 
and the age at the time of running our study of the water contract subscriber (under 51 or 
over 50). We find that the ITT impact is heterogeneous across the consumption classes 
(Table 7): while the reduction of consumption is not statistically significant for the low and 
medium categories, the high consumption category strongly reduces its water consumption 
(-76.8 L/20.3 gallons per day per capita, or a -19%), compared to untreated users belong-
ing to the same category (See Appendix A1, Table 13 for the results of the analysis when 
expressing the dependent variable in log terms).

It is worth stressing that our study was not specifically designed to test for hetero-
geneity across types of households. Therefore, the heterogeneity results cannot be fully 
interpreted in terms of causality. Nevertheless, they suggest that the average reduction in 
water consumption of the treated group is highly driven by the high consumer category, 
which has the greatest opportunity to save water at lower marginal costs. Conversely, low 
level consumers, who already adopt sustainable habits, have higher marginal water con-
servation costs and do not find significant opportunities to further reduce their water con-
sumption. When exploring heterogeneous effects across age and family sizes (Table 7, 
Column 2 and 3), we did not find any significant difference among the categories of the 
treated group. Finally, when considering simultaneously all these categories, we find that 
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the average reduction in water consumption observed for the treated group was mainly 
driven by the “high-users” consumption class size (Table 7, Column 4).

To provide additional information regarding observable characteristics supporting the 
heterogeneity analysis, we developed some t-tests to compare household-level characteris-
tics across the different groups (see Appendix A3, Table 17). According to the results, for 
both the control and treatment groups, users belonging to the high-consumption category 
are on average older than those belonging to the medium and low-consumption catego-
ries. Conversely, medium, and high treated households do not show statistically signifi-
cant difference in their age. With respect to their gender, low and medium users are highly 
comparable, and the same holds when comparing medium and high users. Conversely, the 
share of female is 10% lower in the high-user group compared to the low group, with this 

Table 5  ITT effect on water use

*** p < 0.01, ** p < 0.05, * p < 0.1. Robust standard errors in paren-
theses—clustered at household level. Notes: Month-by-year dummy 
variables included

(1)
dependent variable: Monthly 
average per capita water con-
sumption

Liters per day

DID -25.808**
(10.494)

Monthly Fixed Effects
May 65.840***

(4.428)
June 50.298***

(5.998)
July 23.049***

(6.304)
Aug 16.647**

(6.726)
Sept -34.120***

(6.595)
Oct -42.679***

(6.660)
Nov -43.920***

(6.834)
Dec -28.247***

(7.449)
Constant 244.836***

(3.772)
Observations 21,195
Number of id 2,355
Time and unit Fixed Effect YES
R-squared 0.0564
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difference being statistically significant. Finally, concerning the number of residents, high 
users on average have 0.3 residents less than medium and low users.

While being in some cases significant, the differences among consumption classes tend 
to be quite small. Moreover, it should be highlighted that they represent fixed effects that 

Fig. 3  ITT effect on water use: Dynamic trend. Note: Point Estimate with 95% confidence interval

Table 6  Instrumental Variable 
and LATE effect on water use: 
static analysis

*** p < 0.01, ** p < 0.05, * p < 0.1. Robust standard errors in paren-
theses—clustered at household level.Notes: Month-by-year dummy 
variables included

(1)

First Stage
Treatment Assignment 0.469***

(0.000)
Second Stage Liters per day
̂COMPLY -54.940***

(11.355)
Constant 216.104***

(4.262)
Observations 21,195
Time and Individual Fixed Effect YES
R-squared 0.0542
Weak identification test: Cragg-Donald Wald F 

statistic
6857.775

Endogeneity test 12.169
Chi-sq(1) P-value (0.000)



 S. Clò et al.

1 3

we control for in our empirical estimation models and that are included in the matching 
procedure to increase the comparability among treated and control units. Therefore, these 
differences are not likely to majorly affect the robustness of our results.

6.4  Feedback analysis and RDD

In this section we estimate Eq.  (6). Results show that consumers react differently 
to different feedback (Fig.  5). Indeed, units receiving a ‘low user’ feedback tend to 

Fig. 4  Instrumental Variable and LATE effect on water use: Dynamic Analysis. Note: Point Estimate with 
95% confidence interval
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slightly increase their consumption compared to similar units which receive a ‘medium 
user’ feedback. An opposite result is found when we compare medium and high con-
sumers around the cutoff: those receiving a ‘high user’ feedback significantly reduce 
their consumption compared to similar users who are in the medium category.

A similar finding emerges when the “low-medium” and the “medium–high” cutoffs 
are considered jointly (Table 8). Running a single regression for both cutoffs allows us 
to formally test whether the cutoffs matter differentially across the two cutoff types. 
Also, in this case we find that, around the low-medium cutoff, consumers below the 
cutoff receiving a “low-users” notification tend to marginally increase their water con-
sumption with respect to medium users which, in spite of having comparable level of 
water consumption, are located above the cutoff. Similarly, around medium–high cut-
off, only those consumers above the cutoff receiving a “high-users” notification tend 
to marginally reduce their water consumption, while medium users which are located 
below the cutoff do not register any significant change in their water consumption. 
This latter result changes when the dependent variable is expressed in log terms (see 
Appendix A1, Table 14). In this case, we find that both types of consumers reduce in 
percentage terms their water consumption independently on the side of the cutoff they 
are located, and thus independently on the type of notification they received. However, 
those located above the cutoff which received a “high-user” notification reduced their 
water consumption more than those located below the cutoff.

Table 7  ITT effect on water use: Heterogeneity Analysis

*** p < 0.01, ** p < 0.05, * p < 0.1. Robust standard errors in parentheses—clustered at household level. 
Month-by-year dummy variables included

(1) (2) (3) (4)

Monthly average water consumption
VARIABLES Liters per day
DID 1.580 -32.456 -15.331 5.158

(2.834) (22.956) (11.350) (13.850)
DID x Medium -5.777 -3.275

(7.709) (8.211)
DID x High -76.797*** -72.702***

(27.863) (28.184)
DID x Residents > 2 11.221 -3.071

(24.977) (23.832)
DID x Over 50 -18.057 -5.684

(19.132) (16.490)
Constant 279.633*** 279.633*** 280.336*** 280.332***

(2.636) (2.834) (2.839) (2.643)
Observations 21,195 21,195 21,195 21,195
FE YES YES YES YES
R-squared 0.102 0.0396 0.0416 0.104
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7  Robustness Checks

In this section we present and discuss a battery of analyses developed to further test the 
validity of the assumptions that must be satisfied in order to support the adopted empiri-
cal strategy. Moreover, we want to test whether our findings are robust to alternative 
empirical strategies.

Placebo Test Running a RCT ensures that the units that are randomly assigned to the treat-
ment are not statistically different from the untreated ones. However, being committed to 
involve into the informative campaign all the eligible households, we could not develop a 
pure RCT. Given this exogenous institutional constraint, in order to assess the impact of the 
information campaign we developed a Two-Way Fixed Effects Diff-in-Diff, where the treated 
and untreated units were selected through a PSM. The related balance tests confirm that, 
before the treatment, the selected control group did not present any statistically significant 
difference with respect to the treated one along a variety of dimensions. Moreover, the DID 
dynamic analysis confirms that, in the months preceding the treatment, the average water 
consumption of the treated group was not statistically different from that of the control group.

Furthermore, as an additional validation of our results, we perform a placebo test by 
hypothetically assuming another date for the delivery of the treatment (see Table 9). More 
precisely, we split the real pre-treatment period into two sub-periods: a pre-treatment 
period from May 2021 to June 2021 and a false post-treatment period from July 2021 to 
August 2021. We developed a second placebo test where we take as the pre-treatment 
period November 2020 to April 2021, and May 2021 to August 2021 as the treatment 
months. The results of the placebo tests show that, in the false post-treatment period, there 
are no statistically significant differences in water consumption between the treated and 
the control group (see Appendix A1, Table 15, for results in log terms). This suggests that 
treated and control groups did not differ neither with respect to those unobservable charac-
teristics that correlate and can influence their level and trend of water consumption. Moreo-
ver, these results provide further evidence supporting the parallel trend assumption that 
must hold for the staggered difference-in-differences design to provide unbiased estimated.

Other robustness checks Hereby, we show that our main findings are confirmed when 
we introduce some changes to our empirical strategy which bring to a change in the sam-
ple composition and size. First, descriptive statistics show that per capita monthly water 
consumption ranges from a minimum of 0.7 L per day to a maximum of 7,781 L per day. 
Therefore, we test whether our results were driven from outlier values, namely those house-
holds who registered in at least one month a very low level of water consumption (plausi-
bly because they were on vacation); and those who registered too high and anomalous level 
of water consumption. After trimming the distribution of the per capita water consumption 
at the 2‐nd and 98‐th percentile, the average level of per capita daily consumption declines 
from 240.3 to 211.3 L per day, and now varies from a minimum of 40 L per day to a maxi-
mum of 866.6 L per day. As shown in Table 10 (Panel A), when we exclude these outliers 
from our sample, the results confirm that the treatment has a significant impact on water 
consumption, though the size of the estimated water saving is now lower, and amounts to 
13 L per day, or -4.8% (Appendix A1, Table 16 reports the results when expressing the 
dependent variable in logarithmic terms).

As a further robustness check, we adopted a stricter matching criterion. In particular, 
we selected the single closest eligible control unit to be paired with each treated unit (1 
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Nearest neighbor matching). This causes a reduction of the sub-sample from 2,355 to 1,428 
households (half of them being treated). Results reported in Table 10 and Table 16 (Panel 
B) show that our findings are largely confirmed when we adopt an exact 1:1 matching 
which ensures a higher pre-treatment comparability among the control and treated groups.

We further show that the main findings of the ITT analysis do not depend on the chosen 
pre-treatment period. Our main findings remain robust when the Eq. (2) is estimated con-
sidering a longer pre-treatment time span, from November 2020 to August 2021. Neverthe-
less, the size of the treatment effect is now smaller and equals to a per capita water saving 
of 17 L/day compared to the control group, corresponding to a reduction of around 8.8% 
(see Table 10 and Table 16, Panel C).

We finally test the robustness of our results by running our baseline regression when 
the entire balanced pre-matching sample is used as control group and by adding household 
fixed effects and time fixed effects at a household’s level. Again, we find consistent results 
(Table 10 and Table 16, Panel D).

8  Discussion

In this section, we address a few aspects that merit specific attention. First, we discuss 
the information campaign’s main drivers of induced water saving. Second, we propose a 
series of exploratory considerations related to the potential water-saving measures that 
households could implement in response to the intervention. Third, adopting a comparative 

Fig. 5  ITT differential impact effect on water use of different feedbacks: RDD. Note: Point Estimate with 
95% confidence interval
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approach, we discuss the generalizability of our findings both at national (Italy) and inter-
national level.

Information campaign drivers of water saving Following previous research in this field, 
our information campaign, and the message notified via email to the treated users, con-
tained a plurality of information: among others, the monthly average of per capita daily 
water consumption; the monthly average level of water consumption of the treated group; 
the household ranking position and the corresponding consumption class size. Our study 

Table 8  ITT effect of feedbacks 
on water use: RDD

*** p < 0.01, ** p < 0.05, * p < 0.1. Robust standard errors in paren-
theses- clustered at household level. Notes: Month-by-year dummy 
variables included

(1) (2) (3) (4)
Monthly average water consumption

Liters per 
day

Low 6.132 9.807*** 12.530*** 14.746***
(3.726) (2.702) (2.198) (1.922)

medium (low) 4.202** 2.370 2.187* 0.762
(1.970) (1.503) (1.320) (1.108)

medium (high) 3.277 0.953 0.852 0.106
(4.032) (2.206) (1.647) (1.218)

High -2.802** -5.023*** -5.976*** -5.933***
(1.337) (1.007) (0.858) (0.759)

Constant 168.744*** 177.527*** 179.311*** 183.719***
(7.568) (4.606) (3.532) (2.845)

Observations 1,076 2,022 2,996 4,038
R-squared 0.074 0.088 0.101 0.108
Cutoff Range  < 25  < 50  < 75  < 100

Table 9  ITT effect on water use: 
Placebo test

*** p < 0.01, ** p < 0.05, * p < 0.1. Robust standard errors in paren-
theses—clustered at household level. Notes: Month-by-year dummy 
variables included

(1) (2)
Monthly average water consumption

VARIABLES Liters per day

DID 5.436 1.259
(10.261) (4.861)

Constant 244.971*** 270.443***
(5.998) (4.669)

Observations 9,395 20,741
R-squared 0.030 0.024
False Pre-treatment period 2021/05–2021/06 2020/11–2021/04
False Post-treatment period 2021/07–2021/08 2021/05–2021/08
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was not designed with the clear intent of assessing the differential impact of each piece of 
information. Therefore, one limit of our research is that we cannot identify which was pre-
cise channel driving the water saving promoted by the information campaign.

Nevertheless, this RDD analysis – where treated units on one side of the cutoff are com-
pared with other treated units that, despite recording similar levels of water consumption, 
are placed on the other side of the cutoff and therefore receive a different notification of 
their class size – provides us some interesting insights on the potential driving channel of 
the treated units’ additional water savings. Indeed, the results of the RDD analysis suggest 
that additional water saving cannot be directly imputed to the provision of an information 
of which the user was not aware of before the launching of the intervention. Indeed, if the 
lack of awareness on water consumption was the main cause behind unexploited water sav-
ings, then the provision of this information should have promoted additional water saving 
independently on the side of the cutoff where the consumer was placed.

Conversely, the results of the RDD analysis show that consumers with comparable level 
of water consumption reacted differently to the information campaign depending on the 
side of the cutoff they were place. This result suggests that the recorded reduction in water 
consumption was mainly driven by the social and comparative component of the informa-
tion campaign rather than by the notification of the amount of notified water consumption 
per se. In fact, those who received a low consumption notification, and therefore were bet-
ter labelled than their counterparts who are immediately above the cutoff, increased their 
consumption at the margin. On the contrary, those who receive a high consumer notifi-
cation, and therefore performed worse than their counterparts located below the cutoff, 
reduced their consumption more significantly. This evidence highlights the relevance of 
the social comparison component of the information campaign in driving a behavioural 
change.

Table 10  ITT effect on water 
use: robustness checks

*** p < 0.01, ** p < 0.05, * p < 0.1. Robust standard errors in paren-
theses—clustered at household level. Month-by-year dummy variables 
included

Monthly average water consumption
Liters per day
Panel A Panel B
No Outliers PSM 1:1 Matching

DID -13.180*** -36.679***
(4.563) (11.811)

Constant 213.850*** 242.265***
(1.295) (4.130)

Observations 18,216 12,852
Panel C Panel D
Longer pre-

treatment 
period

Pre-Matching Balanced sample 
with Households-level time fixed 
effects

DID -19.785** -30.470***
(8.051) (8.326)

Constant 210.773*** 236.544***
(3.823) (0.504)

Observations 34,744 77,651
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Another open issue concerns the reason why the effect of the campaign vanished a few 
months after its ending. Again, we cannot unambiguously identify the underlying motiva-
tion. Nevertheless, the plurality of our results can provide some useful insights to interpret 
this evidence. One potential explanation could be that, due to the adopted measurement 
unit (per capita daily water consumption) people did not really understand the message 
embedded in the campaign. Indeed, this information differed from the one reported in the 
water billing (households aggregate water consumption per quarter). We do not think this 
explanation to be exhaustive. Indeed, if the provided information was not clear enough 
(due to the chosen measurement unit), we should not have observed any additional water 
saving during the period of the campaign. Conversely, we document that, when it was in 
place, the campaign promoted a significant reduction in water consumption.

Another potential explanation is that the campaign, in spite of being effective in bridg-
ing a cognitive gap on the users’ water footprint, was too short to drive a structural behavio-
ral change. This potential explanation is consistent with previous evidence on the attention 
bias and on the memory retrieval bias. Concerning the former, due to cognitive limitations, 
time constraints, or simply because certain information is more salient or easier to process 
than others, people can focus only on a limited set of information or stimuli, while ignor-
ing or undervaluing other relevant information, and therefore make sub-optimal choices 
(Cowan 1988, 1995; Styles 2005). The latter bias refers to the tendency of individuals to 
recall and retrieve information from memory in a biased or selective manner (de Fockert 
JM 2005; Furely and Wood 2016). Moreover, the ending of the social comparison with the 
end of the campaign can partly explain the fact that the savings promoted by the campaign 
were not persistent over time. Being the social norm component so relevant in driving our 
result, the not persistent water saving can depend by the short timing of the intervention, 
which did not favour the emergence of a social norm of water conservation.

Sources of the positive impact of the intervention Even though our setting does not offer 
any opportunity to investigate at a micro-level how water is actually used and consumed by 
household’s members, we can exploratory discuss which actions can drive a reduction in 
water consumption, but we cannot determine which of them were specifically triggered by 
the intervention. These actions can be clustered into two broad categories, depending on 
whether water consumption declines as an effect of a change in behavior or a technological 
change.19 According to the study by Ansink et al (2021) which focused the on impact of 
audits on water conservation, specifically distinguishing between the information and tech-
nological components, we know that the adoption of devices reducing water pressure are 
particularly effective in the long run while information component of the water audit has 
a large initial impact, but this gradually fades. Considering the relatively mild and time-
limited nature of our intervention, coupled with the absence of explicit emphasis on tech-
nological components, we are inclined to suggest that the water savings triggered by our 
intervention primarily stem from a heightened adoption of micro water-saving behaviors. 
This includes, but is not limited to, practices such as shorter showers and running full loads 

19 According to descriptive estimates, a faucet left open releases on average between 10 and 13 L per min-
ute, while applying an aerated flow restrictor can reduce the flow to 5 L per minute. Handwashing dishes 
typically requires an average of 40 L, but a modern dishwasher consumes approximately 8 L of water per 
load. A modern washing machine consumes an average of 40/50 L of water per load, whereas older models 
can consume up to 120 L. A traditional toilet flush contains from 10 to 16 L. Proper use of the dual flush 
button allows saving 8–10 L per flush. These average estimates can vary significantly depending on the type 
of technology which is in place.
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in the dishwasher, as well as a proper use of toilet flush. We would tend to exclude that an 
intervention of such nature induced households to buy new and more efficient appliances 
or significantly upgrading aspects of the domestic hydraulic system.

External validity of evidence generated through this study As argued by Andor et al. 
(2020), generalizing the results of a filed study of this sort to other contexts can be chal-
lenging. Along a similar line, Vivalt (2020) concludes that the extent to which experimental 
results can be generalized remains an open question. Like other water consumption studies 
in the existing literature, our intervention has different characteristics regarding the context, 
study design, empirical setup, sample size, intervention studied, and treatment. Neverthe-
less, our findings align with those from other geographic and institutional contexts. Exist-
ing literature on household water conservation indicates a reduction in water consumption 
ranging between 4 and 9% due to nudge programs. Notable references include studies by 
Carlsson et  al. (2021), Schultz et  al. (2019), Torres and Carlsson (2018), Miranda et  al. 
(2020), and Jessoe et  al. (2021). In essence, the results of our analyses are comparable 
to those obtained from trials conducted in various geographical and institutional contexts. 
The consistency of results across studies conducted in different locations suggests a certain 
external validity of the nudging approach. This is promising as it indicates the potential 
effectiveness and generalizability of nudge strategies in promoting water conservation in 
different contexts. As part of our study, we recognize that although our findings are in line 
with other studies, they cannot be generalized to the entire European population. However, 
they can be extended to European cities with similar characteristics. The full generalizabil-
ity of the results is limited by several considerations. Compared to other Italian areas, the 
Milan metropolitan area is richer and more dynamic, making it more similar to some Euro-
pean cities than to other Italian cities. On the other hand, the levels of water consumption 
per capita are high and not comparable to those of other European cities, but closer to those 
recorded in other areas of Italy. Indeed, the average water consumption in the metropolitan 
city of Milan aligns with that of other Italian cities, where water stress is also increasing. In 
detail, in the Italian metropolitan cities, where over 30% of the Italian population resides, 
the daily water supply provided for authorized uses reach an overall average of 236 L per 
inhabitant,20 one of the highest water usages per person in Europe.21 These differences may 
be influenced by factors such as climate, lifestyle, water management practices, and indi-
vidual awareness of water conservation. Italy’s context, characterized by a relatively higher 
water consumption, offers an intriguing scenario for investigating the potential impacts of 
informational campaigns on domestic water usage. This underscores the necessity of tai-
lored initiatives to promote water conservation. On top of that, we believe that the region 

20 In northern regions, such as Lombardy and Veneto, where industrialization and urbanization are more 
pronounced, households may tend to have higher water consumption due to a more developed economy and 
lifestyle. In contrast, southern regions may experience lower average household water consumption, influ-
enced by a warmer climate and potentially different living habits. In particular, there is notable heterogene-
ity in water consumption at the Italian level. According to the data on water supplied for authorized uses per 
capita in liters per day for the year 2020 (Istat, 2021), daily per capita water consumption figures for differ-
ent regions in Italy highlight notable variations, with the North West, which includes Milan, registering a 
relatively high consumption of 253 L per inhabitant per day. Moving to the North East, the figure remains 
substantial at 212 L, displaying a noticeable but slightly lower consumption pattern. The Central region 
records a per capita consumption of 199 L, while the South and Islands exhibit figures of 203 and 186 L, 
respectively. This data highlights the regional disparities in water availability and consumption across Italy.
21 For instance, Finland and Ireland shared a similar consumption level at 126 L, while Slovenia and Portu-
gal showed a moderate range with figures of 117 and 111 L, respectively.
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where we developed our analysis shares with other areas an increasing issue of water scar-
city linked to the climate crisis’ induced droughts, as exemplified by Catalonia’s recent 
declaration of a water emergency. This mirrors Italy’s past experiences and echoes the 
challenges witnessed across the continent. Catalonia, notably, is bracing itself for a drought 
emergency. Our results are likely to be less applicable in countries where water consump-
tion is already low, but they may hold relevance in areas that, due to escalating droughts 
stemming from the climate crisis, must take actions to reduce consumption. However, we 
anticipate that external validity may diminish in different settings, such as smaller Italian 
cities or European cities where per capita water consumption is considerably lower than the 
Italian average.

9  Conclusions

With this research we analyzed the effects of a water informative campaign run from Sep-
tember 2021 to January 2022 on a sample of around 1,000 households, equipped with 
smart meters and located in the metropolitan area of Milan. The informative campaign was 
designed to bring some contributions to the existing literature. First, it is the only campaign 
developed in Italy, a country characterized by an increasing water scarcity issue, due to 
both the intensifying of climate-related droughts and to the unsustainable behavior of the 
Italian citizens, who, on average, consume 236 L (62.3 gallons) of water per day, one of 
the highest levels in Europe. Second, compared to previous trials, we communicated the 
daily average water consumption (instead of the total water consumption) at a per capita 
level (instead of the households’ aggregated levels), thus providing information in a for-
mat as familiar as possible, so that it could be easily quantified and assimilated by non-
skilled users. The third contribution of our research related to the information notification 
tool. Unlike previous studies, we decided to provide the information on water consump-
tion exclusively via email, which allowed us to monitor the email click (open) rate and the 
related opt-out rate. Thanks to this, we could adopt the ITT analysis as our main analysis 
and complement it with a LATE estimation through an IV approach.

The main result of our research suggests that the information campaign was effective in 
promoting an average reduction in per capita water consumption equal to 25.8 L/day (6.8 
gallons/day), corresponding to a 6% water saving. Considering the intervention involved 
around 1,000 households with an average of 2.6 inhabitants, this roughly corresponds to 
around 2 million liters (528 thousand gallons) saved per month and more than 10 million 
liters (2.6 million gallons) over the period of the intervention. It is important to note that 
this number refers to the average (ITT) effect of the information campaign regardless of 
its compliance rate. Moreover, we show that this effect is mainly determined by users who 
have been effectively treated. Indeed, when focusing on compliers, we estimate a 55 L per 
day water saving (LATE). We further compared adherent and non-adherent units with the 
full study group across a variety of dimensions (see Appendix A4). Since various demo-
graphic groups are well-represented among LATE compliers, we can conclude that the IV 
estimates of the information campaign’s effect are likely to predict these effects beyond 
the group that produced them. This evidence brings us to exclude the possibility that the 
increasing water conservation that we observe over time is driven by specific character-
istics of non-adherent units that decide to opt-out from the information campaign by not 
opening the emails that were sent on a monthly basis.
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Existing literature on domestic water conservation studies indicates a reduction in water 
consumption ranging between 4 and 9% due to nudge programs (Torres and Carlsson 2018; 
Schultz et al. 2019; Miranda et al. 2020; Carlsson et al. 2021, and Jessoe et al. 2021). In 
our study, in response to the intervention, per capita water consumption decreased by 
around 6%. Compared to the existing literature, we employed an information campaign 
based exclusively via email, communicated a different type of information, operated in a 
different geographical context, and additionally, had the opportunity to observe the compli-
ance status, allowing us to estimate the local average treatment effect.

We believe that our results expand on the previous literature which found that website 
campaigns were little or no effective in promoting water conservation habits and reveals 
that paperless online campaigns can be an effective and cheap instrument in promoting 
water saving behavior.

Our information campaign, and the message notified via email to the treated users, con-
tained a plurality of information (among others the per capita level of water consumption, 
corresponding consumption class size, the average water consumption). Therefore, one 
limit of our research is that we cannot identify which was precise channel driving the water 
saving promoted by the information campaign. Nevertheless, the results of the RDD analy-
sis suggest that water saving was not promoted just by the pure information on the level 
of water consumption. Indeed, consumers with comparable levels of water consumption 
reacted differently to the information campaign depending on the side of the cutoff they 
were place and on the related feedback they received. This result suggests that the change 
in behavior was largely influenced by the type of feedback received.

Some further considerations can be developed by estimating the economic savings asso-
ciated to the lower water consumption promoted by the information campaign. In Italy, 
the water sector is regulated by the national Authority ARERA. According to the Italian 
regulation, the water tariff is divided into two parts. The fixed quota includes the water 
service tariffs for aqueduct, sewerage and purification, i.e. the management costs of the 
water network. The related rate is established by the territorial Agency and can vary from 
province to province. In Lombardy, this varies not only for the type of user but also for the 
different typologies of private users (final consumers or self-employed individuals with a 
proper VAT number). The variable quota varies depending on the number of resident peo-
ple composing a household, the actual per capita water consumption, and the application 
of any exemption or concession applied to particularly vulnerable class of consumers. The 
CAP Holding water company estimated that the average cost per cubic meter of water for a 
4-members family belonging to the category”residents’ water domestic use” is € 1.37 (or € 
0.034 per liter per capita), for a total expense of approximately €450 per year.22 With a sim-
plified simulation, we can estimate that, if the 25 L per day of water saving promoted by the 
our intervention was permanent, this would have corresponded to a per capita annual mon-
etary saving equal to €3.12. For a 4-members family, the annual water tariff would decline 
by €12.5. This would correspond to a 3% decline in the annual water bill. Considering that 
the field intervention lasted for five months only and that its effect vanished few months 
after its end, and considering the lower number of residents belonging to the treated group, 
the real monetary saving associated to the information campaign was actually modest. This 
suggests that the water saving per se, and the related (quite modest) economic saving do 

22 https:// acqua delru binet to. grupp ocap. it/ salute/ quanto- costa- metro- cubo- acqua/

https://acquadelrubinetto.gruppocap.it/salute/quanto-costa-metro-cubo-acqua/
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not seem to represent the main channel of the change in water behaviour promoted by the 
intervention.

Finally, the dynamic analysis highlighted some interesting insights. Indeed, while we 
found that the amount of water saving increased with the number of emails over the long 
term the water conservation impact of the campaign was not permanent, and it expired 
a few months after the end of the trial. This suggests that information campaign did not 
represent a sufficient tool to drive a structural behavioral change and puts into doubt 
whether the observed water saving was effectively induced by a correction of the users’ 
cognitive biases on their consumption levels, or whether it was induced by the feeling of 
being observed. Again, we are unable to precisely identify the main reason why water 
saving expired a few months after the information campaign. We think that the reason 
cannot be attributed to the notification tool or to the type of provided information, in 
particular to the possibility that people did really understand the message embedded in 
the campaign. Indeed, if it was the case, we should not have observed any water sav-
ing during the period of the campaign. Conversely, we document that, when it was in 
place, the campaign promoted a significant reduction in water consumption. On top of 
this consideration, the results of the RDD analysis suggest that the main reason behind 
the vanishing effect of the campaign few months after its end cannot be attributed to the 
lack of environmental awareness or by the lack of updated information on water con-
sumption. Indeed, the RDD analysis shows that information on the level of water con-
sumption was not per se the main driven of the observed water saving. Indeed, people 
with similar levels of water consumption reacted differently to the information campaign 
depending on the feedback they received. Therefore, the social comparison component of 
the campaign, and in particular the relative positioning of each user with respect to the 
average consumer, played a significant role in influencing water consumption behavior. 
In a similar vein, the fact that the social comparison ended with the end of the campaign 
can partly explain the fact that the savings promoted by the campaign were not persistent 
over time. Moreover, being the social norm component so relevant in driving our result, 
the not persistent water saving can depend by the short timing of the intervention, which 
did not favour the emergence of a social norm of water conservation.

We believe these findings to have some relevant policy implications. Given the current 
and growing water emergency that is affecting advanced and non-advanced countries, our 
results show that the implementation of information campaigns, through more advanced 
electronic tools, would allow the policymakers to achieve the objectives of reducing water 
consumption in line with the United Nations’ SDGs. Furthermore, public policies are 
needed to encourage water companies to adopt information campaigns. Government guar-
antees, soft loans and tax incentives are some standard examples. However, our results also 
suggest the importance of complementing these information campaigns with other meas-
ures aimed at inducing a structural change towards more sustainable behavior.

Appendix A1

Alternative Results of the Empirical Strategy: Dependent Variable in Log Terms

This Appendix reports the main results of our analysis when the main dependent variable 
(Monthly average per capita water consumption) is expressed in logarithmic terms.

Tables 11, 12, 13, 14, 15 and 16
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Table 11  ITT effect on water 
use – Dependent Variable in log 
terms

*** p < 0.01, ** p < 0.05, * p < 0.1. Robust standard errors in paren-
theses—clustered at household level. Notes: Month-by-year dummy 
variables included

(1)

DID -0.057***
(0.021)

Time Fixed Effects
May 0.187***

(0.008)
June 0.089***

(0.011)
July -0.057***

(0.014)
Aug 0.032**

(0.013)
Sept -0.142***

(0.013)
Oct -0.189***

(0.013)
Nov -0.199***

(0.013)
Dec -0.141***

(0.014)
Constant 5.272***

(0.007)
Observations 21,195
Number of id 2,355
Time and Individual Fixed Effect YES
R-squared 0.111
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Fig. 6  ITT effect on water use: Dynamic trend – Dependent Variable in log terms. Note: Point Estimate 
with 95% confidence interval

Table 12  Instrumental Variable 
and LATE effect on water use: 
static analysis – Dependent 
Variable in log terms

*** p < 0.01, ** p < 0.05, * p < 0.1. Robust standard errors in paren-
theses—clustered at household level
Notes: Month-by-year dummy variables included

(1)

First Stage
Treatment Assignment 0.469***

(0.000)
Second Stage Log Value
̂COMPLY -0.122***

(0.025)
Constant 5.130***

(0.009)
Observations 21,195
Time and Individual Fixed Effect YES
R-squared 0.110
Weak identification test: Cragg-Donald Wald F statistic 6857.775
Endogeneity test 12.169
Chi-sq(1) P-value (0.000)
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Table 13  ITT effect on water 
use: Heterogeneity Analysis – 
Dependent Variable in log terms

*** p < 0.01, ** p < 0.05, * p < 0.1. Robust standard errors in paren-
theses – clustered at household level. Notes: Month-by-year dummy 
variables included

(1) (2) (3) (4)
Monthly average water consumption

VARIABLES Log Value

DID 0.023 -0.066* -0.060* 0.020
(0.028) (0.036) (0.033) (0.040)

DID x Medium -0.051 -0.052
(0.038) (0.038)

DID x High -0.191*** -0.193***
(0.048) (0.048)

DID x Residents > 2 0.012 -0.027
(0.045) (0.039)

DID x Over 50 -0.000 0.031
(0.043) (0.037)

Constant 5.327*** 5.327*** 5.332*** 5.332***
(0.005) (0.006) (0.006) (0.005)

Observations 21,195 21,195 21,195 21,195
FE YES YES YES YES
R-squared 0.142 0.0644 0.0710 0.145

Table 14  ITT effect of feedbacks 
on water use: RDD – Dependent 
Variable in log terms

*** p < 0.01, ** p < 0.05, * p < 0.1. Robust standard errors in paren-
theses- clustered at household level. Notes: Month-by-year dummy 
variables included

(1) (2) (3) (4)
Monthly average water consumption

Log Value

Low 0.012 0.030 0.055*** 0.076***
(0.025) (0.019) (0.014) (0.012)

medium (low) 0.004 -0.007 -0.008 -0.015**
(0.011) (0.009) (0.007) (0.006)

medium (high) -0.014 -0.016*** -0.013*** -0.015***
(0.009) (0.006) (0.005) (0.004)

High -0.021*** -0.029*** -0.032*** -0.031***
(0.005) (0.004) (0.004) (0.003)

Constant 5.144*** 5.171*** 5.169*** 5.178***
(0.020) (0.015) (0.012) (0.011)

Observations 1,076 2,022 2,996 4,038
R-squared 0.100 0.126 0.138 0.147
Cutoff Range  < 25  < 50  < 75  < 100
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Table 15  ITT effect on water 
use: Placebo test – Dependent 
Variable in log terms

*** p < 0.01, ** p < 0.05, * p < 0.1. Robust standard errors in paren-
theses—clustered at household level. Notes: Month-by-year dummy 
variables included

(1) (2)
Monthly average water consumption

VARIABLES Log Value

DID 0.023 0.016
(0.024) (0.015)

Constant 5.274*** 5.237***
(0.015) (0.016)

Observations 9,395 20,741
R-squared 0.081 0.030
False Pre-treatment period 2021/05–2021/06 2020/11–2021/04
False Post-treatment period 2021/07–2021/08 2021/05–2021/08

Table 16  ITT effect on water 
use: robustness checks – 
Dependent Variable in log terms

*** p < 0.01, ** p < 0.05, * p < 0.1. Robust standard errors in paren-
theses—clustered at household level. Notes: Month-by-year dummy 
variables included

Monthly average water consumption
Log Value
Panel A Panel B
No Outliers PSM 1:1 Matching

DID -0.048*** -0.076***
(0.018) (0.025)

Constant 5.256*** 5.271***
(0.005) (0.009)

Observations 18,216 12,852
Panel C Panel D
Longer pre-

treatment 
period

Pre-Matching Balanced sample 
with Households-level time fixed 
effects

DID -0.033** -0.076***
(0.017) (0.017)

Constant 5.127*** 5.222***
(0.008) (0.001)

Observations 34,744 77,651
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Figure 6
Appendix A2

Italian Institutional Setting of the Water Sector

The water sector, akin to other sectors of public interest, has witnessed a process of restruc-
turing and reforms across Europe, encompassing changes in market organization, market 
competition, vertical integration of companies, and ownership structure. Despite a uni-
fied European regulatory framework, the implementation intensity of these reforms varies 
among countries. Unlike many sectors, the water industry remains a local natural monop-
oly, limiting competition among companies within the same territorial area. Market open-
ing has taken the form of competition for the market, with water services previously man-
aged in-house now outsourced through tendering procedures. Notably, public entities have 
transformed into private entities, diversifying the ownership structure of water companies. 
This includes traditional publicly-owned, mixed enterprise models, and private enterprises.

For instance, the CAP Holding water company, a private legal entity, is entirely owned by 
local public entities, specifically the municipalities of the metropolitan area of Milan. As a pub-
lic entity, the CAP Holding water company pursues social objectives, including sustainability.

Cap Holding had limited possibility to promote this goal via price mechanism. Given its 
natural monopoly characteristics, the water sector is a highly regulated sector. The Regu-
latory Authority for Energy, Networks, and the Environment (ARERA), an independent 
administrative authority in Italy, plays a pivotal role in regulating the water sector. ARERA 
oversees tariff matters, identifying efficient investment and operating costs, determining 
criteria for tariff determination, and approving proposed tariffs. It also ensures account-
ing transparency through proper cost and revenue disaggregation (unbundling). ARERA’s 
functions extend to quality oversight, setting minimum levels and objectives for integrated 
water service quality, and enforcing automatic compensation obligations for violations.

For water companies, the price channel is not utilized to incentivize water savings due to 
regulation. The price covers costs but excludes capital remuneration from the tariff compo-
nents. ARERA, in tariff regulation, defines a fair, transparent, and non-discriminatory tariff 
system. It determines cost components, periodically revises tariff determination methods, 
and approves tariffs.

Comparatively, major European countries exhibit diverse approaches, ownership structures, 
and regulatory frameworks in their water sectors. France employs a mixed system regulated by 
the Ministry of Ecological Transition and Water Agencies, while Germany’s predominantly 
publicly owned and decentralized sector contrasts with Italy’s local monopoly. The UK’s pri-
vatization under Ofwat regulation, Spain’s decentralized water sector, and the Netherlands’ 
emphasis on decentralized water management through water boards further underscore the 
variations in water management approaches across Europe. These differences result from 
unique historical developments, policy choices, and regulatory structures in each country.

Appendix A3

This Appendix reports the t-test on household-level variables compared across the dif-
ferent groups: low, medium and high users. The analysis is reported within both the 
control and treatment groups.

Table 17
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Appendix A4

Table  18 compares compliers with the full study group under different definitions of 
compliance. High compliers are those treated units which opened at least 3 out of the 
5 emails of the information campaign. Always compliers are those treated units which 
opened all the 5 emails of the information campaign, while we define as opt-out treated 
units those households which opened the first email received in September 2021 but 
that did not open the second email received the following months. High compliers do 
not show any statistically significant difference with the full study group with respect 
to all the considered dimensions. Always compliers and opt-out units show a difference 
with respect to the full group, respectively, with respect to the gender and number of 
residents. In particular, always compliers show a slightly higher percentage of males 
(7 percentage points), while opt-out units are composed by a slightly lower number of 
residents (-0.17). Although there are some differences within these sub-samples, both 
demographic groups are well-represented among compliers.

To further analyze the determinants of the opt-out decision, we estimated a probit 
model where the probability of opening the email received in the month t is explained 
by a series of observable households’ characteristics, time and unit fixed effects, and by 
the type of feedback received in the previous month t-1. Results reported in Table 19 
show that, apart from the number of residents, none of the estimated coefficients of the 
explanatory variables are highly statistically significant. In light of this evidence, we 
can assert that the opt-out decision does not depend on the type of informative feedback 
they received nor on the units’ characteristics. We only find that the probability of open-
ing the email increases with the number of residents.

Tables 18 and 19
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