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1 Introduction

This pre-analysis plan describes a field experiment implemented in collaboration with an Italian multi-
utility to evaluate the effects of a Consolidated Home Report (CHR). Eligible residential customers already
receive separate digital Home Reports for at least two resources among water, gas, and electricity. Cus-
tomers assigned to treatment continue to receive these resource-specific reports and additionally receive
the CHR, which presents an Ecoscore summarizing their relative environmental performance across the
resources in their bundle. Customers assigned to control continue to receive only the standard resource-
specific reports.

Households consume several resources jointly, and the use of water, gas, and electricity may be connected
through both technologies and household behavior. Nevertheless, behavioral interventions and consump-
tion reports are generally designed and evaluated one resource at a time. This fragmented approach may
obscure relationships across resource use and may be difficult for customers to process when several sim-
ilar reports are received simultaneously. The CHR adds a consolidated summary of overall environmental
performance to the existing resource-specific reports and is intended to make multi-resource information

easier to interpret.
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The study addresses five empirical research questions. Research Question 1 evaluates effects on pooled
and resource-specific consumption. Research Question 2 examines contract deactivation. Research Ques-
tions 3, 4 and 5 use a customer survey to explore, respectively, self-reported recent opening of the Home
Reports, satisfaction with the reporting service and the behavioral channels associated with the CHR.

At the time of writing this pre-analysis plan, the randomized controlled trial had already been implemented
and treatment assignment had been completed. However, the multi-utility had not yet shared any post-
treatment administrative or survey outcome data with the research team. Consequently, all empirical
specifications, outcome definitions, hypothesis tests, and robustness analyses described in this document
were pre-specified before access to post-treatment data. The only data available to the researchers at the
time of writing were the pre-treatment administrative data required to define the study sample, construct

the randomization strata, and implement treatment assignment.

2 Related literature

The paper contributes to four strands of the literature.

Social information and household resource conservation. First, the project contributes to the large
literature on social information, feedback, and non-price interventions for household resource conserva-
tion. Social information programs are widely used because they can change behavior without relying on
prices, taxes, or direct regulation. In the energy domain, evidence shows that home energy reports using
social comparison reduce residential electricity consumption (Allcott, 2011; Ayres et al., 2013; Allcott
and Rogers, 2014; Bonan et al., 2020, 2021). Meta-analyses show that information-based interventions
can reduce electricity, gas, and water consumption, although effect sizes vary across contexts, designs, and
populations (Delmas et al., 2013; Nemati and Penn, 2020).

A related strand evaluates home water reports showing that norm-based messages and social comparisons
can reduce residential water use (Ferraro et al., 2011; Ferraro and Price, 2013; Ferraro and Miranda, 2013;
Bernedo et al., 2014; Brent et al., 2015; Jessoe et al., 2021; Jaime Torres and Carlsson, 2018; Miranda
et al., 2020; Bonan et al., 2024). Recent evidence also emphasizes that the level of detail at which feed-
back is provided can materially affect its effectiveness. In a field experiment with smart-meter customers,
? compare standard aggregate electricity feedback with feedback that additionally disaggregates consump-
tion at the appliance level. They find that appliance-level information reduces electricity consumption by
approximately 5 percent relative to aggregate feedback alone, while also improving consumers’ knowl-
edge of appliance energy use. Their results suggest that summary information and disaggregated feedback
need not be substitutes: aggregate indicators can facilitate overall evaluation, whereas more granular in-

formation may help customers identify the behaviors responsible for their consumption.
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Most of this literature studies feedback aimed at a single resource or at specific uses within one resource.
The present project instead evaluates an integrated report that summarizes the household’s environmental
performance across water, gas, and electricity. At the same time, the CHR preserves resource-specific
information alongside the aggregate Ecoscore. It therefore combines two levels of feedback: a simplified
overall indicator intended to facilitate cross-resource evaluation and disaggregated resource-level informa-

tion intended to preserve diagnostic and actionable detail.

Cross-resource spillovers and integrated environmental behavior. Second, the project also contributes
to the literature on spillovers across pro-environmental behaviors. A behavioral intervention targeting
one domain may produce positive spillovers if it activates environmental identity, consistency motives, or
awareness of complementarities across behaviors. It may produce negative spillovers if it generates moral
licensing, fatigue, or substitution across conservation efforts. However, evidence on pro-environmental
spillovers is mixed and depends on the type of intervention and outcome (Truelove et al., 2014; Dolan
and Galizzi, 2015; Nilsson et al., 2017; Galizzi and Whitmarsh, 2019; Maki et al., 2019). Several recent
studies estimate spillovers using administrative resource-use data, with mixed results, (Jessoe et al., 2020;
Carlsson et al., 2020; Goetz et al., 2022; Bonan et al., 2024; Goette and Lim, 2026; Boomsma et al., 2025).
Field evidence also shows that cross-resource effects can be negative or asymmetric. Water-use feedback
has been found to reduce water consumption while increasing electricity use, consistent with moral li-
censing (Tiefenbeck et al., 2013). More recent evidence finds that electricity-focused social comparisons
can reduce use in several energy domains, while analogous water comparisons generate limited direct and
spillover responses (Kazukauskas et al., 2025).

The present experiment is designed around spillovers rather than treating them only as secondary out-
comes. The CHR explicitly highlights resource interdependence through an overall ecoscore, resource-
specific bars, CO translation, and tips that emphasize behavioral synergies. This allows us to test whether

making the relationship among resources more salient generates broader conservation effects.

Multiple interventions, limited attention, and information burden. Third, the project contributes to the
literature on interactions among multiple behavioral interventions. As behavioral policies become more
common, the same individual may receive several nudges at once. The combined effect of these interven-
tions is theoretically ambiguous. Multiple nudges may reinforce each other if they activate related motives
or address complementary behavioral frictions. They may also crowd each other out if attention, cognitive
effort, or willingness to process information is limited. Evidence on nudge interactions is still limited
(Brandon et al., 2019; Bonan et al., 2020; Fang et al., 2023; Ling et al., 2026). Bonan et al. (2024) show
that the water nudge was effective mainly among customers who were not already receiving other resource-
specific reports. This suggests that multiple separate nudges may strain users’ limited attention and reduce

the effectiveness of additional reports. The CHR experiment tests a design response to this problem: rather
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than adding another independent single-resource report, the intervention integrates information from mul-
tiple resources into a unified environmental-performance metric. More broadly, the CHR shifts attention
from the effectiveness of individual behavioral messages to the design of the communication architecture
through which multiple messages are delivered. Existing interventions typically add resource-specific re-
ports independently, leaving customers to integrate the information themselves. By contrast, the CHR
explicitly reorganizes multi-resource information into a single environmental-performance metric while
preserving the underlying resource-specific details. The experiment therefore contributes to the emerging
literature on how the organization and presentation of information influence behavioral responses, beyond
the content of the messages themselves.

The project also relates to research on salience, simplification, and the architecture of environmental in-
formation. Information can affect behavior not only by changing knowledge, but also by changing which
attributes are salient and how easily consumers can evaluate performance (Tiefenbeck et al., 2016, 2019;
Asensio and Delmas, 2015, 2016; Steinhorst et al., 2015; Johnson et al., 2012; Sejas-Portillo et al., 2025).
Our experiment sheds light on possible mechanisms explaining the potential treatment effect, through a
customer survey. The survey allows us to investigate whether the intervention works by increasing envi-
ronmental salience, perceived usefulness, and understanding of cross-resource relationships, or whether it
instead increases perceived repetition and report overload.

More generally, the CHR contributes to the literature on choice architecture by evaluating whether reor-
ganizing existing information into a more integrated presentation can improve decision making without
changing either prices or the underlying information available to consumers (Johnson et al., 2012; Loewen-
stein and Chater, 2017).

Customer engagement and retention. Finally, the project contributes to the literature on customer en-
gagement and retention in liberalized utility markets. In gas and electricity markets, customers can switch
suppliers, and switching behavior depends on both price and non-price factors (Hortacsu et al., 2017; Shin
and Managi, 2017; Fontana et al., 2019; Schleich et al., 2019). Additional information need not gener-
ate additional engagement. Information demand depends on salience and the anticipated valence of the
information received (Golman et al., 2022), while repeated behavioral communications may increase the
intended behavior but also induce avoidance, such as unsubscribing from future messages (Damgaard and
Gravert, 2018). These findings motivate examining report opening, digital engagement, and churn along-
side consumption. Behavioral reports may affect not only resource use but also customer engagement and
loyalty. Bonan et al. (2024) find that receiving the water report reduced deactivation of gas and electricity
contracts, suggesting that green nudges may improve the customer experience. The CHR experiment ex-
tends this question by testing whether an integrated environmental-performance report increases retention,

or whether the addition of an extra report/page generates fatigue.
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2.1 Conceptual framework and hypotheses

The CHR adds a consolidated synthesis of multi-resource environmental performance to the separate elec-
tricity, gas, and water reports that customers continue to receive. It therefore changes the communication
architecture through which existing resource-specific information is presented, while also increasing the
total volume of information delivered to treated customers.

The CHR may affect behavior through several channels. Its summary Ecoscore may attract attention and
reduce the effort required to combine information across resource domains. The cross-resource presen-
tation may improve customers’ understanding of the relationships among water, gas, and electricity use,
while the environmental framing may increase the salience of conservation motives. At the same time,
adding another page may increase perceived repetition or information overload. The net effects on atten-
tion and information burden are therefore theoretically ambiguous.

These channels may affect two main classes of administrative outcomes. First, changes in attention,
comprehension, and environmental salience may alter resource consumption. Second, the perceived value
or burden of the communication may affect customers’ propensity to deactivate contracts. The customer
survey is used to measure report opening, satisfaction, and the intermediate perceptions targeted by the
intervention.

The empirical analysis distinguishes between one primary confirmatory hypothesis, a limited set of sec-

ondary confirmatory hypotheses, and exploratory analyses.

Primary confirmatory hypothesis.

H1. Assignment to receive the CHR affects pooled household resource consumption relative to the stan-

dard resource-specific reports.

The pooled standardized resource-usage outcome provides the main test of the intervention. Because the
intervention is intended to promote conservation, a negative estimated effect would be consistent with its

intended direction. However, the confirmatory statistical test is two-sided.

Secondary confirmatory hypotheses. Conditional on the hierarchy and multiple-testing procedure de-

scribed in Section 5, we test the following secondary hypotheses:

H2a. Assignment to receive the CHR affects water consumption.
H2b. Assignment to receive the CHR affects gas consumption.

H2c. Assignment to receive the CHR affects electricity consumption.
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H3. Treatment effects on pooled resource consumption differ across customers’ resource bundles.
H4. Treatment effects on pooled resource consumption differ according to customers’ baseline Ecoscore.

HS. Assignment to receive the CHR affects contract deactivation in the liberalized gas and electricity

markets.

The resource-bundle-specific marginal effects, monthly event-study coefficients, recent report opening,
satisfaction measures, and individual survey mechanism outcomes are used to decompose, interpret, or

explore the confirmatory findings. They are not treated as additional confirmatory hypotheses.

3 Treatment, Sample, and Randomization

3.1 Setting

The project is implemented in collaboration with a large Italian multi-utility providing water, electricity,
and gas services to more than four million customers. The intervention targets residential customers who

have received digital Home Reports for at least two resources for no less than 12 months.

3.2 Experimental design

Customers in the control group receive the standard, “as-is” service: separate Home Reports for each
resource they hold among electricity, gas, and water. These single-resource reports provide information
on the customer’s own consumption, social-comparison feedback relative to similar customers, dynamic
comparisons with previous consumption, and resource-saving tips. Figures 1, 2, and 3 show examples
of the standard electricity, gas, and water reports. Customers receive all reports on the same date, at the
frequency of the least frequently billed resource in the bundle, which ranges from monthly to bimonthly.

Customers in the treatment group receive the same standard single-resource reports, one for each re-
source, plus an additional integrated report, the CHR. The CHR summarizes the customer’s overall en-
vironmental performance across the resources included in the bundle using the Ecoscore. It also reports
resource-specific positioning within the integrated ranking, translates consumption changes into environ-
mental impact, and provides personalized tips emphasizing cross-resource synergies. Figure 4 shows the

CHR received by treated customers.
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Come consumi rispetto ai clienti simili a te?

g Consumo procapite
&2 Consumo per metro quadro

CLIENTI VIRTUOSI

Abitazioni della stessa provincia
simili alla tua per dimensioni &
numero abitanti

escludendo il 25%

che consuma di pit

CLIENT MEDI
Abitazioni della stessa provincia

simili alla tua per dimensioni & | clienti virtuosi TU

numero abitanti

Bene!
= -21%

rispetto ai clienti medi

Complimenti! Stai
consumando meno dei
clienti medi!

I clienti medi

Come consumi rispetto all'anno scorso? (kWh)

1 Temperatura media della provincia di Ferrara

Dicembre 2022
Dicembre 2021

Gennaio 2023
Gennaio 2022

Febbraio 2023
Febbraio 2022

Fai la differenza!

I tuoi consumi influiscono in modo
significativo sull’ambiente.

Se vuoi risparmiare, puoi!

196 kwh | & 6°
186 kwh b3 = +5%

255kWh | b 6°
194 kwhik 3 = +31%

219kWh | 4 5°
178 kwh( 4 6 = +23%

dic 2021- dic 2022~
feb 2022 feb 2023

Hai cambiato le tue abitudini?

In questa sezione scopri come & cambiato il
consumo dell'energia durante |a giornata
rispetto all'anno scorso

®28% *31%
dic 2022- Faselal g 2021~ Faseial

feb 2023 72% feb 2022 69%
Fascia 23 Fascia 23

- Awvia la lavastoviglie solo a pieno carico e usa cicli di lavaggio a basse temperature

ﬁ Mantieni la temperatura del frigorifero tra gli 1°e 4° C: per ogni grado in meno aumentarai i consumi del 5%

Figure 1: Standard electricity report
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Come consumi rispetto ai clienti simili ate?
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Gennaio 2022 6Smel43C = inpit
Febbraio 2023 10 Sme| £ 5°C . oltreil 50%
Febbraio 2022 4sme| ! 6°C = inpit

Fai la differenza!
| tuoi consumi influiscono in modo l

dic 2021- dic 2022-
feb 2022 feb 2023

significativo sull'ambiente.

Se vuoi risparmiare, puoi!

1 ‘ Colloca le pentole su fornelli di dimensioni proporzionate al loro diametro, ridurrai la dispersione di calore
cn

a La cottura a vapore puo far ridurre i consumi energetici fino al 30%

Fai l'autolettura, & semplice!

ricorda di fare I'autolettura del tuo contatore L

Per un report con valori pri . .
la tua analisi:

e trasmetti | dati su servizionline.gruppohera.it

Figure 2: Standard gas report
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Come consumi rispetto ai clienti simili a te?
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- o 9 - . - giorno, 66,6 lit: pili rispetto allo stesso periodo
significativo sull'ambiente. dic 2021- dic 2022- dell'anno $corso.

Se vuoi risparmiare, puoi!

alimentare nel

feb2022 feb 2023

batoio del tuo
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fail

del tuo

riall'anno.

e invia i tuoi

Per un report sempre
dati.

Figure

3:

e se, senza

significa che hai una perdita: riparala. Risparmierai acqua pulita e euro in bolletta.

Quando carichi la lavastoviglie, non sciacquare i piatti con lI'acqua corrente, raccogline un po' nel lavabo e sciacqua
qui la spugna. Risparmierai centinaia

i la tua analisi:

Standard water report
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Il tuo Ecoimpatto

Tu 6 Attenzione!
4 Y
I tuoi consumi producono
un Ecoimpatto significativo
a o rispetto a clienti simili a te.

ecoimpatto basso

N *
Cos’e ’Ecoim patto?
L'Ecoimpatto rappresenta un indice che sintetizza in un solo valore i consumi dei servizi riportati nel tuo Diario dei Consumi
Unico. Pil1i tuoi consumi sono contenuti rispetto ai clienti simili a te e pilt basso sara il tuo Ecoimpatto!

| tuoi consumi singoli rispetto a clienti simili a te.

| clienti simili a te sono famiglie della tua stessa provinci ili alla tua per dit ioni della casa, numero abitanti e con i
tuoi stessi servizi attivi.

Energia kwh 670

Max
(‘ Gas smc . e)

Tu Max
0 Acqua litri 10 13 e)

dic 2021~ dic 2022-
o feb 2022 feb 2023 1
Fai la differenza! Super!

| tuoi consumi influiscono
in modo significativo

sullambiente. Y

Se vuoi risparmiare, puoi!

" **." Haicontribuito a risparmiare 67,8 kg -
di CO2 rispetto all'anno scorso. i

1

I tuoi consumi di luce incidono in misura I tuoi consumi di luce incidono in misura
e decisiva sul tuo ecoimpatto, valuta l'adozione e decisiva sul tuo ecoimpatto, conosci i
.l'm diuna soluzi ibile come Hera LED o .lln vantaggi del fotovoltaico? Scopri di piu su

il Kit Fotovoltaico fai da te. cambiamenti.

Figure 4: Consolidated Home report

The CHR is constructed from the customer’s resource-specific consumption information for the resources

included in the customer’s existing Home Reports bundle. Similar customers are defined using province

of supply, number of occupants, household square meters, and the same bundle of resources included

in the CHR. The Ecoscore is calculated as the rounded average of the deciles of consumption for the

individual resources included in the report. It ranges from 1 to 10, with lower values indicating more

virtuous performance. For example, a customer in decile 1 for gas, decile 6 for electricity, and decile 3 for

water would have an average score of 3.33 and an Ecoscore equal to 3.

The report includes four main elements:

(1). Overall Ecoscore: a single metric summarizing the customer’s relative environmental performance

across the resources included in the report.
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(11).

(111).

@v).

3.3

The study sample consists of customers who:

Resource-specific details: bars for each resource showing the customer’s consumption in the relevant

unit of measurement and their position relative to similar customers.

Environmental-impact section: a “Make the difference” section translating changes in consumption

into CO, implications.

Personalized tips: tips targeting the worst-performing resource, high-impact behaviors, and syner-

gies acCross resources.

Study sample

have a valid email address;

receive the Home Report for every resource for which they hold a contract.

already receive more than one Home Report;

have been customers for at least 12 months;

receive all relevant Home Reports on the same day and in the same PDF file;

are included in strata (described below) with at least 20 customers.

The sample contains 190,638 customers. The distribution by Home Reports bundles is shown in Table 1.

Table 1: Sample distribution by Home Reports bundles

Home Reports bundle Frequency Percent Cumulative percent
Gas and Electricity 64.82 64.82
Water and Electricity 6.67 71.48
Water and Gas 8.81 80.29
Water, Gas and Electricity 19.71 100.00
Total 100.00

11
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3.4 Data

The analysis uses administrative and survey data provided by the utility after anonymization.

Administrative data include:

* resources’ usage at monthly or bimonthly level. Monthly observations for resources billed at lower
frequencies are obtained by allocating cumulative consumption between two consecutive meter
readings to the corresponding calendar months under a constant daily-consumption assumption.
This procedure produces a monthly customer-resource panel that is comparable across resources

while preserving total observed consumption over each billing interval;

* Home Report combination and report-delivery information, including date and report customized

contents;
* treatment assignment and randomization strata;
e customer tenure and contract characteristics;

* contract activation and deactivation dates. We construct a dummy variable for deactivation in the

post-treatment period

Survey data come from the short customer survey administered to treated and control customers partic-
ipating in the experiment. The survey was sent to 10,000 randomly selected customers on October 10,

2025, hence after the treatment implementation, and a reminder was sent on October 21.

3.5 Randomization

Based on the information available at the time of randomization, strata were constructed from the inter-
action of the customer’s Home Report bundles (four categories) and categorical indicators of baseline
resource consumption.

For each resource, baseline consumption was classified as:

(i). below or equal to the median among customers with available consumption data;
(i1). above the median among customers with available consumption data;

(iii). missing.

12
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In particular, baseline water consumption was not available at the time of randomization and was therefore
coded as missing for all customers. For electricity and gas, consumption was coded as missing when
the customer did not hold the corresponding contract or when baseline consumption data were otherwise
unavailable.

Strata with fewer than 20 eligible customers were excluded before treatment assignment. Within each
retained stratum, eligible customers were randomly assigned to treatment or control with equal probability
using a computer-generated random number. Treatment assignment was performed once and remained
fixed throughout the study.

4 Research Questions and Empirical Strategy

This study combines administrative and survey data to evaluate the effects of the CHR on resource con-
sumption, customer engagement, contract retention, and customers’ responses to the reporting service.

The study hypotheses are classified as primary confirmatory, secondary confirmatory, or exploratory.

4.1 Research Question 1 (H1-H4): What is the effect of the CHR on resource
usage?

The first research question asks whether receiving the CHR changes customers’ consumption of water,
gas, and electricity. Because customers are randomly assigned to treatment, identification of the causal
effect relies on the experimental design. The panel difference-in- differences specification is adopted to
exploit repeated observations, improve statistical precision, and account for permanent differences across
customer—resource pairs through fixed effects.

The average effect on pooled standardized resource consumption is the sole primary confirmatory test.
The resource-specific effects and the two pre-specified heterogeneity tests are secondary confirmatory
analyses and are included in the common secondary multiple-testing family defined in Section 5. The
event-study analysis and the reported subgroup-specific marginal effects are descriptive decompositions
of these confirmatory estimates.

Let ¢ index customers, 7 index resources, and ¢ index months. Resources are r € {water, gas, electricity },
depending on the customer’s Home Report combination. Let T'reat; equal one for customers assigned to
receive the CHR and zero otherwise. Let Post; equal one from February 2025 through June 2026 and
zero from January 2024 through January 2025.

The primary estimand is the intention-to-treat (ITT) effect of being assigned to receive the CHR. Accord-

ingly, treatment status is defined by random assignment rather than by actual exposure to the report, such

13
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as opening the email or reading its contents, for which no administrative data are available.
The unit of observation is the resource—customer—month. Because the three resources are measured in
different physical units, the primary pooled outcome is standardized separately for each resource using the

mean and standard deviation of the control group during the pre-treatment period. Specifically,

B Consumption;,, — C107151””]9“’Onr,Control,Pre
Yirt = ’
O'r,Control Pre

where mmomﬁ,wm and o, control,pre denote the mean and standard deviation of consumption for
resource r among customers assigned to the control group during the pre-treatment period.

This standardization places all three resources on a common scale while relying on a reference distribution
that is unaffected by the intervention. Consequently, the estimated treatment effects can be interpreted as

changes in resource consumption measured in pre-treatment control-group standard deviation units.

4.1.1 Average treatment effect

We first estimate the average treatment effect using the following weighted difference-in-differences spec-

ification.

Yirt = B (Treat; x Posty) + iy + Tt + €irt, (1)

where T'reat; is an indicator for assignment to the CHR; Post, equals one from February 2025 onward,
1 are customer—resource fixed effects; 7,; are resource-by-calendar-month fixed effects. The model is

estimated by weighted least squares using observation weights

Wi = 7,

N;

where V; € {2,3} denotes the number of resources included in customer i’s Home Report bundle. Con-
sequently, customers receiving reports for two resources receive a weight of 1/2, while those receiving
reports for three resources receive a weight of 1/3. This weighting ensures that each customer contributes
equally to the pooled treatment effect, rather than giving greater influence to customers with reports cov-
ering more resources.

Customer-resource fixed effects absorb all time-invariant differences in baseline consumption across
customer—resource pairs. Resource-by-calendar-month fixed effects account for resource-specific sea-
sonality and aggregate shocks, allowing the common time path of water, gas, and electricity consumption
to differ flexibly.

Because treatment is assigned at the customer level, each customer contributes repeated observations over

14
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time and across multiple resources. Standard errors will therefore be clustered at the customer level,
allowing for arbitrary correlation of the error term across both months and resources within the same
customer.

This specification tests H1. The corresponding primary confirmatory null is

HY :p=0,

against the two-sided alternative HY : 3 # 0. This hypothesis is tested at the 5% level without adjustment
because pooled standardized resource use is the sole primary outcome.

Unless otherwise stated, all pooled resource-use specifications include customer-resource fixed effects
and resource-by-calendar-month fixed effects, are estimated using inverse-resource weights, and cluster

standard errors at the customer level.

4.1.2 Dynamic treatment effects

To characterize the dynamics of the intervention and verify the balance generated by the randomized
assignment, we estimate an event-study specification in which treatment assignment is interacted with
indicators for event time (months relative to the first delivery of the CHR).

Specifically,

Yirt = Z Br (Treat; x 1{EventTime; = k}) + piir + ot + Eirts 2)
k#—1

where EventT'ime, denotes the number of months relative to the first delivery of the CHR, with k = 0
corresponding to February 2025. The omitted category is k = —1, corresponding to January 2025, the
month immediately preceding the intervention.
The coefficients [, measure treatment effects £ months relative to the introduction of the CHR.
Under successful randomization, treatment and control customers should exhibit similar consumption
dynamics before the intervention. Consequently, the pre-treatment coefficients, for £ < 0, provide a
graphical assessment of baseline balance. These coefficients should be close to zero and should not display
systematic trends before treatment.
The coefficients for £ > 0 characterize the dynamics of the intervention, allowing us to assess whether
the effects emerge immediately after customers receive the first CHR, strengthen with repeated exposure,
or attenuate over time. The estimated coefficients will be presented graphically together with their 95%
confidence intervals.
The individual event-study coefficients are not treated as separate confirmatory hypotheses. We will report

a joint test of the null hypothesis that all pre-treatment interaction coefficients are equal to zero:
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Hopre : B, =0 forall k <O0.

To summarize the timing and persistence of the intervention, we will also report average treatment effects

over three pre-specified post-treatment windows:

(1). the initial treatment period, from February to June 2025;

(i1). the subsequent treatment period, from July to December 2025;
(ii1). the longer-run treatment period, from January to June 2026.

These estimates will be obtained by replacing the single post-treatment indicator with indicators for the
three pre-specified periods. They are descriptive decompositions of the primary average treatment effect

and are not included as additional confirmatory hypotheses.

4.1.3 Resource-specific effects

The baseline specification estimates the average treatment effect across all resources. To investigate
whether the effect of the CHR differs across water, gas, and electricity consumption, we estimate the

following heterogeneous-effects specification:

Yirt = B (T'reat; x Posty)

+ 0¢ (T'reat; x Post; x Gas,) 3)

+ g (Treat; x Post, x Electricity,) + iy + Trt + Eirt,
where Gas, and Electricity, are indicators for the corresponding resource, with water serving as the
omitted reference category.
The coefficient 5 measures the treatment effect on water consumption, while d; and o capture the differ-
ential treatment effects for gas and electricity relative to water. Consequently, the treatment effects for gas
and electricity are given by 5 + d¢ and 5 + 0, respectively.
These specifications test H2a—H2c through the following secondary confirmatory two-sided null hypothe-

SEes:

How : Bw =0, Hyc: Ba =0, Hop: B =0

where

BW:B7 BGZB_’_&G? BE:ﬁ_’_(SE
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Inference for these three hypotheses is included in the common secondary confirmatory family. The
differential coefficients d; and 6 will help interpret differences across resources but are not additional

confirmatory hypotheses.

4.1.4 Heterogeneity by resource bundle

We first investigate whether the treatment effect differs according to the combination of resources included

in the customer’s Home Report bundle. We estimate

Yire = B (Treat; X Posty)
+ owg (Treat; x Post, x Water Electricity;)
+ dwa (Treat; x Post; x WaterGas;) 4)
+ dweae (Treat; x Posty x WaterGasElectricity;)
+ iy & Trt + Eirt,

where the omitted category is the gas + electricity bundle, which represents the largest group in the ex-
perimental sample. The indicators Water Electricity;, W aterGas;, and WaterGasElectricity; identify
customers receiving the corresponding combination of Home Reports.

The coefficient 5 measures the average treatment effect for customers in the gas + electricity bundle. The
treatment effects for the other resource combinations are given by: 3 + dwg, 8 + dwg, and 5 + dwaE,
respectively.

H3 is evaluated through the omnibus null:

Hop:dwe = dwe = dwee = 0.

This tests whether treatment effects are equal across all four resource bundles. The bundle-specific treat-
ment effects will be reported as marginal effects to interpret the omnibus result, but they are not treated as

separate confirmatory hypotheses.

4.1.5 Heterogeneity by baseline Ecoscore

We also investigate whether the treatment effect varies with the customer’s baseline environmental perfor-
mance, as summarized by the Ecoscore associated with the first CHR received.

For treated customers, the baseline Ecoscore is the score displayed in the first CHR. For control customers,
an equivalent baseline Ecoscore will be constructed using the same algorithm, the same reference period,

and the same resource-specific consumption information that would have been used to generate the CHR.
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In particular, control customers will be assigned resource-specific consumption deciles relative to similar
customers, and these deciles will be averaged and rounded using the same procedure applied to treated
customers.

Because the baseline Ecoscore is constructed using consumption information referring to the period pre-
ceding the first delivery of the CHR, it is not affected by treatment assignment.

The primary heterogeneity variable is an indicator for having a baseline Ecoscore above the median within

the customer’s resource bundle:

HighFEcoscore; = 1 {Ecoscore,y > Median (Ecoscorey | Bundle;)} ,

where Bundle; identifies the combination of resources included in customer :’s Home Reports.

A higher Ecoscore indicates worse relative environmental performance. Defining the threshold within
resource bundle ensures that customers are compared with others receiving reports for the same set of
resources and avoids confounding baseline performance with systematic differences in the distribution of
the Ecoscore across two-resource and three-resource bundles.

We estimate

Yirt = B (T'reat; x Posty)
+ 7 (Post; x HighFEcoscore;) )
+ 0 (T'reat; x Post, x HighEcoscore;)
+ Wiy + Tt + Eire.

The coefficient 5 measures the treatment effect among customers with a baseline Ecoscore at or below
the median. The coefficient § captures the differential treatment effect among customers with an above-
median baseline Ecoscore.

The secondary confirmatory hypothesis H4 is tested using the following two-sided hypothesis:
H075 20 = 07

As a secondary specification and robustness check, we will replace the binary indicator with the continuous

baseline Ecoscore.

4.2 Research Question 2 (HS5): What is the effect of the CHR on customer reten-
tion?

The second research question contains a confirmatory hypothesis concerning contract deactivation.
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Customer churn is analyzed separately at the customer—resource level, restricting the sample to gas and
electricity contracts, since water services are not subject to customer switching (the market is not liber-
alized). Each customer therefore contributes either one or two observations, depending on whether they
hold a contract for one or both market-based resources.

We estimate the intention-to-treat effect using the following ordinary least squares linear probability

model:

Churn;. = a+ BcTreat; + ¢, + \g + €4 6)

where r € {gas, electricity} and C'hurn;, equals one if customer i deactivates the contract for resource
r during the post-treatment period and zero otherwise. The model includes resource fixed effects, ¢,,
to account for differences in baseline churn rates between gas and electricity contracts, and strata fixed
effects, A\;. The model is estimated using inverse-resource weights: customers holding only one gas or
electricity contract therefore receive a weight of one, while customers holding both contracts receive a
weight of 1/2. Standard errors are clustered at the customer level to allow for arbitrary correlation in
churn outcomes across contracts belonging to the same customer.

HS is tested using the following two-sided hypothesis:
HO,C’ : 50 = 07

4.3 Research Question 3 [Exploratory]: Does the CHR increase customers’ en-

gagement with the reports?

The third research question investigates whether the CHR increases customers’ attention to the information
provided by the utility. While administrative data allow us to study engagement with all customers’ digital
channels, the customer survey provides a direct measure of engagement with the reports themselves on a
sub-sample of them.

The first survey outcome is based on a question asking respondents when they last opened a report. Re-
sponses range from ‘“Never opened” to “Less than two months ago.” Since the survey is administered
during the experimental period about eight months after its launch, a more recent opening is interpreted as
a proxy for a higher report opening rate and greater attention to the communication.

The main specification is

RecentOpen; = 0Treat; + s + X ,I' + w;,

where T'reat; indicates assignment to the CHR, )\, are randomization-stratum fixed effects, and X, de-
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notes pre-treatment controls listed in Section 6. The outcome is a binary indicator equal to one if the
respondent reports having opened a Home Report within the previous six months and zero otherwise,
including respondents who report never having opened one.

The hypothesis is tested using the following two-sided hypothesis:

H0,0 : (90 = 0.

The model is estimated as a linear probability model with heteroskedasticity-robust standard errors.
Because recent report opening is observed only for survey respondents, the treatment-control comparison
may be affected by differential survey participation. We therefore classify this analysis as exploratory and

report the effect of treatment assignment on survey response before presenting the opening results.

4.4 Research Question 4 [Exploratory]: Does the CHR affect customer satisfac-
tion?

The fourth research question evaluates whether the CHR changes customers’ overall satisfaction with the
utility’s reporting service.

This analysis is exploratory and is not included in the confirmatory multiple-testing family. This classifi-
cation reflects both the secondary role of satisfaction in the study and the fact that the satisfaction question
is administered only to survey respondents who report having opened at least one Home Report.

The primary outcome is a question which asks respondents to rate their overall satisfaction with the reports
on a scale from 1 to 10. Customers in the treatment group evaluate the reporting service, including the
CHR, whereas customers in the control group evaluate the traditional set of single-resource reports.

We estimate via OLS:

Satis faction; = OsTreat; + A\s + X;oI' + u;.

where notation follows the previous specification.

4.5 Research Question 5 [Exploratory]: Which behavioral mechanisms are asso-
ciated with the CHR?

The fifth research question explores whether assignment to the CHR is associated with the behavioral
channels targeted by the intervention. The survey measures cross-resource understanding, environmental

salience, perceived usefulness, cognitive burden, repetition, and information overload.
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These questions are administered only to respondents who report having opened at least one Home Re-
port. Estimates from this analysis will therefore be interpreted as conditional treatment-control differences
among report openers and not as population intention-to-treat effects or formal causal mediation estimates.
These analyses serve as exploratory manipulation checks.

For each mechanism outcome m, we estimate via OLS:

Mechanism, = 0,Treat; + As + XjoT' + Wi,

The coefficients 6,, will be reported with heteroskedasticity-robust standard errors.

The first manipulation-check outcome is agreement with the statement

“The information in the report helps me understand the relationship between the use of differ-

ent resources.”

This question directly measures whether the CHR succeeded in increasing awareness of cross-resource
relationships, which represents one of the central objectives of the intervention.

Secondary mechanism outcomes include:

* environmental salience: “The information in the Home Report reminds me of the importance of

acting in respect of the environment;”

* perceived usefulness: “The information in the Home Report helps me save resources;”

perceived difficulty: “The Home Reports are difficult to read and understand”;
* perceived repetition: “The information in the Home Reports is repetitive”;

* perceived information overload: “I receive too many Home Reports.”

Each question is coded with a 1-10 index.
These outcomes are observed only among respondents who report having opened at least one Home Re-
port. The estimates are therefore interpreted as conditional treatment-control differences among report

openers rather than population ITT effects or formal causal mediation estimates.

S Multiple-Hypothesis Testing

The empirical analysis distinguishes between one primary confirmatory hypothesis, a set of secondary

confirmatory hypotheses, and exploratory analyses.
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The primary confirmatory hypothesis concerns the average treatment effect of the CHR on pooled stan-
dardized resource consumption (H1). Because this is the sole primary outcome of the study, it will be
tested at the two-sided 5% significance level without multiple-testing adjustment.

All remaining confirmatory hypotheses constitute a single secondary confirmatory family. Specifically,

this family consists of:
(1). H2a: treatment effect on water consumption;
(i1). H2b: treatment effect on gas consumption;
(iii). H2c: treatment effect on electricity consumption;
(iv). H3: omnibus test of treatment-effect heterogeneity across resource bundles;
(v). H4: treatment-effect heterogeneity by baseline Ecoscore;

(vi). HS: treatment effect on contract deactivation (churn).

Inference for these six hypotheses will control the familywise error rate at the 5% level using the Romano—
Wolf stepdown procedure, following the experimental-economics literature on multiple outcomes and het-
erogeneous treatment effects (Anderson, 2008; List et al., 2019). The resampling procedure will preserve
the original customer-level randomization and stratification. For each confirmatory hypothesis, we will
report both the conventional and the Romano—Wolf adjusted p-value.

The following analyses are not treated as additional confirmatory hypotheses:

* individual monthly event-study coefficients;

bundle-specific treatment effects reported to interpret the omnibus resource-bundle test;
* the continuous baseline-Ecoscore interaction;
* recent report opening

e customer satisfaction;

individual survey mechanism outcomes and exploratory mechanism indices;

any additional subgroup analyses not explicitly pre-specified.

These analyses are reported to characterize the intervention, interpret the confirmatory findings, or gen-
erate hypotheses for future work. Where appropriate, exploratory families of outcomes (e.g., the survey
mechanism questions) will additionally be accompanied by Benjamini—Hochberg false-discovery-rate ad-

justed g-values.
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6 Sample Balance at Baseline

For each baseline variable available before treatment assignment, we estimate:

X0 = nlreat; + s + €,

where X is a baseline characteristic and A are randomization-stratum fixed effects. We report the control
mean, treatment-control difference, standard error, and p-value.

Balance variables include:

Home Report bundle;

baseline standardized consumption for the resources in the customer’s bundle;
¢ reconstructed baseline Ecoscore;
* customer tenure;

A joint orthogonality test will also be reported by regressing treatment assignment on the full set of base-

line variables and strata fixed effects.

7 Power Calculations

For the administrative consumption analysis, a simple cross-sectional calculation with 190,638 customers
equally allocated to treatment and control implies an MDE of approximately 0.013 pre-treatment control-
group standard deviations for the pooled standardized outcome. The actual panel difference-in-differences
model with repeated monthly observations and fixed effects should generally have higher precision, de-
pending on serial correlation and within-customer persistence.

For survey outcomes, power depends on the response rate among the 10,000 customers invited to partic-
ipate in the survey. Assuming equal allocation between treatment and control, a two-sided significance
level of 5%, power of 80%, and a standard deviation of 2.5 for outcomes measured on a 1-10 scale, the

approximate minimum detectable effects are reported in Table 2.

8 Robustness and Sensitivity Analyses

The following robustness checks are pre-specified:

(1). use inverse-hyperbolic-sine consumption outcomes;
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Table 2: Approximate minimum detectable effects for survey outcomes

Response rate  Respondents MDE: 1-10 outcome MDE: binary outcome

5% 500 0.63 0.125
10% 1,000 0.44 0.089
20% 2,000 0.31 0.063

Notes: Calculations assume equal treatment allocation, a two-sided significance level of 5%, 80% power, a standard
deviation of 2.5 for outcomes measured on a 1-10 scale, and a control-group probability of 0.5 for binary outcomes.
Binary-outcome MDEs are expressed as probability changes.

(i1). winsorize 0.5% of extreme consumption observations
(i11). assess sensitivity to differential post-treatment outcome availability using Lee Bounds;

(iv). estimate heterogeneity by baseline Ecoscore using the continuous score rather than the above-

median indicator;
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